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Abstract

Forster Resonance Energy Transfer (FRET) measurements are an ever-growing tool in
structural biology that have the ability of solving highly sophisticated biological questions,
which are otherwise inaccessible or challenging to be addressed by other approaches.

Through technical and methodological developments, FRET measurements have evolved to a
multiparameter detecting technique, which is able to infer the structural information with
Angstrom accuracy. Moreover, in FRET measurements one can detect and quantify
conformational dynamics with unrivaled time resolution, spanning twelve orders of magnitudes
in time, from sub-ns to thousands of seconds. Despite these advantages, FRET experiments
suffer from the intrinsic sparsity of information, which impedes comprehensive structural
insights at a satisfying level of detail or resolution. This can be overcome through an alliance
with other experimental methods and computational methods that can add insights down to the
atomistic level of detail.

Driven by these challenges, efforts of this thesis were focused on two main areas. To a large
extent, this thesis is aimed at answering the question if precision and accuracy of FRET
measurements are at a level that is ready to take on complexity of proteins. In a blind study, we
assessed the performance of FRET measurements at a single-molecule level (smFRET).
Reproducibility and accuracy of smFRET experiments across instruments, analysis procedures
and systems of different complexity were rigorously tested. And much beyond - we answered
two questions: (1) Can FRET detect and quantify conformational dynamics on different
timescales? (2) What are the minimal structural fluctuations detectable? We were able to extract
maximum information from fluorescence burst traces, while pushing the limits of FRET studies
and dismissing any doubts about its credibility. At the same time, this work also revealed areas
where FRET measurements are still imperfect. In particular, we found that the main cause of
discrepancies between lab reported values is the error in correction parameters. To alleviate this
issue, in a follow-up project I established a protocol for robust determination of correction
parameters.

Second major area of research within this thesis was the use of FRET in integrative manner
with all-atom MD simulations, with commitment to the principle of maximum entropy. Besides
establishing the workflow for FRET/MD integrative modelling, we put on a test bench
robustness of posterior reconstructions, and found that while recovering atomistic models is an
ill-defined problem, ensemble-integrated representations, such as inter-residue distograms and
3D density maps, can be robustly recovered. While atomistic models are a long-term dream of
structural biology, we pose the question if these are indeed useful, when the target are
biomolecules which exist as large quasi-continuum of states. With the established FRET/MD
modelling workflow, we recovered the first-ever structural models of a steric chaperone PaL.if,
from the family of lipase-specific foldases, which activate the most important class of enzymes
in biotechnology. Besides Lif, using FRET-based tools we decoded plasticity of U2AF2 - yet
another system that exceeds the complexity of systems typically studied. All systems studied
within this thesis belong to a family of multidomain proteins, which constitute the majority of
proteins in both eukaryotes and prokaryotes.

The results of this thesis provide a major step ahead for quantitative FRET and FRET-based
structure determination.
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Chapter 1

Introduction

Grand challenge of biology. According to the UniProt database, there are over 200 million
known proteins, with their number growing rapidly every year. Yet, only for a tiny fraction of
all known proteins structural models could be inferred. What might appear as a paradox to that
statement, is a fact that proteins are comprised of only 20 building blocks, known as amino
acids. However, a range of interactions occurring between these building blocks leads to 10°%
possible conformations of a protein, as noted by Cyrus Levinthal in 1969.! While in nature
proteins fold spontaneously, and in a very short time, this is a tremendously large search space
for prediction of protein structure using computational methods. On the other side, experimental
data are without exception too sparse to provide information on biomolecular structures at
atomistic level of detail. Moreover, many experimental techniques suffer from temporal and/or
spatial averaging, or derive structural information from non-physiological measurement
conditions. This summarizes why protein structure determination represents the grand(est)
challenge of biology. However, especially in recent years, this challenge has been tackled
through an alliance of multiple experimental and computational methods, resulting in so-called
integrative or hybrid biomolecular models.>* Moreover, through integrative approach,
structural biology is nowadays able to go beyond single structures, since rising number of multi-
state and time-ordered structural ensembles is being reported.>®

Revolution of fluorescence spectroscopy. Part of the integrative modelling revolution are
Forster Resonance Energy Transfer (FRET) measurements. More than 70 years elapsed since
the pioneering work of Forster” on the inter-molecular non-radiative energy transfer between
donor and acceptor fluorophore, which is the underlying mechanism in FRET experiment.
Donor and acceptor fluorophore can be both free in the solution, but it is also possible that one
or both fluorophores are attached to a molecular construct of interest, or they can even be its
natural part, in which case they are known as intrinsic fluorophores. An example of intrinsic
fluorophores would be aromatic amino acids, such as tryptophan. Key feature of FRET is that
efficiency of energy transfer between the fluorophores is an inverse function of the sixth power
of distance between the fluorophores. However, it wasn’t until the discovery of principles of
click chemistry!'® that FRET started to be used to explore biologically relevant processes. Click
chemistry, for which the Nobel Prize in Chemistry was awarded in 2022, is an approach which

allows building blocks to snap together. It enabled a new level of applications within a range
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of disciplines in chemistry and related sciences. Part of this revolution was fluorescence
spectroscopy, where click chemistry is used to tag biomolecules with fluorescent probes.
Residue-specific labelling of biomolecules with fluorescent probes allows to obtain information
about inter-residue distances within biomolecule. This meant that to work out the structure of a
biomolecule, one was no longer constrained to traditional tools of structural biology, i.e. X-ray
crystallography, NMR and cryo-EM.

Sensitivity and experimental design of FRET measurements. Despite long-term dominance
of X-ray crystallography, and its non-questionable contributions to the science, it is hard to
overlook that it is limited to providing biomolecular models in a single static pose, along with
non-physiological measurement conditions (see Chapter 4.1 for more details). Other dominant
tools of structural biology, such as NMR spectroscopy and cryo-EM, have other limitations of
their own, such as the size of the biomolecule that can be studied or the resolution of the
obtained models (see Chapter 4.1 for more details). While FRET measurements are not the
only tool reporting on molecules directly in a solution, they allow to monitor conformational
dynamics in real-time, and most importantly, one single molecule at a time. Observing single
molecules, instead of ensemble averages, is the ultimate level of sensitivity, that is in FRET
experiment achieved by employing a relatively simple optical design, which is centered around
confocal microscope. Through its focusing power, a confocal microscope minimizes the
excitation volume, and the pinhole, that lies in a plane conjugate to the focal plane of the
objective lens, rejects all out-of-focus light. These two features of a confocal microscope, in a
combination with small enough sample concentrations, enable us to observe single molecules
at a time (for details see Chapter 2.2). The true potential of FRET started to be harnessed when
two important features were added to aforementioned experimental design, and that is Pulsed
Interleaved Excitation (PIE)'! and Multiparameter Fluorescence Detection (MFD)'? 13, These
two features allow selection of sub-populations and their characterization with a set of
simultaneously recorded fluorescence parameters. PIE is an excitation scheme where two
pulsed excitation lasers are being operated with a repetition time on nanosecond timescale, and
are alternated with a delay in respect to each other, of approximately half the repetition period.
Such laser operating scheme allows to excite donor and acceptor fluorophore at different points
in time, and since the photon arrival time is determined relative to the excitation pulse, it is
possible to disentangle donor and acceptor emitted photons despite their spectral overlap.
Besides temporal classification of emitted photons, MFD schemes takes a step further, by
additionally employing spectral and polarization classification of the emitted photons. This

allows to simultaneously determine multiple properties of a sample, such as fluorescence
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lifetime and anisotropy, as well as the quantities such as FRET efficiency and stoichiometry.
Simultaneous acquisition of all these parameters minimizes ambiguity of the data interpretation,
which in turn gives high fidelity to FRET measurements. Principles of PIE and MFD are
discussed in more detail in Chapter 2.3.

Determination of absolute FRET efficiency. Essential observable in FRET experiment is
efficiency of energy transfer between donor and acceptor fluorophore, that informs on their
spatial separation. As the instrumentation for FRET experiments was developing, accordingly
the approach for determination of FRET efficiency was changing. Two most common ways to
determine absolute value of FRET efficiency are: (a) by measuring the fraction of FRET
sensitized acceptor fluorescence out of the total fluorescence of both donor and acceptor
(“classical ratio method”) and (b) by measuring the decrease of donor fluorescence lifetime in
the presence of acceptor (for details see Chapter 2.1 and Chapter 2.4). The first approach is
intensity based, and it requires correction of raw fluorescence intensities for several
experimental artifacts, namely: (i) background emission (i7) donor crosstalk into acceptor
emission channel (iif) direct acceptor excitation by donor excitation laser (iv) correction for
distinct fluorescence quantum yields of donor and acceptor, as well for different detection
efficiencies of green and red detection channels for donor and acceptor fluorophore (v)
correction for different excitation rates of donor and acceptor with their corresponding
excitation light. However, in approach (b), which is lifetime-based, corrections (i7)-(v) are not
needed. Determination of aforementioned correction parameters is a topic of Manuscript 1 (see
Chapter 6.3 and Supplement C). Most commonly, one applies both intensity and lifetime
approach for a consistency check. Furthermore, a series of alternative ways to determine FRET
efficiency are described and reviewed by Clegg'4, such as: (¢) by measuring enhanced acceptor
fluorescence, as the ratio of FRET sensitized acceptor fluorescence and acceptor fluorescence
due to direct acceptor excitation (“(ratio)s method”) (d) by measuring decrease in fluorescence
quantum yield of donor, i.e. via the ratio of donor fluorescence quantum yield in the presence
and absence of the acceptor (“(ratio)p method’) (e) via anisotropy change of donor and
acceptor.

FRET-based tools. In terms on instrumentation, the field has not seen further major
advancements of a described PIE-MFD scheme, other than multi-color FRET experiments'>.
However, in terms of data analysis, the number of statistical tools, which allow to extract the
maximum information from the noisy experimental data, is rapidly growing, with some of the

)16, 17

popular methods being: Photon Distribution Analysis (PDA , filtered Fluorescence

Correlation Spectroscopy (filtered FCS)!¥, FRET-FCS', Burst Variance Analysis (BVA)¥,
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FRET-2 Channel Kernel Density Estimator (FRET-2CDE)?!, and graphical tools such as
FRET-lines?> 2. Extensive and up-to-date overview of different analysis tools and software
packages is given in a community paper by Lerner et al.?*

Current status of FRET measurements and scope of the thesis. In terms of system
complexity, FRET historically started with artificial toy models. In the first experimental proof
of Forster theory, FRET efficiency was measured in oligomeric chains of poly-L-proline,
between the a-naphthyl group (donor) at the carboxyl end of polypeptide and dansyl group
(acceptor) at the imino end.?> 26 With time, rapid development of instrumentation and analysis
tools enabled FRET to evolve into a method that nowadays can address systems with highest
degree of complexity, i.e. multidomain proteins with dynamic super-tertiary structure’ and
intrinsically disordered proteins®. However, the amount of data points obtained in a FRET
experiment is typically too small relative to the number of degrees of freedom in a molecule.
In other words, FRET data is too sparse to deliver accurate structural models of biomolecules
on its own. To alleviate this limitation, FRET teams up with other experimental methods and
computation techniques such as MD simulations, which provide physical models down to
atomic resolution.>’ Alone or in integrative manner with other experimental techniques and
computational methods, FRET is nowadays a competitive tool in the field of structural biology.
It is already demonstrated that FRET can inform on small- and large-scale motions, it can
measure distances in biomolecules, detect dynamics across different time regimes and unravel
underlying kinetical scheme in a dynamic system.>’-28

The FRET community has shown that FRET measurements are reproducible, and can infer
structural information with sub-nanometer precision and accuracy when using rigid double-
stranded DNA molecules.”” However, an objective evaluation of the overall performance of
FRET experiments when using challenging proteins system has been lacking. Therefore, this
thesis was to large extent focused on critical assessment of FRET experiments for determining
distances, as well for detecting and quantifying dynamics in protein systems that display
conformational dynamics across different spatial and temporal scales (see Chapter 6.1). As
model systems we used maltose binding protein, referred to as MalE, and U2AF2, the truncated
large subunit of U2 auxiliary factor of the spliceosome machinery (see Chapter 5.2 and
Chapter 5.3). In the second part of this thesis, we embarked on optimizing the conformational
ensemble of PaLif in its apo state (see Chapter 6.2). PaLif belongs to a family of steric
chaperones, which activate their cognate lipase (see Chapter 5.4). Since lipases are the most
important class of enzymes in biotechnology, it is of immense importance to understand the

behavior of their steric chaperones. To tackle this challenge, we joined the forces of MD
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simulations and FRET measurements. For that, we established the workflow for integrative
FRET/MD modelling using maximum entropy method. In a benchmark using synthetic data,
we were able to find how to optimally balance these two sources of information. Moreover, we
put on a test bench the robustness of optimized ensembles across representations of different
level of detail- from atomistic models, over inter-residue distance histograms (distograms) to
3D density maps. Lastly, by using experimental FRET data acquired for a network of six FRET

pairs, we were able to infer the first ever structural models of PaLif in its apo state.

Outline

This thesis is designed such to provide information and tools necessary for accurate smFRET
measurements, and robust modelling of structural ensembles, in integrative approach using
FRET measurements and structural models obtained from all-atom MD simulations. In
Chapter 2, I describe basics of FRET and its fundamental properties. This is then followed
with discussion on how the ultimate level of sensitivity, i.e. single-molecule detection, is
achieved in a FRET experiment by using a confocal microscope. I dissect the reasonings behind
such experimental realization, and introduce further additions to a confocal setup, i.e. principles
of Pulsed Interleaved Excitation (PIE) and Multiparameter Fluorescence Detection (MFD). I
finally close this chapter by showing how the structural information is extracted from measured
fluorescence decays. In Chapter 3 I outline fundamentals of MD simulations along with
practical insights into methods for trajectory clustering, analysis tool frequently used to both
reduce the amount of data points, but also to identify hidden trends in data. After discussing the
fundamentals of FRET and MD simulations, in Chapter 4 I provide detailed overview of
current trends in integrative structural biology, as well as mathematical formalism underlying
the ensemble reweighting methods. These include Bayesian inference and principle of
maximum entropy. Moving forward, in Chapter 5 I highlight the exciting biological context,
structure and function of each of molecules studied within this thesis, prior to reaching Chapter
6, which provides overview over articles published during this thesis. Lastly, Chapter 7
summarizes the main outcomes of this thesis, while highlighting different methodologies from
the field of computer science and fluorescence, that were applied in individual or synergetic

approach within this thesis.



Chapter 2

FRET: Concepts and experimental realization

2.1. Basics of FRET

Forster resonance energy transfer (FRET) is a singlet-singlet radiationless energy transfer that
occurs from an excited donor fluorophore (D) to an acceptor fluorophore (A), as described in
the pioneering work of Forster.” Energy transfer between excited donor and ground-state

acceptor fluorophore, can be described by the following reaction scheme?’:

D+ A D+ A
T kD,r\r T kA,nr
K
D+A+hv,, — D'+A A D+A (2.1)
Lk, Lk,
D+ A+hy, A+D+hy,

D and A represent donor and acceptor fluorophore in the ground state, while their excited state
is denoted as D* and A". Furthermore, hv represents the quantum of radiation, which in the
reaction scheme above appears with frequency of donor excitation, v,,., donor fluorescence, v,
and acceptor fluorescence, V.

Competitive to energy transfer (kgggr) are fluorescence and other non-radiative relaxation
processes of the donor (kpy, kpynr)- The FRET sensitized acceptor fluorophore (A®) can
analogously depopulate its excited state via both fluorescence and non-radiative pathways (ka ¢,
kanr). The efficiency of energy transfer from D to A, also called FRET efficiency £, is given
by:

_ krreT
kerer + kpg + kpnr

E (2.2)

where kpggpr, the rate of energy transfer between donor and acceptor fluorophore, strongly
depends on the spatial separation between the fluorophores, Rpa:

| 1 (R°)6 2.3
FRET_TD(O) RDA ()



Tp(o) 1s the average excited state lifetime of a donor in the absence of acceptor, i.e. Tp) =
1/ (kD‘f + kD‘nr), and R, is, as described in pioneering work of Forster’, the distance at which
the rate of the energy transfer is equal to the sum of rates of all other pathways of donor excited
state deactivation, i.e. kprgr = 1/Tp(g). Then, it becomes obvious that R,, also known as
Forster radius, is an intrinsic property of a given donor-acceptor pair, and that it represents a
distance at which the energy transfer equals 0.5.

By inserting eq. 2.3 in eq. 2.2, we can redefine FRET efficiency in terms of donor-acceptor

distance Rp, and Forster radius, R, (Figure 1A):

R6
E=—r—— (2.4)
Ro® + Rpa

Furthermore, considering the definitions of donor excited state lifetime in absence and presence
of acceptor, i.e. Tp(g) = 1/(kD_f + kD’nr) and Tp() = 1/(kD_f + kpnr + kFRET), we arrive to
the formulation that underlies one of the most frequently used approaches for experimental
determination of FRET efficiency:

IO
TD(0)

E=1 (2.5)

The Forster radius, as a characteristic property of a given donor-acceptor pair, depends on a

number of properties of the fluorophores, as well as properties of the surrounding medium:

s 9000(In 10) k?®g ] (1)
O 7 12875N, n4

(2.6)

k? is the orientation factor that describes relative orientation of transition dipole moment

vectors of donor’s emission and acceptor’s excitation. The vector of inter-dye distance, ﬁD As
and the vectors of transition dipole moments, jip and fi,, define two planes, in which transition
dipole moment vectors lie. The angle between these two planes, ¢, and the angles between
transition dipoles and inter-dye distance vector, 8, and 6p, define the orientational factor

according to’’:

k% = (sinfp sin B, cos @ — 2 cos Oy cos O, )? (2.7)



For graphical illustration of geometrical parameters defining orientational factor see Figure
1C. In a geometrical arrangement when transition dipole moment vectors are colinear, i.e. when
they are in line with the inter-dye distance vector, i.e. @, 8p, 8,= [0°, 0°, 0°], k2 has the
maximum value of 4. For parallel dipoles, i.e. ¢, Op, 8,=[0°, 90°, 90°], k2 =1.°

The minimum value of k? = 0 can be realized for an infinite number of acceptor transition
dipole orientations, all of which are perpendicular to the transition dipole moment of the donor,
i.e. @, Op, 0,=[90°,90°, 0°...360°].%°

When the rotational motion of donor and acceptor is faster than the energy transfer time, then
they sample all possible orientations relative to each other, which is known as isotropic dynamic

averaging regime. In such conditions, k? can be replaced with its average value (k2);s, =

:22:04 k?p(k?)dx? = 2/3, which is an assumption often made when calculating FRET
efficiency.*
Additionally, the Forster radius is a function of: ® p, fluorescence quantum yield of the donor
in absence of acceptor; n, refractive index of the surrounding medium; N, Avogadro’s number;
J(A), the overlap integral between the normalized fluorescence emission spectrum of the donor

fp(1), and extinction spectrum of the acceptor €4 (1) (Figure 1B):

(o]
J@A) = f fo(D) ea(D)da (2.8)
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Figure 1 | Basics of FRET. (A) Inter-dye distance dependence of FRET efficiency (eq. 2.4) for
the dye pair Atto 532- Atto 643, with a Férster radius of 59 A. (B) Overlap integral (grey shaded
area), together with fluorescence emission spectrum of donor (blue) and absorption spectrum
of acceptor dye (magenta). Overlap integral is calculated according to eq. 2.8 by assuming
extinction coefficient of acceptor to be 150000 M'cm™ at the maximum of absorption. (C)
Transition dipole moment vector of donor [ip (blue) and acceptor ji, (magenta), and angles 8,

0p, which denote their orientation relative to the connecting distance vector ﬁD 4, Whereas
angle @ denotes the angle between the planes of dipole moment vectors. These geometrical
parameters define the orientational factor k? according to eq. 2.7.
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The classical definition of FRET rate constant (eq. 2.3) has a disadvantage of having both kj,
and R, being a function of fluorescence quantum yield of donor, ®¢p,, while in fact kpggy is
independent of donor quenching. Furthermore, the effect of relative dipole orientation is
implicitly accounted through R,,. To circumvent these complications, reduced “spectral” Forster
radius R, ; is defined*":

s 9000(In10) /(1)
O/ 128n5N, n4

(2.9)

which is less sample dependent and it allows to reformulate kgpggT as function of radiative rate

constant of fluorescence, kp ¢:

= 2 (Rory” 2.10
kFRET—kD,fK R_DA (2.10)

Most importantly, such defined kprgt 1s independent of sample-specific donor quenching.

2.2. Single-molecule resolution and confocal microscopy

The advantage of FRET over many other methods in the field of structural biology is that the
measurements can be done at the single-molecule level, in real time and in solution. By
monitoring single-molecules, one at a time, smFRET excels plethora of other methods, by not
reporting on simple ensemble averages. Instead, SmFRET provides distributions of inter-dye
distances and underlying kinetic schemes, with minimal averaging that occurs on the timescale
of fluorescence (few ns). Monitoring single-molecules, not only is useful for assessing
heterogeneity of structures and underlying dynamics, but it also allows direct comparison with
computational approaches, e.g. molecular dynamics simulations, which cannot address bulk
properties, but are rather limited to characterization of individual molecules. Detection of
single-molecules is the ultimate level of sensitivity and ultimate goal of structural biology, that
is in an elegant way achieved in a single-molecule FRET experiment, by using a confocal
microscope in combination with a Time-Correlated Single Photon Counting (TCSPC)*
detection scheme. Why such experimental optical arrangement is a good way of detecting
single-molecules, becomes obvious once we address the key experimental requirements, and
that is (a) high Signal-to-Noise Ratio (SNR) and (b) high detection efficiency.* Bursts of
fluorescence photons are interfered with unwanted background signal, that can have origins in
(i) Rayleigh scattering by the solvent molecules at the excitation wavelength (if) Raman

scattering by the solvent molecules at the lower energy, i.e. higher wavelength compared to the
9



excitation light, and lastly (iii)) Rayleigh and Raman scattering and fluorescence by the
impurities in the solution.*® Therefore, to achieve high SNR, a good optical arrangement should
have efficient delivery of the excitation light, combined with a rather small
excitation/observation volume, since that way the number of solvent molecules is minimized
and thus the scattered light as well.** However, a small excitation volume is not sufficient to
achieve ideal experimental conditions mentioned above, since unwanted signal, no matter how
minimized, still goes through.

A simple confocal microscope showed to be capable to detect single-molecules while satisfying
all aforementioned criteria.*®> Generally, an episcopic-fluorescence (epi-fluorescence) confocal
microscope with a high Numerical Aperture (NA) objective is used, in an inverted
configuration, i.e. objective pointing upwards. Epi-fluorescence is a configuration where the
same optical component (dichromatic mirror) delivers the excitation light to the sample, and
collects the emitted fluorescence (Figure 2A). Excitation light, reflected (or transmitted) on the
dichromatic mirror, travels through the lens system of a microscope objective, which focuses
the excitation light to a “point” that lies on a focal plane at the distance f from the objective
lens. The size of the excitation/observation volume is determined by the ratio of the excitation
light diameter, D, and the diameter of the back aperture of the objective, 15,4 (Figure 2C).>*
When using a laser beam with smaller diameter compared to the back aperture of the objective
(i.e. D < rga), which is known as “underfilling” of the objective, excitation volume increases.
Contrary to that, for overfilled back aperture of microscope objective (i.e. D > 1g,), we reach

diffraction limited spot (“Airy disk”), whose radius perpendicular to the light propagation is:
d= 1.22f— (2.11)

Airy disk represents the distance between the central maximum of the diffraction pattern to the
first minimum, and it is a function of wavelength of the excitation light 4, focal length of the
objective lens f, and the diameter of the excitation beam D. Focal spot size can also be
expressed in other terms, such as the radius at the half maximum of the diffraction pattern or as
a radius at the 1/e? of the maximum intensity.

By exploiting the focusing power of the microscope objective, we minimize the excitation
volume, and the amount of unwanted scattered light. However, the excitation light travels on
both sides of the focal plane, i.e. it converges towards the focal points, and afterwards diverges,

causing the out-of-focus fluorescence of the specimen. Here comes the main characteristic of a
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confocal microscope that makes it a good optical arrangement for detection of single-molecules,
which is the existence of a pinhole that lies in a plane conjugate to the focal plane of the
objective lens, i.e. at the equal distance f from the objective lens as the focal plane, hence the
name “confocal”. The pinhole will reject all out-of-focus light and prevent its propagation
towards the detection path (Figure 2B). That way we observe a single spot of a specimen at a
time, which for sufficiently small observation volumes (few fL) and low enough sample
concentrations (< 100 pM), means a single molecule at a time.
To summarize, properties of a confocal microscope that make it a suitable optical arrangement
for detection of single molecules are:
e It focuses the excitation light, such that the excitation volume is minimized, and so is
the unwanted background signal
e Through existence of the pinhole, that lies in a plane conjugate to the focal plane of the

objective lens, it rejects any signal coming out-of-focus, allowing to study single spot

of a specimen at a time, which means single molecule at a time, provided small enough

concentration and small enough excitation volume.
Depending on the position of the focal plane, there are two smFRET measurement modalities.
If the focal plane is inside of the solution, then freely diffusing molecules are being monitored,
but if the focal plane is nearby the surface of the glass, then so-called Total Internal Reflection
Fluorescence Microscopy (TIRFM)* is being employed, in which case the molecules are
typically immobilized, and imaged on camera. Consequently, the temporal bandwidth of these
two experimental designs is different. In diffusion experiment the observation time is limited
by the diffusion of the molecule (typically < 10 ms), while in the TIRFM setup, the observation
time extends to minutes, and is only limited by the dye photobleaching. On the other hand,
TIRFM modality has a disadvantage of relatively low time resolution (miliseconds)®, as
opposed to picosecond time resolution in diffusion experiments. Higher temporal bandwidth of
diffusion experiments can be achieved by increasing the observation volume, or by slowing
down the molecular diffusion, for instance by encapsulating the molecule inside of liposomes.
In this thesis, smFRET experiments are performed on freely diffusing molecules.
The way the specimen is seen is not solely determined by the shape of the excitation volume.
The Point Spread Function (PSF), i.e. the mathematical description of the way the light travels
through the entire optical arrangement is the convolution of both excitation and observation
volume, where the latter is affected by each of the optical components in the detection path, e.g.

objective lenses and confocal pinhole. Despite the numerous factors that contribute to its shape,
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the PSF is a surprisingly simple mathematical expression. It was found that for underfilled back

aperture of the objective, the shape of PSF can be approximated by a Gaussian®” %:

x%+y?  z

+5)] 2.12)

2
Wo Zg

PSF(x,y,z) o« exp [—2 (

with w, and z, being the waist radii at the 1/e? of the maximum intensity (13.5%),
perpendicular and in the direction of the light propagation (Figure 2C).

When using laser beam of Gaussian intensity profile, one would intuitively expect that Gaussian
PSF would be achieved by overfilling the back aperture of the objective. However, Hess*” has
shown the opposite, i.e. that by underfilling of the objective, combined with the small confocal
pinhole, the PSF becomes more Gaussian. While the shape of PSF is in general of no importance
for intensity-based approaches where we look at the ratio of the instantaneous signals of donor
and acceptor, it is essential for formal description of the molecular diffusion in a range of

correlation methods, such as Fluorescence Correlation Spectroscopy (FCS).*

sample = ceiiopieiee ~oofa\---- focal plane
Z,
/\ coverslip /\ P I °

— —

objective
/ p— \

dichromatic
mirror

lens

pinhole

Figure 2| Principles of confocal microscopy. (A) Episcopic-fluorescence confocal microscope
in an inverted configuration, i.e. objective pointing upwards. In epi(scopic)-fluorescence, the
same optical component, i.e. dichromatic mirror, both delivers the excitation light (bright blue)
to the specimen, but also collects emitted light (dark blue). Here is illustrated the case of long-
pass dichromatic mirror, where excitation light is reflected, and emitted light is transmitted
through the mirror. (B) The presence of a pinhole in a plane conjugate to the focal plane of the
objective lens, allows to reject all out-of-focus light. This allows to study single spot of a sample
at a time, which for sufficiently small observation volumes and small enough concentrations
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means single molecule at a time. (C) Zoom-in to the observation volume, with waist radii, w,,
and zg, at the 1/e? of the maximum intensity, perpendicular and parallel to the direction of the
light propagation. Size of observation volume is determined by the ratio of the laser beam
diameter D, and the diameter of the back-aperture of the objective, 15 4. For overfilled objective,
i.e. D > 1g,, we reach diffraction-limited size of volume (eq. 2.11), while for underfilled
objective, i.e. D < 1g,, size of volume increases and its shape becomes more Gaussian-like (eq.
2.12). Allillustrations are not to scale.

As already discussed, basic confocal scheme will minimize the excitation volume and amount
of unwanted scattered light, and the confocal pinhole will eliminate out-of-focus light.
However, unwanted signal, even though it is minimized, still goes through and interferes with
the fluorescence of a specimen. Therefore, for high SNR further additions to a basic confocal
optical scheme are necessary. Rayleigh scattering at the excitation wavelength can be separated
from the fluorescence via the use of dichromatic mirror, that will reflect (long-pass) or transmit
(short-pass) it back to the light source. Raman scattering by the solvent molecules happens at
higher wavelengths, and spectrally overlaps with fluorescence, but can be blocked from the
detection path through the use of bandpass filters. This often has a cost of sub-optimal
fluorescence detection, since one typically has to use narrower bandpass filters, or filters that
are not around the maximum of fluorescence emission. Lastly, once the scattered light is
eliminated, efficient detection of fluorescence is achieved through the use of high-performance
detectors. Nowadays widely used are Avalanche Photodiodes (APDs), which are “point
detectors”, with typical active area of ~150 um in diameter. APDs are designed such that they
have uniform detection across the active area, high detection efficiency over a wide spectral
range, low dark counts, fast response needed for time-resolved studies and excellent detection

linearity.

2.3. Pulsed interleaved excitation and MFD detection scheme

When the fluorescently labelled biomolecule diffuses through the confocal volume, it emits
bursts of fluorescence photons. Information contained within the burst is immense, and in order
to harvest this information content, we employ spectral, polarization and temporal classification
of the emitted photons. This in turn allows us to calculate a whole range of fluorescence
parameters, such as fluorescence lifetime, anisotropy, FRET efficiency and stoichiometry. This
is known as Multiparameter Fluorescence Detection (MFD).!* Exemplary set of fluorescence
parameters typically studied from smFRET data is given in Figure 3. MFD is nowadays
typically employed together with Pulsed Interleaved Excitation (PIE) scheme, where two
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pulsed excitation lasers with picosecond pulse width (FWHM) are interleaved on a nanosecond

: 11,12
timescale.' "
Lifetime D, (tp(ayr [Ns] Lifetime A, (tp)¢ [ns] Stoichiometry, S
¢ 1000
2
c
=]
O 500
(3]
0 1 24 3 4 5 6 7 0 1 2 3] 4 5 6 7 0.0 0.2 0.4 0.6 0.8 1.0
1.0 1.0
w w
>-‘ 0.8 0.8 >-‘
Q Q
c c
2 06 06 2
£ S
&= =
@ @
- 0.4 . ‘ 0.4 -
w w
o ['4
L 02 0.2 [TH
0.0 0.0
500 1000
0.6 06
counts
a 0.4 04 < AR
- - ]
a 024! | E— — 1 o2 <
> >
2 2
(] ]
° B By s SER [kHz] 0.7617
(7] (7]
= S SRE [kHz] 0.4131
< 02 02 < e
SRR [kHzZ] 0.4192
0.4 04 Qa 0.0145
1000 500 0o W 5 6 7 |0 1 2 WEEEREeT  7 250 500 [ 0.0243
8 500 counts ALEX-2CDE 15
5 y 0.8887
g 1000 B8 0.6215
Lifetime D, (tp)) [NnS] Lifetime A, (1) [ns]

Figure 3 | PIE-MFD burst-wise fluorescence parameters measured on single-molecule level
for freely diffusing double-stranded DNA molecules labelled with Alexa Fluor 488 as donor
dye and Atto647N as an acceptor dye. Visualized is only double-labelled population, obtained
by applying the ALEX-2CDE filter, which removes single-labelled species and species with
unstable emission of the fluorophores. Top row: (left) two-dimensional histogram of fully
corrected FRET efficiency, E, versus the fluorescence intensity averaged lifetime of donor,
(Tp(ay)r With overlaid E-t static FRET-line (green), which is a widely used graphical tool to
detect FRET fluctuations. Displacement of the double labelled FRET population from the static
FRET-line is indicative of presence of conformational dynamics, but can also be caused by dye
artifacts, such as position-specific dye-protein interactions. Displayed static FRET-line was
generated with following parameters: Ry = 49 A, Tpeoy = 3.94 ns and assuming normally
distributed dye positions with width of op, = 6 A. Furthermore, visualized are 2D histogram
of fully corrected FRET efficiency E versus acceptor fluorescence lifetime, (T4)p, (middle) and
versus stoichiometry, S, (right). Bottom row: using polarization resolved intensities, calculated
are steady-state anisotropy of donor 7sg p versus donor fluorescence lifetime (left) and steady-
state anisotropy of acceptor, Ty 4, versus acceptor fluorescence lifetime (middle), which can
inform on size and shape of biomolecule, as well on the degree of fluorophore mobility. Steady
State anisotropies are calculated accounting for polarization-dependent sensitivity of detectors
(Gyuyvy = 1.12 for donor, Gyyyy = 1.06 for acceptor) and for polarization mixing in the

microscope objective (1,=0.0175, l,= 0.0526).
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Donor and acceptor pulsed excitation lasers are operated at the same repetition frequency frep,

but to ensure temporal separation of donor and acceptor excitation, lasers are delayed with

1
2frep

respect to each other, for approximately half the repetition period, i.e. = . By exciting donor

and acceptor at different points in time, it is possible to separate their photons, despite their
spectral overlap. Such excitation scheme, combined with Time-Correlated Single Photon
Counting (TCSPC)* detection scheme, allows for accurate FRET measurements.

Repetition period and the delay between donor and acceptor excitation laser are determined
based on the fluorescence lifetime of the fluorophores. They should be sufficiently long for
fluorophores to depopulate the excited state, and to avoid leakage of their emission into each
other’s PIE channel. To find how much at least two laser excitations have to be apart, we follow
the simple equation for the fluorescence decay, i.e. F(t) = Fyexp(—t/t). For instance, for a
fluorophore that has fluorescence lifetime of T =4.1 ns, in order to collect 99.9% of the photons,

we need two laser excitations to be at least 1= 4.1 ns - In(1/0.001) = 29 ns apart, which gives
us laser repetition rate of at least frep = % =17 MHz.

When talking about temporal classification of the photons, we use two terms, namely macro-
time, tyacro, and micro-time, tyicro- Macro-time is simply the total number of synchronization

periods from the beginning of the measurement

1
tmacro = Nsync E (2.13)

while the micro-time represents the delay between the last synchronization signal and the
subsequent photon detection time. Micro-time is perhaps the main experimental parameter
because it encodes the fluorescence lifetime. Micro-time is determined using a Time-to-
Amplitude Converter (TAC), which charges the capacitor whose final voltage is proportional
to the time between the start pulse (synchronization signal) and stop pulse (photon detection).*
However, since there are many periods when excitation is not followed by the photon detection,
TAC would be triggered, but not stopped. This would require TAC reset before each next sync
signal. For high-frequency measurements, performing TAC reset in each sync period is not a
sustainable approach, and instead, a reverted start-stop scheme is employed, meaning that TAC
is started with photon detection, and stopped by the next sync signal.*?> The output voltage of
TAC is digitized using an Analog-to-Digital Converter (ADC). ADC builds a histogram, i.e.
distribution of photons over the time. When ADC gets a signal from TAC, it adds an event in a

respective n-th time bin, npapc. The resolution of ADC time-bins is obtained as the ratio of
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maximum time covered by TAC, Trac = 1/ frep» and total number of ADC bins, Nypc. Then,

micro-time can be determined as

TtaC
Nabc

tmicro = Napc (214)

which finally leads us to accurate photon-arrival time, which is obtained as a sum of t,,;., and

tmacro N

1
Tarrival = Nsync E + Napc (215)

Obtaining photon arrival times is followed with “photon-sorting” into corresponding micro-
time channels. In dual-color PIE experiment, there are four micro-time windows/channels,
defined by the excitation laser X (Y|X) and detector Y (Y|X) where the photons are being
registered. Donor/green micro-time windows are G|G and GJ|R, and similarly, acceptor/red
micro-time windows are R|R and R|G. Besides temporal and spectral classification, one can
further sort photons based on their polarization, which leads us to total of eight detection

channels.

2.4. Burst search and burst analysis

After the photons are sorted, one can build photon traces, and perform burst search. To detect
bursts of fluorescence photons, we can use the fact that background and fluorescence photons
can be distinguished based on their inter-photon time. Background photons are of a lower count-
rate, and subsequently they have longer inter-photon times. On the other hand, single-molecules
diffusing through the confocal volume emit bursts of photons, i.e. photons of high count-rate
and short inter-photon times. Therefore, if one monitors the inter-photon time trace, transit of a
single-molecule through confocal volume will be detected as a drop in inter-photon time trace.
Since photon counts follow Poisson distribution, their number can suddenly drop after the
beginning of the burst, or before the end of a burst. This would lead to wrong identification of
the burst edges. Therefore, the inter-photon time trace is usually smoothed prior to the burst
search, by using a filter developed by Lee.*>*! Using m photons before and m photons after
each of the photons i, a running mean At; and variance o/ of the inter-photon times At; is
computed. Based on these, smoothed data At; is obtained:

2

0;

2 2
of + 0§
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with o¢ being the variance of background inter-photon times. From the equation above, it
follows that for small SNR, 62 « ¢ and At; ~ At;. In other words, data is replaced with its
local mean value. On the other hand, for high SNR, 6? /(67 + 0Z) ~ 1 and 4t; ~ At;. In other
words, data remains unchanged. For such smoothed trace of inter-photon times, bursts are
selected using an upper inter-photon time threshold, while simultaneously requiring minimum
number of photons N in a burst. Alternatively, one can employ the “sliding-time-window”
method,*? where the local count-rate is calculated around each of the photons, within a specified
time window centered around it. If the local count-rate exceeds the threshold, the central photon
is then assigned to a burst. For stream of photons to be considered a burst, it is required that at
least NV successive photons exceed the local count-rate threshold.

Burst search can be performed on all photons, that are merged in a single trace, irrespective of
their micro-time window origin.** This approach is referred to as All-Photon-Burst-Search
(APBS). This is the most common burst-search approach, where all species, i.e. double labelled
but also single labelled species are accounted. Dual-Channel-Burst-Search (DCBS)** method
monitors two photon traces in parallel: (7) sum of all photons detected after donor laser time-on
(G|G and R|G) and (@f) acceptor photons detected after acceptor laser time-on (R|R). For each
of the two photon traces, separate burst search is performed, and only those time periods where
bursts from two photon traces overlap define burst duration. That way we select only those
species where both donor and acceptor are active, meaning that single-labelled species will be
discarded, as well the species with unstable emission (bleached and blinking species). If the
system is unknown, it is advised to use APBS to get an insight into the system and presence of
artifacts.

Selected bursts can be subsequently analyzed in terms of duration, brightness, polarization,

lifetime and quantities such as FRET efficiency and stoichiometry:

Frig
E= ——F— 2.17
Fric + Fgie @17)

Fric + F
s RIG 7 _GIG (2.18)

 Fric + Foc + Fair

Fric denotes the fluorescence intensity of acceptor upon donor laser time-on, also known as
FRET sensitized acceptor fluorescence, corrected for background, donor crosstalk into acceptor

detection channel, a, and for direct excitation of acceptor with donor excitation laser, o:
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Fric = "Irjg — @"lgic — 6" Iy (2.19)

iiIR|G denotes background corrected intensity, and in general terms, for a detection channel Y

upon excitation X, it is defined as:
s . BG
Mlyx = Iyx — Ig(qx) (2.20)

with 'Iy|x being raw, uncorrected fluorescence intensity.

Donor crosstalk into acceptor detection channel, a, is defined as ratio of detection efficiency of

red and green detection path (ggjp and ggp, respectively) for donor dye:

o = IR0 221
9ga|p '

Direct excitation of acceptor with donor excitation laser, §, is defined via acceptor excitation
cross-sections for green and red-light source, 05| and oa g, and excitation light irradiance, Lg
and Lg:

_ oac Lg

5 (2.22)

OAR Lr

Further definitions of crosstalk and direct excitation, and practical considerations for their
determination are discussed in Chapter 6.3 and Supplement C.

Furthermore, FRET efficiency and stoichiometry contain Fg g term, which denotes donor

fluorescence intensity after donor laser time-on:
Foie = v"Igic (2.23)
where correction factor y compensates for different fluorescence quantum yields of donor and

acceptor, and for different sensitivity of green detection channels for donor dye and red

detection channels for acceptor dye:

_ ®pagrpa

= 2.24
®rp Joip ( )
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The last term in definition of £ and S is Fp|r, fluorescence intensity of acceptor upon acceptor

laser time-on:

1.
Frir = E “Igir (2.25)

where correction factor f compensates for different excitation rates of donor and acceptor with

their corresponding excitation light with irradiances Lg and Ly:

oaRr Lr
=— 2.26
op|c Lg (226)

Robust determination of the aforementioned correction parameters a, £, y and o is a topic of
Chapter 6.3 and Supplement C.

While FRET efficiency could be obtained also in single-color excitation schemes,
stoichiometry can only be obtained through dual-color excitation scheme. For single labelled
species, 1.e. acceptor-only or donor-only, stoichiometry takes value of ~ 0 and ~ 1, respectively.
For double labelled species it takes value around ~ 0.5. These properties of stoichiometry allow
us to select sub-populations of interest, but also to study the stoichiometry of biomolecular

complexes.
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2.5. Inferring structural information from fluorescence decays

Structural information is typically obtained from a global analysis of fluorescence decay of
donor in the absence fD(ﬁ)O)(t), and in presence of acceptor fD(l%A) (t), where the latter can be

factorized as follows>!:

o () = ep(®)fyp (1) (2.27)

ep(t) denotes the so-called FRET-induced donor decay, which informs on the time-scale of
FRET and fraction of molecules that undergo FRET process.

The time-dependent fluorescence intensity of donor at time ¢ after donor excitation, fpp(t), is
proportional to the radiative rate constant of the fluorescence, kp¢, and the time-dependent
population of the fluorescence excited state, ppp(t), i.e. fpp(t) = kp¢ ppp(t). For donor in

the absence and presence of acceptor, the excited state depopulates in time according to:

P = eohr @28
P (£) = e~(ko*keren)t (2.29)

where kp, is sum of rate constants of all deactivation processes of donor excited state, other than

kerer. This allows us to express fD(l%O)(t) and fD(l%A) (t) as:

fop () = kp ge kot (2.30)

fD(ﬁ)A)(t) = kD’fe_(kD"'kFRET)t (2.31)

from where it follows that e, (t) = e *FRET! The essential part of fluorescence decay analysis
is how ep(t) is modelled. In a case of a mixture of N FRET species, with state specific FRET
rate constants kggrgr; and corresponding species fractions Xgrgr;, the FRET-induced donor

decay can be represented as species fraction weighted sum, based on the additive property of

fluorescence intensities:
N

en(t) = ) o e ket (232)

i=1
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For continuous distribution of FRET rate constants, x(kgrgr), the sum is replaced by an

integral:

ep(t) = fx(kFRET)e_kFRETtdkFRET (2.33)

Taking advantage of the Forster equation (see eq. 2.3), we can convert the time axis into inter-

dye distance axis, i.e.:

6

o (ros)

ep(Rpa) = fx(RDA)e[_TD(O)

dRpa (2.34)

which, however, requires the analytical model for the distribution of inter-dye distances,
X(Rpa). For normally distributed dye positions, distribution of inter-dye distances x(Rpp) 1s
then given as the non-central y- distribution®?, i.e. x(Rp,) = )((RD AlRmp, 0 A), where the non-
centrality parameter is the distance between the mean dye positions, Ry, and the width

parameter is opp, 1.€.:

oAy

X(RDAlRmp'O-DA) =R N+(RDA|Rmp'O-DA) - N+(RDA|_Rmp' opa)]  (2.35)

mp

N +(RDA|Rmp, O'DA) represents normal distribution with a mean value Ry, and width opa,

taken only at the positive values of Rpx:

N*(RpalRmp, Opa) = ———==¢€ 2 (2.36)
()

The width parameter op, is determined by the widths of spatial distributions of donor and

acceptor, i.e. Opy = m . From the study using dyes coupled to nucleic acids, and for
unrestricted dye motion, it was found that op and g, take value of = 6 A*, which yields
opa = 8.5 A.

In the case of narrow spatial distributions of dye positions and large inter-dye distances, the y-
distribution converges to a normal distribution.?? Using this approximation, and accounting for
structural heterogeneity, i.e. a mixture of FRET species, x(Rpp) is given as a discrete sum of

ng Gaussian distributions, of variable mean (Rp, ;), width opp ; and weight x;:
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ne

x(Rpa) = Z x; N *(Rpal{Rpa,) o) (2.37)

i=1

Typically, ng takes value between 1-3, and is determined by comparing the scores of competing
models.

However, for small inter-dye distances, and especially in the absence of any knowledge
regarding the nature of inter-dye distance distribution, the best is to represent x(Rpa) using y-

distribution, or in general case as a mixture of L y-distributions of variable location Ry, and

width opy:

=L

x(Roa) = ) x(RoalRmp1 00a) (238)
=1

where the number L of y-distributions is determined by the bounds of Ry, and op,. For Ry,

and op, being sampled in a range of [10 A, 130 A] and [3 A, 9 A], respectively, we obtain L =
(130 — 10)/3 = 40. With such representation for x(Rpp), no presumptions are made with
respect to the nature of distribution. This is in particular suitable when the biomolecule does
not occupy well defined states, but rather exists as quasi-continuum of interconverting states.
Next, we optimize and sample the variable parameters and nuisance parameters, in order to find
models M which are consistent with data D. By sampling over variable parameters, we obtain
numerous posterior distributions x(Rp,) which describe the experiment, and their probability
conditioned on the experimental data D, i.e. p(x(Rpa)|D). For each inter-dye distance and
species fraction bin, we integrate the probabilities of all sampled distributions found in
respective bin to obtain p(x, Rpa|D, M) (Figure 4). From there, as final representation for
experimentally-derived inter-dye distance distribution, x.(Rp,a), we take x(Rp,a) at which we
reach 0.5 cumulative sum of p(x, Rpa|D, M), and as Ax.(Rp,) we take one standard deviation

around x,(Rpa).* This approach was used in Publication 2 (see Chapter 6.2 and Supplement

B) to infer structural information from fluorescence decays.
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Figure 4 | Inferring distance information from fluorescence decays. Exemplary inter-dye
distance distribution obtained through Bayesian analysis of ensemble-TCSPC data, with grey
lines denoting x,(Rp,) and Ax,(Rp,).
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Chapter 3

Computational biophysics

3.1. Basics of Molecular Dynamics Simulations

Sampling techniques of molecular conformations can be divided into two categories: stochastic
(e.g. Monte Carlo) and deterministic (e.g. Molecular Dynamics).*® 47 In Monte Carlo
simulations, the configurational space is sampled by random displacement of the
particles/atoms and the energy change during this displacement serves as a criterium based on
which the new coordinates are being accepted or discarded. On the other hand, sampling in
molecular dynamics simulations is deterministic, since in each step one solves classical
Newton’s equations of motions for a given force field, which gives the new velocities and
positions. To simulate a system using molecular dynamics, it is necessary to (/) model the
interactions within the system, (ii) choose the appropriate integration scheme based on which
velocities and new positions will be propagated, and (ii7) to choose the statistical ensemble for
the simulation of the ensemble.*¢ Although the natural choice for molecular dynamics is micro-
canonical NVE ensemble, it is also possible to simulate the system in other ensembles as well,
such as NVT or NPT. Whatsoever, depending on a system simulated, this might be a better or
even a necessary choice of an ensemble, e.g. for systems with lipid bilayers.

Evolution of a system is fully determined by its potential energy U(r"), which is a function of
coordinates r of N atoms. Within this thesis, I used AMBER functional form of the potential
energy U(r"), which consists of a bonded and a non-bonded term. The bonded term in AMBER

is typically described by three contributions, i.e. terms for bonds, angles and dihedrals*:

1 2 1 2
Ubonded(rN) = E Z klrj(rij - req) + E Z kiejk(gijk - Heq)

bonds angles
) (3.1)
+ > Z k;’}’:ll(l + cos(m(pijkl - ym))
dihedrals

The first term describes the bond stretching, and is a function of the distance r;; between two
bonded atoms i and ;. It is typically given as the harmonic potential, with 7,4 being the
equilibrium distance at which the harmonic potential has minimum, and kj; being the force

constant for bond stretching. The second term in potential energy requires to know in each step

24



three consecutive atomic coordinates i, j and k. It describes the angle bending between the two
vectors 1;; and 77, which is given as cos 6, = 1;; - ;. Since angles only slightly change
around their equilibrium value at room temperature, the angle potential has harmonic form as
well, with characteristic force constant kl-ejk and equilibrium angle 6,4. Lastly, the potential
describing rotation around the dihedral angles ; jx;, which is a function of four coordinates 7,
J, kand [, typically involves expansion into periodic function of the order m, where m represents

.. . . m
number of minima in the function. kﬁ'kz

represents the height of the barrier for rotation around
the dihedral angle, and v, is the phase factor, which corresponds to the angle value at the
corresponding minimum 7.

The non-bonded term is calculated between pairs of atoms i and j that are either in different
molecules, or belong to the same molecules, but are separated by at least three bonds. In
AMBER, the non-bonded term is given as sum of a pair-wise, two-body 6-12 Lennard-Jones

potential and a pair-wise, two-body Coulomb potential, that describe van der Waals and

electrostatic interactions, respectively:
Unon—bonded(r) = Z z (4€ij <i> - <l> + #> (3.2)
— Rl] RU 47T€Rij

-6
ij »

—-12

The Lennard-Jones 12-6 potential contains attractive part, ~ R;;”, and repulsive part, ~ R;;"~,

where R;; is the distance between atoms. Furthermore, Lennard-Jones potential is a function of
a diameter o, which is the distance between the atoms at which the potential is zero, and &5,
which the depth of the well. Both g;; and ¢;; are a characteristic of a pair of atoms, and are

determined by Lorentz/Berthelot mixing rules.

-1

Coulomb potential for electrostatic interactions decays as R;;", with R;; being the distance

between the charges g; and ¢;, in a medium with dielectric constant e.

Equations 3.1 and 3.2 represent a very minimalistic description of the way interactions are
modelled within a classical force field often used in MD simulations, originally proposed by

Cornell et al.*®

Nevertheless, such representation of interactions is adequate for the description
of most systems. For efficient calculation of long-range and short-range interaction, various
computational algorithms, such as Ewald summation* and Verlet lists*®, were developed.
Depending on the force field used, functional shape of the bonded and non-bonded potential
can vary, as well the values of atom-specific parameters. Atom-specific parameters are derived

either from quantum chemical calculations, or directly from experiments, or are tuned to fit
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some experimental observable. Although it is in principle possible to “mix and match”
parametrizations for biomolecule, ions and solvent, these usually come together in a package,
and work the best in a given combination. For example, the relatively new FF99SBdisp force
field®!, parametrized for both folded and unfolded proteins, should be used with its “native”
water model, which is the modified TIP4P-D water model, also known as “disp-water”. For a
more detailed overview of force field models, I refer the reader to the comprehensive book by
Leach, A. R.Y

Once the potential energy for modelling the interactions is defined, the next step is to calculate

the forces acting on each of the particles in the system:

U (r)

- (3.3)

f=_

and to solve Newton’s equations of motion. One of the most frequently used algorithms for
solving the equations of motions is the “velocity-Verlet” algorithm.>? Main requirement of this
algorithm is the use of a short time-step, which means that the forces are frequently calculated.
To get to the formula that defines new atomic coordinates, we start from the Taylor expansion

of the atomic coordinate around the time ¢:

2
r(t + 4t) = r(t) + v(t)At + %Azi' + 0(4t3) (3.4)

Estimation of new coordinates has an error that is on the order of At3, with At being the time
step in equations of motion. To calculate new atomic positions, one needs to know current
coordinates, current velocities, as well the force acting on the particles in current coordinates.

Besides being necessary for the calculation of new coordinates, velocities are also needed for
calculation of kinetic and total energy, as well the instantaneous temperature. To derive
velocities at t + At instance in time, we start from the Taylor expansion of velocity around the

time ¢:

v(t + At) = v(t) + v(t)At + b(t) Az—tlz + 0(4t3) (3.5)

Now, to get rid of high-order derivative ¥(t), we expand v(t + At) into a Taylor series:

v(t + At) = v(t) + (1) At + 0(4t?) (3.6)
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and after multiplying both sides of the equation with At /2, we obtain:

ié(t)ATt = (v(t + 4t) — v(t) + 0(4t?)) % (3.7)

Finally, after plugging the latter expression for ¥(t) back into eq. 3.5, we get:

v(t +4t) = v(t) + (v(t) +1'7(t+At))%+ 0(4t?) (3.8)

or, expressed in terms of forces:

v(t + 4t) = v(t) + (f(©) +f(t+At))2A—;l+0(At3) (3.9)

To summarize, in the “velocity-Verlet” algorithm, new coordinates are calculated (eq. 3.4),
which is followed by calculation of forces in the updated positions. Lastly, using forces in
current and updated positions, velocities are updated (eq. 3.9). Such expressions for positions
and velocity have reasonable error on the order of At3. Furthermore, both positions and
velocities are computed for the same instance of time.

Besides “velocity-Verlet” algorithm, numerous other integration schemes were developed, and
they all in essence differ in the order of the derivative at which the Taylor expansions of
r(t + At) and v(t + At) are truncated, and consequently in their accuracy.*® Furthermore, they
differ in the time instance at which velocities are calculated. For example, in the basic Verlet
algorithm, new positions are calculated with smaller error of O(At*), but velocities are

calculated late in respect to the positions, i.e. at the time ¢, v(t). In “leap-frog” method>?,
. . . A S
velocities are computed half a step ahead of the coordinates, i.e. v (t + f), which is then used

to calculate new positions r(t + At). In principle, all of these schemes are computationally
efficient. Where they differ is actually: (a) level of accuracy for both short and large time step

(b) time reversibility, and (c) conservation of volume and energy.*®
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3.2. MD trajectory analysis: Clustering

For a series of purposes, it is desirable to reduce the number of structures obtained from MD
simulations. For that, a wide range of clustering methods have been developed. Clustering is
one of the most widespread methods of unsupervised machine learning, with implications in
diverse fields. In terms of data science, clustering represents assigning unlabelled data to
groups,®* and in biophysical/statistical terms it means e.g. to choose for each of the molecular
configurations to which conformational state it belongs. However, reducing the number of
structures is rather a “side product”, because often the essential motivation behind clustering is
to find hidden structure in data.

Clustering of conformational models, obtained from e.g. MD simulations, is based on some
measure of similarity between different system configurations. Measures of similarity can be
structural or kinetic. In the case of kinetic measures, we group configurations that are close to
one another in time. Much more used are structural measures of similarity, such as: cartesian
coordinates, inter-residue distances, dihedral angles etc. Using the RMSD on cartesian
coordinates is the most frequent choice of structural similarity, however, not as trivial, since it
requires suitable alignment of structures. Two most popular clustering approaches are K-means
and hierarchical clustering.>> *® K-means clustering algorithm initiates k centers (means) at
random, and then it creates k clusters by assigning structures to the closest mean. After
assigning structures to the k clusters, positions of means/centroids are updates. The latter two
steps are repeated until convergence. K-means is a stochastic method, meaning that we do not
get twice the same result, since the means are initiated at random. Further limit is that it only
performs well on spherical and well-defined clusters. In terms of hyperparameters, it requires
as input the number of clusters &, which is (typically) not known a priori. However, there are
evaluation metrics one can use to determine the value of k£ parameter, such as the elbow method
or silhouette score, where in the latter case k is chosen such that small within the cluster distance
and large distance to the closest cluster is obtained.’

Hierarchical clustering can be done in two ways: top-down (divisive) and bottom-up
(agglomerative). Within Publication 2 (see Chapter 6.2 and Supplement B), I have used the
agglomerative hierarchical clustering, i.e. bottom-up approach, where all structures are initially
taken as single clusters, and then using some similarity measure they are being merged into new
clusters, until one big cluster, containing all original clusters, is left. In other words, a hierarchy
of clusters is being formed, which is often illustrated in a shape of a tree, also known as
dendrogram.>® Hierarchical clustering method requires to choose so-called “linkage method”,

which is a way of calculating the distance/dissimilarity between the data points in terms of some
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feature. Some of the most popular linkage methods are: “single linkage”, “complete linkage”,
and “average linkage”.>> 8
In the case of “single linkage” method, similarity measure between two clusters A and B is

the closest distance between any pair of points of the two clusters, i.e.:
d(4,B) = Jmin d(a,b) (3.10)

In the case of “complete linkage™®, distance between two clusters is the maximal distance

between any pair of points between the two clusters:
d(4,B) = Jmax, d(a, b) (3.11)

2961

Lastly, in the case of “average linkage”®', computed is the average distance between all pairs

of points between two clusters

d(4,B) = TATB] d(a, b) (3.12)

a€AbeEB

Complete and average linkage methods tend to create more compact clusters, compared to
single linkage method. Hierarchical clustering can be performed in two ways, i.e. either we
define number of clusters in advance, and then clusters are merged in the dendrogram till the
defined number of clusters is met, or a full dendrogram is constructed and then a certain
threshold is applied, and only those clusters that were formed at distance below the given

threshold will pass. Typically, the latter approach is used.
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Chapter 4

Inference methods in structural biology

4.1. Traditional techniques of structural biology

X-ray crystallography. For a long time, X-ray crystallography® ¢ has dominated the field of
structural biology. By not being limited in size of a system, it provided structural models of
biomolecules ranging from few kDa to tens of MDa. This, in addition to being able to derive
absolute atomic coordinates without having to employ extensive modelling procedures on raw
data, largely explains the long-term dominance of X-ray crystallography. In X-ray
crystallography experiment, the crucial and limiting step is the sample preparation, where the
protein of interest is dissolved, and then its aggregation, nucleation and crystal formation are
promoted.%* The obtained 3D crystal is exposed to the beam of X-rays, which are according to
the Bragg’s law® diffracted upon interaction with the electrons around each of the atoms. Angle
and intensity of diffraction spots, known as diffraction pattern, is being detected, based on
which the structure of biomolecule can be inferred. The quality and resolution of model directly
depends on the sharpness of diffraction spots, which in turn is determined by the quality of the
crystal itself. Preparing a 3D crystal of sufficient size and quality, i.e. of regular/uniform
structure, is far from trivial task. Many proteins defy crystallization, such as the membrane
proteins of limited solubility.** While obtained models are of a high resolution, the ultimate
limit of a technique, however, is the fact that only model of a single structure can be obtained,
since measurements are performed on crystals, i.e. periodic arrays of proteins in single and
static conformational state. However, in recent years efforts were made to overcome this issue
through development of so-called time-resolved X-ray approaches.®® Despite its limitations,
X- ray crystallography yielded invaluable insights into biomolecular structures, and for decades
it guided advances in a range of disciplines, and will continue to do so.

NMR spectroscopy. In the 1990s, NMR®” 8 appeared as competing approach of structural
biology to X-ray crystallography (Figure 5A), by having the advantage of measuring molecules
directly in a solution. That way, NMR has capability of providing multi-state models with
corresponding kinetic scheme. NMR spectra appear for atoms that have non-zero spin of the
nuclei, i.e. odd number of protons and/or neutrons, upon exposure to the radio waves of the
external magnetic field, whose frequency is equal to the energy difference between the nuclear

spin levels. An NMR spectrum has the following characteristics: position of the lines (so-called
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chemical shift), their width and multiplicity/splitting. Each of these spectral properties are
affected by the local environment of the nuclei, presence of interactions, structural exchange
(e.g. cis-trans exchange or between two conformational states of biomolecule) and its energy
barrier.®””! While NMR provides high-resolution structural information on atomic/residue
level, and in physiological conditions, due to the complexity of a signal and difficulty to
interpret it, solution NMR is rather limited with the size of biomolecule, and typically reports
on smaller size systems. For example, for structures of < 20 kDa, there are over 12 000 NMR
structures deposited in PDB, but this number rapidly declines to a couple dozen structures, for
molecular weights of > 40 kDa.

Cryo-Electron Microscopy (Cryo-EM). Within three decades, NMR was overtaken by
rapidly growing field of cryo-electron microscopy (cryo-EM) in terms of number of deposited
structures in PDB (see Figure 5A).7>7* Although cryo-EM measurements are not done in
solution, flash-freezing of the sample is performed using liquid nitrogen, as opposed to
crystallization in X-ray crystallography. That way, instead of having all molecules in a single,
static pose, cryo-EM captures molecules in multiple states. Since snapshots are static, the
kinetic scheme that underlies protein function is inaccessible. However, similar to X-ray
crystallography, cryo-EM is in principle adaptable to time-resolved studies, and some attempts
were done in that direction.” In cryo-EM experiment sample is exposed to the beam of high-
energy electrons, whose scattering profile is collected as stack of 2D images, that are aligned,
averaged and then used to infer the 3D structure of biomolecule, or so-called 3D electron
density map. Cryo-EM reconstructions are mainly of medium- to low-resolution, and most
frequently maps with 3-4 A resolution are reported, although exceptionally sharp

1.7 For a comparison,

reconstructions with features close to an atom size were reported as wel
at the resolution of ~ 5-7 A secondary structure elements become visible, while side-chains
become visible only at < 3 A resolution.* Naturally, cryo-EM is biased towards large
biomolecular machineries, e.g. supramolecular complexes consisted of dozens of proteins, as
these can handle electron bombardment. For example, cryo-EM reported on > 6000 structures
with molecular weight > 380 kDa, but on less than 100 structures with weight of <20 kDa.

Statistics related to number of structures, molecular sizes and resolution of models for each of

here presented techniques is given based on entries available in PDB by the April, 2023.
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4.2. Deep-learning single-structure predictions

Christian Anfinsen postulated that, theoretically, one-dimensional amino acid sequence of a
protein fully determines its 3D structure.”’ Ever since, triggered with this hypothesis, numerous
efforts were invested to solve the “protein-folding problem”, using various methodologies from
the field of computer science. Structure prediction was initially shaped by two approaches,
namely: (a) by modelling interactions between molecular constituents and which drive a protein
towards its thermodynamically stable state, and (b) via bioinformatical analyses of evolutionary
history of proteins.”® Both approaches produced far inferior levels of accuracy compared to
experimental approaches. To facilitate and advance the progress in predicting the structures of
single proteins and domains, the Critical Assessment of Structure Prediction (CASP) challenge
is held biannually (https://predictioncenter.org/), and puts on a test bench hundreds of modelling
methods. Participants of CASP challenge are asked to blindly predict structures of targets
divided in several categories according to their complexity, and for which experimental
structure is determined but not yet publicly available. As independent model evaluation metric,
CASP uses the Global Distance Test (GDT)”. This metric is a measure of model accuracy, and
can be understood as a percentage of amino acids that are within a threshold distance from
experimentally determined positions (ground truth). Since the beginning of the CASP in 1997,
the best performing predictors were having median accuracy of ~ 50% in GDT units, across all
targets. Exceptional results were observed in CASP14 challenge in the year 2020, when
AlphaFold2’® achieved median accuracy of 92.4% in GDT units, across all targets, which is
considered competitive to experimentally derived structures.’’ In terms of physical units,
AlphaFold achieved median C,-RMSD of 0.96 A and all-atom-RMSD of 1.5 A for 95% residue
coverage, which is in the range of the width of carbon atom itself.”® AlphaFold2, whose
exceptional performance originates from the use of novel neural networks trained on physical,
geometrical and evolutionary constraints,’”® has ever since inferred structures for over 200
million proteins that are deposited with open access in AlphaFold Protein Structure Database
(https://alphafold.ebi.ac.uk/) and in PDB. Not long after, several competing modelling methods
reached or even outperformed the accuracy, speed and computational cost of AlphaFold2, and
such an example is trRosettaX-Single.®!

While one can say with confidence that prediction of protein structure reached the “single-
structure frontier” %2, there are many remaining challenges, from multi-protein complexes,
protein-ligand complexes, proteins with intrinsically disordered regions that transform to
functionally relevant states only upon interaction with substrates, and the ultimate challenge of

structural biology: multi-state models and the time-ordered ensembles of structures.
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4.3. Integrative modelling of structural ensembles

Judging by the number of protein structures inferred by deep learning-based methods, it might
appear that the future of structural biology “will not be crystallized”,”* and that computer
science will dominate the structural biology. Current trends in structural biology, however,
rather indicate that traditional techniques are here to stay, but in integrative manner, such that
advantages of each of the techniques, including X-ray crystallography, are harvested in the best
possible way to complement each other.>* For example, lower-resolution cryo-EM 3D density
maps can serve as information on overall topology of a complex, and its individual components
can be modelled with high-resolution by e.g. X-ray crystallography or NMR spectroscopy, and
docked into cryo-EM 3D density map.®* Another typical example of complementary techniques
is combination of FRET and SAXS?*"3¢ measurements, particularly for studies of multidomain
proteins with flexible linkers or intrinsically disordered proteins.> ® SAXS, similarly to cryo-
EM, reports on low-resolution features, such as the overall shape of the molecule, and can be
aided by FRET that reports on inter-residue distances, to distinguish between species with
overall same shape but rotated domains, and which can represent two functionally different
species. Many more techniques are arising in recent years, and in integrative manner with other
experimental methods and/or computational approaches, they report multi-scale and/or multi-
state models. These methods provide information of varying level of detail, from overall
molecular shape (cryo-EM, SAXS), over interface mapping (mutagenesis®’, hydrogen-
deuterium exchange (HDX)%®) to inter-residue distance information (cross-linking mass-
spectrometry (XL-MS)¥®! FRET, EPR?). Methods for optimal integration of different
sources of information” and PDB-Dev system for archiving and dissemination of integrative
models is under ongoing developement.’**® While the number of deposited integrative models
in PDB- Dev is still limited, one can already observe vast diversity, in sense of different model
representations (coarse-grained, atomistic, volumetric etc.) and in terms of complexity of
studied systems (Figure 5B). To get an insight into which experimental methods typically
combine with each other, I have sourced the reports on all deposited models from PDB-Dev,
extracted the type of input data that was used in each of the models, found all the unique
combinations of input data types, and calculated their frequency (Figure 5C). This analysis
revealed the complexity of the integrative modelling, with 63 unique ways of combining
different data types, and cross-linking mass-spectrometry (CX-MS) being the most paired-with
method. FRET typically pairs with techniques that inform on overall shape of the molecule,

such as SAXS and cryo-EM.
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Figure 5 | Current trends in integrative modelling. (A) Number of deposited structures per
year in PDB by X-ray, NMR (solution or solid-state) and EM (electron microscopy or electron
crystallography or electron tomography), compared to the number of integrative models
deposited in PDB-Dev. The data reveal that while X-ray still dominates the field of structural
biology, it is being challenged by rapidly growing method of cryo-EM. Moreover, through
extensive collaborations, integrative characterizations of biomolecules are being carried out,
and already over 100 hybrid multi-scale and/or multi-state models are disseminated to the
public through PDB-Dev archiving system. (B) Glimpse into the different levels of complexity
of models deposited in PDB-Dev: model of E. coli RplJ (PDB-Dev entry 168), model Bl of IgG-
binding domain of protein G (PDB-Dev entry 84), TRAF domain of USP7 in complex with DNA
polymerase (PDB-Dev entry 70), structure of a Fly genome Chromosome 2L (PDB-Dev entry
8), followed by the structure of Nup84 sub-complex of NPC (PDB-Dev entry 1) and anatomy of
the single spoke of NPC (PDB-Dev entry 10). lllustrations are taken from PDB-Dev. (C) Upset
plot of unique combinations (63) of input data types used in integrative modelling, and their
frequency, revealing that cross-linking mass-spectrometry (CX-MS) is the leading, but also the
most paired-with method. Panels (A) and (C) are generated by the analysis of entries available
in PDB and PDB-Dev by the April, 2023.
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We join the outcomes of different experimental and computation techniques not only because
they sense different properties of a biomolecule, but also because proteins do not adopt a single
structural state. Instead, they display a distribution of dynamic structures, or so-called structural
ensemble. Structural ensemble is a set of conformational models with their corresponding
population fractions (weights), which denote to which extent biomolecule populates
corresponding state under given experimental conditions. Such an ensemble reflects
true/intrinsic structural heterogeneity of the molecule, and should be distinguished from so-
called “uncertainty ensembles”, where multiple reported models rather represent insufficient
information about the system, i.e. ambiguity of the solution. Currently, PDB-Dev counts 13
deposited multi-state models, 7 of which use single-molecule FRET measurements as input
data.

Structural ensembles are extremely challenging to obtain at accurate or detailed enough level
by experimental techniques or computational methods alone. Many experimental methods
suffer from spatial and/or temporal averaging, in addition to being sensitive on limited spatial
and/or temporal scales. Furthermore, experimental data can be sparse and provide ambiguous
information. For example, FRET experiments inform on long-range features, such as tertiary,
super-tertiary and quaternary structure, and not on absolute atomistic coordinates. Similar holds
for techniques that inform on low-resolution features such as overall molecular shape (SAXS,
cryo-EM). Likewise, computational methods suffer from inaccurate force fields and limited
sampling times, which has a consequence that relevant states may never be sampled. Therefore,
the most promising approach is to combine experimental data with structural models obtained
from computational approaches.”” Numerous approaches have been developed to combine these
two sources of information, and they are all grouped around two principles, namely maximum
entropy and maximum parsimony principle.”® *® In maximum entropy principle, one searches
for such model which will be as close as possible to the initial one, while improving the
agreement to the experimental data. The maximum entropy principle typically yields large
number of conformers, which is suitable for systems that do not occupy well defined states, but
exist in the solution as quasi-continuum of interconverting states. Contrary to that, in maximum
parsimony approaches, one searches for a minimum number of states that can describe the
experimental data. When using either of the two principles, information from different sources
can be combined in two ways. In one case experimental data can be used directly as a constraint
during the sampling of structural models in molecular simulations. In another case,
experimental data and molecular models are generated independently from each other, and then

the experimental data act a posteriori by refining/reweighting the ensemble from molecular
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simulations (Figure 6).” In this thesis, I have used maximum entropy method to refine the
conformational ensemble of lipase-specific foldase from Pseudomonas aeruginosa species in
its apo state (for details on system see Chapter 5.4). As prior information in ensemble
optimization I used set of conformational models obtained from all-atom MD simulations, and
as experimental data I used time-resolved ensemble TCSPC measurements, acquired for a
network of double-labelled cysteine variants (for details see Chapter 6.2 and Supplement B).
The principles of MEM-based ensemble optimization are described in the Chapter 4.4.

4.4. Ensemble reweighting methods

4.4.1. Maximum Entropy Method. Our understanding of biological systems is usually given
in a shape of some model. Model, e.g. a distribution of some observable across an ensemble of
structures, reflects the current state of knowledge about a system. With newly acquired data,
often an update of a model/distribution has to be performed, such that it is compatible with new
information available. This is a frequent challenge, given the growth of both experimental and
computational methods. Bayes and Jaynes both provided very fundamental principles on how
to find an updated distribution of an observable, which will be in accordance with new
information. These principles are the pillars of integrative structural biology.”®

Building upon Shannon’s information theory, Jaynes established the principle on how to find
the best distribution of an observable, amongst infinite number of them satisfying observed
data.'®® 191 He suggested that out of all distributions, one that maintains highest uncertainty
about the observable of interest, should be chosen.'? The uncertainty, that is to be maximized,
is defined as information entropy, S, introduced by Shannon.!®! Information entropy can be

defined in terms of some discrete variable x; as follows:

N
S() == ) p@dlog px) (4.)
i=1

One should not confuse information entropy with the thermodynamic entropy, although there
is some resemblance between the two, in that both capture the randomness. There are many
properties of this mathematical construct that make it the (only) good measure of uncertainty,
with the fundamental ones being: (a) S vanishes as we become more and more certain about a
particular outcome, i.e. S = 0 when p(x;) = 1, (b) it increases the less we know about the

underlying distribution, and in fact it reaches the maximum value of log N when we know

36



nothing about the distribution, or in other words, when the distribution is uniform, i.e.
1

p(x;) = I

A set of conditions defining the optimal distribution according to maximum entropy principle

can be summarized as follows:

r Pue(x) = arg max S(p)
p(x)
) ZPME(xi) =1 “2)
N i=1
D COPsC) = ) = (G k=1 K

According to the set of conditions given in eq. 4.2: (i) the optimal distribution, pyg(x),
maximizes information entropy (uncertainty), (ii) it sums to one, i.e. it is probability
distribution, and lastly, (iii) the ensemble average (f; (x)) computed for pyg(x) is constrained
by K experimentally derived expectation values (f (x))¢*P.

However, a common scenario is that there is already some existing model, called prior
distribution, which, upon acquiring additional experimental restraints is to be converted to a
posterior distribution, if such modification is necessary. In that case, the maximum entropy
principle is rather expressed in terms of relative entropy or negative Kullback-Leibler

103

divergence'” Dy, (p1||po) between a prior, py(x;), and posterior probability distribution,

p1(x;):

S(1llpo) = — ZP1 x;)ln OE 3 —Dk1(p111po) (4.3)

The Kullback-Leibler divergence is a measure of similarity between two distributions, that is
minimal, i.e. it converges to zero when p; = p,. Therefore, the probability distribution that
maximizes entropy, pmg (%), can also be defined as the distribution that is as close as possible

to the prior distribution, while satisfying experimental constraints.
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4.4.2. Bayesian inference. Analogous to the maximum entropy approach, the Bayesian
theorem describes an update from a prior probability distribution p(M|I) to a posterior
probability distribution p(M|D, I), as a result of acquiring data D about the system.'%* Bayes’

theorem is formulated as follows:
p(M|D,1) < p(D|M, p(M|I) (4.4)

I defines some prior information about the system, and can be defined for instance as I =

{Cj, wjo}j,zj, 1.€. as a set of J conformational states C; with corresponding population fractions
j=1

Wjo obtained from e.g. molecular dynamics simulations. D is a set of K experimental

observables, D = {D;}¥=K and model M represents set of updated weights, M = {W]}jz, such

that Z§=1 w; = 1land w; = 0.

Bayes theorem is defined in terms of conditional probabilities: p(M|D, I), which represents the
posterior probability of a model M, given that both D and I are true; p(M|I), which is a prior
probability of a model given the prior information 7, and lastly, p(D|M,I), data likelihood
conditioned on the model and prior information. The prior probability, p(M|I), is expressed in
terms of relative information entropy S (Wj | |wj0), or negative Kullback-Leibler divergence (eq.

4.3) between prior and posterior weights:

]
W.
p(M|I) « exp (HS(W]-HW]-O)) = exp —Hz w; an—f0 (4.5)
j=1 J

where 6 denotes temperature-like factor that quantifies the confidence in the prior, as will be
discussed later. Data likelihood, p(D|M, I), is defined by Gaussian distribution as the sum of
squared deviations between observables computed for a model, x, ., and observables derived

from an experiment, X, ;, weighted by the experimental uncertainty, Axe j:

1
pOIM, D)  exp (== Kot (+6)
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According to Bayes’ theorem, finding the optimal model, in this case optimal weights of

conformational models, means to maximize posterior probability p(M|D, I):

arg maxp(M|D,I) = arg max p(D|M,)p(M|I) (4.8)
M M

Now, instead of maximizing posterior probability, we maximize /log-posterior probability, for
several practical reasons. First, log is a monotonically increasing function, meaning that it will
preserve the properties of the original function, i.e. the same ascending or descending order of
probabilities. Extrema of p are the same as extrema of logp. Therefore, maximizing /og-
posterior probability, is the same as maximizing probability itself. Furthermore, having the
optimization problem expressed in terms of logarithm is much more convenient, since with
logarithmic transformation a lot of mathematical expressions get significantly simplified. For
instance, product becomes a sum (In ab = Ina + In b), which is more numerically stable, and
prevents underflow, since probabilities can have very small magnitudes, and their product can
often go below the float precision of the computers.

However, optimizers in available statistical packages rather perform minimization of some
objective function, instead of searching for its maximum. By having in mind the following
equivalence:

arg max Iinp(M|D,I) = arg min[—Inp(M|D,I)] (4.9)
M M

we can redefine the goal, and say that optimal model (i.e. maximum a posteriori distribution,
“MAP”) can be found by minimizing negative log-posterior probability. Bayes’ theorem can

then be expressed as:

MAP = arg min[—Inp(M|D,I)] = arg min[—Inp(D|M,I) — Inp(M|I)] (4.10)
M M

which, after inserting eq. 4.5 and eq. 4.6, transforms to:

MAP = arg min|[1/2 xZoa — 0S| = arg min G (4.11)
M M
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Solution to the optimization problem is unique, since the negative log-posterior is convex.
Furthermore, the gradient of eq. 4.11 can be easily calculated, which makes the optimization
computationally efficient, i.e. it can be performed in seconds on a current laptop, using efficient
limited memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) algorithm.

According to the last transformation, finding the maximum a posteriori distribution means to
minimize the energy-like function G, which contains two terms- one that scores the agreement
of the optimized model against the experimental data (sz,total)a and an entropy term, S, which
is a negative Kullback-Leibler divergence, and which informs on the similarity between prior
and posterior weights. Contribution of each term in optimization is determined by the
temperature-like 6 factor. When using large 6 value, we express huge confidence in prior, and
consequently, entropy term dominates in the optimization over the )(itotal term. In that case, in

order to minimize G, one has to find such distribution of weights for which the entropy will be
maximized. As discussed previously, entropy is maximized with minimal modification of prior
information (eq. 4.3). On the other hand, for small 8, we express small confidence in prior
information, and in that case minimization of G is dominated by )(ﬁtotal term. In other words,
agreement with experimental data is prioritized, which allows large changes in the prior
weights. This in turn leads to overfitting.

Therefore, it becomes obvious that prioritizing any of the two sources of information has
consequences, and for reliable ensemble reweighting it is necessary to optimally balance
different sources of information. Optimal balance of prior information and experimental data
was one of the topics in Publication 2 (see Chapter 6.2 and Supplement B). It was previously

proposed that 6 value at the corner of sz,total versus S, which is often referred to as “L-shaped

curve”, should be taken for optimal balance of prior information and experimental data. '%3

Through rigorous analysis using synthetic data we found that 6 value at the corner of “L-shaped
curve” is close to the optimal choice of §. This confirmed that previously arbitrarily proposed

corner point is indeed a meaningful choice of 6.
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Figure 6 | Ensemble refinement. To overcome the limitations of using experimental or
computational data alone, we gather all available sources of information about the system, for
instance structural models with corresponding weights obtained from all-atom MD simulations,
and inter-dye distance distributions from FRET experiments, and combine them using some
refinement approach, here Maximum Entropy Method (MEM). MEM is the most suitable
approach for systems that do not occupy well defined states, and it provides posterior
distribution, i.e. set of optimized weights, that are as close as possible to the prior weights,
while simultaneously satisfying available experimental data. Figure is adapted from article by
Dittrich J., Popara M., et al® (see Supplement B).

4.5. Representing structural ensembles: are atomistic models needed?

Having structural biology for a long time limited to modelling biomolecules in a single, static
pose, comparison of structures was typically done in terms of Root-Mean-Square Deviation
(RMSD). However, developments in the field of structure determination and integrative
modelling, have brought us to a stage where we talk about ensembles of structures, and where
one-to-one comparison of individual structures is no longer a suitable approach. Moreover, it
was found that RMSD is not an adequate quantitative measure of similarity, and whatsoever, it
was found that it is the least representative measure of structural similarity.'’® Main reason to
that is that RMSD calculation requires superimposition of structures under comparison, which
is not a trivial task for structures containing loops, flexible termini or disordered regions.
Therefore, two structures that are essentially identical, but differ in position of a single loop,
would be classified as different structures, if judged by global RMSD value. These challenges
have sparked the discussion on what are suitable ways to visualize and compare ensembles of

structures. 07110
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Within Publication 2 we proposed alternative ways to visualize and compare ensembles of
conformations, namely inter-residue distance histograms (distograms) and 3D density maps
(see Chapter 6.2 and Supplement B). These model representations are in no way novel, but we
were able to give reasoning why they are well suited and why they should be widely adopted.
In the case of distogram representation, two-dimensional matrix of distances between all pairs
of C, atoms is computed, followed by distance histogramming across entire ensemble, by
accounting for weights of individual ensemble members. To compare two distograms, we

proposed Jensen-Shannon divergence'!!

, Dy, a quantitative measure of distributions similarity,
that converges to zero for identical distributions.!!! It is even more convenient to look at
moments of distribution, i.e. mean, variance and skewness, and directly compute absolute
deviation between these distribution features for the two ensembles in comparison. In the case
of 3D density maps, which is a concept taken from EM field, we map the coordinates of
ensemble members onto a grid of nx, ny, nz dimensions and of a specific voxel size. Voxel
occupancy is computed as a sum of weights of ensemble members found in respective voxel.
As a comparison measure between the density maps, we used the cross-correlation coefficient
(CCC). Using synthetic benchmark, we were able to demonstrate that such ensemble
representations are robust and efficient way for ensemble visualization and comparison. For
details see Chapter 6.2 and Supplement B. In the distogram representation, we integrate over
ensemble members, but residue information is retained. Freely said, one can think of distograms
as a “medium-resolution” representation of ensembles. In the case of 3D density maps, we go
even further with reduction of the information content, and besides ensemble averaging, residue
information is not conserved. Strictly speaking, one can think of 3D density maps as a “low-
resolution” ensemble representation.

However, 3D density maps are informative, and there are numerous examples of industrial
applications where the volumetric models were successfully used in drug design. One example
would be so-called shape screening, where based on a shape of a molecule known to bind to a
target, it is possible to identify new binding partners that fit into a given shape constraint.'!?
Such simple approach was shown to be very successful, and well suited for early stage drug
design (Schrodinger, Inc.). Sadly, there is a long-term practice of attributing negative
connotation to these representations, for instance by naming them “blob” or “cartoon-like”. We
hope that the work presented in this thesis will contribute to removing the stigma from such

model representations of ensembles.
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Chapter 5

Biological context of studied systems and prior knowledge

5.1. Multi-domain proteins

All three proteins that I studied share the same architecture- they are multidomain proteins,
where different modules are connected with a linker of varying level of softness. Multidomain
proteins are of immense importance, as they constitute the majority of proteins in both
eukaryotes and prokaryotes.!!> Linkers between the domains are found to have huge variability
in amino acid propensity, secondary structure, and length.!'* As such, they shape the free-
energy landscape of proteins. The function of linkers is beyond being mere connectors of the
subunits.'!'* They have a role in enabling domains to move from detached to closed form, and
classical example for such linker-induced large-scale displacements can be found in U2AF2,
the large subunit of U2 auxiliary factor of spliceosome machinery. Furthermore, when the linker
acts as a hinge, it can direct correlated movements of subunits. Such an example would be
clamp motion upon substrate binding (‘“‘Venus-flytrap mechanism’) of D-maltodextrin binding
protein (MalE). I studied U2AF2 and MalE within Publication 1 (see Chapter 6.1 and
Supplement A). As opposed to those two examples, rigid linkers, which typically exist in a
shape of stable a-helices, act as spacers that keep domains at a certain end-to-end distance. This
is of importance when different modules in a protein perform separate functions, or when inter-
domain cavity serves for substrate docking. Example would be extended helical domain found
in lipase specific foldases (Lifs), which maintains mini domains at a specific distance upon
binding to lipase. Such spatial arrangement enables docking of lipase into a high contact area,
which in turn results in strong binding between Lif and its cognate lipase.'’> 1 studied
conformational landscape of Lif within Publication 2 (see Chapter 6.2. and Supplement B).

Linkers, their structure and intrinsic dynamics are not the topic of this thesis, but they rule the
energy landscape of the studied proteins and they are the underlying factor of their structural
complexity. For an interested reader, comprehensive discussion on the role of linkers in

conformational dynamics and allostery can be found in a review by Papaleo et al.!'*
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5.2. MalE

Membrane transport is one of the crucial processes in the physiology of a cell, which is mediated
by a plethora of transport systems. One of these is so called Adenosine Triphosphate Binding
Cassette (ABC) family of transporters.!'® ABC transporters exploit the energy coming from
Adenosine Triphosphate (ATP) hydrolysis for the transport of the substrates through the
membrane. Typical ABC transporter has a four-domain organization, where two domains are
highly hydrophobic and are incorporated within the membrane, forming the pathway for the
substrate translocation.!'® Remaining two domains are on the cytoplasm side of the membrane,
and are responsible for ATP binding. These four domains represent minimal ABC construct,
but additional domains can be involved, having a regulatory or substrate binding role, and can
be located on either side of membrane.!! Example of such domain would be D-maltodextrin
binding protein (MalE) of Escherichia coli, which is periplasmic component of ABC
transporter MalFGK2-E, responsible for delivery of maltodextrins to membrane-associated
domains of ABC. MalE follows typical structure of periplasmic proteins, i.e. it is monomeric
and contains two globular rigid domains of roughly equal size, connected with a hinge which
allows conformational change upon substrate binding (Figure 7A).!'7 Hinge region
simultaneously acts as a binding pocket for a substrate.

MalE is a well characterized system, and a classical example of systems used in numerous
studies of ligand binding mechanism.!'®* We studied MalE as part of Publication 1 (Chapter
6.1 and Supplement A), with aim to assess the reproducibility of smFRET measurements in
detecting slow, ligand induced, conformational change on a sub- second time scale. In
particular, we studied reproducibility in detecting population shift between open/inactive (apo,
PDB 10MP) and closed/active (holo, PDB 1ANF) form of MalE upon maltose binding (Figure
7A). Holo measurements were done at the substrate concentration of 1 mM, with K4 varying
between 1 and 2 uM (for details see Supplement A). Sensing of conformational change was
done through smFRET measurements of stochastically labelled double-cysteine mutants at the
positions K29C-S352C (MalE-1), D87C-A186C (MalE-2), A134-A186C (MalE-3), K34C-
N205C (MalE-4) and T36C-N205C (MalE-5), using multiple dye pair combinations (Figure
7A). For further details see Chapter 6.1 and Supplement A.

5.3. U2AF2

U2 Auxiliary Factor (U2AF) is part of spliceosome machinery, responsible for the

transformation of precursor mRNA into mature mRNA. Splicing of pre-mRNA represents
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removal of non-coding sequence (intron), which is followed by ligation of coding material
(exons).!" Spliceosome machinery consists of several small nuclear ribonucleoproteins
(snRNP) and auxiliary factors, that in coordinating manner and through several stages bind and
remove intron.!'?° After the formation of mature mRNA, intron is released from the spliceosome,
which is then ready for the next splicing activity.

U2AF is a heterodimer consisted of larger (65 kDa) subunit, U2AF65 (also known as U2AF2),
and a smaller (35 kDa) subunit, U2AF35 (also known as U2AF1). U2AF acts in the early stage
of pre-mRNA splicing, by targeting 3’- splice site of the intron. Specifically, U2AF2 subunit
binds to single-stranded polypyrimidine RNA sequence (Py-tract) while U2AF1 subunit binds
to ‘AG’ dinucleotide at the 3’- splice end of intron.

Binding of U2AF2 to Py-tract of the intron is the crucial act of U2AF in the splicing process.
U2AF?2 subunit has following building blocks: RS - arginine and serine rich domain, ULM-
peptide motif responsible for binding of U2AF2 and U2AFI1 into heterodimer'?!, RNA
recognition motif domains, RRM1 and RRM2, that bind to polypyrimidine sequence'?? of pre-
mRNA, and lastly, C-terminal U2AF homology motif (UHM) domain, that has a role in
interaction between U2AF and splicing factor 1 (SF1) of spliceosome!?. Interaction between
U2AF1 and U2AF2, is proven to have affinity-increasing effect in the recognition of weak Py-
tracts.'?*
Subject of Publication 1 (Chapter 6.1 and Supplement A) was truncated version of U2AF2,
that contains only tandem RRM1,2 domains (residues 148-342), connected via flexible linker,
since these are responsible for the recognition of Py-tract. For simplicity, we refer to this
minimalistic construct as U2AF2. These two domains follow a typical architecture of RRMs,
with two alpha helices intertwined with four antiparallel beta sheets: Bappap.!? Despite having
canonical topology of its building blocks, U2AF2 exists in the solution as a continuum of
dynamic diverse conformations, as a result of flexible linkage between RRMs. 2

U2AF2 has a strong affinity towards uridine rich sequences.'?” Therefore, in this work we
studied the population shift between inactive (apo, PDB 2YHO) and active (holo, PDB 2YH1)
form of U2AF2 upon binding to U9 RNA (Figure 7B), at the concentration of 5 uM,
corresponding to Ky of roughly 1.2 uM. Since RRM2 has exposed binding site in the apo state,
and RRM1 not, binding of shorter sequences, e.g. U4 RNA, would occur only on RRM2,
without causing inter-domain rearrangement.'?® Hence, we chose longer Py-tract (U9) in order
to trigger the rearrangement of RRM1 and RRM2 relative to one another. While binding of Py-
tract to U2AF2 is well understood'??, characterization of dynamic repositioning of RRM1 and

RRM2 relative to one another with corresponding kinetic scheme is lacking.
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Figure 7| Overview of studied biomolecules. (A) Left: Crystal structure of MalE in its ligand-
free apo state (PDB ID 10MP) showing structural organization typical for periplasmic
proteins, where two rigid domains DI and D2 are linked with a hinge (highlighted in
blue). Right: Conformational change between open/apo (gray, PDB ID 10MP) and closed/holo
(green, PDB ID 1ANF) form of MalE, induced with maltose binding, where hinge region acts
as a binding pocket for a substrate. (B) Conformational ensemble of U2AF2. Apo state (gray)
Sfluctuates between an ensemble of detached conformations'?®, where for simplicity only five
representative structures are displayed, and a compact conformation (PDB ID 2YHO). Binding
of U9 Py-tract ligand triggers rearrangement of RRM domains relative to one another, leading
to stabilization of open/holo state (green, PDB ID 2YH1). (C) Left: Homology model of catalytic
folding domain of Lif in complex with its cognate lipase, LipA (vellow), from Pseudomonas

Aeruginosa species. CFD of PaLif has headphone-like shape, and is consisted of mini domain
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1 (MD1, cyan), extended helical domain (EHD, blue) and mini domain 2 (MD2, light blue). In
all three panels, cysteine mutations are depicted as black spheres and mean dye positions
determined from AV simulations are shown as red spheres. Double cysteine variants, for which
inter-dye distances were measured experimentally, are indicated with black dashed lines.
Panels (A-B) are adapted from Agam, G., Gebhardt, C., Popara M., et al'*® (see Supplement
A) and panel (C) is adapted from Dittrich J., Popara M., et al*’ (see Supplement B).

Here we employed a range of fluorescence-based methods to unravel the RRM1,2 domain
arrangement as well the kinetic scheme of a dynamic exchange within a heterogeneous
ensemble of U2AF2. Furthermore, U2AF2 served as more complex system to evaluate the
reproducibility of smFRET measurements in detection of fast conformational dynamics on a
millisecond and sub-millisecond time scale. Sensing of U2AF2 ensemble was performed using
multiple dye pair combinations, stochastically labelled at the positions L187C of RRM1 and
G326C of RRM2 (Figure 7B), which, as previously shown, do not affect structural integrity of
U2AF2, nor its binding affinity towards U9 ligand."*° For details see Chapter 6.1 and
Supplement A.

5.4. Lif

Lipase specific foldases (Lifs) are an inner-membrane bound steric chaperones, that in the
periplasm of Gram-negative bacteria activate their cognate lipase.'*! Extracellular microbial
lipases are the most important class of enzymes with vast number of applications in

biotechnology, from detergents, over food to paper industry.!*> 133 It is

therefore of great
interest to understand structure and dynamics of their chaperones. The whole understanding of
the role of Lif chaperones is vague, and historically they were named “foldase”!*? from the
understanding that Lifs interact with unfolded lipase, and assist their folding into enzymatically
active state. However, circular dichroism studies showed that secondary structure of
enzymatically active lipase and lipase in absence of Lif is practically indistinguishable.!** On
the other hand, sum of CD spectra of lipase and Lif, measured separately, does not match the
CD spectrum of a solution containing both Lif and lipase. On those grounds, it is concluded
that it is rather Lif that undergoes structural change upon lipase binding. However, without Lif,
lipase is not enzymatically active. The importance of Lif in the activity of lipase is furthermore
highlighted through the fact that they are encoded together in a single operon. Their interaction

is highly specific, as it was found that Lif does not activate lipase originating from different

species.!¥
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BgLif in complex with lipase BgLipA, originating from bacterial species Burkholderia glumae,
represent the only foldase-lipase complex for which the crystal structure has been reported
(PDB 2ES4).!'5 This structure reveals high contact area between Lif and its cognate lipase,
which is in agreement with nM K, value.''> ¢ Focus of this study was PaLif, responsible for
the folding of its cognate lipase PaLipA, originating from the Pseudomonas aeruginosa species
(Figure 7C). There is 52% sequence similarity and 39% sequence identity between P.
aeruginosa and B. glumae Lifs."*® Overall, level of sequence identity between Lifs originating
from different species is rather low, and only a sequence of eight amino acids is found to be
conserved for all members of Lif family known by now: RXXFDY (F/C)L(S/T)A, with X being
any residue.!*” This conserved sequence contains amino acids which were shown to be
essential, but not sufficient for the activation of LipA.'*3

Palif has five domains, namely: TMD- transmembrane domain that anchors Lif to the inner
membrane, VLD- unstructured variable linker domain, that most likely has a role as a spacer
that keeps catalytically active part of Lif far enough from inner membrane for the full
accessibility to LipA, which is lastly followed by CFD- catalytic folding domain, consisted of
mini domain 1 (MD1, al-a3), extended helical domain (EHD, 04-a8) and mini domain 2 (MD2,
09-al1). Here we studied truncated PaLif, containing only catalytic folding domain (MD1-
EHD-MD2, residues 66-340) (see Figure 7C). Conserved sequence is found to be located in
the ol helix of MD1!!3, however, MD1 alone is not sufficient for activation of PaLipA.!'3

So far, high-resolution structure of PaLif has not been reported. The only structural insight
available is the NMR-derived structure of MDI1, that is found to form a stable three-helical
bundle, preceded with unstructured N-terminal tail, similar to MD1 from BgLif.!*¢ To unravel
the conformational ensemble of apo Lif, we applied Maximum Entropy Method (MEM) on
prior conformational models obtained from all-atom MD simulations. As starting structure in
MD simulations we used homology model constructed based on crystal structure of
BgLif:BgLipA complex. We refined prior conformational ensembles using time-resolved
ensemble-TCSPC data, acquired for a network of 6 FRET pairs (for details see Chapter 6.2
and Supplement B).
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Chapter 6

Overview of published articles and manuscripts

In this chapter, I give the overview of published articles and manuscripts. Presented articles
demonstrate various methodologies from the field of single-molecule FRET studies, computer
science and integrative structural modelling, for which I presented the basic concepts in the
previous chapters. In the Chapter 6.1 I present the results of a blind international study
(Publication 1), whose aim was to assess the precision and accuracy of single-molecule FRET
measurements, across different instruments, analysis procedures and when using challenging
protein systems. In the Chapter 6.2, I give an overview of Publication 2, in which we embarked
on optimizing the conformational ensemble of a flexible and disordered system. Ensemble
optimization was done using maximum entropy method, by combining FRET data with
conformational ensembles obtained from MD simulations. Lastly, within the Manuscript 1 |
created the protocol for robust estimation of correction parameters necessary for accurate
determination of FRET observables, and which I accompanied with guidelines for alignment
and calibration of diffusion-based PIE-MFD confocal setup. Results of this study are

summarized in Chapter 6.3.

6.1. Publication 1: Reliability and accuracy of single-molecule FRET studies for

characterization of structural dynamics and distances in proteins

This section is based on Agam, G., Gebhardt, C., Popara M., ef al’*° (Supplement A).

This community paper was an international blind study involving 19 laboratories world-wide,

/2 in which double-stranded

and it was a follow-up of a previous study by Hellenkamp et a
DNA strands were used to evaluate the precision and accuracy of single-molecule FRET
measurements. We took the next step, and using challenging protein systems we confirmed that
smFRET measurements are reliable and reproducible across different instrumentations and
analysis tools, even when dealing with complex systems such as proteins.

Proteins display large structural heterogeneity, they are dynamic across different spatial and
temporal scales, local environments and dye mobility vary a lot within proteins, and lastly, they

are more challenging to handle, as they often demonstrate substantial sensitivity to experimental

conditions, such as buffer composition, storage and measurement temperature, pH etc. Despite
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all presented challenges, we were able to obtain the sub-nanometer precision and accuracy as

in a previous study by Hellenkamp et al.?’

How consistent are FRET efficiency histograms and distances determined by different
laboratories?

In the first round of blind study, as a model system we used D-maltodextrin binding protein of
Escherichia coli, the periplasmic binding component of the ATP binding cassette, here referred
to as MalE (for further information see Chapter 5.2). MalE has a typical architecture of the
periplasmic binding proteins, i.e. it contains two roughly globular domains, or approximately
equal size, connected with a hinge, which allows conformational change from opened (apo) to
closed (holo) state, upon substrate binding (Figure 8a-b). We monitored conformational
change of MalE upon binding to maltose at the concentration of 1 mM, and for that we designed
three double-cysteine variants K29C-S352C, D87C-A186C and A134-A186C, to which we
refer as MalE-1, MalE-2 and MalE-3. These three variants display an increase, decrease and no
change in FRET efficiency upon maltose binding. Later on, additional two mutants were added,
namely K34C-N205C (MalE-4) and T36C-N205C (MalE-5), which are analogous to MalE-1,
but show larger FRET efficiency contrast between apo and holo state. The latter two MalE
variants were studied only by a subset of laboratories. MalE variants were stochastically
labelled by Alexa Fluor 546 (later referred to as Alexa546) as a donor dye and Alexa Fluor 647
(later referred to as Alexa647) as an acceptor dye. Laboratories were asked to provide fully
corrected average FRET efficiencies for all three variants MalE1-3 in both apo and holo
conditions. All laboratories properly observed expected FRET efficiency change, namely
increase (MalE-1), decrease (MalE-2) and no change (MalE-3) in FRET efficiency upon ligand
binding (Figure 8c). We observed excellent consistency between the (E) values reported by
different laboratories, with uncertainty across all MalE variants < 0.06, which in terms of inter-
dye distances corresponds to the precision of < 2 A, and accuracy of < 5 A, when comparing
experimentally derived distances to the structure-based derived distances. Largest uncertainty
was obtained for MalE-1, and smallest for MalE-3, which interestingly also has the highest
FRET efficiency of ~ 0.9.

Despite good agreement between the laboratories, we did observe, consistently across all
mutants, systematic deviations of some laboratories from the lab-averaged (E) values.
Therefore, we looked at the difference between apo and holo average FRET efficiency, i.e.

(Enoto) — {Eapo) (Figure 8d). As expected, distribution of FRET efficiency differences
narrowed down two- to three-fold, which proved that observed deviations were indeed
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systematic and not random. We suspected that these systematic deviations originate from the

error in determination of correction parameters.
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Figure 8 | Experimental design of MalE as a protein model system for sm FRET studies. (a)
Crystal structure of MalE in its ligand-free apo state (PDB ID 1OMP) with domains D1 and
D2 linked by flexible beta sheets (highlighted in blue). (b) The crystal structure of MalE (rotated
by 90° as compared to (a) in the apo (gray, PDB ID 10MP) and holo (green, PDB ID 1ANF)
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states with mutations at K29C-S352C (MalE-1), D87C-A186C (MalE-2) and A134C-A186C
(MalE-3) indicated in black. Note, each mutant only contains one cysteine pair and was
measured using the Alexa546—Alexa647 FRET pair. The estimated mean position of the
fluorophores from AV calculations are shown as red spheres. (c) FRET efficiency E histograms
for three MalE mutants, MalE-1 (left), MalE-2 (middle) and MalE-3 (right), in the absence and
presence of 1 mM maltose (bottom, green) for one exemplary dataset measured in laboratory
1. The distribution is fitted to a Gaussian distribution. The reported mean FRET efficiencies for
16 laboratories are shown below (due to experimental difficulties, the results of three
laboratories were excluded). The mean FRET efficiency and the standard deviation of all 16
laboratories are given by the black line and gray area. (d) Individual FRET efficiency
differences for each laboratory, between the apo and holo states, (Ep;0) — (Eqpo). for MalE-1

(left), MalE-2 (middle) and MalE-3 (right). The mean FRET efficiency difference and the
standard deviation of all 16 laboratories are given by the black line and gray area. Figure and
figure caption are taken from Agam, G., Gebhardt, C., Popara M., et al’*® (Supplement A).

Therefore, we propagated the uncertainty in FRET efficiency based on the error in correction
parameters (Figure 9A). Propagated uncertainties due to the error in background, crosstalk, a,
and direct excitation, J, all show monotonic decrease or increase against FRET efficiency. Only
the uncertainty AE, due to the error in detection efficiency parameter, y, shows parabolic

dependence:

Ay
AE, =E(1-— E)7 (6.1.1)

We found that experimentally observed uncertainties in FRET efficiency all lie on a parabolic
line that corresponds to relative error in y parameter of 23% (Figure 9B). Therefore, error due

to the y parameter alone was sufficient to explain discrepancies between different laboratories.
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Figure 9 | Contributions of the errors in correction factors to the uncertainty in FRET
efficiency. (A) Propagated uncertainties in FRET efficiency due to donor crosstalk, AE,,
acceptor direct excitation, AEs, detection efficiency, AE,,, and due to background in donor and

acceptor channels, AEy 4, and AEy 4. Total uncertainty, AE, is given as grey line. (B) Standard
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deviation of the reported FRET efficiencies against the average FRET efficiency for MalE1-3
variants, revealing that variability between lab-reported values arises solely due to the error

in y parameter, since all points lie on parabolic black line that corresponds to relative error in
yof 23%. Adapted from Agam, G., Gebhardt, C., Popara M., et al'?’ (see Supplement A).

Second system that we studied was part of the U2 auxiliary factor (U2AF) of the spliceosome
machinery. Specifically, we studied a minimalistic construct consisted of two RNA recognition
motifs 1 and 2 (RRM1,2), connected with a flexible linker (see Chapter 5.3 and Figure 7B).
We refer to this construct as U2AF2. In the spliceosome activity U2AF2 binds to the
polypyrimidine tract of the precursor mRNA, and therefore in our study we monitored RRM1,2
inter-domain rearrangement upon binding to U9 single-stranded RNA sequence, at the
concentration of 5 uM. For such minimalistic construct we designed a single double-cysteine
variant, L187C-G326C, for which the labelling positions are on the two RRM domains,
allowing us to sense the inter-domain arrangement (Figure 7B). Double cysteine variant was
labelled with Atto 532 as a donor dye and Atto 643 as an acceptor dye. Similarly as for MalE,
we found a good agreement between average FRET efficiencies reported by different
laboratories. However, especially in the case of this protein we expected that the systematic
errors, due to the user bias in determination of correction parameters, would be prominent. Due
to the smaller number of measurements that cover narrower range of FRET efficiencies, vy
parameter could not be as robustly determined as for MalE. Therefore, to evaluate the extent of
the user bias in data correction, single person reanalyzed measurements from all laboratories
with optimized calibration procedure, which improved precision to a standard deviation of
0.008 from previously obtained 0.03. This again demonstrated that y parameter is indeed the
limiting factor and main cause of the observed discrepancies. Therefore, improved calibration

protocols are necessary in order to further push the limits of FRET measurements.

How reliably can FRET detect dynamics across different time-scales?

In the next step we wanted to address the ability of FRET measurements to unambiguously
detect and quantify dynamics across different time-scales. Burst variance analysis (BVA) and
E-t plots are frequently used tools to detect FRET dynamics. In both approaches, presence of
E-fluctuations is visualized as a displacement of double-labelled FRET population from the
static FRET-line. This displacement can be quantified using so-called apparent dynamic shift,
ds, which is a minimal distance of the center of the FRET population to the static FRET-line.?*
23 Both BVA and E-t plots confirmed that MalE in apo and holo state does not exhibit large

scale structural changes on the time-scale of < 10 ms, since in that case two distinct populations
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should be visible. However, when looking at the apparent dynamic shift values, we found that
in particular MalE-1 variant exceeds the reference value of a static system (dsDNA), but also

the upper limit that is expected for the large-scale apo-holo transition:

1 2
dSmax = ﬁ( 1- Eapo —-J1- Eholo) (6.1.2)

Due to that, some laboratories declared that they suspect MalE to be dynamic on sub-ms time-
scale. In the case of U2AF2 apo, all groups unambiguously detected dynamics, since it displays
prominent displacement of the double-labelled population from the static FRET-line. In the
holo state, apparent dynamic shift was not so prominent compared to the static reference.
Additionally, in the holo measurement around 15% of the molecules remained in the apo state
at the RNA concentration used, which overlaps in the E-histogram with the holo state of the

holo measurement. Thus, it was difficult to judge if U2AF2 holo was indeed dynamic or static.

What are the minimal structural fluctuations detectable?

MalE-1 variant showed not only the notably higher ds values compared to what is expected for
static reference and large-scale apo-holo transition, but it also had the largest deviation of inter-
dye distances from structure-based predicted values (Figure 10d). To understand the origins of
these deviations, we studied dye behavior using fluorescence lifetime and anisotropy. We found
that position S352 of MalE-1 variant displays prominent sticking for both donor and acceptor
dye (1, > 0.25), while at the position K29 of MalE-1 only donor dye largely interacts with the
surface (1, p > 0.3), but acceptor has unrestrained mobility (1,4 = 0.12) (Figure 10b).
Accounting for position-specific sticking in the forward model helped improve the agreement
between predicted and measured distances (Figure 10a-d). Such position-specific dye-protein
interactions cause FE-fluctuations, which manifest themselves as displacement of double-
labelled population from the static FRET-line. This in turn, might be falsely interpreted as
presence of conformational dynamics. Therefore, we studied additional dye combinations, for
all MalE variants in both apo and holo conditions. We found that the dye pair Alexa546-
Alexa647, originally measured by laboratories, has the highest combined residual anisotropy
Tew = m . We were able to understand that this comes due to the donor dye, because
when the acceptor is changed and donor is the same, 7¢. ., remains high, but it reduces once the

donor is exchanged (Figure 10e, top). Next, we looked into the relation between observed
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apparent dynamic shift and combined residual anisotropy, and found strong correlation between
the two, over all dye pairs (Pearson’s r = 0.73), which even further increased when looking at
individual dye-combinations (Figure 10f). This was indication that observed ds is caused by
dye sticking interactions. To remove the data sets with prominent dye sticking, we needed to
establish a robust threshold for the combined residual anisotropy, instead of using previously
used rule-of-the thumb value of 7, ., = 0.2.° To do so, we propagated uncertainty in distance,
AR, (%), based on the orientational factor x# using “diffusion with traps™ model'*’, that takes
as an input experimentally determined residual anisotropies of donor and acceptor (Figure 10e,
bottom). We proposed a realistic threshold of 10% in distance uncertainty, and we were able
to find that this corresponds to the threshold of 0.25 in terms of combined residual anisotropy,
Te. Interestingly, this is close to previously arbitrarily used threshold of 0.2. Using the
established threshold, we were able to filter out the data sets with spurious dye behavior, and
we performed the P-test analysis of remaining data sets where dye mobility is unrestrained. P-
test revealed that, even then, ds value is significant for some of the MalE variants. This indicated
that observed ds values, were perhaps caused by a combination of dye sticking and small-scale
structural fluctuations. Through simple assumptions, we were able to convert experimentally
observed ds values into the amplitude of structural fluctuations SR (Figure 10g). We found that
the obtained 6R exceeds the amplitude of structural fluctuations of a static system (d&sDNA), by
2-3 A for MalE-1 and its analogous variants MalE-4 and MalE-5. This was an ultimate proof
that indeed small-scale structural fluctuations take place, and we were able to establish a current

lower limit for the detection of structural dynamics of <5 A.

Beyond lab comparison

In the article we went beyond lab comparison, and characterized in detail the complex structural
ensemble of U2AF2 (see Figure 7B), using a combination of approaches, namely filtered FCS
for the dynamics on microsecond time-scale, and dynamic-PDA for dynamics on millisecond
time-scale. We were able to model the apo state of U2AF2 as an exchange (~ 10 ms) between
the ensemble of detached conformations and a compact state. The detached ensemble is itself
highly dynamic, with interconversion between the detached states happening on the order of
~ 9 us. Then, upon ligand binding (> 100 ms), opened state is being stabilized. Lastly, we also
collected all setup-related data from participating laboratories, and were able to identify the
advantages and disadvantages of different experimental designs, opening a discussion regarding

optimal measurement conditions.
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Figure 10 | Assessing the accuracy of smFRET-derived distances in MalE. (a—d) AV
calculations and model-based interdye distances. (a) Schematic of Alexa546 attached to MalE
(PDB 1OMP) showing the parameters needed for the AV calculations using the AV3 model. (b)
Fluorescence anisotropy decays of single-cysteine mutants for the donor (Alexa546, left) and
acceptor (Alexa647, right) at the labeling positions K29C and S352C. Solid lines represent fits
to a model with two or three rotational components. (c) AV (light color) and ACV (dark color)
calculations for Alexa546 (cyan) and Alexa647 (pink) at labeling positions 352 and 29. The
zoom-ins show the mean positions of the dyes based on the AV (light shade) and ACV (darker
shade) models. (d) Comparison of the experimentally obtained FRET-averaged distance R g,
with the theoretical model distances using the AV (filled squares) and ACV (empty squares)
calculations. Errors represent the standard deviation in experimental distances (n =16
laboratories for MalE mutants 1-3, n=_2 laboratories for MalE mutants 4-5, n=7
laboratories for U2AF2). The solid line represents a 1:1 relation and the gray area indicates
an uncertainty of £ 3 A for a Forster radius of Ry = 65 A. MalE-4 and -5 were measured by two
laboratories. (e) Detection of dye-specific protein interactions. Top shows the five MalE
mutants and U2AF2 labelled with different dye combinations to determine the donor—acceptor-
combined residual anisotropy, (Y¢w)erss (n =3 laboratories). Bottom shows the distance
uncertainty relating to k2, ARy (k2), estimated from residual anisotropy. A maximum allowed
distance uncertainty of < 10% (shaded gray region) in AR g, (1c?) leads to a dye-independent
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threshold of 0.25 for (1. ). (f) Lab-averaged apparent dynamic shift (ds) versus the combined
residual anisotropy (v, «) is shown for all measured dye pairs (top left) and individually. Error
bars of the apparent ds represent the standard deviation over n =3 laboratories. For the
combined residual anisotropy, the propagated 1o uncertainty. (g) The structural flexibility of
MalE estimated after filtering using the distance uncertainty threshold shown in (e). Error bars
represent the 1o percentiles averaged over all dye pairs (n =1, MalE-1; n =7, MalE-2 and
MalE-3; n =4, MalE-4 and n =5, MalE-5). The residual distance fluctuations obtained from
control measurements on dsDNA in one laboratory (dsgspya = 0.0026 = 0.0044) are shown as
a black line (gray areas represent confidence intervals of 1o, 20 and 30). Figure and figure
caption are taken from Agam, G., Gebhardt, C., Popara M., et al'*° (Supplement A)

Conclusions and significance

This article was a community-driven effort that verified smFRET measurements as mature and
reliable technique for quantitative structural biology. Despite the use of various home-built
instrumentations and software, we were able to demonstrate that with SmFRET one can measure
distances with sub-nanometer precision and accuracy, even when using challenging protein
systems. Main outcomes of this community paper are:

e Across two protein systems, with different level of structural complexity, and which
display dynamics across different spatial and temporal scales, we were able to measure
FRET efficiencies with uncertainty of < 0.06, which in terms of inter-dye distances
corresponds to precision of <2 A and accuracy of <5 A.

e We showed that discrepancies between the lab-reported values could be fully explained
by the error in y parameter, and that optimized procedures for the determination of
correction parameters are necessary to further push the limits of FRET experiments.

e We demonstrated that FRET can unambiguously detect dynamics across different
timescales, and is able to distinguish true conformational dynamics from dye-artifacts.

e The article encourages to perform dye controls and/or additional variant measurements,
before drawing conclusions on the presence of dynamics, and provides quantitative
guidelines on how to recognize measurements with spurious dye behavior.

e We showed that in smFRET experiment one can detect small-scale fluctuations on the
order of <5 A, and that detectability of dynamics depends on myriad of factors, such as
the FRET efficiency contrast between the interconverting states, kinetic averaging,
photon statistics of the experimental data and systematic errors in the determination of

correction parameters.
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6.2. Publication 2: Resolution of Maximum Entropy Method-derived posterior
conformational ensembles of a flexible system probed by FRET and molecular dynamics

simulations

This section is based on the article by Dittrich J., Popara M., et al (Supplement B).

In this project we embarked on optimizing the conformational ensemble of lipase-specific
foldase from Pseudomonas aeruginosa species, i.e. PaLif, using the Maximum Entropy Method
(MEM). For fundamentals of ensemble optimization see Chapter 4.4 and for biological context
of PaLif see Chapter 5.4.

As prior information we used conformational ensembles obtained from all-atom MD
simulations, and as experimental data we used inter-dye distance distributions obtained from
time-resolved ensemble-TCSPC measurements. As there is no existing structural model for the
Pal if, as a starting structure for MD simulations we used homology model generated using the
only existing crystal structure of lipase-specific foldase, BgLif, in complex with its cognate
lipase, i.e. BgLif:BgLipaA.!'> 13 The obtained homology model of PaLif (see Figure 7C)
shares the same headphone-like shape of its catalytic folding domain with the BgLif. Three
domain organization can be recognized, where two mini-domains (MD1 and MD2) are
connected with extended helical domain (EHD). Helical organization of EHD implies that it
most likely plays a role of a rigid linker that keeps mini domains at a fixed distance, allowing
the docking of LipA. Knowing from a previous NMR study that MD1 is structurally stable'*®,
and assuming that MD2 is predominantly stable as well, we approximated Lif as a three rigid
body object, with six degrees of freedom. With such approximation, smaller number of FRET
pairs was assumed to be sufficient to resolve inter-domain arrangement of Lif. We designed 6
FRET pairs, sampling both inter- and intra-domain distances (see Figure 7C). Fluorescence
decays of each FRET pair D, € {D,}¥=X, were analyzed through non-parametric Bayesian
framework (eq. 2.35 and eq. 2.38) to obtain inter-dye distance distribution x,(Rpa), and
corresponding error Ax,(Rpp )y (for details see Chapter 2.5).

As prior information, we used conformational ensembles obtained from all-atom MD
simulations, using distinct force fields, namely FF14SB!*’, FF19SB!#! and FF99SB'#?, which
are tailored to ordered proteins, followed by FF14IDPS'#* (here referred to as IDPSFF) tailored
to disordered proteins and FF99SBdisp®' parameterized to describe the whole spectrum of
proteins from folded to disordered. Prior to ensemble reweighting, trajectories were clustered

using agglomerative hierarchical clustering method (see Chapter 3.2). Each obtained cluster is
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represented with the respective centroid structure C; and population fraction (weight) a)j(-).

Centroid of a cluster is a structure with smallest cumulative distance to all members in a cluster.

Ensemble optimization

To combine prior information [ = {C'j,a)](-)}],zj with  experimental data D =
j=1

{xe(Rpa) Kk Axe(Rpa)k}E=X experimental observables must be first computed for a prior, using
a forward model. As forward model we used AV simulations'** 4 that provide center-to-center
distance Ry, between the AV clouds of donor and acceptor for each of the conformational
models j and for each of the k¥ FRET variants. Ry, distances are then converted to inter-dye
distance distributions xp, (Rpa) jx using non-central -distribution as described previously (see
eq. 2.35). Ensemble-averaged inter-dye distance distribution x,,(Rpa) is then computed as

weighted average over all ensemble members:

]
Xm(Rpa)k = Z a)jxm(RDA)jk (6.2.1)

j=1

In maximum entropy method, we minimize energy-like function G (see eq. 4.11), by optimizing
the weights of structural models {a) j }j:, and by varying the temperature-like parameter 6,

which determines the contribution of two sources of information. Prioritizing any source of
information has its consequences, and for reliable MEM reconstructions, optimal balance
between experimental data and prior information is necessary. Results of MEM optimization
are typically given as sz,total versus entropy S, which is often referred to as “L-shaped curve”.
Entropy S tells about the level of perturbation of prior weights (see eq. 4.3 and eq. 4.5), and
)(ﬁtotal quantifies the agreement between the distributions computed for model x,,, (Rpa ), and
experimental data x, (Rpa )k, discretized in Nj, bins. Due to the pronounced sensitivity of FRET
measurements in the proximity of Forster radius, i.e. in the range of 0.65R,-1.5R, which for a
dye-pair used in this study (AlexaFluor488-AlexaFluor647, R, = 52 A) equals to 30-80 A, and
less reliable performance outside of these boundaries, we performed non-uniform binning of
the distance distributions, such that distances < 30 A and > 80 A are represented by a single bin
each. The overall discrepancy between x,,, and x, per each distance bin, and for each of the &

FRET measurements was calculated as follows:
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MEM benchmark using synthetic data

In the first step we wanted to assess the performance of MEM, i.e. to establish how to optimally
balance different sources of information, and to assess which ensemble representations can be
robustly recovered by MEM. For that we computed synthetic FRET data using our prior
conformational ensembles, and that way the structural models underlying the ground
truth/target Y are known (Figure 11A).

To cover different experimental scenarios, we created two target ensembles, namely Y(FF14SB)
and Y(all). In the case of Y(FF14SB), cluster representatives and their corresponding weights
obtained using FF14SB force field represent target ensemble. In the case of Y(all), target
ensemble is a mixture of structures randomly selected from all prior ensembles, where the
contribution of each FF in the target ensemble, in terms of number of structures, is proportional
to the size of the prior ensemble, i.e.: 21.5% of structures in Y(all) originate from FF14SB,
17.2% from FF19SB, 6.6% from FF99SB, 16.4% from IDPSFF and 38.3% from FF99SBdisp.
Uniform weights are assigned to all members in Y(all).

For target ensembles with such underlying structural models and corresponding weights, we
generated synthetic fluorescence decays for a network of 50 optimally selected FRET pairs
(Figure 11B).'* Using previously described Bayesian framework (eq. 2.29 and eq. 2.32),
synthetic fluorescence decays were converted to inter-dye distance distributions, which are then
used in MEM optimization (Figure 11C). When using Y(FF14SB), as expected, the prior
I(FF14SB) has initially the lowest xZoca1 and ¥ ora = 1 is obtained with the least perturbation
of prior weights (Figure 11D). However, on the case of other priors, we have learnt that to
compare and rank the priors, one should consider not only the initial agreement with
experimental data, but the entire evolution of L-shaped curve, i.e. the position of its corner

(elbow), as well the reduction of y? .. at the corner point.

How to optimally balance different sources of information?

When solely looking at sz,totala 0 value which yields S = —3, here denoted as 6. _5, appears

as senseful choice of 0, since majority of the FFs have virtually converged L-curves at that

point. However, we found that prior ensembles are heavily perturbed at 6s.._3, with change in
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individual weights up to 9 orders of magnitude, and that few structures dominate the ensemble.
Such observations are indicative of overfitting, and that such selected 6 value does not provide
optimal balance between different sources of information, despite good agreement with

experimental data.
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Figure 11 | MEM reweighting and validation of posterior ensembles using synthetic FRET
data. For a given target ensemble, here Y(FF14SB) (A) and a network of the 50 most
informative FRET pairs (B), we simulate fluorescence decay curves and convert them by
sampling probability distributions over the population of distances (synthetic distance
distribution, x,(Rp,4)) (C). The total reduced discrepancy, sz,totab between the model distance
distributions, x,,(Rp4), of the posterior conformational ensemble recovered by MEM and
X¢(Rpy) for all FRET network members versus the entropy, S (D). The circles mark 6, points
that balance the synthetic data D and the prior I based on the L-curve criterion. For a given
posterior ensemble with structures and weights (E), we compute residue pairwise Co-distance
matrices (F) and corresponding population-weighted distograms (G). Each point in a
distogram corresponds to a distance occupancy computed for Ca atoms of structures of an
ensemble. To compare two ensembles, we compute the Jensen-Shannon divergence (Dys)
between the posterior distogram and the distogram computed for Y, here Y(FFI14SB) (H).
Figure and figure caption are taken from the article by Dittrich J., Popara M., et al (for details
see Supplement B)

In synthetic experiment, we know the structural models underlying the ground truth, meaning
that we can validate MEM results beyond looking at mere agreement with experimental data in
terms of sz,total- Therefore, we computed pair-wise inter-residue C,-distance matrices for each
of the structural models in the ensembles, which were converted, using the cluster weights of
ensemble members, to inter-residue distance histograms (distograms) (Figure 11E-G). To

quantify the similarity between the distograms computed for posterior and target, we calculated
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Jensen-Shannon divergence'!! between two distograms, Dis(Y, O(FF, 0)). We found that in the
case of complete prior, i.e. when optimizing /(FF14SB) against Y(FF14SB), Djs continuously
increases. For other FFs, Djg curve has a minimum in the proximity of a corner point of the L-
shaped curve (Figure 11H). Evolution of Djs curves confirmed that MEM reconstructions are
not reliable at O5._5, and that instead, more senseful choice of 6 is at the corner point of L-

shaped curve, here referred to as 6., when we are much closer to the minimum of Djg curve.

Which model representations can be robustly recovered by MEM?

Atomistic models. It has already been shown that when using temporal and/or ensemble
averaged experimental data, resolving ensemble members at the atomistic level is an ill-defined
problem, meaning that MEM will allow multiple solutions dependent on prior, which can all fit
the same averaged data.® !9 146148 I our case, we did not use a simple ensemble averaged
observable, but a distribution of distances from minimally averaged, time-resolved FRET
measurements, where the averaging occurs on a nanosecond time-scale, i.e. during the
fluorescence lifetime of the donor. Nevertheless, FRET informs on long-range features, and not
on absolute atomic positions. Therefore, it is not expected that unique solution can be obtained
for different priors, when individual structures at atomistic resolution and their weights are
considered. We computed C,-RMSD matrices between the top 50 most populated clusters in
posterior and target ensemble, and we found that even the best fitting force field, i.e. Q(FF14SB,
6.), is on average ~ 20 A away from the target, which is the level of dissimilarity that one would
obtain when comparing two randomly chosen proteins. Furthermore, remarkable dissimilarity
was also obtained when cross-comparing posterior ensembles- we found no structural similarity
amongst most populated clusters, and no correlation in weights for similar structures between

two posterior ensembles. For details see Supplement B.

Inter-residue distograms. We asked ourselves, if there is instead a model representation of
reduced level of detail compared to atomistic models, that can be robustly recovered by MEM.
As a first step in resolution reduction, we computed inter-residue distance histograms
(distograms), as a “medium-resolution” representation of an ensemble (for details see Chapter
4.5 and Supplement B). This representation integrates over the ensemble members, but retains
the residue information. We then reduce the information complexity even further, by looking
at the moments of the inter-residue distograms, i.e. mean R and standard deviation og. To

quantify the similarity between two distograms, we computed squared relative differences of R
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and oz (6%(R) and 62(oR)). For Y(FF14SB) and I(FF14SB), which is the case of complete
prior, we get an excellent agreement between the distograms in terms of both the mean and
standard deviation (Figure 12A). For Y(FF14SB) and incomplete prior, e.g. /(FF99SBdisp),
initial deviations are larger, but nevertheless MEM improves 82 (R) 4-fold, while o on average
remains unchanged (Figure 12B).

inter-residue distograms 3D density maps
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Figure 12 | Robustness of distogram and 3D density map ensemble representations. Line 1:
case Y = I, a single FF is the target Y(FF14SB) and the identical FF was chosen as prior 1.
Line 2: case Y # I, a single FF is the target Y(FF14SB) and another FF was chosen as prior
1I(F99SBdisp) (A, B) Residue-wise squared relative deviation of prior (left) and posterior (right)
of the distogram mean distance 5%(R) (upper-right triangles) and standard deviation 5% (og)
(lower-left triangles) to Y. Cyan, dark blue, and light blue squares and bars mark the residue
range of the MD1, EHD, and MD2, respectively. Blue dots indicate FRET pairs. (C, D) Density
maps of the target ensemble Y (orange), the prior I (FF14SB - blue, FF99SBdisp - dark pink),
and the posterior Q (FF14SB - light blue, FF99SBdisp - light pink), outline the extent of the
experimental ensembles at 50%, 68% and 90% of the density-weighted volume. The cross-
correlation coefficients (CCCs) displayed to the left of the densities quantify similarities of prior
and posterior entire density maps to the target ensemble, Y, and the ones on the right
similarities of prior and posterior density maps. (E, F) Fourier Shell Correlations (FSCs) of
the two half-density maps provide precision estimates for target Y(orange) and posterior Q
(FF14SB - blue, FF99SBdisp - pink) density maps. The horizontal dashed line at FSC = 0.143
serves for a precision estimate of a density map. Figure and figure caption are adapted from
the article by Dittrich J., Popara M., et al (for details see Supplement B)

63



3D density maps. As further reduced ensemble representation, we used 3D density maps, a
concept adopted from cryo-EM field. In such representation, we have further information loss,
by averaging over both the ensemble members and residues (for details see Chapter 4.5 and
Supplement B). As a similarity measure between two density maps we used cross-correlation
coefficient (CCC). We found that CCCs to the target ensemble are larger for the posterior than
for the prior, which proves that MEM reliably recovers ensemble-integrated features (Figure
12C-D). Furthermore, we estimated the precision of the posterior density maps, by means of
Fourier shell correlation (FSC) curves'*’. Ensembles were split into two sets of structures of the
same size, by using interleaved ensemble member numbers. Subsequently, FSC curves were
computed between two half-maps computed for two sets of structures. Precision of 3D density
map was found to be in range of 5-10 A, and is determined at the point where FSC curve crosses

the threshold of 0.143'*° (Figure 12E-F).

MEM refinement using experimental data

When using the experimental data, we found that for all priors we needed a large entropy value
in order to obtain good agreement with experimental data (Figure 13A). Even at the corner
point of L-shaped curves, perturbation of weights spans across several orders of magnitude.
This is indication that none of the priors is suitable to describe the data. However, we wanted
to assess if the posterior ensembles nevertheless converged to unique solution in terms of model
representations with reduced level of detail, such as inter-residue distograms or 3D density
maps. For the two best fitting FFs, namely FF14SB and IDPSFF, with sz,total =2.011 and
sz,total =2.069 at their respective corner points, we found that they better agree in distogram
representation before MEM, than after MEM refinement (Figure 13B). Particularly high
differences in terms of means of distograms were observed in EHD region as well for distances
between MD1 and EHD. This is likely a consequence of much smaller number of experimental
FRET restraints (6) compared to the synthetic benchmark (50), and a consequence of EHD

internal conformations not being sufficiently probed.

Likewise, similarity between the 3D density maps of FF14SB and IDPSFF is not improved for
posteriors at 8. (CCC=0.88) compared to the priors (CCC=0.88). However, analyzing the CCC
values of all pairwise combinations of FFs, we could identify that our five distinct priors
converged to three classes of posterior density maps (Figure 13C). First class, consisted of

FF14SB, FF19SB and FF99SBdisp, retains a headphone-like shape of the homology model.
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Second and third class are formed by FF99SB and IDPSFF. FF99SB density map is more
compact, while the one of IDPSFF is extended. However, the solutions of two best fitting FFs
are notably distinct, and with the data available we could not judge which one, or a mixture of
both describes a true behavior of Lif in solution. To solve this ambiguity of the solution,
additional experimental data is necessary, such as SAXS scattering profiles. We computed
theoretical scattering profiles for the posterior ensembles, and showed that their differences are
large enough to score differently against experimental SAXS data (for details see Supplement

B).

A MEM scoring B consistency of force-fields before and after MEM
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Figure 13 | Experimental inter-residue distograms and posterior density maps of Lif. (A) The
total reduced discrepancy Xjioia between experimental, x.(Rp,), and model distance
distributions, x,,(Rp,), versus entropy S. (B) Residue-wise squared relative deviation of
distogram mean distance R and standard deviation oy between FF14SB and IDPSFF prior
(left) and posterior (right) ensembles. (C) Posterior density maps of Q(FF, 8,.) contoured at 50,
68, and 90% of the density-weighted volume aligned to all atoms of the homology model are
displayed as cartoon. Numbers below the density maps represent Cross Correlation Coefficient
(CCC) values between the posterior density map of a respective force field to all the others.
CCC(Q,0Q) values are color-coded according to the force field coloring scheme. Figure and
figure caption are adapted from the article by Dittrich J., Popara M., et al (for details see
Supplement B)
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Conclusions and significance

Lipase specific foldases (Lifs) are responsible for the activation of their cognate lipases in the

periplasm of Gram-negative bacteria. Lipases are the most important class of enzymes in

biotechnology, and it is therefore essential to understand the behavior of their chaperons. In this

article we provided first-ever insights into the structural ensemble of PaLif in apo state.

Main outcomes of this study are:

66

We established the workflow for integrative modelling using time-resolved FRET data
and structural ensembles obtained from all-atom MD simulations.

We found that in the absence of posterior uncertainty estimates, varying priors is an
approach to estimate the robustness of MEM results.

Through the benchmark using synthetic data, we found that optimal balance between
different sources of information is obtained using # value at the corner of L-shaped
curve.

To rank and compare the priors, one has to consider not only the initial ¥7 .4, but the
entire evolution of the L-shaped curve, i.e. the position of the corner point, as well the

reduction of y7,,.q; at the corner point.

Resolving the individual ensemble members at the atomistic resolution is an ill-defined
problem, meaning that MEM will yield multiple solutions dependent on the prior, that
will all fit the same experimental data.

Depending on the agreement of the prior and experimental data, MEM can reliably
recover only ensemble representations of reduced level of detail, such as inter-residue
distance histograms (distograms) and 3D density maps.

Using experimental fluorescence decays acquired for a network of 6 FRET pairs, we
did not obtain consistency of posterior ensembles when using medium-resolution
distogram representation. However, using 3D density map representation we obtained
consistent result for three out of five priors.

3D density maps of two best fitting solutions have distinct shape, i.e. headphone-like

and extended, and at present we cannot judge which one describes apo Lif in solution.



6.3. Manuscript 1: Increasing the accuracy of single-molecule FRET experiments — robust

and unbiased estimation of correction parameters
This section is based on the manuscript in preparation by Popara M. et al (Supplement C).

In this work I established robust and unbiased workflow (see Figure 14) for estimation of
correction parameters, that are necessary for the accurate determination of quantitative FRET
observables, such as FRET efficiency and stoichiometry (see Chapter 2.4). Motivation for this
project came from the results of a blind study (see Chapter 6.1 and Supplement A), where we
showed that the observed deviations between the lab-reported FRET efficiencies can be fully
explained by the systematic errors in determination of correction parameters. In particular,
deviations could be explained by the error in detection efficiency parameter alone. That is why
the particular focus of this work was devoted to determination of detection efficiency parameter.
In a single-molecule FRET experiment, donor and acceptor emitted photons are distorted due
to the background signal, spectral overlap of the fluorophores, and the non-ideal optical
configuration of the setup that allows photons to be misguided to wrong detection channel. To
get the accurate FRET quantities, such as FRET efficiency and stoichiometry, a set of correction
parameters needs to be applied to raw, distorted, signal. First, fluorescence photons emitted by
a single molecule in a focus are always interfered with unwanted background photons, that can
originate from sample impurities, Rayleigh scattering at the excitation wavelength, or dark
counts of detector. Estimation and correction for background emission is the first step towards
accurate FRET observables. Afterwards, four additional correction parameters are applied to
the data, namely:

(9) crosstalk a, which corrects FRET sensitized acceptor signal for the leakage of donor photons
into acceptor detection channel (eq. 2.19 and eq. 2.21). Absence of this correction falsely
increases FRET sensitized acceptor signal, which leads to overestimation of FRET efficiency.
As shown already (see Figure 9A), the uncertainty in £ due to donor crosstalk is largest for the
low FRET efficiencies, but is significant also for the range of intermediate FRET efficiencies
where most of the measurements are being performed. Crosstalk a is determined from the
donor-only sub-population, by performing the robust linear regression between the

corresponding background-corrected photon counts:
BG BG
Nrig — Spie T = a(Ngjg — S§i6 1) (6.3.1)
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Nyx and Sf(}lg)? ) denote raw photon counts and background count-rate in a detection channel Y

after X excitation, and 7 represents burst duration. In the protocol, provided are instructions on
how to select donor-only population in order to assure the least amount of user bias. This is
followed with the guidelines concerning the regression fit, and with recommendations on how
to validate the obtained a value.
(if) direct excitation o, which corrects FRET sensitized acceptor signal for the direct acceptor
excitation with the donor excitation laser (eq. 2.19 and eq. 2.22). Similarly as for crosstalk,
absence of this correction leads to overestimation of FRET efficiency, and it has increasing
effect towards low FRET efficiencies (Figure 9A). Direct excitation correction parameter is
determined from acceptor-only sub-population, by performing robust regression between the
corresponding background-corrected photon counts:

Nric = St T = 8(Nrir — Sgig T) (6.3.2)
In the protocol, provided are instructions for selecting acceptor-only sub-population, and
recommendations for cross-validation of obtained J value.
(iii) detection efficiency y, which represents correction of donor signal after donor laser time-
on (eq. 2.23 and eq. 2.24) for distinct fluorescence quantum yields of donor and acceptor, as
well for different detection sensitivities of green and red detection channels for donor and
acceptor fluorophore.
(iv) correction parameter S, which is applied to acceptor signal upon acceptor laser time-on
(eq. 2.25 and eq. 2.26), and which compensates for different excitation rates of donor and
acceptor with their corresponding excitation light.
In the three methods proposed, y and f correction parameters are determined jointly, using
double-labelled donor-acceptor (DA) sub-population. Therefore, the first step is to ensure
robust selection of DA species. For that I proposed selection method based on ALEX-2CDE
filter?!, that in the least invasive way removes single-labelled species (DO, AO), as well the
species with unstable emission of the fluorophores. Three methods are proposed, namely:

(M- 1) non-linear regression of burst-wise values of iiiSapp versus “E (M-2) linear

app>
regression between 1/ iiiSapp) and ( iiiEapp) of the population means; (M-3) linear regression

on photon counts.

68



Step 1: Setup alignment Step 2: Setup calibration

Figure 14 | Workflow diagram for MFD-PIE confocal setup alignment and setup and sample
calibration. Steps with dotted frame are typically not needed in day-to-day
alignement/calibration.

In method M-1, one performs non-linear regression of burst wise values of "™S,,, versus

iiiEapp, which are background, a and 6 corrected. Such procedure requires either multiple DA
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species with different FRET efficiencies, or a single sample that displays sufficient broadening

of FRET efficiency distribution. The underlying equation for this approach is:

iiiSapp =1+yp+(1- Y).BiiiEapp)_l (6.3.3)

This method is based on the homogeneous approximation, i.e. it requires uniform fluorophore
properties across all samples used in regression.

In method M-2 one performs linear regression between 1/ (iiiSapp) and (iiiEapp), where
(iiiSapp) and (iiiEapp) are the means of the app and iiiEapp histograms of selected DA

population.'”! y and P are then obtained from the intercept and slope of the linear regression:

1/("Sapp) = 1+ 7B + (1 = Y)B("Eapp) (6.3.4)

This method requires minimum two DA populations for the regression, with uniform
fluorophore properties. In the article by Agam, G., Gebhardt, C., Popara M., et al'®
(Supplement A), we evaluated how much is the uncertainty of y parameter affected by the FRET
efficiency contrast between the populations used in y determination (Figure 15). In the simplest
case of two samples, propagated uncertainty Ay, based on the errors in the population mean

estimates (ii"Sapp, ;) and (i app,j)» 18 given by:

dy dy
ar= Z Siig 3y M Sapp,) + 5 A Eapp,) 6.3.5
\/j=1,2 a(lzlgapp,j) app,j a(mEapp’j) app,j ( )

where the partial derivatives are calculated according to the chain rule:

dy dy 0X dy 010

—_ = — 6.3.6
Ju 02X 6u+6.(2 ou ( )

with u € {(iiiSapp,l),("i"Eapp’l), (iiiSapp'z), (i"iEapplz)}, and Q and X being the intercept and
slope of the regression.
We found that all partial derivatives g—i and 3—2 are an inverse function of apparent FRET

efficiency difference:

70



a _ v, dy 1-y

9z B’ 0 B
D 1 1 D -1 1
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0x X () z
a(iiiEapp,l) T (iii app,z) - <iiiEapp,1); a<iiiE::1pp,2) N (iiiEappJ) - (iiiEapp,l); (637)
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Figure 15| The propagated error of the y-factor based on the uncertainty of the population
mean estimate in the apparent FRET efficiency histogram. For the calculations shown here,
the uncertainties of the population mean estimates in the ("'Eg,y) vs. (""'Sqpp) plot are given
by A("ME,,,) = A(US,,,) = 0.05A/1000. The position of the two populations is chosen to be
symmetric with respect to ('E,,) = 0.5, i.e., (iiiEapp‘j)=0.51’-(A(”iEapp,2) — A(i”Eapp‘l))/
2. (a-¢) The absolute uncertainty Ay is evaluated as a function of the difference of the apparent
FRET efficiencies of the two populations, (""Egy, 2) — (""E gy 1), at the indicated values of the
y factor (see color bar) and B values of 1 (a), 0.5 (b), and 2 (c). (d-f) The relative uncertainty
Ay [y is evaluated as a function of the absolute values of y and [3, and is plotted for difference

between the apparent FRET efficiencies of 0.1 (g), 0.25 (h), and 0.5 (i). Figure and figure
caption are adapted from Agam, G., Gebhardt, C., Popara M., et al'’® (Supplement A).

We observed that the total absolute uncertainty of detection efficiency, Ay, is indeed the highest
for the small FRET efficiency contrast between the DA populations used in regression, and it

drops as the contrast increases. However, we also found that the absolute uncertainty in y
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parameter depends on the absolute values of both y and § parameters (Figure 15a-c). To further
explore this dependence, we computed the relative error Ay/y for a range of y and P values, at

the fixed differences (“"Eopp2) — (“'Eapp 1) 0f 0.1, 0.25 and 0.5 (Figure 15d-f). We found that

relative uncertainty of y is the lowest for intermediate values of y and 3 around the value of 1.
Interestingly, Ay/y remains constant in large range of y and B values, from ~0.1 to ~3, where
most experiments are performed. In such range of y and P values, neither does the FRET
efficiency contrast plays notable role. Only at extreme values of y and B, do they have large

effect on y uncertainty. These findings were experimentally confirmed in a previous study. !>

As opposed to M-1 and M-2 methods, which rely on ratiometric quantities “E,,, and Sy,
method M-3 takes advantage of photon counts directly. This approach is based on the following

relation:

1 1 2
Nijr = YBNGS + BNS (6.3.8)

which is derived under the assumption of D:A=1:1 labelling stoichiometry.'>® Essentially, in

this approach one performs a plane fit in 3D space, which is defined by the coordinates
[Néllé, Néfé, Néllg{]. While on one hand the pitfall of this approach is that it requires labelling

stoichiometry of a FRET construct to be known and equal to 0.5, on the other hand this approach
has advantage of not being sensitive to the asymmetry or presence of shoulders in the histogram,
as is the case for methods M-1 and M-2.

For the benchmark of designed protocol for determination of correction parameters, we used a
set of double-stranded DNA molecules, with high-, medium- and low-FRET efficiencies,
covering distances of ~ 50-70 A. Considering dsDNA molecule to be static and provided
photophysical stability of the tethered fluorophores and absence of dye-protein sticking
interactions, no displacement of the DA population from the static FRET-line should be
observed, when all levels of correction are applied. Therefore, one way to assess the accuracy
of determined correction parameters is by quantifying the displacement of DA sub-populations
from the static FRET-line. As an additional way of evaluating parameter accuracy, we
quantified the agreement between experimentally derived FRET efficiencies and values
predicted using structural model of double-stranded DNA and AV forward model. No notable
displacement from the static FRET-line was observed, and moreover, we found agreement
between experimental and predicted FRET-averaged inter-dye distances, with RMSD across all

dye-pairs and samples on the order of ~3 A, which is close to the accuracy previously reported
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for dsDNA.?’ Furthermore, these two evaluation procedures did not reveal discrepancies
between different methods of y and  determination. However, a blind test, involving seven
laboratory members, revealed superiority of methods M-1 and M-3, compared to method M-2
where we observed larger discrepancy between user-reported y and S values. This can be
explained with the fact that method M-2 in the first step requires determination of population

means in (iiiEapp) - (iiiSapp) histogram. Inconsistencies in fit model and assignment of the main

population are underlying cause of the observed discrepancies between the user reported values.

Conclusions and significance

In a recent FRET community paper'?® (see Supplement A), it was identified that the error in
determination of correction parameters is the main cause of the discrepancies between FRET
efficiencies determined by different laboratories. This suggested the necessity for optimized
protocol for the determination of correction parameters, that will minimize the extent of user
bias, and further push the limits of FRET measurements in terms of precision and accuracy.
Driven by these insights, this project was initiated, and building upon existing practices in the
field, we designed minimally user-biased protocol. The main outcomes of this study are:

e As a first step towards accurate FRET measurements, we provided elaborate
instructions on how to align and optimize confocal setup for MFD-PIE diffusion-based
FRET experiments.

e Coming to sample-related correction parameters, for each of the steps we defined
unambiguous steps on how to select a sub-population (DO, AO and DA), necessary for
determination of the respective correction parameter.

e Presented are theoretical foundations underlying determination of corrections
parameters, followed by discussions on their application versatility and performance.

e All correction parameters can be obtained from the measurement of the sample of
interest. No separate measurements, which could introduce the error, are needed.

e Robustness of proposed protocol is evaluated in a blind study comprising seven lab
members.

e Accuracy of fitted correction parameters is confirmed through two independent
evaluation procedures.

e [fnature of the samples allows, users should apply multiple methods for determination
of vy and P parameters and check for their consistency, rather than exclusively using

single approach.
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Chapter 7

Summary and Perspectives

In this thesis, I showed the potential of smFRET measurements for dissecting the inner
workings of proteins, from unraveling the structural features down to Angstrém resolution, to
resolving structural dynamics across multiple time-scales, with unparalleled time resolution.
The challenge of observing conformational dynamics lies in a fact that dynamics occurs in
unsynchronized manner in a molecular ensemble. However, in FRET experiment we are able
to observe single-molecules at a time, circumventing the need for synchronization of the entire
ensemble. Moreover, such ultimate level of sensitivity in sSmFRET experiment, where the
ensemble averaging is circumvented, and temporal averaging occurs on the timescale of
fluorescence lifetime (few ns), is achieved through relatively simple optical design, centered
around a confocal microscope.

Although the studies demonstrating potentials of FRET are numerous, assessment of robustness
of FRET measurements was done only for simple toy systems, such as double-stranded DNA
molecules, dsSDNA, that essentially behave as rigid rods.?’ Therefore, as one of the first aims of
this thesis, overall performance of FRET measurements was critically assessed in a truly blind
study on substantially more complex systems.

Using two protein systems, i.e. maltose-binding protein, MalE, and large subunit of U2
auxiliary factor, U2AF2, we verified that FRET measurements are reproducible and accurate
across instrumentations, analysis tools and dynamic protein systems of different structural
complexity and with varying dye environments. We found that all laboratories were able to
observe expected conformational change upon ligand binding, with standard deviation across
reported mean FRET efficiencies up to 0.06, which in terms of inter-dye distances corresponds
to precision of <2 A and accuracy < 5A. Deviations between the laboratories could be fully
explained by the error and user bias in determination of correction parameters, and in particular
by the error in detection efficiency parameter. Driven with these findings, in a follow-up project
I established a robust protocol on how to determine accurate values of correction parameters,
with minimum number of steps required and least amount of user bias (Supplement C).
Furthermore, we went beyond evaluating precision and accuracy of FRET measurements. In a
rigorous approach we showed how the presence of position-specific dye-protein sticking
interactions can lead to false-positive identification of conformational dynamics, highlighting

the importance of dye controls. Through elaborate analysis of fluorescence anisotropy, we were
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able to establish a robust threshold for exclusion of measurements with dye artifacts. Using this
exclusion rule, we were left with artifact-free measurements, for which we were ultimately able
to detect small-scale structural fluctuations on the order of 5 A for MalE, a current lower limit
for detection of structural fluctuations. Lastly, on the example of U2AF2, we showed how
conformational dynamics can be studied through the combination of multiple tools, such as

PDA and filtered FCS.

The second main research area of this thesis was aimed at facilitating translation of distance
information encoded in fluorescence decays into accurate structural models (Supplement B).
We created a set of guidelines on how to harvest the information content from FRET
measurements and combine it with MD simulations, in order to achieve detailed and robust
ensembles of biomolecular structures. Our workflow is centered around the principle of
maximum entropy, a method of ensemble reweighting that is the most suitable approach for
systems with large number of states. As a target system we used lipase-specific foldase from
Pseudomonas aeruginosa species in its apo state.

In the synthetic benchmark, we investigated how to properly balance prior information and
experimental data, as well how to compare and rank different priors. Furthermore, we addressed
the robustness of three different types of model representations for ensembles: atomistic
models, inter-residue distance histograms (distograms) and 3D density maps. We found that
even for the complete prior, at atomistic resolution MEM yields ambiguous solutions heavily
dependent on the prior. However, the fact that individual structures with atomistic resolution
could not be achieved, should not be taken as shortcoming, but as inherent characteristic of a
method when using averaged experimental data. To this also contributes if the experimental
method reports on long-range features, such as tertiary, super-tertiary and quaternary structure,
and not directly on absolute atomic positions. To achieve posterior distribution with distogram
level of resolution, good coverage of the conformational space should be assured, meaning that
prior ensemble has to be part of the true ensemble underlying experimental data. Even in that
case, means of distograms are better recovered than the width of distograms. In the case of 3D
density maps, we found that MEM robustly recovers such ensemble representation, for both
complete and incomplete priors. Lastly, using experimental fluorescence decays of limited set
of FRET pairs (6), we could obtain consistent 3D density maps for 3 out of the 5 priors.
However, two best fitting solutions are different, and at present, without additional information

available, we cannot judge which, or if the combination of both solutions describes apo PaLif.
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Overall, our results indicate that maximum entropy principle is a promising route for ensemble
reweighting. However, for systems with large number of degrees of freedom, good coverage of
conformational space in the prior, and as large as possible amount of experimental data points,
are a prerequisite in order to achieve robust posterior reconstructions with high level of
structural detail. Furthermore, due to the absence of posterior uncertainty estimates, varying
priors is crucial in order to get an insight in how robust posterior reconstructions are.

We believe that these results represent major step forward for integrative modelling of
biomolecular ensembles, and that we opened an important discussion on how the ensembles
should be visualized, compared and disseminated. We posed an important question if atomistic
models are indeed necessary or even useful when ensembles are large. Contrary to that, results
of this thesis put a positive light on volumetric representations, as these can be robustly obtained
irrespective of the completeness of the prior information. Moreover, even though volumetric
representations are of lower resolution, they still have high information content, and have a
proven track record of successful applications in pharmaceutical industry.

In the future it would be interesting to see how MEM performs when additional experimental
methods, informing on orthogonal features, are included, either as a restraint or as a post-hoc
validation. It would be also of interest to see how much the local-model accuracy would
improve if fluorescence anisotropy measurements, which sense local environment and internal
motions'*, are included.

To conclude, results of this thesis, which comprised different methodologies from the field of
computer science and fluorescence spectroscopy, demonstrated that FRET measurements are
an outstanding tool of structural biology, but they also revealed areas where FRET

measurements are still imperfect, and challenges yet to be overcome.
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Single-molecule Forster-resonance energy transfer (SmFRET) experiments
allow the study of biomolecular structure and dynamics in vitro and in vivo.
We performed aninternational blind study involving 19 laboratories to
assess the uncertainty of FRET experiments for proteins with respect to

the measured FRET efficiency histograms, determination of distances,

and the detection and quantification of structural dynamics. Using two
protein systems with distinct conformational changes and dynamics, we
obtained an uncertainty of the FRET efficiency <0.06, corresponding to
aninterdye distance precision of <2 A and accuracy of <5 A. We further
discuss the limits for detecting fluctuations in this distance range and how
toidentify dye perturbations. Our work demonstrates the ability of sSmFRET
experiments to simultaneously measure distances and avoid the averaging
of conformational dynamics for realistic protein systems, highlighting its
importance in the expanding toolbox of integrative structural biology.

Forster-resonance energy transfer (FRET) studies have become awidely
used approach to complement classical structural biology techniques'™.
They provide information on the structure and conformational het-
erogeneity of biomolecules over a distance range of 30 to 120 A and,
when performed on single molecules, contribute additional informa-
tion regarding conformational dynamics on the timescales of nano-
seconds to seconds'**'°, They also allow for quantitative assessment
of structural dynamics and heterogeneity of conformational ensem-
bles. Thisinformationis not easily accessible by X-ray crystallography,
cryogenic-electron microscopy or cross-linking mass-spectrometry,
which provide structural information of solution structures but lack
temporalinformation. FRET canalso be used to resolve (parts of ) struc-
turesin anintegrative manner (refs. 11-17) and has the unique ability
to provide correlated information on structure and dynamics'?.
Hellenkamp et al. presented a quantitative multilaboratory
smFRET blind study assessing the validity of using smFRET for struc-
tural measurements. This study used static double-stranded DNA

(dsDNA) that demonstrated a high reproducibility between the dif-
ferent laboratories with an uncertainty of <6 A for the FRET-derived
distances'®. These results strongly supported the idea that standard-
ized sSmFRET measurements in combination with standardized data
analysis routines are a useful addition to the integrative modeling
of static biomolecular structures*%,

Here, we assessed whether the established procedures translate
to more flexible biomacromolecules such as proteins that undergo
conformational changes. Compared to dsDNA, proteins are more
challenging systems, because the local environments and flexibility
of the tethered dyes can vary considerably. Site-specific dye labeling
of proteins usually requires the introduction of point mutations (for
example, cysteines or nonnatural amino acids), which can affect its
structure and function'. Moreover, proteins require careful handling
and storage due to sample instability and aggregation, and are sensi-
tive to experimental conditions, buffer composition, pH, temperature,
surface interactions and so on. In a blind comparison study involving

e-mail: a.barth@tudelft.nl; cseidel@hhu.de; d.lamb@lmu.de; cordes@bio.lmu.de
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19 laboratories using diffusion-based confocal smFRET, we investi-
gated the maltose-binding protein (MalE) and the U2 Auxiliary Factor
2 (U2AF2), which display conformational dynamics on different time
and length scales. We addressed two key questions: (1) how consist-
ently can smFRET efficiency histograms (and the derived distances)
be determined by different laboratories for protein samples prepared
with stochastic fluorophore labeling? (2) How reliably can smFRET
measurements detect structural dynamicsin these proteins and what
are the minimal structural fluctuations detectible?

Our study confirmed the reproducibility of accurate FRET effi-
ciency histograms and the ability of smFRET to detect and quantify
conformational dynamics on the submillisecond timescale. We dem-
onstrate reproducible FRET efficiency values with uncertainties <0.06
corresponding to a distance precision of <2 A and an accuracy <5 A
in MalE. Moreover, we compare the variability of setup-dependent
parameters and identified the main sources of calibration uncer-
tainty. To push the detection limits for structural dynamics, we refined
established experimental and data analysis procedures and stud-
ied distinct dye pairs to identify and eliminate dye-specific effects.
With this, we could detect distance fluctuations on the order of 5 A
in the FRET-sensitive range. Our work demonstrates that SmFRET is
able to characterize challenging and realistic protein systems with
conformational dynamics on timescales from nanoseconds to
seconds, highlighting its importance in the expanding toolbox of
integrative structural biology'’ .

Results

We chose two protein systems with conformational dynamics on dif-
ferent timescales. Our first target was the MalE protein of Escherichia
coli, the periplasmic component ofthe ATP binding cassette transporter
MalFGK,-E (refs. 22-24). MalE exhibits a typical periplasmic-binding
protein fold*** composed of two rigid domains connected by a flex-
ible two-segment 3-stranded hinge (Fig. 1a). This structure enablesan
allosterically driven motion from an opento closed state upon maltose
binding on the subsecond timescale (Supplementary Fig.1). Asasecond
system, we chose the large subunit of U2AF2 from the pre-messenger
RNA (mRNA) splicing machinery?. Its two RNA recognition motif
domains (RRM1,2) are connected by a long flexible linker and bind
single-stranded Py-tract RNA”. For U2AF2, the two domains fluctu-
ate between an ensemble of detached conformations and a compact
conformation in the apo state’’, whereas ligand binding stabilizes an
open conformation (Fig. 2a)*.

SmFRET experiments were blindly performed by 19 laboratories
for MalE and by seven laboratories for U2AF2 using different imple-
mentations of diffusion-based confocal spectroscopy with alternating
excitation, that is, microsecond-ALEX (alternating laser excitation
mode)” for intensity-based analysis and nsALEX*? or pulsed-interleaved
excitation (PIE)* for intensity- and lifetime-based analyses (Supple-
mentary Fig. 2). To avoid additional complexity and to restrict any
preknowledge regarding the samples, the proteins were labeled and
checked for functionality before being delivered to the participants.
Information regarding the identity of the proteins and ligands, labeling
positions, labeling efficiency, and expected FRET efficiencies and
changes were not provided. The laboratories were informed about
which fluorophores were coupled. We adapted a data analysis rou-
tine similar to ref. 18 to determine setup-independent accurate FRET
efficiency £ values from the photon counts detected in the donor (D)
and acceptor (A) detection channels during a single-molecule event.
The procedure is described in the Methods and includes subtraction
of background signals from all channels and the determination of
four correction factors: (a) for spectral crosstalk of D fluorescence
into the A channel, (B) for normalization of direct D and A excitation
fluxes, (y) for differences in D and A quantum yields and detection
efficiencies and (6) for the ratio of indirect and direct A excitation
(Supplementary Fig. 3 and Supplementary Tables 1and 2)**. The use

of ALEX or PIE (Supplementary Note 1) was crucial for corrections of
the photon counts to reflect the actual D and A signal and exclusion
of single-molecule events fromincompletely labeled molecules or ones
showing photo- blinking and bleaching®***,

MalE

We prepared three double-cysteine variants of MalE withinterresidue
distances that coveralarge part of the dynamic range of FRET (Fig. 1b,
Methodsand Supplementary Fig.4). The variants were designed toshow
adecrease (MalE-1, K29C-S352C), an increase (MalE-2, D87C-A186C)
or an unaltered interdye distance (MalE-3, A134C-A186C) upon malt-
ose binding. All variants of MalE were stochastically labeled in one
of the laboratories at the given positions with the donor Alexa Fluor
546 (Alexa546) and acceptor Alexa Fluor 647 (Alexa647). Before ship-
ment, we confirmed the functionality of the labeled protein by ligand
titrations using smFRET and microscale thermophoresis, and verified
that maltose did not affect the dye properties (Supplementary Figs.
5and 6). To allow a comparison, participants were asked to provide
mean FRET efficiencies using Gaussian fits for apo and holo FRET
efficiency histograms (Fig. 1c) and to determine a global y value for
allmeasurement conditions (Supplementary Note 2 and Supplemen-
tary Fig. 3). For this workflow, participants used custom or publicly
available software packages.

FRET efficiency histograms for representative experiments on
MalEintheapo (noligand) and the holo state (1 MM maltose) are shown
inFig. lcwithmeanvaluesreported by 16 laboratories. They show very
good agreement and reproducibility. It was not possible to extract
accurate FRET efficiency values from three laboratories due to, for
example, missing or suboptimal laser lines (Supplementary Table 1
and Supplementary Note 2). All laboratories observed the expected
changes for MalE-1, MalE-2 and no shift for MalE-3. This indicates that
the samples did not degrade during shipment on dry ice and storage
inthe laboratories at 4 °C. MalE-1showed an average FRET efficiency
of 0.49 + 0.06 in the apo state that increased to 0.67 + 0.05 in the
holo state. MalE-2 showed the expected decrease in FRET efficiency
from 0.83 £ 0.03t00.71+ 0.05inthe apo and holo states, respectively
(Fig. 1c). MalE-3, with both labels on one lobe, showed no significant
change in FRET efficiency (E,,, = 0.91+ 0.02, E;,;,= 0.92 £ 0.02).

The standard deviation of the determined mean FRET efficiency
overalllaboratorieswasless than +0.06, similar to the precision found
for dsDNA previously’ (Extended Data Table 1 and Supplementary
Table 3). We observe the highest standard deviation for MalE-1and the
lowest values of +0.02 for MalE-3, which also has the highest FRET
efficiency. We observed systematic deviations of the reported FRET
efficiency values for the apo and holo states from the mean value.
Hence, we analyze the individual FRET efficiency differences,
(Enolo) — (Eapo), between the apoand holo states for the different labo-
ratories (Fig. 1d). The distributions indeed narrow for all samples by
approximately twofold because systematic deviations cancel out
(O(Epoto)—~{Eapo) fOr MalE-1+0.02, MalE-2 +0.02 and MalE-3 +0.01: Fig. 1d,
Extended Data Table 1and Supplementary Table 3).

U2AF2

For the second protein, U2AF2, we chose the published double-cysteine
variant L187C-G326C of the minimal RRML,2 construct, where we
previously verified that protein function is not affected by labeling
(Fig.2a)’*”, The construct was labeled stochastically on the two RRM
domainswith the dye pair Atto532-Atto643. A subset of seven groups
measured the sample. To investigate the consistency of the obtained
FRET efficiency histograms, we plotted the smFRET histograms
fromindividual laboratories (Fig. 2b,c, row 1) as well as the average
distribution illustrated by the mean and standard deviation (row 2).
All groups found a single broad distribution (Fig. 2b, row 1, apo) with
anaverage E=0.74 + 0.03 (row 2). In the presence of 5 pM ligand (U9
RNA, K;of roughly 1.3 uM), asecond narrower peak at lower Eappears
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Fig. 1| Experimental design of MalE as a protein model system for smFRET
studies. a, Crystal structure of MalE inits ligand-free apo state (PDB ID 10MP)
with domains D1and D2 linked by flexible beta sheets (highlighted inblue). b, The
crystal structure of MalE (rotated by 90° as compared toain the apo (gray, PDBID
10MP) and holo (green, PDBID 1ANF) states with mutations at K29C-S352C
(MalE-1), D87C-A186C (MalE-2) and A134C-A186C (MalE-3) indicated in black.
Note, each mutant only contains one cysteine pair and was measured using the
Alexa546-Alexa647 FRET pair. The estimated mean position of the fluorophores
from AV calculations are shown as red spheres. ¢, FRET efficiency E histograms
for three MalE mutants, MalE-1 (left), MalE-2 (middle) and MalE-3 (right), in the

-01 0 01 02
(Epoto? = {Eapo?

-02 -01 0 01 02
(Epoto? = {Eapo?

absence and presence of 1 mM maltose (bottom, green) for one exemplary
dataset measured inlaboratory 1. The distribution is fitted to a Gaussian
distribution. The reported mean FRET efficiencies for 16 laboratories are shown
below (due to experimental difficulties, the results of three laboratories were
excluded; Supplementary Table 1). The mean FRET efficiency and the standard
deviation of all 16 laboratories are given by the black line and gray area.

d, Individual FRET efficiency differences for each laboratory, between the apo
and holo states, (Enolo) — (Eapo ), for MalE-1 (left), MalE-2 (middle) and MalE-3
(right). The mean FRET efficiency difference and the standard deviation of all
16 laboratories are given by the black line and gray area.

(Fig.2c,rowl) withanaverage £ = 0.46 + 0.04 (row 2) as expected for the
open conformation of the holo state’>*°. Notably, a fraction of
around 15% of ligand-free protein remains in the sample at the RNA
concentration used (Supplementary Fig. 7).

For the apo state, we obtained a similar standard deviation
of £0.03 as found for MalE, however, a clear outlier was apparent
(Supplementary Table 4). To test whether user bias affected the
reported results, asingle person reanalyzed the datasets. This person
developed an optimal procedure for determiningthe correctionfactors
for this challenging sample (Supplementary Note 3) andimproved the

agreement to astandard deviation of +0.008 with no change in mean
E (Fig. 2d,e and Supplementary Table 4). The reanalysis revealed the
detection correction factor y to be the main cause of the deviations
between the measurements. As a single population of the apo state
did not allow for a robust determination of the y factor***, it was best
to estimate the y factor from a global analysis of the apo and holo
measurements. This was possible since the quantumyield of the fluo-
rophores remained unchanged upon RNA binding (Supplementary
Table 5). We also reanalyzed data from the same seven laboratories
for MalE-1apo and obtained nearly identical mean FRET efficiencies
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Fig.2|The experimental system of U2AF2 (RRM1, 2) and acomparison of
FRET efficiency histograms from seven different laboratories. a, Schematic
ofthe dynamics of U2AF2. The apo state (in gray, top) undergoes fast exchange
between an ensemble of detached structures of which five representative
structures are displayed. A slower exchange occurs between the dynamic
detached ensemble and a compact conformation (PDB ID 2YHO) shown below.
The holostate (ingreen, PDBID 2YH1) bound to a U9 RNA ligand (in dark gray)
assumes a well-defined, open conformation. Positions of cysteine mutations
introduced for labeling (L187 in RRM1and G326 in RRM2) are depicted as black
spheres with the mean dye position determined by AV calculations indicated

by red spheres. b,c, SmFRET efficiency histograms reported by the seven
participating laboratories for apo (b) and holo (c) measurements of U2AF2. The
top shows the individual FRET efficiency histograms and the bottom shows the
average FRET efficiency histogram (solid line) with standard deviation (light
area).d, SmFRET efficiency E histograms of U2AF2in the apo state. The top shows
arepresentative 1D FRET efficiency histogram with a Gaussian fit (laboratory 1).

FRET efficiency, E

The middle shows the reported mean FRET efficiencies reported by seven
laboratories. The mean value from all datasets is 0.739 + 0.029, shown above with
the corresponding standard deviation in gray. The bottom shows the extracted
mean FRET values after reanalysis of the collected data. After reanalysis,

the agreementimproved to 0.742 + 0.008. e, SmFRET efficiency histogram
comparisons of U2AF2in the holo state. 5 pM of U9 RNA was used to obtain

the holo state. The top shows a representative 1D FRET efficiency histogram

of laboratory 1 fitted to two Gaussian distributions to determine the FRET
efficiencies of the different subpopulations, yielding mean FRET efficiencies of
0.44 for RNA-bound and 0.76 for the RNA-free conformation. The middle shows
the mean FRET efficiencies reported by the seven laboratories. The mean values
from all seven of the datasets were 0.45 + 0.04 for the RNA-bound conformation
(ingreen)and 0.78 + 0.04 for the RNA-free conformation (in gray). The bottom
shows the reanalysis of the holo measurements yielding values of 0.42 + 0.02 and
0.77 +£0.03 for RNA-bound and RNA-free fractions, respectively.

and standard deviations (0.49 + 0.05 versus 0.47 + 0.06, Supple-
mentary Fig. 8). This indicates that user bias was less pronounced
when a global, well-defined analysis procedure for determining y
was provided over several samples covering a substantial fraction
ofthe FRET range (Supplementary Note 2).

For the holo state of U2AF2, good agreement between laboratories
was obtained for the peak positionswith astandard deviation of +0.03
and +0.02 for the high- and low-FRET peaks, respectively. A minimal
improvement resulted from the reanalysis (Supplementary Table 4).In
contrast to the agreementin FRET efficiency, we observed variations in
therelative amplitudes of the two populations: 0.58 + 0.08 for the holo
stateand 0.42 + 0.08 for theapo population (Fig. 2c and Supplementary
Table 4). We attribute this to potentially reduced protein activity, degra-
dation of the RNA ligand and sensitivity of conformational dynamics
to the experimental conditions, for example, temperature, ligand con-
centration, buffer composition, salt concentration or the presence of
stabilizers such as bovine serum albumin (BSA) (Supplementary Fig. 7).

Setup-dependent parameters and correction factors

The quality of smFRET experiments is determined by the statistics
of the measurement and the performance of the setup to maximize
photon collection and thereby minimize shot noise. To this end, we
quantified thenumber of bursts, average photon count rate, burst dura-
tion and the number of photons in the D and A channels for the MalE
measurements from eight laboratories (Fig. 3a and Supplementary

Fig.9). On average, participants collected 6,000 bursts (minimum
500, maximum 21,000) of molecules carrying both fluorophores. The
required number of bursts for asmFRET analysis depends on the goal
of the experiment. To determine the average FRET efficiency from
asingle population, as performed for MalE, roughly 1,000 bursts of
double-labeled molecules may be sufficient. For advanced analysis
methods such as time-correlated single photon counting (TCSPC) for
lifetime analysis, burst-wise fluorescence correlation spectroscopy
(FCS) or aphoton distribution analysis (PDA) that are applied to sub-
ensembles, higher burst numbers of >5,000 are desired. Typical count
rates per single-molecule event were found tobe 60 + 20 kHz, withan
average burst of 90 + 40 photons and 1.7 + 0.9 ms duration (Fig. 3a
and Supplementary Fig. 9). The average count rate and burst dura-
tion depend on the size of the confocal volume, where smaller sizes
resultin higher count rates but shorter burst durations. We observe a
negative correlation between burst duration and average count rate
(Fig. 3b, Pearson’s r =-0.58 and Supplementary Fig. 10). The large
spread of the burst duration arises from the fact that some partici-
pants applied a diffraction-limited observation volume, while others
underfilled the objective lens to create a larger confocal volume with
a diameter of roughly 1 um (assuming that the detection pinhole
corresponds to the excitation volume). We also observed a small
positive correlation between detected photon numbers and burst
duration (Fig. 3c, Pearson’s r = 0.54 and Supplementary Fig. 10). This
suggests that larger volumes, in combination with high irradiances,
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Fig.3|Setup-dependent parameters and calibration uncertainty. a, The
distribution of the parameters quantifying the statistics of the measurements
and the performance of the setups used for both MalE and U2AF2 measurements
are shown as histograms and violin plots for the measurements from eight
laboratories. The circle and whiskers in the violin plot indicate the mean and
standard deviation (n = 64, averaged over eight samples measured in the

eight different laboratories). Sample-dependent distributions of the shown
parameters are given in Supplementary Fig. 9. b,c, Pairwise plots of the average
count rate (b) and the number of photons (c) against the burst duration. The
same datasets are plotted as used for a. While the count rate decreases slightly
forlongerburst durations, a positive correlationis observed for the acquired
number of photons per burst and the burst duration, indicating that larger
observation volumes resultin a higher accumulated signal per molecule.
Correlations between all parameters are shown in Supplementary Fig. 10.
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Errorbandsindicate the 95% confidence intervals of the regression.d, The
distributions of the four correction factors for the calculation of accurate FRET
efficiencies for all the MalE measurements are shown as histograms and violin
plots for the measurements from all laboratories. The circle and whiskers in the
violin plotindicate the mean and standard deviation (n = 64, averaged over eight
samples measured in the eight different laboratories). e, A plot of the standard
deviation of the reported FRET efficiencies from 16 laboratories (as ameasure
of the experimental uncertainty) against the average FRET efficiency for the
MalE mutants 1-3 reveals that lower uncertainties are observed for higher FRET
efficiencies. The black line represents a fit of the estimated uncertainties under
the assumption that the variations arise solely due to uncertainty in the y factor
(equation (1)). Theinferred relative uncertainty of the y factor is around 23%.
Shaded areasindicate relative uncertainties of 5-50%. Error bars indicate 95%
confidence intervals around the average value.

yield the highest number of photons per burst’. Smaller volumes
generally allow for higher burst collectionrates with higher countrates
and thus shorter interphoton times, enabling fast transitions on the
sub-us timescale to be resolved®*°. Longer burst durations offer the
benefit that slower dynamics can be studied.

Foranaccurate analysis, the correction factors for donor spectral
crosstalk (a), excitation flux (8), detection efficiency and quantum
yields (y) and direct acceptor excitation (6) must be determined (see
ref. 18, Supplementary Table 5). We plot the distribution of the cor-
rection factors used to determine accurate FRET efficiencies for MalE
in Fig. 3d from 16 laboratories (Supplementary Table 1). Besides fluo-
rophore properties, these also depend on setup-specific parameters
including dichroic mirrors, emission filters, detectors, excitation
wavelengths and laser power. Nonetheless, we observed awell-defined
distribution for a of 0.05+ 0.01, which is determined by the emission
filters and detectors in both detection channels. A larger spread was
observed for S values of 1.6 + 0.6 and 6 of 0.12 + 0.08. These depend
on the ratio of the excitation powers, where most participants used
about halfthe laser power for direct acceptor excitation (45 + 27 pW)
in comparison to the donor excitation (78 + 58 pW), resulting in
similar count rates after donor and acceptor excitation. The agree-
ment between the reported FRET efficiency values clearly shows
that the diverse experimental settings are compensated by the
correction procedure applied here.

Fory,whichis the most difficult factor to determine, we observed
an average of 0.4 + 0.1 (Supplementary Fig. 3b). It depends on the

acceptor-to-donor ratio of the detection efficiencies, g, and the effec-
tive fluorescence quantum yields, ¢y, as y = ga®r a/8pPrp (ref. 18).
Similar to crosstalk, y strongly depends on the emission filters and
the type of detectors used. Due to ¢ , of roughly 0.32 (acceptor) and
@p of roughly 0.72 (donor), all laboratories reported y factors
below 1. Despite the large spread in the reported values, we observed
very good agreement for the reported FRET efficiencies in our blind
study. Our analysis identified y as the key factor limiting the consist-
ency, whichissupported by the following arguments: (1) inFig. 1d, the
spread of (Epoio) — (Eapo) is smaller (for example, 0.06 to 0.02 for
Malk-1) than for absolute £ values in Fig. 1c, suggesting that errors in
E are systematic rather than random. (2) The observed spread in
reported FRET efficiencies depends on the absolute FRET efficiency
measured for MalE (Fig.1c,d). (3) We also calculated the uncertainty in
the FRET efficiency calculation using error propagation for crosstalk,
directexcitation and background correctioninthe donorandacceptor
channels. The reported uncertainty can be attributed mainly to the y
factor (Fig. 3e and Supplementary Note 4) with the error of the y
factor, Ay, that propagates into an uncertainty in the reported FRET
efficiencies, AE:

AE:E(I—E)% )

Notably, the observed experimental AE is well described by
equation (1) (black line in Fig. 3e), yielding a relative uncertainty of
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Ay/y =23% corresponding to Ay = 0.07. The improved agreement
between measurements on reanalysis for U2AF2 (Fig. 2d) suggests
that the accuracy of the analysis could be improved by standardized
procedures for the determination of all correction factors, which
differ depending on the number of populations in the measure-
ment and whether the FRET efficiency peak is dynamically averaged
(Supplementary Note 2).

Detection and quantification of conformational dynamics
Fluorescence trajectories of immobilized molecules provide access
to kinetics on the millisecond to second timescales via a dwell-time
analysis (Supplementary Fig.1)***. For freely diffusing molecules,
millisecond dynamics can be studied in the same fashion when mol-
ecules diffuse slowly***. The detection and quantification of submil-
lisecond conformational dynamicsin quickly diffusing molecules (with
the maximum timescale limited by the burst duration) is possible via
FRET-FCS***** filtered-FCS***°, burst-variance analysis (BVA)*’, FRET-
two-channel kernel-based density distribution estimator®, dynamic
PDA*, FRET efficiency E versus fluorescence-weighted average donor
lifetime (7p(a) ) analysis (E-T plots)**’, nanosecond-FCS™, recurrence
analysis of single particles®, photon-by-photon maximum likelihood
approaches***°>? and Monte Carlo diffusion-enhanced photon
inference (MC-DEPI)®°. To assess how consistently dynamics can be
detected in smFRET measurements, we asked the participants to
evaluate whether the proteins were static or dynamic on the (sub-)
millisecond timescale and which method they used to come to this
conclusion (Supplementary Table 6).

BVA and E-tplotsarefrequently used techniques tovisualize FRET
dynamics by comparing the measured data to theoretical expectations.
BVA detects dynamics by estimating the standard deviation of the FRET
efficiency over individual bursts, using a predefined photon window
(typically 2100 ps depending on the molecular brightness). Due to
FRET dynamics, the standard deviation of the FRET signal within aburst
(redlineinFig. 4a) canbe higher than expected from shot noise (black
semicirclein Fig.4a), whichbecomes visible as adeviation or apparent
dynamic shift, ds*°. In the E-1 plots, the observed FRET efficiency
determined via intensity (Fig. 4b) is a species-weighted average and,
inthe presence of dynamics, the position along the y axis depends on
the fraction of time spent in the respective states. The fluorescence
lifetime of the donor (Fig. 4b, (Tp());, x axis) is a photon-weighted
average, because only a single lifetime is determined. Hence, it is
weighted toward the lifetime of low-FRET states as they emit more
donor photons™*, shifting the datato the right of the ‘static’ FRET line.
E-1plots candetect dynamics on the nanosecond to millisecond time-
scale. Here, we have included an additional correction that considers
distance fluctuations of the flexible dye linkers (6 A) resulting in a
slightly curved ‘static’ FRET line**“", To quantify dynamics between two
distinct states, a theoretical ‘dynamic’ FRET line (red, Fig. 4b) is over-
laid. Again, dsisdefined as the deviation of the observed datafromthe
theoretical static line (Fig. 4b and Supplementary Note 6). Itisimpor-
tant tomention that FRET dynamics, and the related ds, are not always
of conformational origin.

MalE exhibits slow ligand-driven dynamics on the subsecond
timescale between high-and low-FRET states (Supplementary Fig.1)%.
Here, we investigated whether the apo and/or holo states undergo
dynamics faster than the timescale of diffusion. Both techniques reveal
that MalE exhibits no large FRET-fluctuations on the ms timescale
(Fig. 4¢,d and Supplementary Fig. 11). Almost all groups confirmed
this assessment and only three groups concluded that MalE is
dynamic without further justification (Supplementary Table 6). To
investigate the presence of potential dynamics in more detail, we
determined the ds for a subset of the data (eight laboratories for
BVA, Fig. 4e and five for E-7, Fig. 4f, Supplementary Note 5, and
Supplementary Table 7). As a static control, we determined the ds
of the dsDNA rulers used in ref. 18 (mean + 1s.d. as determined from

laboratories1and 2) showningrayinFig.4e,f (Supplementary Table 8).
The ds did not exceed that of the static reference when using BVA for
all MalE mutants. From the £-1 plots, however, ds was higher than
for dsDNA, especially for MalE-1. This sample clearly exceeds what is
predicted for a static system or even what is predicted for dynamics
between the apo and holo states (Fig. 4f, red lines and Supplemen-
tary Note 6). Hence, some laboratories categorized MalE as dynamic.
The cause of this ds, which must originate from FRET dynamics that
are faster than around 100 ps, will be discussed in detail below.

In contrast to MalE, all groups found U2AF2 to be dynamic as was
expected for two domains connected by a flexible linker (Fig. 4c-f
and Supplementary Table 6). The ligand-free apo state shows pro-
nounced deviations from the behavior for static molecules both in
the BVA and E-1 plots, while the RNA-bound holo state shows a
notable ds for BVA but not for the -t analysis (Fig. 4c-f). It was chal-
lenging to assess whether the holo stateis truly static or dynamic since
it contained a measurable fraction of apo protein, which overlaps
with the holo population. Hence, U2AF2 is a challenging test case, yet,
dynamics were unambiguously detected in all laboratories demon-
strating the reliability of smFRET for investigating dynamic systems.

Accuracy of FRET-derived distances and structural modeling
Accurate FRET efficiencies need to be converted into distances for
comparison with structures or to use them as distance constraints in
integrative FRET-assisted structural modeling'*”'>**¢*, SmFRET experi-
ments yield FRET efficiencies as a result of dynamically, nonlinearly
averaged distances due to the flexible fluorophore linkers. To assess
the accuracy of our measurements, we applied the accessible volumes
(AV) approach®*°**, which uses a coarse-grained dye model to estimate
the FRET efficiency averaged model distance R?};’de' between the
two dyes. For this, all possible positions of the fluorophores are aver-
aged, takingintoaccountlinker conformationsand steric hindrances
(Fig. 5a-c, Methods and ref. 6). For AV calculations, we assume fast
rotational and slow positional averaging with respect to the fluores-
cence lifetime. Prediction of measured distances via FRET values based
on the flexibility and attachment points of a fluorophore is an area
of active research and alternative methods are being developed, for
example, rotamer libraries®® or molecular dynamics simulations® %,

The average experimental FRET efficiencies from the individual
smFRET histograms (E) for MalE (Fig. 2) were used to determine R g,
for each laboratory (Extended Data Table 1 and Supplementary
Table 3) using the Forster equation (equation (2)):

1

R =Ro (£ -1)° @

The Forster radius of Alexa546-Alexa647 on MalE was determined
tobe R,=65+3 A (Supplementary Note 7). Figure 5d displays the
correlation between the experimental observable R and predicted
R?E;’de] using apo and holo structures exhibiting an uncertainty
of 3-5 A over all variants. In agreement with the predictions by
Peulen et al.””, this accuracy is achieved despite stochastic protein
labeling, which could result in different charge environments and
AVs of the fluorophores depending on the labeling positions. This is
evident by the varying dye behavior at different locations (Fig. 5b).
During the study, three laboratories studied additional MalE variants
(MalE-4, K34C-N205C and MalE-5, T36C-N205C) with a larger FRET
efficiency contrast between the apo and holo states, complementing
the results of the other variants (Extended Data Table 1).

Figure 5d reveals the largest deviation between experimental
and predicted distances for MalE-1, which also had the highest ds
values (Fig. 4fand Supplementary Fig. 11). Therefore, we investigated
the role of dye-protein interactions using single-cysteine variants of
MalE by measuring the fluorescence lifetimes, and time-resolved and
steady-state anisotropies (Supplementary Note 8, Supplementary
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Fig. 4| Detection and characterization of conformational dynamics on the
submillisecond timescale in MalE and U2AF2. a,b, Schematic representations
of BVA (a) and £-t (b) plots. The ds is defined as the excess standard deviation
compared to the static line (showninblack). Dynamic FRET lines are indicated in
red. ¢, BVA of MalE-2 labeled with Alexa546-Alexa647 without maltose (apo, left)
and U2AF2 labeled with Atto532-Atto643 without RNA (apo, right). Here, the BVA
is based on a photon binning of five photons. Red diamonds indicate the average
standard deviation of all bursts within a FRET efficiency range of 0.05. The mean
positions of the populations (cyan crosses) were determined by fitting a
two-dimensional Gaussian distribution to the data (Supplementary Note 5).

d, The plots of the FRET efficiency E versus intensity-weighted average donor
lifetime (rD(A))Fofthe same measurement asin c. The donor-only population was
excluded from the plot. For MalE-2, the population falls on the static FRET line,
while a clear dsis observed for U2AF2. The endpoints of the dynamic FRET line for

(Tpaps (NS)

o
Counts

U2AF2 were determined from a subensemble analysis of the fluorescence decay.
e,f, The apparent ds of the peak of the population was determined graphically
from BVA (eight laboratories for MalE and seven laboratories for U2AF2,
respectively) (e) and £-1 (five laboratories) (f) plots (Methods). For U2AF2in the
holostate, the ds was assessed only for the low-FRET RNA-bound population.
Boxes indicate the median and 25/75% quartiles of the data. Whiskers extend to
the lowest or highest data point within 1.5 times the interquartile range. The gray
areaindicates the ds obtained for the dsDNA used in a previous study'® based on
measurements performedinlaboratory1for BVA (dspy, = 0.0033 + 0.0033) and
laboratory 2 for the E~T plot (dspy, = 0.0026 + 0.0044). The horizontal red lines
indicate the expected ds for a potential conformational exchange between the
apoand holostates. We computed the expected change in FRET efficiency using
their structural models in the PDB (Supplementary Note 6 and Supplementary
Table9).

Tables 5,11 and 12 and Fig. 5b). Labeling at residue 352 promotes dye
sticking to the protein surface indicated by multiexponential fluores-
cence lifetimes and a high residual anisotropy, r.., for both fluorophores
(r.>0.25). Labeling at residue 29 only shows sticking for the donor
(r.p>0.30,r. ,roughly 0.12). At other positions (for example, residue
186), free rotation is possible for both dyes (Supplementary Tables 5
and 11). These position-specific interactions can cause the observed
deviations between the experiment and structural model (Fig. 5d and
Extended Data Table 1) and high ds values for MalE-1 (Fig. 4f). By using
the accessible contact volume (ACV) approach®, which accounts for
dye-protein interactions, the root-mean-average deviation between
the structural model and experimental values decreased from 3 A for
AVto2 A (Fig. 5¢). For protein labeling on opposite sides, dye-protein
interactions in the ACV model result in reduced model distances and
improved accuracy forall outliers (Fig. 5d and Extended Data Table 1).

It was suggested to use the combined residual anisotropy of D
and A (r¢ o = [T p Teon ) for filtering out dye-related artifacts in
FRET-assisted structural modeling with an empirical threshold of
r...<0.2(refs.13,70). To further investigate dye-specific sticking, three
laboratories studied MalE mutants with the additional dye pairs
Alexa546-AbbSTAR635P, Atto532-Atto643 and Alexa Fluor 488
(Alexa488)-Alexa647 and determined the residual anisotropies and
distance uncertainties based on the orientation factor «* (Fig. 5e, top,
Supplementary Tables 13 and 14 and Supplementary Notes 8 and 9).

The dye pair Alexa546-Alexa647 showed the highest combined aniso-
tropies (Supplementary Fig. 12a and Supplementary Table 13), which
is attributed to the donor Alexa546 as the combined anisotropy
also remains high for Alexa546-AbbSTAR635P but is reduced for
Alexa488-Alexa647.To derive arobust and well-defined threshold for
recognizing measurements with dye artifacts, we determined the
uncertainty in the FRET-derived distances, AR,,,(«*), that originates
from the uncertainty of the orientation factor >, Previous approaches
estimated the uncertainty in * from the residual anisotropy in terms
of rotational restrictions (wobbling-in-a-cone model)*”°. Here, we
useda‘diffusionwith traps’model, which assumes two dye populations
(freeand trapped) and relates the residual anisotropiesto the fraction
of dyesinteracting withthe surface of the biomolecule (Supplementary
Note 9). Based on the estimated distance uncertainty, we propose a
threshold of AR, (k*) <10% toidentify measurements with dye-related
artifacts (Fig. 5e, bottom). This threshold corresponds toacombined
residual anisotropy of 0.25, similar to the previously suggested
empirical threshold value of around 0.2 (refs. 13,70).

Next, we investigated whether dye sticking could cause the dsin
the E-tplot for MalE-1with Alexa546-Alexa647 (Fig. 4f). Tobe observ-
able in the E-1 plot, the exchange between the free and trapped dye
species must occur faster than the diffusion time of roughly 1 ms,
otherwise the two species would be observable asindividual peaks. We
observed acorrelationbetween the laboratory-averaged (ds)and (r,.)
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Fig. 5| Assessing the accuracy of smFRET-derived distances in MalE. a-d, AV
calculations and model-based interdye distances. a, Schematic of Alexa546
attached to MalE (PDB 10MP) showing the parameters needed for the AV
calculations using the AV3 model° (Supplementary Table 10). b, Fluorescence
anisotropy decays of single-cysteine mutants for the donor (Alexa546, left) and
acceptor (Alexa647, right) at the labeling positions K29C and S352C. Solid lines
represent fits to a model with two or three rotational components
(Supplementary Tables 11 and 12 and Supplementary Note 8). ¢, AV (light color)
and ACV (dark color) calculations for Alexa546 (cyan) and Alexa647 (pink) at
labeling positions 352 and 29. The zoom-ins show the mean positions of the dyes
based onthe AV (light shade) and ACV (darker shade) models. d, Comparison of
the experimentally obtained FRET-averaged distance Rz, with the theoretical
model distances using the AV (filled squares) and ACV (empty squares)
calculations. Errors represent the standard deviation in experimental distances
(n=16laboratories for MalE mutants 1-3, n = 2 laboratories for MalE mutants 4-5,
n=7laboratories for U2AF). The solid line represents a 1:1 relation and the gray
areaindicates an uncertainty of +3 A for a Forster radius of R, = 65 A. MalE-4 and -5

were measured by two laboratories. e, Detection of dye-specific protein
interactions. Top shows the five MalE mutants and U2AF2 labeled with different
dye combinations to determine the donor-acceptor-combined residual
anisotropy, (I, )y (n = 3laboratories). Bottom shows the distance uncertainty
relating to £, AR,p,, (k2), estimated (Supplementary Note 8). Amaximum allowed
distance uncertainty of <10% (shaded gray region) in AR, , (k*)leads toa
dye-independent threshold of 0.25 for (r, ..). f, The apparent dynamic shift (ds)
versus the combined residual anisotropy (r, .. is shown for all measured dye pairs
(top left) and individually. Error bars of the apparent ds represent the standard
deviation over n =3 laboratories. For the combined residual anisotropy, the
propagated 1o uncertainty (Supplementary Note 8). g, The structural flexibility
of MalE estimated after filtering using the distance uncertainty threshold shown
ine (Supplementary Note 12). Error bars represent the 1o percentiles averaged
over all dye pairs (n =1,MalE-1; n = 7, MalE-2 and MalE-3; n = 4, MalE-4 and n = §,
MalE-5). The residual distance fluctuations obtained from control measurements
ondsDNAinone laboratory (dsgpy, = 0.0026 + 0.0044) are shown as ablackline
(gray areas represent confidence intervals of 10, 20 and 30).
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Fig. 6| Structural characterization of U2AF2. a, Structural flexibility of U2AF2
is given by translational (left) and rotational (right) movement of the two
domains. Representative structures are taken from the ensemble determined
using NMR and SAXS measurements”. b, Degeneracy of structural states in
FRET measurements. The position of the two domains of U2AF2is illustrated

by the COM of the C, atoms in RRM2 (residues 260-329, colored) with respect
to RRMI (residues 150-227, black) for the 200 structures of the conformational
ensemble”. The COM of RRM2 s color-coded according to the FRET efficiency
determined using AV3 calculations. ¢, A schematic of the kinetic model used

for the global dynamic PDA of U2AF2 (Supplementary Note 17). d, Distance
distributions obtained from a donor fluorescence decay analysis by amodel-
free MEM approach (Supplementary Note 15). The distance distribution from
the NMR-SAXS ensemble” (light blue) was used as the prior distribution. The
expected interdye distances for the compact apo and open holo states are shown
asred and blue dashed lines (PDB 2YHO and 2YH1). Shaded areasindicate the

distance broadening due to the flexible dye linkers of 6 A. The distribution in

the donor-acceptor distance Ry, for different dye pairsis shown. e, Filtered-FCS
reveals conformational dynamics in the U2AF2 apo ensemble on two timescales,
tp,=9 £3andt,,=300+90 ps, average and standard deviation (n = 3, results
from laboratory1are shown). The two species were defined at the lower and
upper edge of the FRET efficiency histogram shown in Fig. 2b, top panel (see
Methods and Supplementary Note 16 for details). The species autocorrelation
functions (SACFs) and one of the two species cross-correlation functions (SCCFs)
are shown. The weighted residuals are shown above. f, The PDA analysis was
conducted globally over bothapo (top) and holo (bottom) measurements using
time windows of 0.5,1.0,1.5and 2.0 ms (the 1.0 ms time window histograms

are shown). A relaxation time of roughly 10 ms for the dynamics between

the detached ensemble and compact apo state with a small amplitude was
determined (orange curve) (Supplementary Fig. 16 and Supplementary Note 17).

over all dye pairs (Pearson’sr = 0.73), with astronger correlationwhen
each dye pair isinvestigated individually (Fig. 5f). As conformational
dynamicsshouldbelabelindependent, dyestickingis likely responsible
for the observed ds values. The xintercept of the linear fit is between
0.1and 0.2, suggesting a dye-dependent anisotropy threshold needs
to be considered. When applying the criteria (r...) < 0.25 to MalE-1
(Supplementary Fig. 12b), only the dye pair Atto532-Atto643 should
be used for distance determination, which also showed a markedly
reduced ds (Supplementary Fig. 12¢). Lifetime analysis of MalE-1
donor-only molecules showed donor quenching only at position 352,
which confirms that labeling at this position is problematic (Supple-
mentary Fig.12¢, Supplementary Note 10 and Supplementary Table 5).

Using the above criteria of (r,..) < 0.25 to minimize the influence
ofdyeartifacts ontheds, we hypothesized that the remaining ds could
be indicative of low-amplitude, fast conformational fluctuations.
A P test analysis between the ds for dsDNA and protein samples
(P<0.05) indicated that the ds is still significant for various protein

variants after filtering out dye artifacts (Supplementary Note 11,
Supplementary Table 8). To estimate the conformational fluctuations
necessary to generate the observed ds (Fig. 4f and Supplementary
Table 8), we assume that dynamics occur between two nearby states
withinterdye distances of R s, = 6R where 6R is the amplitude of the
fluctuation® (Fig. 5g, Supplementary Note 12 and Supplementary
Table 8). This inferred fluctuation provides an upper bound for the
conformational flexibility because factors such as calibration errors,
dye blinking or photoisomerization could contribute to the observed
ds. We consider the ds obtained from dsDNA as the lower limit (black
lineinFig.5g, dspy, = 0.0026 + 0.0044: Supplementary Note 12), which
defines the current detection limit for dynamics in smFRET experi-
ments. The MalE variants 1, 4 and 5 exceed the ds for dsDNA by 2-3 A
(Fig. 5g, Supplementary Fig.13 and Supplementary Table 8). Consistent
with the smFRET results, all-atom molecular dynamics simulations of
MalE using the ff14SB force field”* (Supplementary Note 13) suggest
thermally induced conformational fluctuations with a standard
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deviation up to roughly 3 A at the labeled residues in MalE-1, MalE-4
and MalE-5. This is larger than the typical fluctuations of about 1A
(ref.75) and leads to abroadening of the interresidue distance distribu-
tions for these FRET pairs. We conclude that the observed ds in the
experiments can be explained by acombination of measurement uncer-
tainty and small-scale structural fluctuations. Note that such small-scale
fluctuations can be amplified in FRET experiments when the dye linker
actsasaleverarmforappropriate labeling positions. A detailed discus-
sionofthe theoretical limits for detecting dynamicsin smFRET experi-
ments using BVA or the E-tisgivenin Supplementary Note 14.

Quantitative analysis of U2AF2

The structural characterization of U2AF2 is more complex than for
MalE and a simple distance comparison is not possible. Nonetheless,
we asked what information smFRET measurements could provide for
such a dynamic system. We first surveyed the structural information
available on apo U2AF2 from nuclear magnetic resonance (NMR) and
small-angle X-ray scattering (SAXS) data®. The highly flexible linker
allows for a heterogeneous ensemble of U2AF2 conformations (Fig. 6a).
To assess how this translates into a smFRET distribution, we quanti-
fied the FRET efficiency using AV calculations for all 200 conformers
from the NMR-SAXS-derived ensemble of apo U2AF2 (ref. 29). Notably,
conformations with similar center-of-mass (COM) distances between
the domains showed different FRET efficiencies (Fig. 6a,b), because
domainrotations result in distinct interdye distances for identical
COM (Fig. 6a, right). Due to this degeneracy, a single-distance probe
isinsufficient to capture the full structural complexity.

The observed dsinthe apo state suggests the presence of confor-
mational dynamics (Fig. 4d-f). To decipher the underlying kinetics
and their temporal hierarchy, we applied three analyses. First, we
investigated the interdye distance distribution of the apo and holo
states from the donor lifetime using a model-free maximum entropy
method (MEM) (Fig. 6¢,d and Supplementary Note 15)”°. Asa prior, we
used the NMR-SAXS structural ensemble. This analysis yielded consist-
entresults forall three dye pairs studied for U2AF2. The MEM analysis
revealed peaksin the probability density at the expected distances for
the compact apo conformation and RNA-bound holo structure (Fig. 6d,
dashed lines). We note that the fluorescence lifetime analysis resolves
states on the nanosecond timescale and is therefore less sensitive to
dynamicaveraging.

Second, to assess the dynamics on the microsecond timescale,
three groups performed filtered-FCS and found at least two relaxation
times (9 +3and 300 + 90 ps; Fig. 6e, Supplementary Table 15and Sup-
plementary Note 16), which were independent of the dyes used (Sup-
plementary Fig.15). We assign the fast process to dynamics within the
detached domains and the slower process tointerconversion between
compact conformations within the conformational ensemble.

Last, weinvestigated dynamics on the millisecond timescale using
adynamic PDA. A global analysis of the apo and holo measurements was
performed using the kinetic model shown in Fig. 6¢ (Supplementary
Note 17 and Supplementary Table 16). The apo state was treated as a
two-state systemwithslow dynamics between adetached ensembleand
awell-defined, compactapo conformation. The rapid dynamics within
the detached ensemble is empirically described using a broad, static
distribution. For the holo measurement, we account for the residual
population of apo molecules. Exchange between the holoand apo states
isirrelevant as the binding and dissociation of RNA occurs on timescales
of more than100 ms (ref. 36). Thismodel incorporates allinformation
and is sufficient to describe the smFRET efficiency histograms. The
dynamic PDA analysis returned a relaxation time of roughly 10 ms
for the dynamics between the detached ensemble and compact apo
state (Fig. 6f, orange curve, Supplementary Fig. 16 and Supplementary
Table 16). We also determined an interdye distance of R, = 61Ain the
RNA-bound holo state, which isin good agreement with 63 A from the
RNA-bound conformation (Protein Data Bank (PDB) 2YH1).

Discussion

We show that smFRET can provide accurate distances of conforma-
tional states and reliable information on conformational dynamics
in proteins. Since all experiments were performed using established
techniques and analyzed with freely available software>®***77"7° such
informationisaccessible to any group with similar expertise. Despite
the challenges of protein samples, we achieved a similar precisionin
FRET efficiencies as reported for dSDNA' (between +0.02 and +0.06)
(Extended Data Table 1). The reproducibility in excluding large-scale
conformational dynamics for MalE on atimescale <10 ms while detect-
inglarge-scale submillisecond dynamics in U2AF2 shows that the com-
munity can deal with dynamic protein systems. In addition, we could
consistently establish the timescales and hierarchy of the exchange
dynamicsinsuchacomplex proteinsystemas U2AF2. The study of com-
plex dynamicsisimprovable by probing additional distances™*"7*°"%,

The high level of agreement is notable given the diversity of the
setups (Fig. 3 and Supplementary Fig. 2) and the number of possible
pitfalls. A large contribution to the spread in the reported mean FRET
efficiencies was caused by systematic errors in the data analysis. This
is supported by a comparison of the FRET efficiency changes
((Enolo) — (Eapo)) instead of absolute FRET efficiency values (Fig. 1d),
which reduced the spread of roughly threefold. Having asingle person
reanalyze the data led to a similar decrease in the uncertainty of the
FRET efficiency for the apo state of U2AF2 (Fig. 2d). Determination of
ywasmost crucialand the optimal approach depends on the details of
the studied system (Supplementary Note 2). In the intensity-based
approach of Lee et al.’*, multiple samples with uniform fluorophore
properties are required or individual corrections need to be made.
When using the approach of Kudryavtsev et al.” via E-t calibration, the
system needs to be static and a single population suffices. A protocol
withunambiguousinstructions for the calibration steps and minimized
number of user-dependent steps would enhance the accuracy of
FRET measurements.

Fromaccurate FRET efficiencies, we obtained reproducibleinter-
dye distances with a precision of 3 A and an accuracy of 5 A against
structural models of MalE (Extended Data Table 1). This is similar to
what was determined for dsSDNA samples. This is a very positive out-
come, given that dsDNA features a consistent, homogenous chemical
environment for each labeling position, in contrast to the variable dye
environment experienced in proteins. The distance determination
could be improved by including the interaction of the fluorophores
withthe protein surface using ACV calculations (Fig. 5d and Methods)®.
Furthermore, we give experimental support (Fig. 5f) for only using
dyes with a combined residual anisotropy of r, .. < 0.25, as suggested
previously”’°. Proteins often exist within a family of conformations
as we observed for U2AF2 (Fig. 6d). Determining how to best deal
with distance distributions for conformational ensembles is one of
the challenges for structural biology.

Investigating different dye pairs allowed us toreduce dye artifacts,
leading to more accurate FRET efficiencies and reliable detection
of the dynamics. Hence, we investigated the detection limits for ds
and studied its relation to conformational dynamics with a subset of
laboratories. Besides conformational motions, dynamic FRET shifts
can occur in different directions and have several origins including
structural instabilities”” or photophysics (as shown in Fig. 5f)*. Thus,
itisadvisable to verify the key findingsin smFRET measurements with
atleast two dye pairs and/or with different residue combinationsinthe
protein. Once the non-FRET-dynamic contributions are minimized, we
still observed significant residual ds for MalE. Consistent with molecu-
lar dynamics simulations (Supplementary Note 13), we interpret these
shifts as small-scale conformational dynamics and established a cur-
rent lower limit for the detection of structural changes viasmFRET on
the order of <5 A.In summary, the consensus of sSmFRET experiments
ontwo protein systems exhibiting dynamic behavior on different spa-
tiotemporal scales obtained blindly from 19 laboratories offers strong
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support for its use as a robust, versatile and quantitative tool for the
coming age of dynamic structural biology. In this context, it will be
crucialtointegrate the correlated structural and dynamicinformation
provided by smFRET" with structural information provided by other
experimental techniques as well as artificial intelligence-based protein
structural prediction®. Considering that protein structure predic-
tion hasreached the single-structure frontier®, the information from
smFRET experiments could leverage the power of artificial intelligence
toresolve more complex multi-state and ensemble structural models®.
Viceversa, the power of artificial intelligence and deep learning can be
usedtoincrease the throughput for the design and analysis of sSmFRET
experiments®,

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
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Methods

Sample preparation of proteins

Double-cysteine mutants of MalE were prepared and labeled using
established protocols®>. Human RRM1,2 L187C-G326C mutant (U2AF2-
148-342) was obtained and purified as described in Mackereth et al.*.

Fluorescence labeling of proteins

All fluorophores were purchased as maleimide derivatives from
commercial suppliers as listed in Supplementary Table 19. MalE was
stochastically labeled as described previously®® with fluorophores as
indicated in the text with a combined labeling efficiency higher than
70%resultinginadonor-acceptor pairing of at least 20%. Protein stabil-
ity and functionality (ligand binding) was verified by affinity measure-
ments using microscale thermophoresis®. All preparations, that is,
MalE-wildtype, unlabeled cysteine mutants and fluorophore-labeled
variants, showed an affinity for maltose between roughly 1 and
2 pM (Supplementary Fig. 5) consistent with previously published
Kjvalues for wildtype MalE’®”, The stability and labeling of the sam-
ple were verified by FCS (Supplementary Fig. 18), which excluded
the presence of larger aggregates in the samples and confirms that
MalE is functional.

U2AF2 was stochastically labeled as described previously in Voith
von Voithenberg et al.’*. The combined labeling efficiencies for the
labeling reactions were 20 and 14% for the Alexa546-Alexa647 and
Atto532-Atto643 pairs, respectively. For Alexa488-Alexa647, the
combined labeling efficiency was found to be 10%. The functionality
of the labeled U2AF protein was checked with affinity measurements
for U9 RNA, whichwas found tobe 1.2 uM (ref. 30), consistent with the
previousreports® (Supplementary Fig. 7d).

Sample handling

Both protein systems required special handling due to sample instabil-
ity or aggregate formation, which are both problematic for long-term
storage and shipping. The labeled MalE proteins were stored in 50 mM
Tris-HCI pH 7.4, 50 mM KCI with 1 mg ml™ BSA at 4 °C for less than
7 d. U2AF2 was stored in 20 mM potassium phosphate buffer pH 6.5,
50 mMNaCl and keptinthe fridge until used. Both samples wereloaded
in low-binding Eppendorf tubes (Eppendorf Germany, catalog no.
0030108094) and shipped oniceinacoolingbox with overnight ship-
pingtoavoid unnecessary freezing and thawing. MalE stock solutions
were on the order of 10 to 100 nM concentration and the sent stock
solution of U2AF2 was 5-10 pM concentration. Dilution buffers for
apo and holo measurements were provided. SmFRET experiments
were carried out by diluting the labeled proteins to concentrations
of roughly 50 pMin 50 mM Tris-HCI pH 7.4, 50 mM KCl supplemented
withtheligand maltose at1 mM concentration. Labeled U2AF2 protein
was measured at roughly 40-100 pMin20 mM potassium phosphate
buffer pH 6.5,50 mM NaCl. Purchased U9 RNA (Biomers.net GmbH and
IBA Solutions for Life Sciences) was dissolved in RNA-free water and
added directly to the solution at a final concentration of 5 uM for the
holo measurements. Both proteins were studied on coverslips typically
passivated with1 mg mI™ BSA in buffer before adding the sample. The
measurements were performed without any photostabilizer to keep
the measurements as simple as possible to avoid any further source
for discrepancies between the groups, for example, degradation of
photostabilizer or use of different photostabilizer concentrations.

SmFRET data acquisition and analysis
Dataacquisition and correction procedures were performed for con-
focal measurements as described by Hellenkamp et al.’®. The samples
were measured using ALEX or PIE ona confocal microscope as sketched
inSupplementary Fig.2. Adescription of the experimental procedures
ofalllaboratoriesisgivenin Supplementary Note 18.

Briefly, the three recorded intensity time traces for each
single-molecule event are:

donor emission after donor excitation : pempex
acceptor emission after donor excitation (FRET signal) : iIAem‘De,(,

and acceptor emission after acceptor excitation : ‘IAem‘Dex.

The apparent (raw) FRET efficiency is computed as:

i
’Aem\ Dex

3)

Eppp = —mm———————
pp = T - s
I’Dem\Dex + IIAem|De)<

Recorded intensities were corrected for background contribu-
tionsas:

iiIDem\Dex = i’Dem\Dex - iléi(,:;f'Dex, )
iiI.t\em\Dex = iIAem\Dex - I‘igg‘nexs (5)
Y pemiaex = Taemiaex — ’,izﬁ,\exs (6)
where /89 1B and /B9 aretherespective backgroundsignals.

Dem|Dex’ "Aem|Dex
Correction factors for spectral crosstalk, « and direct excitation, &,
were determined from the donor- and acceptor-only populations®.
The corrected acceptor fluorescence after donor excitation, Fyp, is
computed as:

Aem|Aex

FAID = iiIAem\Dex -a iiIDem\Dex -6 iiIAem\Aex 7)

The y and g factors, correcting for differences in the detection
yield and excitation fluxes of the donor and acceptor dyes, were
estimated using a global correction procedure following the
approach of Lee et al. (Supplementary Fig. 3)*. Alternatively, when
pulsed excitation was used and the sample is known to be static,
the y factor can be determined by fitting the measured population
to the static FRET line®?% This allows a robust determination of
the y factor when only a single species is present but requires
a static sample and the appropriate static FRET line (Supplementary
Note2).

The accurate FRET efficiency E and stoichiometry S values were
then calculated as:

Fo__fao (®)

¥ Upemipex + Faip

S Y iilDem|De)< + FA\D (9)

Y iilDem|Dex + FA\D + iiI.t\em|.t\ex/ﬁ

Conversion of accurate FRET efficiencies into distances were
done using equation (2) with Forster radii determined as described in
Supplementary Note 7.

Detection of protein dynamics
In this work, we used the following two approaches to detect confor-
mational dynamics:

BVA. In BVA, the presence of dynamics is determined by looking for
excess variance in the FRET efficiency databeyond the shot-noise limit.
The standard deviation (g, ) of the apparent FRET efficiency (,,,) is
calculated using a fixed photon window of n =5 over the time period
oftheindividual bursts given by:
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(10)

_ | Eap(=Eapp)
Ufnvv - n ’

The shot-noise limited standard deviation of the apparent FRET
efficiency is generally described by a semicircle® (Fig. 4a and Supple-
mentary Fig. 11a—-d). In the presence of dynamics, the standard devia-
tion for the FRET efficiency within a burst becomes higher than that
expected fromshot noise. Photophysical effects such as photobleach-
ingandblinking also give rise to the higher standard deviation beyond
the shot-noise limit. Typically, BVA is sensitive to fluctuations in
the FRET signal of 2100 ps, but this depends on the brightness of the
burst and the photon window used.

FRET efficiency versus fluorescence-weighted average donor
lifetime analysis (E-t plots). Two-dimensional histograms of the FRET
efficiency F and donor fluorescence lifetime <TD(A)>r (Fig. 4b and Sup-
plementaryFig.1le-h) were created for single-molecule measurements
using multiparameter fluorescence detection (MFD) in combination
with PIE*, described below. Static FRET lines were calculated using
the following equation:

(11)

and further modified for linker dynamics®. Deviations of FRET
populations from the static FRET line can indicate FRET dynamics,
which can be due to conformational fluctuations or photophysical
dynamics. Inaddition, atime-resolved FRET analysis of TCSPC data can
accurately resolve the distance heterogeneities by revealing multiple
componentsin the decay curve and recovering their specific species
fractions and FRET rate constants®. Dynamics are thus detected from
the presence of multiple components in the subensemble decay of a
single FRET population. In addition, dynamics that are slower than
the fluorescence lifetime (roughly 5 ns) are not averaged in the FRET
lifetime analysis leading to the detection of the full conformational
distribution.

MFD with PIE

MFD, introduced by Eggeling et al.””, combines spectral and polarized
detection with picosecond pulsed lasers and TCSPC, allowing the
simultaneous detection of intensity, lifetime, anisotropy and spectral
range of the fluorescence signal of single molecules. nsALEX or PIE
additionally provides the acceptor lifetime information®. Due to the
availability of the lifetime information when using pulsed excitation,
thisapproach is well suited for using £-t-based analyses.

93

Dye simulations (AVand ACV)

The AV approach uses a simple coarse-grained dye model** defined
by five parameters: the width and length of the linker, and three
radii that define the fluorophore volume (Fig. 5a and Supplemen-
tary Table 10). Using these parameters, AV simulations for both fluo-
rophores were calculated by considering the linker flexibility and
steric hindrances of the labeled molecule (Fig. 5a). In the ACV
model®, the position of the dyes is biased toward the protein surface,
resultinginareduction of the interdye distance for the given labeling
positions. To do this, the residual anisotropy was used to estimate
the fraction of sticking dyes. In the computation of the FRET-
averaged model distances, the occupancy of a thin surface layer
(roughly 3 A) was then increased such that its fraction matches the
amount of interacting dye detected in the experiment (Fig. 5b and
Supplementary Table 10).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The datafor all figures, all supplementary figures, the raw data for MalE
measurements fromalllaboratories (with the exception of one mutant
from onelaboratory) and the raw data for all U2ZAF2 measurements have
been uploaded to Zenodo (https://doi.org/10.5281/zenod0.7472900).
PDBIDsused are 10MP,1ANF, 2YHO and 2YH1. Source data are provided
with this paper.

Code availability

The software used for data analysis are available from the respective
laboratories: laboratory no. 1, PAM (PIE Analysis with MATLAB) soft-
ware package (ref. 79 in the main text); laboratory no. 2, Home-written
LabView-based software (ref. 15in Supplementary Information); Labo-
ratory no. 3, FRETBursts toolkit (ref. 14 in Supplementary Information);
laboratory no. 4, PAM (PIE Analysis with MATLAB) software package;
laboratory no. 5, PAM (PIE Analysis with MATLAB) software package;
laboratory no. 6, PAM (PIE Analysis with MATLAB) software package;
laboratory no. 7, PAM (PIE Analysis with MATLAB) software package;
laboratory no. 8, PAM (PIE Analysis with MATLAB) software package
v.2.0; laboratory no. 9, PAM (PIE Analysis with MATLAB) software
package; laboratory no. 11, data were analyzed with the burst analysis
toolbox (BAT, V2018 and V2019) and filtered and visualized with T3ee
(V2018, V2019) (ref. 84 in Supplementary Information); laboratory
no.12: PAM (PIE Analysis with MATLAB) software package; laboratory
no. 13, IgorPro 8 (Wavemetrics); laboratory no. 14, PAM (PIE Analysis
with MATLAB) software package; laboratory no. 15, Software Package
for Multiparameter Fluorescence Spectroscopy, Full Correlation and
Multiparameter Fluorescence Imaging developed in C.A.M. Seidel’s
laboratory (http://www.mpc.uni-duesseldorf.de/seidel/); laboratory
no. 16, ALEX-suite software package (ref. 88 of Supplementary Infor-
mation); laboratory no. 17, FRETBursts analysis software (ref. 14 of
Supplementary Information) and laboratory no.18, FRETBursts toolkit
(ref. 14 of Supplementary Information).
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Extended Data Table. 1| Average of mean FRET efficiency and standard deviation for MalE and U2AF2 samples reported by
the participating laboratories

Experimental Values Modeled Distances
onq "‘(Eho]o)—(Eapo) ”R(E) * AV ACV
Sample | Condition | p + o RAY [A] RASY [A]
p (E) (E) + 6<Eh010)_<Eapu) ORy [A] (E) (E)
) apo 0.49+0.06 65.4+£2.6 72.0 67.7
MalE-1 holo | 0.672005 | 1770010 e 62.1 58.3
apo 0.83+0.03 50.0£1.9 50.1 48.8
MalE-2 holo | 0712005 | 12120019 Moot 56.5 55.0
) apo 0.913+0.019 43.8+1.7 39.9 38.9
MalE-3 holo 0.920+0.021 0.007+0.010 43.0£2.4 40.8 39.8
MalE-4* apo 0.442+0.025 67.6£1.2 67.8 64.3
holo 0.678+0.017 57.4+0.7 56.9 54.6
MalE-5* apo 0.613+0.003 60.22+0.15 61.8 59.3
holo 0.821+0.001 50.43+0.08 49.3 48.2
o |__apo 0.7420.03 49.6513
U2AFZ™ 0% * | 0.4620.04 60.8£1.7

The calculated average p s and standard deviation g, of the mean FRET efficiency values provided by the participating labs are given for all three studied mutants of MalE labeled with
Alexa546 and Alexa647 under both apo and holo conditions (see Supplementary Table 3). The calculated mean and standard deviation of the difference in the reported mean FRET efficiency
between the apo and holo ((Epoie) — (Eapo)) for the three MalE mutants are given by fg, .1 (c,,,) 8N (g, o) (,,,) FESPECtiVely (see Supplementary Table 3). The calculated average g, and
standard deviation oy, of the mean distances were derived according to Eq. 2. The modeled distances R(A[‘;and R:‘;V are derived using accessible volume (AV) and accessible contact volume
(ACV) calculations respectively, as described in the Methods. We also give the average and standard deviation for the FRET values determined for U2AF2 labeled with Atto532-Atto643 under
both apo and holo conditions (Supplementary Table 4). *Only studied by two laboratories. **Due to the fast-structural dynamics in the sample, only 7 labs studied this mutant and distances
were not determined. *** Only the holo state under holo condition was considered.
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Supplementary Notes

Supplementary Note 1: Comparison between usALEX and PIE.,

With the lifetime information, it is possible to directly access distances and distance
distributions via analysis of the donor fluorescence decay’? and detect dynamics on the nano-
to millisecond timescale in the E-t plot, as we have shown for the apo state of U2AF2. The
advantage of usALEX is that it is less expensive to implement than nsALEX/PIE and that the
continuous wave excitation exerts less photophysical stress on the fluorophores (e.g., bleaching
or blinking) compared to the high peak irradiance for pulsed excitation®>. NSALEX/PIE have
the advantage that they provide the fluorescence lifetime information of the donor and acceptor
fluorophore®*. Via the lifetime information, it is also possible to detect changes of the donor and
acceptor quantum yields due to protein or ligand interactions with the dye. In addition, the
faster alternation timescale of nsALEX/PIE enables higher time-resolution for fluorescence
correlation spectroscopy and reduces the spread in the stoichiometry distribution due to
diffusion of molecules through the confocal volume during the alternation period. Combining
pulsed excitation with polarized excitation and detection*® further adds the fluorescence
anisotropy information on the single-molecule or sub-ensemble level, allowing one to monitor
size changes of the biomolecule (e.g., through the binding of interaction partners) and detect
changes of the local environment of the fluorophore such as dye sticking (as seen for MalE-1)
directly from the single-molecule dataset.

The spread in the results in Fig. 3d indicates that the direct probing of the acceptor in
ALEX/PIE experiments was applied differently by the participating labs. Part of the
participants either used high laser power for acceptor excitation to obtain reliable information
on the labeling stoichiometry, acceptor lifetime and anisotropy by acquiring a maximum
number of photons. Others kept the acceptor excitation power as low as possible to minimize
acceptor saturation and photobleaching®. Regardless of which approach was used, accurate
FRET efficiencies can be determined from the experimentally determined correction factors.
Acceptor photobleaching results in a higher amount of donor-only molecules. In addition,
acceptor saturation leads to dark states that still quench the donor via FRET and appears below
the static FRET line. Acceptor blinking leads to a mixture of donor-only signal, which, in turn,
results in false-positive dynamics.
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Supplementary Note 2: Discussion of y-factor estimation.

Obtaining a reliable y-factor is very crucial for smFRET data analysis and proper determination
of accurate FRET values. While correction for background, spectral crosstalk and direct
excitation can be performed reliably, the detection efficiency correction factor y is much more
difficult to determine and the best approach depends on the sample at hand and the
measurement modality (see Supplementary Note 1, Supplementary Note 18). Popular
approaches for determining the y-factor are 1) requiring that multiple populations on the E-S
plot have the same stoichiometry value’ or 2) ensuring that the FRET efficiency determined
from intensity and that from the fluorescence lifetime fall on the static FRET line, provided the
sample is static*. Alternative methods include fitting a plane to the photon intensities, direct
determination of the detection efficiencies using theoretical computation and a series of
calibration dyes (Popara et al, in preparation), using calibration standards such as the DNA
FRET pairs used in the Hellenkamp et al study or using a mixture of free fluorophores with
identical absorption at the donor excitation wavelength®®. The latter two approaches allow
determination of the detection efficiency correction factor independent of the sample of interest
and allow a good control of the alignment of the system when the same standards are
continually used. However, it is very often the case that the quantum yield of the fluorophores
changes upon labeling and may also depend upon the local environment. Furthermore,
fluorophores may undergo spectral shifts upon labeling. Both effects would lead to an
inappropriate y-factor when they are not corrected for.

An incorrect y-factor introduces systematic errors in the FRET efficiency and the derived
distances, especially for intermediate FRET efficiencies. The difficulties arising from the
y-factor can be illustrated with data from one lab used sub-optimal filter combinations for the
dye pair Alexa Fluor 546 (Alexa546)/Alexa Fluor 647 (Alexa647). This resulted in an
inefficient detection of the red fluorescent signal and a y-factor of 0.09 (Supplementary Table
1; lab #18). Consequently, the determined accurate FRET efficiencies were unreliable, i.e.,
deviating largely from the expected values, and were hence excluded for the calculation of the
averages in Fig. 1. For another laboratory, the correction factors could not be determined due
to lack of a functional red laser (Supplementary Table 1; lab #19). Hence, accurate FRET
values could not be calculated. In a third case, the individual populations could not be clearly
separated in the data due to photoblinking and/or photobleaching that may be potentially caused
by the high laser powers used (Supplementary Table 1; lab #17). An incorrect y-factor can
additionally distort the dynamic shift in the £-t plot resulting either in unphysically negative
or artificially positive apparent dynamic shifts. The absence of negative values for the apparent
dynamic shifts in Fig. 4f indicates that the five participating groups estimated the y-factor well.

In this study, we asked all groups to use a global y-factor for the data analysis of MalE, meaning
that one common y-factor was determined for all six data sets (Supplementary Figure 3). A
global y-factor works well when all samples have the same photophysical behavior. However,
when the labeling position and/or conformation of the biomolecule induces a change of the
fluorescence quantum yield of the fluorophore by local quenching or enhancement, a global
y-factor is no longer strictly appropriate. Here, we observed variations of the fluorescence



lifetimes of the dyes on the order of 5-10% (Supplementary Table 11). This indicates no large
variations of the fluorescence quantum yields between the different samples and justifies the
global y correction. On the other hand, a local y correction can only be done when multiple
conformations with different FRET efficiencies are present in a single measurement, or by
using the lifetime information when the sample is known to be static. The y-factors reported in
this study for the MalE system with dye pair Alexa546-Alexa647 were generally low in the
range from 0.2 to 0.6, with an average of 0.394+0.12 (Supplementary Table 1). Interestingly,
the spread in FRET efficiency between the different groups can be described by an apparent
uncertainty in the y-factor of ~23% (Fig. 3¢) corresponding to an absolute error of £0.07. This
suggests that the uncertainty in the determination of the y-factor contribute significantly to the
uncertainty in the overall FRET efficiency (see Supplementary Note 4).

Error propagation in the population estimate on the y-factor

For the popular approach’ in determining the ¥ and B correction factors, we investigated how the
difference in FRET efficiency between two populations with apparent FRET efficiencies Epg; and the
uncertainty in estimating the individual populations propagates into an uncertainty in the detection
efficiency correction factor. According to Lee etal.’, the y- and S-correction factors are estimated from
the slope X and the offset  of a plot of 1/5,,,,, vs Epg as:

- -1 =Q+1-1 1
"“a+z-1v FT | M

We assume that the population centers in the Epg vs. Sgp, plot are estimated with respective
uncertaintiecs AEpp and ASg,,. From the given apparent FRET efficiencies Epg;, we compute the
apparent stoichiometries S,,,,; for given values of the y and f correction factors as (Lee et al. 2005):

Sapp.i = (1 +yB+ ,8(1 - ]/)Epgli)_l. 2)

The parameters of the linear regression X and () are given by:

1 1
S ,2 - S ,1 1 1 . 3
2= gm’ — Eapp i 1= —XEppy = — X Epp, ®)
PR,2 PR,1 app,1 app,2

The propagated error Ay of the population estimates Epg; and S,y,p,; 0n the y-factor is given by:

2 2
ay 9y
by = | ) (a5 BSammi | +(55,—0wms) @)

i=1,2

where the partial derivates can be obtained using the chain rule from the partial derivatives of £ and Q:

dy dy 90X dy 0Q

u=9x Jutaa ®)

where U € {Sqpp,1, Epr 1, Sapp,2» Epr,2}- The required partial derivatives are given by:

]
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by v dy 1—y

ax B’ - B’
iz 1 1 x 1 A
a5app,1 B Epp2 — Epp1 .Sgppll ’ aSapp,z B Epr2 — Epg1 (_ Sgpplz),
oz b oz )
aEPR,l - EPR,Z - EPR,l; aEPR,Z - EPR,Z - EPR,l ; (6)
0 —Eppy 1 A Epgy 1
aSapp,l B EPR,Z - EPR.l . Sc%pp,l ’ aSapp,Z a EPR,Z - EPR,l . Sgpp,z '
o0 —Epr2 % 2 _ Epr1 5

aEPR,I EPR,Z - EPR,l aEPR,Z EPR,Z - EPR,l

As expected intuitively, all contributions to the uncertainty of the y-factor scale with the inverse of the
difference in the apparent FRET cfficiencies. This behavior is confirmed in a plot of the absolute
uncertainty Ay against the contrast of the apparent FRET efficiencies, Epg, — Epp,1, evaluated at
different absolute values of y (Supplementary Figure SN2.1a). For the computations, the positions of
the two populations were chosen to be symmetric with respect to Epg = 0.5, ie., Epg; = 0.5+
(EpRJZ —-E pRll) /2, and we assumed that 1000 events are collected for each population with a width
OFpr = OSapp = 0.05, resulting in uncertainties of AEpp = AS,;,, = 0.05/4/1000 = 0.0016 as given

by the standard of the mean.

As expected, the uncertainty Ay scales with the absolute value of the y-factor. Interestingly, we also
observe a dependence of Ay on the value of the  correction factor (Supplementary Figure SN2.1a-c).
When computing the relative error Ay /y (Supplementary Figure SN2.1d-f), most curves at intermediate
values of y collapse onto a single line, suggesting that the relative uncertainty is mostly independent of
the absolute value of the correction factors y and . To explore the dependence of the relative error
Ay /y on the absolute values of y and 3, we estimate Ay /y at fixed values of Epg , — Epg 1 0f0.1,0.25,
and 0.5 (Supplementary Figure SN2.1g-1). As expected, the uncertainty is highest for lowest contrast
between the populations. In all cases, Ay/y is minimal at intermediate values of ¥ and f around 1 and
remains approximately constant over a large interval of y and £ values from 0.1 to 3. Notably, most
experimental values for y and £ fall in this range (compare Fig. 3d).

We conclude that, with respect to the linear regression, the contrast between the apparent FRET
efficiencies, Epgp , — Epp 1. is limiting for the uncertainty of the y-factor, which scales approximately
as 1/ (E pr2 — E pRll). Importantly, the absolute values of the y and 8 correction factors have no large
influence on the uncertainty of the y-factor over a wide range of values that covers most experimental
setups. Only at extreme values below 0.1 or above 3 are the absolute values of the y and 8 correction
factors limiting for the accuracy of the y-factor estimation. Experimentally, this was investigated by
Vandenberk et al'®. No strong correlation between the determined y-factor and AEpg were observed.
This suggests that it is not the contrast between apparent FRET efficiencies that limits the accuracy of
the y-factor estimation.
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Supplementary Figure SN2.1: The propagated error of the y-factor based on the uncertainty of the population
estimate of the apparent FRET efficiency, Epp. For the calculations shown here, the uncertainties of the position
estimates of the populations in the Epy vs. Sy, plotare givenby AEp, = AS,,,, = 0.05//1000. The position of
the two populations is chosen to be symmetric with respect to Epp = 0.5, ice., Epg; = 0.5+ (Eppo — Epp1)/2.
a-¢) The absolute uncertainty Ay is evaluated as a function of the difference of the apparent FRET efficiencies of
the two states, Epg , — Epg 1, at the indicated absolute values of the y-factor (see color bar) and 8 values of 1 (a),
0.5 (b), and 2 (c¢). d-f) The same data shown in a-c is normalized with respect to the absolute value of y to compute
the relative uncertainty Ay /y. g-i) The relative uncertainty Ay /y is evaluated as a function of the absolute values
of y and f3, and are plotted for contrast between the apparent FRET efficiencies of 0.1 (g), 0.25 (h), and 0.5 (i).
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Supplementary Note 3: Data re-evaluation procedure for U2AF2.

The apo population for U2AF2 is a single, dynamic population. Hence, E-S plots or £-t plots
are not suitable for determination of the y-factor. In addition, there was an additional
subpopulation with an unusually high stoichiometry. Therefore, we had to find another
approach, discussed below, to accurately estimate the y-factor for this system. In general, the
best protocol for y-factor determination will depend on the properties of the sample being
measured. Reanalysis of the collected raw data of U2AF2 from different labs was performed
using the PAM software!! (Supplementary Table 17). First, a burst search was performed using
an all photon burst search with a threshold of 50-100 photons per sliding time window of 500
us depending on the dataset. For one set of measurements, a lower threshold of 20 photons per
500 us time window was necessary. To remove blinking and bleaching events, an ALEX-
2CDE filter with a lower limit of 5 and an upper limit of 25 was used depending on the data
set. Values may differ depending on the excitation intensities and sample concentrations used
for the measurements'?. After burst selection, background subtraction and correction for
crosstalk and direct excitation were performed as discussed in the data analysis section. Briefly,
for background subtraction, the background signal was obtained from the buffer measurement
and subtracted it from the burst signal. Crosstalk and direct excitation corrections were
performed by calculating the signal in the acceptor channel for donor only and acceptor only
species respectively, after donor excitation and subtracting them from the burst signal. To
determine the detection correction factor, we used the approach of Lee ef al.” (i.e. fitting a line
to 1/Spr vs Epr) as the sample is dynamic and a lifetime approach is not possible. The apo
configuration shows a single, dynamically averaged population so that we had to combine data
from both the holo and apo measurements. We verified that there was no significant change in
quantum yield of the donor and acceptor fluorophores in the absence and presence of ligand by
measuring the fluorescence lifetime of the donor-only species and the acceptor lifetime with
direct excitation. However, we did observe an additional subpopulation with a higher
stoichiometry value (Supplementary Figure 17a). The acceptor is slightly quenched in this
population, but not enough to explain the stoichiometry shift. As the origins of this population
are unclear and simple explanations are insufficient to describe the observed properties, this
population was not incorporated in the calculation of the y-value. The average values of Spr
and Fpr for the three populations (apo, holo — low FRET, holo — high FRET) were determined
from the peak values of a 2D-Gaussian fit in the ES-histograms for the respective populations.
From these peak values, a straight line was fit to the three data points of 1/Spr vs Fpr. Reanalysis
of the data by a single person led to a further improvement of the consistency between
laboratories (Fig. 2d-e). Part of the discrepancy came from the fact that the individual labs used
a global y approach but did not compensate for the presence of the second population. Further
reasons for the discrepancies in the measured data from different laboratories arise from the
fact that the dynamics and RNA binding are temperature dependent (and temperature was not
specified) and that the RNA concentration used in the holo experiments was insufficient to
saturate protein binding leading to a mixture of apo and holo proteins in the "holo"
measurements.



Supplementary Note 4: Error propagation of the uncertainty of the y-factor on the
FRET efficiency E.

To support the hypothesis that the spread of the reported FRET efficiency E values for the
different MalE mutants is caused by inaccuracies of the experimental calibration, we derive
below how the uncertainty of the detection efficiency correction factor y propagates into the
uncertainty of the measured FRET efficiency. We also investigated the propagation of error for
all other correction factors (donor leakage, acceptor direct excitation, and background in the
donor and acceptor channels) to show that only the propagated uncertainty of the y-factor
follows the parabolic trend of the observed uncertainty in Fig. 3e. Lastly, we discuss the relative
contributions of the uncertainties of the different correction factors.

L. Error propagation of the y-factor on E

To support the hypothesis that the spread of the reported FRET efficiency E values for the
different MalE mutants is caused by inaccuracies of the experimental calibration, we derive
how the uncertainty of the detection efficiency correction factor y propagates into the
uncertainty of the measured FRET efficiency. Using the nomenclature introduced by
Hellenkamp et al.'* | the apparent FRET efficiency before y-factor correction iiiEapp is given

by:

Fap
liig = — B AR (4.1)
PPl pex F Faip

where 1] is the background-corrected donor intensity after donor excitation, and F,p is
Dem |Dex AlD

the cross-talk and direct excitation corrected acceptor fluorescence after donor excitation, given
by:

i i _&ii
FA|D - IAemlDex a [Dem|Dex 8 IAem|Aex' (42)

Here, %1, _\p_ isthe background-corrected acceptor intensity after donor excitation, I, A
em | ex em | ex

is the background-corrected acceptor intensity after acceptor excitation, and « and & are the
correction factor for donor crosstalk and acceptor direct excitation respectively.

The fully corrected FRET efficiency E is then given by:

Fap 1 -
E =— = S 1 4.3
14 111Dem|Dex + FAlD <y <1uEapp ) " > ( )

Using standard error propagation, the uncertainty of the FRET efficiency E due to the

uncertainty of the y-factor is given by:
oE
AE = |—| 4y, 4.4
5] a7 4.4)

where Ay is the uncertainty in y, and |0F /dy| is the partial derivative of E with respectto y.
The partial derivative is given by:
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BE‘ _E(1-E)
=

14
Thus, the propagated uncertainty is given by:
A
AE =E(1- E)TV (4.5)

This equation was fit to the experimental data in Fig. 3¢ of the main text, yielding an estimated

uncertainty of the y-factor calibration of Ay/y =0.23.

To estimate the absolute (rather than the relative) error in y from the data, we calculated Ay
directly from the reported FRET efficiency E and y-factor for each lab by rearranging Eq.
4.5:

AE

D) (4.6)

Ay =y

From the obtained values for Ay for the different labs, we obtain an average value of Ay =
0.071 £ 0.051 (mean = standard deviation).

II. Error propagation of the remaining correction factors on E

Hellenkamp et al.'3 have provided explicit expressions for the propagation of all relevant error
sources into the derived FRET-averaged distance jo?. Analogous expressions have been
provided by Peulen et al.! Here, we compare the uncertainty of the FRET efficiency AE, which
relates to the uncertainty of the distance as:

oE

AE =‘ = AR, 4.7)
R
DA

is the absolute value of the partial

. . . a
where AR,(JEA? is the distance uncertainty and |FJ(EE>
DA

derivative with:

-1

REN®
E=|1+ % (4.8)
0

and:

9E | 6E(1-E)

EY T (E)
aRDA RDA

(4.9)

For the propagated uncertainty of the correction factors for donor leakage () and acceptor
direct excitation (§) on F, we obtain according to Hellenkamp et al.!3:

= —(1 — &) Aa
14
AEs = (1 — E)BAS, (4.11)

AE

a

, (4.10)



where f3 is the correction factor for the different excitation flux of the donor and acceptor
fluorophores. For the contributions of constant background signal in the donor or acceptor
channel (bgD and bgA, respectively), we obtain according to Hellenkamp et al.'3:

3 B AIBC
AEpgp = [yE +a(1 E)]—<F) , (4.12)
o AIBS
AEygp = (1 -E) % (4.13)

where AIBC and AIBC are the uncertainties of the estimated background signal in the donor
and acceptor detection channels and (F) is the average sum of the corrected donor and
acceptor fluorescence collected during a single-molecule event.

The total uncertainty of the FRET efficiency is then given by:

AE = J (AE)? + (AE,)" + (AEg)? + (ABygp)” + (AEpga) (4.14)

I1I. Identification of the uncertainty of the y-factor as the dominant error source

Our assumption that the uncertainty of the y-factor is the dominant source of calibration error
is based on the following experimental, methodical, and theoretical arguments.

a) Inaccuracies of other correction factors propagate into the determined y-factor

The corrections applied here and in Hellenkamp et al.'3 proceed through a step-wise workflow
of background subtraction and correction for donor crosstalk and acceptor direct excitation,
after which the correction factors y and /5 are estimated from the apparent FRET efficiency
and stoichiometry (see Online Methods). Any inaccuracies of the background count rates and
correction factors & and § must thus propagate to the correction factor y. Hence, we argue that
the y-factor effectively consolidates the uncertainties of all correction factors and serves as an
adequate measure for the total calibration uncertainty.

b) The y-factor adds the largest uncertainty to I over the probed distance range

To compare the relative contributions of the different correction factors to the total uncertainty
AE, we assess the expected propagated errors according to Eq. 4.5 and 4.10-14. For the absolute
values of the correction factors a, 5, y and §, we use the average values of the participating
labs reported for the MalE system (Fig. 3d and Supplementary Table 1). For the relative
uncertainties, we follow the estimates given in Hellenkamp et al.’® of Aa/a = 0.1, Ay/y = 0.1
and A§/8 = 0.1. This results in the following values for the correction factors and their
uncertainties: a = 0.048 £ 0.005, f = 1.6 (no uncertainty needed for propagation),
y=038+004,and § =0.12+0.01.

The uncertainty of the background signals AIBS and AIBS has previously been estimated to be
of the order of ~1 photon per burst with a mean number of fluorescence photons per burst of
(F) = 503 Here, we argue that the error due to background signal was previously
overestimated. We found that an average of 90 & 40 photons were detected by the participants
over a typical burst duration of 1.7 £ 0.9 ms. Background count rates can generally be
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quantified from buffer measurements or even extracted from burst measurements*!*!> with a
high accuracy and reproducibility of AIB¢/1BG <0.1. Given typical background count rates of
1-2 kHz, we expect an average of 2-3 background photons per burst with an absolute
uncertainty of 0.2-0.3. Therefore, we assume AI5¢ = AIB¢ = 0.25 and (F) = 90, leading to a
lower value for the factor AIBG/(F) in Eq. 4.12-13 of 0.003 compared to the value used in
Hellenkamp et al.'> of AIBC/(F) = 0.02. When the background is not constant but fluctuates,
the uncertainty in the background will increase.

Based on the estimated correction factor values and uncertainties, we plot the propagated error
of the different calibration factors in Supplementary Fig. SN4.1. Over the range of mean FRET
efficiency values probed in this study for the MalE system (i.e. between 0.49-0.92), clearly the
uncertainty caused by the y-factor provides the largest contribution to the total calibration
uncertainty. At FRET efficiency values below 0.25, the contribution of the correction factors
for direct excitation (§) and crosstalk (a) become significant. Note that we assumed a lower
contribution of the background signal to the uncertainty compared to Hellenkamp et al.!3 as
discussed above.

¢) The observed trend of AE can only be described by an uncertainty in y

The dependence of the observed uncertainty of the FRET efficiency A~ on the FRET
efficiency, E, clearly follows a parabolic trend (Fig. 3¢). Based on the error propagation of the
different correction factors, only the y-factor follows a parabolic shape of the form AE,, o
E(1 —E) (Eq. 4.5), while the remaining propagated uncertainties show either a monotonic
decreasing or increasing behavior (Eq. 4.10-13). This supports the notion that the uncertainty
of £ is dominated by a calibration uncertainty of y.
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Supplementary Figure SN4.1. Error propagation of calibration uncertainties on the FRET efficiency, AE.
The contributions of the uncertainty in different correction factors to the total uncertainty are given as colored
lines (AE,, crosstalk; AEs, direct excitation; AE,,, y-factor; and AL}y, and AE,g,, background in donor and
acceptor channels). The total uncertainty, 4F, is given as a gray line, evaluated according to Eq. 4.14. The
following values and uncertainties were used for the correction factors: a = 0.048+0.005, § = 1.6, y = 0.38+0.04,
& =0.12+0.01, and AIBC¢ /(F) = 0.003.
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Supplementary Note 5: Estimation of the experimental dynamic shift.

In BVA, the standard deviation of the apparent FRET efficiency, OF app> is plotted against the
apparent FRET efficiency, E,p, (Fig. 4a). For the E-T plot, usually the accurate FRET
efficiency E is plotted against the intensity-averaged donor fluorescence lifetime (Tp(4))r (Fig
4b). For the estimation of the dynamic shift, (T4} is normalized with respect to the lifetime

of the donor in the absence of the acceptor, 7pq), to constrain both axes to the interval of [0,1].

To determine the peak position of the single-molecule population, we fit the distribution of
single molecule events in the E-(Tp(4y)r/Tp(o) or BVA histograms using a superposition of M

two-dimensional Gaussian distributions. Each Gaussian distribution is described by an
amplitude 4;, a vector of the central coordinates p;, and a covariance matrix ;!

f@) =S A o) E] Zexp (— 26— p)Z M- ) ), 5.1)
where y; is a row vector of length 2, and X is a 2-by-2 symmetric matrix whose diagonal
elements and non-diagonal elements are the variances and covariances, respectively.
Depending on whether the analysis is applied to the E-t or BVA plot, the coordinate row vector
x is given by x = ((’[D(A))F/TD(O), E) or x = (Eapp, oEapp), respectively. The model
parameters are determined using a maximum likelihood estimation. The required number of
populations needed to adequately describe the data is determined visually. When more than
one bivariate normal distributions (M > 1) is needed to describe the data, the position of the
component with the highest amplitude is taken. After the position of the major population is
determined, we estimate the dynamic shift as described below.

For BVA, the dynamic shift is defined as the distance of the population center along the vertical
(0gya) axis from the static FRET-line, given by:

fE (1= Eapp)
OFapp — = n = ’ (5.2)

where n is the number of photons per window used to estimate OFapp (here, n = 5). To provide

consistency with the procedure proposed by Torella et al.!®, we compute the dynamic shift for
the main population based on the average value of Og,,, Over a FRET efficiency interval given

by its estimated mean and width, [“Eapp — Wg, o BEp, T WEapp], where HE,pp and Wg,,, are
the center position and width of the main population in the (Eapp, O-Eapp) plot.

For the E-7 plot, the dynamic shift is defined as the minimum distance from the peak of the
population to the static FRET line, given by:

B <TD(A))F

E=1 (5.3)

Tp(o)
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Generally, a linker correction for the static FRET-line is performed!”. As a result, the static
FRET-line is slightly curved. The dynamic shift is thus not necessarily the orthogonal distance
to the static FRET line and was determined numerically. Lastly, the dynamic shift is assigned
a positive or negative sign depending on whether the population lies above (positive) or below
(negative) the static FRET line.



Supplementary Note 6: Prediction of the expected dynamic shifts.

Analytical expressions were derived to predict the maximum expected dynamic shift for a
dynamic exchange between two conformational states with FRET efficiencies E and E® in
the E-t and BVA plots.

I. The dynamic shift in the E-t plot

For the E-t plot, i.e. a plot of the intensity averaged FRET efficiency E against the normalized

intensity averaged donor fluorescence lifetime (Tp(4))r/Tp(o), the maximum dynamic shift is
‘venls -

given'® :

2

1
dS(E—‘L') :\/—7(\/1—E(1) —\/1—E(2)) (61)

This equation is derived by considering the maximum deviation between the ideal static FRET-
line, given by:

(TD(A))F

(stat) __
Eg—=1- ' 6.2)

(E-1) TD(O)

where (Tp(4))r and Tp o) are the intensity-weighted average donor fluorescence lifetimes in the
presence and absence of the acceptor, respectively. Binary dynamic exchange between two

limiting conformational states with FRET efficiencies £ and E®) and the corresponding
® 2

donor fluorescence lifetimes 7,7,y and 7,y is described by the dynamic FRET-line for
exchange between two states'”:
1 (2
Fa) _ g _ "o 63)
(E-1) — (1 (2) ) .
Tp(o) (TD(A) T o) ~ (TD(A))F)
Using the relations:
@  _ D). § —
Doty = To (1 —EP); i=12 (6.4)
we can then write Eq. 6.3 as a function of the FRET efficiencies:
(dyn) _ (1 — E(l))(l — E(Z))
E(E—r) =1- (t )
(2 —EW _E®@ _ M) (6.5)
Tp(o)

The difference between the static and dynamic FRET-lines along the FRET efficiency axis,
Ag, as a function of (Tp4))# is then given by:

_ (dyn) (stat)
Ap = E(E—‘r) - E(E—t) (6.6)
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(ol (1-EW)(1-ED)

Tn(0) (2 _EW _ @ _ “5(_?))”) ©6.7)
D0

AE(<TD(A)>F) =

The function Ag ({tp(4))r) is unimodal and the maximum depends on the FRET efficiencies of
the limiting states, ¥ and E®:

2
AE,max = (\/1 - E(l) - \/1 - E(Z)) . (68)
We define the dynamic shifi, ds; -, as the maximum deviation of the dynamic FRET-line
measured orthogonal to the static FRET-line (see Fig. 4b), which introduces the factor of 1/+/2:
AE max 1 2
g CEMax _ _~ ([ pm _ 1 @
dS(E—‘r) = \/E \/E(\/]. E \/1 E ) . (69)

II. The dynamic shift in BVA

For the BVA plot, the maximum dynamic shift is defined as the maximum distance of the
dynamic FRET-line from the static FRET-line along the y-axis, i.e., the estimated standard
deviation of the apparent FRET efficiency, oz, (see I'ig. 4a). The static FRET-line in BVA,

describing the shot noise variance, is given by!© :

’E (1= Eapp)
(stat) __ app app
Op, = — (6.10)

where n is the photon averaging window used to estimate the standard deviation. For the
dynamic FRET-line in BVA describing the exchange between two limiting conformational

states with apparent FRET efficiencies E. srl,)p and Ea(lz,)p, we need to consider the excess variance
caused by the conformational exchange. The contributions of shot noise, described by Eqn.
6.10, and the conformational exchange are not additive. The variance of the signal does not
depend on the time dependence of the fluctuations. Thus, it is not important to know at what
time points transitions between the limiting states occurred. It is only important what fraction
of time the molecule spent in each individual state. For a two-state system, the expected

variance in the presence of shot-noise and conformational dynamics is given by:

VarM(E,,.)

[ (1) (1)
Eapp(1 - Eapp) 1) 2

=h n + Ea(p)p
i (6.11)
[ -(2) (2)
Eapp(1 - Eapp) 2) 2 2

by | B g2l (e 0
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where f; and f, are the fraction of time spent in the respective state with f; + f, = 1, and the
apparent FRET efficiency is given by E,p,, = flEé;,)p + £ Eéf))p. The standard deviation of the
apparent FRET efficiency for a dynamic exchange is then given by:

(dyn) _
OB app _,’Var(dyn)(Eapp)' (6.12)

The dynamic FRET-line in BVA is then obtained by varying the fraction of time spent in the
limiting states, f; € [0,1].

To derive Eq. 6.11, we start by expressing the variance as the difference between the expected
value of the squared apparent FRET efficiency E[E;fpp] and the square of the expected value

E[Eapp]z, that is:

Var(Eapp) = E[EZ,p] — E[Eapp]z' (6.13)

Here, E[X™] is the expected value of a continuous random variable X™ with m € {1,2}, defined
by:

E[X™] = meP(X) dX. (6.14)

In BVA, the number of photons per sampling window, n, is constant. The probability to

observe an apparent FRET efficiency, E| is thus equal to the probability of observingn, =

app »
nE,pp acceptor photons among the n detected photons, which is given by a binomial

distribution:

. n N N4 : n-ng
P(Eapp) = P(nA = nEqpp Eesgp'") = (nA)EaEgp (1 - Eeggp) ’ (6.15)

@

where ny is the number of acceptor photons and E;,

is the ideal apparent FRET efficiency of

the molecule in state 7.

We assume that the conformational dynamics are slow compared to the sampling frequency of
the standard deviation, which is defined by the average time needed to detect n photons. Then,

in the presence of conformational dynamics between two states with apparent FRET
efficiencies E,.g,)p and Eéf,)p, the probability to observe a given average apparent FRET
efficiency E,p, in a sampling window of n photons is given by the weighted average of the

binomial distributions for the two limiting states:

1
Esp)p,n) +f2P(nA =nEupp

P(Eapp) = flP(nA =N Eapp E;f,%,, n), (6.16)

where f; and f, are the probabilities that the molecule is in state 1 or 2, respectively (with f; +
f> = 1). This follows because the molecule is found exclusively in one of the two limiting
states during each sampling window of n photons.

We can now calculate the expected value of the apparent FRET efficiency Eyp, as:

15
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— ® 2
E[Eapp] = hifapp + f2Eapp: (6.17)
The expected value of the squared apparent FRET efficiency, E[Eé’“pp], is given by:
E[E:fpp] = fEa%ppP(Eapp) dEapp
= fl f E:?ppp(nA = nEapp

+f, f E2pP(na =1 Eapy

o)
Eapp: ") dEapp (7.18)

@
Eapp,n) dEqpp

The integrals represent the expected value of the square, E[X?], i.e., the second moments, for
a binomial random variable. Using the definition of the variance as given in Eq. 6.13, E[X?]
can be calculated as:

E[X?] = Var(X) + E[X]* = np(1 — p) + n?p?, (6.19)

where n and p are the attempt number (i.e. number of photons in the averaging window, n) and

success probability of the binomial process (p = E;Qp), and X is the number of successes (here,

X =ny = nkE,pp ). The apparent FRET efficiency is given by E,p, = n,/n. Thus, for state i,
the expected value of the squared apparent FRET efficiency, E®) [Egpp], is given by:

E(l‘) (1- E(i)

E(i)[Egpp]z = n o +E§Qp- (6.20)

Finally, the variance of E,,, is given by:

Vart"(Eyp,) = E[Edp] - E[Eapp]z

[ (1) (1)
Eapp(1 - Eapp) " E(l) 2
n app

=f
(6.21)

i () (2 1
Eapp(l - Eapp) 2 2
+ fz —n + EaE;Z))p - (flE;E;l))p + szaEE;) ’

where the fractions of the limiting states are defined by the observed average apparent FRET
efficiency Eypp, = flE(l) + fZE(Z) This is Eqn. 6.11. The fractions are given by:

app app-
(2)
Eapp — Eapp
= —E(l) _ E(Z) i =1-fi (6.22)
app app

The dynamic shift in BVA is then defined as the maximum difference between the static and
dynamic FRET-lines:
— (dyn) (stat)
dS(BVA) - 11;231)3( [GEapp (Eapp) — o5 (Eapp)]- (6.23)

Eapp

Since no analytical expression was found for Eq. 6.23, it was evaluated numerically.
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Supplementary Note 7: Ry determination for the AlexaS46-Alexa647 dye pair for MalE,

The Forster radius, Ry, is given by

Jy Fp(M)ea@) 2* da
Jo Fp(2)da

91n (10) x?
R06 = —0p

= " 3
128 > Ng i,

(7.1)

where k2 is the orientation factor, Qp, the quantum yield of the donor, Fp, (1) is the fluorescence
emission spectrum of the donor, £4(A) is the absorption spectrum of the acceptor (scaled with
the appropriate absorption coefficient), N, is Avogadro's number and n;,, is the index of
refraction in the intervening medium. For an appropriate Ry determination, it is necessary to
determine the fluorescence quantum yield of the donor labeled to the molecule of interest as
well as the overlap integral.

7.1 Fluorescence quantum yield ®r p

The fluorescence quantum yield of the donor dye Alexa546 covalently bound to the protein
was determined using Rhodamine 6G as a reference.

a b 0o ¢
0.08 = 5 7000
= 80 <,
@,
© 8 0.06 = g 6000
503 8 60 g
g 5004 8 g 5000
o @ @ 40 o
< 2 ® S 4000
o =
0.02 3 90 =
r £ 3000
0.00 H 0
450 500 550 600 550 600 650 7.5 10. 125 15. 17.5 20.
Wavelength [nm] Wavelength [nm] Absorbance at 510 nm (x10°%)
_ 400 — 35000
5 s
3 ) S, 300 < 30000
© 3 [}
£ g 3 g 25000
E £ § 200 3
3 g 3 3 20000
2 2 ¢ S
, = £ 10000
. 0
450 500 550 600 550 600 650 20. 30. 40. 50. 60.
Wavelength [nm] Wavelength [nm] Absorbance at 510 nm (x10°%)

Supplementary Figure SN7.1. Exemplarily fluorescence quantum yield determination for MalE-1. (a) The
absorption spectrum of MalE-1 labeled with Alexa546 (top) and Rhodamine 6G (bottom) at 0.5, 0.625, 0.75 and
1 uM concentration. (b) The emission spectrum of MalE-1 labeled with Alexa546 (top) and Rhodamine 6G
(bottom) at 0.5, 0.625, 0.75 and 1 uM concentration excited at 510 nm. (¢) The integrated fluorescence of MalE-
1 labeled with Alexa346 (top) and Rhodamine 6G (bottom) plotted against absorbance at 510 nm at 0.5, 0.625,
0.75 and 1 uM concentration and linear fit to the data points (line). Assuming a fluorescence quantum yield of
91% for Rhodamine 6G, the quantum yield for MalE-1 labeled with Alexa546 was determined using the ratio of
the slopes.

The absorption (Supplementary Figure SN7.1a) and emission spectra (Supplementary Figure
SN7.1b) at 510 nm excitation wavelength were measured for four different dye concentrations
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in the range of 0.5-1.0 uM for the sub-stoichiometrically labeled donor only samples and
compared to Rhodamine 6G in water. A linear fit to the integrated fluorescence intensity

fow Fp (1) dA for 510 nm excitation as a function of concentration provides two slopes: M ;546
and mpe; (Supplementary Figure SN7.1c¢).

The fluorescence quantum yield of the donor Alexa546 is calculated from the slopes of the
linear fit as

Qpp = 2 P e (7.2)

MR6G

where ®ppee = 91 + 2% is taken from literature®”. The quantum efficiency of Alexa546
bound to the protein was found to be 72 & 4%. This is similar to the quantum yield of Alexa546
alone in PBS given in the molecular probes handbook of 0.792!.

7.2 Overlap integral J

The overlap integral was calculated using the emission spectrum Fp, (1) of the donor only
sample and a normalized absorption spectrum of the acceptor &, scaled to the literature
extinction coefficient £4(1) = &4 &, using:

Jo Fp(ea() 2* da
Jo Fp(®) da

] = (7.3)

1.5x10" =

—_ 5
2 s
<, <
c 1.x10% <2
= K=
] o
O

& 5.x10"? %
>

o)

”~ O
550 600 650 700
Wavelength [nm]

Supplementary Figure SN7.2. The overlap integral of Alexa546-Alexa647. The normalized emission
spectrum of Alexa546 (green) and absorption spectrum of Alexa647 (black) plotted along with the overlap integral
shown in gray for the MalE-1 mutant.

The overlap integral is illustrated in Supplementary Figure SN7.2 (gray area) resulting from
the donor emission (green) and acceptor absorption (black) spectra.
7.3 Forster radius calculation

For calculating Ry, we have used the following values:

Orientation factor k2: 2/3

Averaged refractive index n;,, (ref. ). 1.4

Extinction coefficient at maximum &, (ref. 22): 265,000 OD/(M cm)
Fluorescence quantum yield ®g p: 72 £ 4%

Overlap integral /: 7.0 = 0.1 x 10® nm*/(M cm)

18



(assuming that the given extinction coefficient is precise) and determined to be Ry, = 65 +
34 considering uncertainties in x2of 10% and in n;,, of 5%. This differs significantly from
the manufacture’s published Ry of 74 A%,

The absorption and emission spectra were measured using singly labeled donor and acceptor
mutants for MalE-1, MalE-2 and MalE-3. For other dye combinations used in this study, the
following Férster radii were used: R, (Alexa546-Abberior STAR635P)=62.5 A, R, (Atto532-
Atto643) = 59.0 A and R, (Alexa488-Alexa647) = 52.0 A.
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Supplementary Note 8: Estimation of the residual anisotropies.

To improve the robustness of the analysis, the residual anisotropies were determined via two
approaches, from the steady-state intensities (“ss”’) and from the time-resolved data (“#r”"). The
values reported in Fig. 5e-f of the main text correspond to an average value of the two estimates.

a) Residual anisotropies from steady-state intensities

Using single-molecule multiparameter fluorescence detection (MFD)®, steady-state
anisotropies, 7y, in each detected single-molecule event were calculated from the background-
corrected photon counts registered in the parallel and perpendicular detection channels as
described in detail in reference 2*. Next, we plotted the obtained rygversus the intensity averaged
fluorescence lifetime {7)p to analyze their relation by the Perrin equation?>2¢. Here, we assume
that the anisotropy decay can be described by two depolarization components?”: (i) the global
rotation of the protein, pgiopar, of approx. 20 ns, and (ii) a second component of ~ 0.5 ns
describing the local dye motions, pyipker, With amplitudes Xgioha = 1 — Xjinker and Xjinkers
respectively:

X 1—xy
Ths = To linker linker . (8.1)
1+ (T)F 1+ (T)F
Plinker pglobal
The residual anisotropy is defined as the amplitude of the global rotational motion as:
7/'oo,ss = 7AO(]- - xlinker)r (82)

where Xjjker 18 given by:

X s 1 1 _ 1
linker — To 14 (D) 14 (D F 14 @ (8-3)
Pglobal Plinker Pglobal

and the fundamental anisotropy 1y is assumed to be 0.38 for all dyes used here.

b) Residual anisotropies from the time-resolved anisotropy analysis

For the single-cysteine variants, the time-resolved anisotropy decay, r(t), was obtained from
ensemble TCSPC experiments. For some variants where single-cysteine mutants were not
available, r(t) was obtained from the single-molecule MFD experiments using a sub-ensemble
selection of double-labeled molecules by applying an adequate value of the ALEX-2CDE filter.
When needed, the bursts are additionally filtered using the stoichiometry value. From the
selected double-labeled molecules, the fluorescence decays were obtained for the donor
emission channel after donor excitation (D,,|D,,,) and the acceptor emission channel after
acceptor excitation (4,,|4.,). Note that, using this selection, the donor fluorescence lifetime is
shortened by FRET to the acceptor. The anisotropy information was obtained from a global fit
of the fluorescence decays Fyy (t), Fyy(t) and Fy (1), where VV and VH denote vertically (V)



and horizontally (H) polarized emitted light upon vertical excitation (V), respectively and VM
represents the fluorescence lifetime decay measured at the magic angle (~54.7°) of the emission
polarizer after vertical excitation. Here, the VM decay was not measured but rather constructed
by mixing the VV and VH decays and with the experimentally determined g-factor and
correcting for polarization mixing in the beam path of the high NA objective using the factors
I, and 1,?*%8 as follows:

Fyp(t) = (1 = 3L)Fyy () + gyuyvw (2 — 3L)Fyu () 3.4

Since correction for polarization mixing is only needed when using a high NA objective, they
were not needed for the analysis of ensemble TCSPC measurements of single-cysteine mutants
(Supplementary Table 11) and the I; and I, correction factors were set to zero. For the
anisotropy analysis of sub-ensemble data (Supplementary Table 5) acquired using confocal
single-molecule setups, values of [;=0.0308 and I, = 0.0368 were used for samples labeled
with Alexa Fluor 546 or Atto532 as the donor dye, and [;=0.0175 and [, = 0.0526 for samples
labeled with Alexa Fluor 488 as the donor dye. These values were determined with the
following procedure using the enhanced Yellow Fluorescent Protein (eYFP). eYFP has a slow
rotational correlation time of p = 16 ns, a monoexponential lifetime decay with t = 3.2 ns and
a fundamental anisotropy of 1, = 0.39. To determine the I; and [, correction factors, we
performed a global fit of polarization resolved signals of eYFP with fixed p and r,. When 1 is
previously determined from a measurement at the magic angle, it can be fixed as well in the
fit, reducing the number of free fit parameters.?! Including the magic angle decay Fy(t) in a
global analysis significantly improves the stability of the fit and increases the robustness of the
fluorescence lifetime estimation.

The experimental decay curves F(t) are described based on the idealized model decays f(t).
The relation between time-resolved anisotropy and polarization resolved fluorescence decays
f(t) is given as follows? :

(8.5)
(8.6)

1
fov(@) = §fVM(t)(1 +(2 = 3lr(®);
fru () = %fVM(t)(l -(1- 3l2)r(t)),

The magic angle decay, f,3(t), is modelled by a multi-exponential function:

fom(®) = Fy Z %,exp (_ i), 8.7)

- i
i

where 7; denotes the fluorescence lifetimes and x; are the fraction of molecules with the

corresponding lifetime, and F; is a scaling factor that normalizes the integral of the model

decay to the integrated experimental signal (i.e., the total measured counts). Similarly, the time-

resolved anisotropy is modelled as:

t t

t (8.8)
* Xiinker€XpP <_ ) + Xglobal€XP | — »
Plinker pglobal

r(t) =1 (xdyeexp <—

pdye
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where p; is the depolarization time of species j with anisotropy amplitude b; = 15x;. As above,
we consider the global rotation of the molecule on timescales longer than 10 ns (pgiopal >
10 ns) and the local mobility of the tethered label including the linker on the nanosecond scale,
which is accounted for using two components, one for the linker movement (pyipker ~ 1-5 ns)
and the other for fast rotation of the dye (pgye ~ 0.3-0.5 ns). Due to the slow, global rotation,
this equation becomes equivalent to the cone-in-cone model?®. The contribution of a specific
process to the overall depolarization of the fluorescence signal is determined by the species
fraction x;, with },; x; = 1. The fundamental anisotropy is taken to be 7y = 0.38 for all dyes.
The contribution of global rotation of the macromolecule to the total depolarization of emitted
light represents the residual anisotropy, 7o ¢, given by 7o, 1 = TXglobal-

The model decays are then convolved with the corresponding polarized component of the
instrument response function (IRF):

Fyy(t) = fyy (D) RIRFyy (t) + scyyIRFyy (t) + Byy, (3.9
Fyu(t) = gvnwv fru(@®IRFyy(t) + scyyIRFyy () + Byy, (3.10)
Fym (@) = fum(®RIRFyp(t) + scyy I RFyy (L) + By, (8.11)

Here, Byy, Byy and By account for constant background signal, the factors scyy, scyy and
scyp describe the contribution of scattered laser light, and the factor gy 4y corrects for the
different detection efficiencies in the two detection channels VV and VH and @ denotes a
circular convolution. Here we apply a circular convolution because the full microtime range is
used for the analysis, resulting in a periodic signal. Note that the idealize curves, f(t), have
been normalized to the total measured number of counts in Eqs. 8.5 and 8.6 via Eq. 8.7. Prior
to the convolution, the IRF is corrected for uncorrelated background signal, e.g., due to the
detector dark counts, and a time shift of the IRF is applied to correct for shifts that arise due to
count rate differences between the IRF and fluorescence decay measurements. Similar to the
Fyu (t) decay, its corresponding [RFy,(t) was constructed by mixing IRFyy, (t) and IRF, ()
according to Eq. 8.4.

The quality of the fit was judged using the reduced chi-squared, y2. Analysis of the time-
resolved anisotropy was done using the software package ChiSurf, a GUI-based suite
composed of a collection of Python scripts for various types of fluorescence data analysis,
available at https://github.com/Fluorescence-Tools/chisurf.

¢) Computation of the average residual and combined anisotropies from steady-state and
time-resolved measurements

For the steady-state anisotropy, assumptions regarding the rotational times are needed, which
improves the robustness of this calculation. Time-resolved anisotropy requires no assumptions,
but results in higher uncertainties. Hence, to increase the overall robustness of the analysis, we
take the average of the residual anisotropies from the two approaches to compute the average
residual anisotropy, (7o) ey ss:



_ Yoo tr + Teo,s5
(roo)tr,ss - T

The uncertainty A(r);,ss Was obtained as the standard deviation of the two estimates,

(8.12)

corresponding to:

|roo tr — To ssl
ATy epss = ootr—Toss] (8.13)
tr,ss \/E
The combined residual anisotropy was then computed as a geometric average:
(rc,oo)tr,ss = \/(roo,D)tr,ss ) (roo,A>L"r,ss: (814)
and the corresponding error was obtained using standard error propagation as:
1 (roo,D> . <r00,A) ,
A(<rc,oo)tr,ss) =35 2D (A<roo,A)tr,ss)2 + — AT (A<r00,D>tr,ss)2- (8~ 15)
2 (Too,A)tr,ss <Too,D)tr,ss
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Supplementary Note 9: Calculation of distance uncertainties according to the “diffusion
with traps” model.

Anisotropy measurements of fluorophores tethered to the surface of biomolecules indicate that
the dye motion is commonly not isotropic despite the use of long, flexible linkers. Estimating
a precise value of the orientational factor k2 is generally impossible as it would require
knowledge of the mutual orientations of the transition dipole moments of the donor and
acceptor molecules and their orientation with respect to the inter-dye distance vector. However,
one can restrict the possible k% values to a range that is compatible with the experiments with
the help of the experimental anisotropy data. Previous approaches have estimated the
uncertainty in x? from the residual anisotropy in terms of rotational restrictions®*3!. Here, we
adopt a different approach termed the diffusion with traps (DWT) model®? that provides an
uncertainty in the measured donor-acceptor separation due to the unknown orientation factor,
k%, based on the experimentally obtained fractions of trapped dye species and FRET
efficiencies. The fraction of trapped dye species is obtained from the fluorescence anisotropy
decays of the donor and acceptor fluorophores as a ratio of the residual, r,,, to the fundamental

anisotropy, 1, which is often referred to as the second rank order parameter, Sj%:
(2 _Twa/mp
5@, = T=alo 1)

’
To,4/D

where the subscript denotes that the order parameter is computed either for the donor (D) or
acceptor (4) fluorophore.

Inspired by observations from MD simulations, the DWT model assumes that the fluorophores
are either completely free, i.e., undergoing isotropic reorientation, or remain immobile for an
extended period of time, meaning that they are trapped. It is also assumed that the exchange
between these two species is slower than the donor fluorescence lifetime (i.e., static on the
timescale of FRET) but faster than the diffusion time through the confocal volume in smFRET
experiments of ~1-5 ms. This approximation is supported from MD data where the residence
times of these states are found to be on the order of 10-100 ns or longer.

The DWT model assumes a mixture of trapped and free dye species and considers all four
mobility scenarios for the donor and acceptor when computing the FRET efficiency, that is:

(I) Dfree_ Afree
(H) Dfree - Atrapped
(IH) Dtrapped_ Afree and

(IV) Dtrapped - Atrapped~
To calculate the range of possible k2 values, we generate random orientations of the dipole

moment vectors, i and p4. For a given orientation of dipole vectors, the orientation factor x2
is given by32:



2 2 2
2 2. 2.@@ , 2@
K2 =2+ 2SS+ 25 Ps)
2
20060 [¢@ , (@@ @ | 5c@) 9.2
+355s, |55 + 65255 + 1+ 252 + 255 ©2)
- 9cosp’1cos,82cos6]

where the angles 1 and S, define the dipole orientations with respect to the donor-acceptor
distance vector Rpa for D and A, respectively, and & corresponds to the angle between the D
and A transition dipole vectors, as illustrated below:

The second-rank order parameters for the angles are defined as follows:

1
S = 7 (Bcos?8 = 1)

(9.3)
sP = l(BCOSZB -1
B1 2 1 (94)
s = l(3coszﬁ -1
b 2 z (9.5)

In the first step, generated are N random vectors, which represent random orientations of
transition dipole vectors of donor and acceptor dyes. From those vectors, the angles f3;, 3, and
6 are calculated. Since we do not use the FRET sensitized acceptor anisotropy decay, § is
allowed to vary between 0° and 90°. However, it is possible to limit the range of possible & -
and k?- values by using the residual FRET sensitized acceptor anisotropy, e A(D)-

In the next step, the FRET efficiency is computed as a function of 2 by considering all possible
scenarios (I - IV) weighted by their respective probability of occurrence based on the estimated
fractions of free/trapped dyes from the order parameters:

EG?) = (1-52)(1 = 5)E + 557SPE(1 (Dirappea — Arcappea))
+ 552)(1 - S/.EZ))E(KZ(Dtrapped - Afree)) (9'6)
+ (1 - SL(JZ))SISZ)E(KZ(Dfree - Atrapped))

25
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where E = E(k?(Dgeee — Afree) 18 the experimentally measured FRET efficiency, and:

E(KZ (Dtrapped/free - Atrapped/free))
1

2/3 (1 B 1)’ ©.7)

> — =
K (Dtrapped/free Atrapped/free) E

1+

where the factor 2/3 represents the isotropically averaged k2 value. The value of
k% (Dirapped/free — Atrapped/free) i calculated according to Eq. 9.2 using the following
assignment of the order parameters:

KZ(Dtrapped - Atrapped): S]SZ) = S,SZ) =1
KZ(Dtrapped - Afree): ng) = 1, Slgz) =0 (98)
KZ(Dfree - Atrapped): SISZ) =0, SISZ) =1

The dynamically averaged (x2) that corresponds to the obtained FRET efficiency E («?) is then
obtained as:

-1

=ty =

(k%) = : (9.9)

1

Wl N

E(k?)
where again the factor 2/3 represents the isotropic average of k2.

This procedure is repeated for 10,000 randomly generated orientations of the dye vectors for a

1
pre-defined distance, Rp,(2/3) = Ry(1/E — 1)s, where E is the measured FRET efficiency
and R, is the Forster radius assuming a k2 of 2/3™. The obtained dynamically-averaged (k?)
values are then converted into a normalized distance R,pp, according to the following equation:

CRpa(k®) 3 \TMe 9.10
Rapp = m = (E(KZ)) ( )

The relative standard error in distance due to k2, AR,,,(k?), is then defined as the standard
deviation of the obtained Ry, distribution normalized to its mean (Fig. 5¢). Here, we assume

all orientations of the fluorophore in the trapped states are possible. A more precise
determination would require a detailed knowledge of the trapped states and the orientation
distribution function of the dyes in the various traps.



Supplementary Note 10: Donor quenching estimation at different labeling positions on
the MalE protein.

To explain the observed quenching at particular locations in MalE, we used coarse-grained
Brownian dynamics simulations as described previously!. First, we identified the positions of
the amino acids that tend to quench. These are typically MET, TYR, TRP and HIS. Next, we
assigned a quenching rate constant to each of them. We found that the experimental data is
explained best with a quenching rate constant of k;= 2 ns’!. After the position and quenching
rate of the problematic amino acids are identified, we determine all sterically allowed positions
of the donor dye using Accessible Volume simulations?’. Within the accessible volume, we
simulate diffusion of a dye using Brownian dynamics. As it is known that dyes diffuse slower
in the vicinity of biomolecule’s surface due to the non-specific sticking interactions, a
heterogeneous diffusion model was applied. In this model, the diffusion coefficient of D =
10 A% ns! is decreased by a factor of 10 in the vicinity of the surface. For each dye position
within the AV, we measured the distance between the dye and all Cp atoms of the protein.
Whenever the minimum distance was below the threshold of Rsurtace = 8 A, the slow diffusion
coefficient (D = 1 A%ns!) was used. Next, for each dye position, we estimated the fluorescence
properties by measuring the distance of the fluorophore to the amino acids that can quench.
The quenching was approximated by a step function such that whenever the dye was found
within a distance of Rwa = 8.5 A, quenching occurs at the given rate of kq. Hence, during
quenching, the emission rate of the donor is given by kp = 751 + kg and, for distances > Ry,

the donor is unquenched k, = 7;'. Simulations were performed using the open-source GUI
version of  QuEST —  Quenching  Estimator  software  (GitHub  page:
https://github.com/Fluorescence-Tools/quest). Parameters used in the simulations are
summarized in the Supplementary Table SN10.1 and our estimated fluorescence quantum
yields for the donor at different labeling positions of MalE protein are provided in
Supplementary Table SN10.2.
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Supplementary Table SN10.1. Parameters used for the coarse-grained MD simulations of Alexa546 quenching

at the different labeling positions of MalE in the apo and holo states.

Dye
species

To

/ ns

Dye
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Dfree
/ A2 gt

Resurface

/A

Dsurface

/ A?ng!
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/ns”
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simulations
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Fluor
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4.1

Llength 20.5

Lwidth 4.5

Raye 35
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MET

Simul

ation
10
time /
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Time
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Grid

size /
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Supplementary Table SN10.2. Simulated fluorescence quantum yield ¢y, and fraction of dye states that
collided with quenching amino acids for Alexa546 dye on the MalE protein. Using the coarse-grained Brownian
dynamics simulations (see used simulation parameters in Supplementary Table SN10.1), we estimated quenching
of the donor dye at the labeling positions of MalE. The positions that show a prominent quenching in BD
simulations are S352C (apo/holo), K34C(apo/holo) and T36C (apo/holo), as given by frequent collisions with
quenching amino acids. Using species averaged fluorescence lifetime (7), obtained by fitting ensemble time-
resolved lifetime measurements of single labelled cysteine mutants (Supplementary Table 11), one can determine
(TD(ﬂ) x
Tp(o)
Supplementary Note 7) and 75,y = 4.1 ns. As predicted by BD simulations, experiments confirm that at position
S352C dye is prone to more frequent collisions with quenchers, resulting in lower fluorescence quantum yield
compared to other labelling positions.

experimental fluorescence quantum yields, according t0 ¢pp = Gpprer , With ¢ prer = 0.72 (see

Position | State Fraction of collisions | Simulated Experimental
with quenchers / % brp bep”
10.84 0.71
K29C apo 0.64
holo 14.45 0.60 0.71
54.77 5 0.66
sss2c PR 0.50
holo 4273 0.52 0.67
g 23.16 0.68
D87C 2p0 0.57
holo 28.65 0.53 0.69
20.95 0.69
A186C apo 0.62
holo 20.94 0.61 0.69
é 7.92 0.69
NETToI 0.64
holo 5.96 0.65 0.70
38.62 5 -
K34C apo 0.58
holo 32.88 0.58 -
49.94 5 -
T36C B2 0.30
holo 48.02 0.53 -
28.94 -
N205C apo 0.52
holo 25.08 0.55 -

“Ensemble lifetime measurements of the single-labeled cysteine mutants K34C, T36C and N205C are not
available.
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Supplementary Note 11: Determination of statistical significance of the dynamic shifts of
MalE.

To assess the statistical significance of the excess dynamic shift obtained for the measured
MalE mutants, we compared the distribution of the measured dynamic shift between the
different labs to the dynamic shifts observed for dSSDNA. We computed the p-value for each of
them using a chi-square score. With the p-value, we test whether distributions of ds values
differ between DNA samples (reference, ) and the measured MalE and U2AF2 samples (s).
Our null hypothesis is that measured MalE and U2AF2 samples appear as static as DNA. The
p-value is the probability that the data is observed given the null hypothesis and can be used to
decide whether the null hypothesis is valid or should be rejected given. Small p-values,
particularly those below 0.05 (corresponding to a 26 confidence interval), leads to the rejection
of the null hypothesis.

Assuming that the reference DNA samples and samples under the tested hypothesis (MalE and
U2AF2 variants) both have normally distributed ds values with mean {ds),, {ds), and standard
error of the mean SEM,., SEM; respectively, the chi-square test is then performed as follows:

2 2
){2 _ <<d5>r - (ds)tot> + ((ds)s - (ds>t0t) (111)

SEM, SEM,

with (ds).; being:

(ds), + (ds)s
SEM,*  SEM,*
(dseor =—F——7 — (11.2)

+ —_—
SEM,*  SEMJ*

Using the probability density function of y? distribution:
1 X
2 — 2 1,5
flx |Nd0f) ~ Naor /N, )z e 2 (12.3)
2z (%L
2

Ndof_

where Ngor is number of degrees of freedom (Nyof =Nmeasurements — Nfitparams: here,
Ngor = 1), one can determine the p-value, also referred to as significance or certainty that a
reference distribution (DNA) does not match the sampled one (MalE, U2AF2). The p-value
quantifies how unlikely it is to obtain a y? value that is larger than the one observed between
reference and measured sample. Commonly, the p-value is defined as the area under the right
tail of the f(x2|Ngos) function:

+c0
p= f F(X?INaog)d x? (11.4)
XZ
Using the described methodology in Supplementary Note 5, three labs estimated the apparent
dynamic shift, ds, for different dye combinations of MalE and U2AF2 mutants (Supplementary
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Table 8). Additionally, one lab determined ds values for the DNA rulers, that would serve as a
reference value of what would be the observed ds value for static systems. Furthermore, using
ds values reported from all three labs, we calculated p-values for all measured variants
(Supplementary Table SN11.1). p-values below 0.05 are obtained for the apo state of MalE-1,
MalE-5 and U2AF2, and for the holo state of MalE-1, MalE-2, MalE-4, MalE-5 and U2AF2.
For those samples, the distribution of ds values cannot be explained with the one of reference
DNA sample and the samples appear to be more dynamic compared to dsDNA.

Furthermore, p-values were computed using the residual dynamic shift values after filtering
out dyes with pronounced sticking interactions. Significant shrinking in average ds value was
obtained mainly for MalE-1, where the p-value could not be estimated due to only one point
being left after dye filtering. An increase in the p-value can be observed for a few mutants,
meaning that, after removal of sticking artifacts, they do not appear significantly different
compared to a static DNA sample. This effect is particularly pronounced for the MalE-4
apo/holo sample.

Supplementary Table SN11.1. p-values for MalE and U2AF2 samples before and after filtering dye-pairs with
pronounced sticking interactions. One sided p-values were computed according to Eq. 11.4.

p-value p-value
all dyes dyes (AR, ,, (k%) < 10%)
apo holo apo holo

MalE-1 0.0004 0.0024 na’ na’
MalE-2 0.7841 0.0376 0.7841 0.0376
MalE-3 0.9290 0.8973 0.5959 0.8973
MalE-4 0.0679 0.0051 0.4009 0.2024
MalE-5 1.20¢-6 1.38¢-6 0.0002 1.08¢-5
U2AF2 1.11e-52 0.0009 6.91¢-36 0.0260

“p-value could not be estimated due to only one point being left after filtering dyes with pronounced sticking
interactions
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Supplementary Note 12: Estimation of conformational flexibility from the residual
dynamic shift for MalE.

The dynamic shift of a population in the E-7 plot is defined as the minimum distance to the
reference static FRET-line given by:

_{towle

E=1 (12.1)

Tp(o)
where (tp4))F is the intensity-weighted average donor fluorescence lifetime and 7p o) is the
donor-only lifetime (see Supplementary Note 5). We use the normalized donor fluorescence
lifetime (Tp(a))r/Tp(o) to quantify the dynamic shift as this ensures that both axes in the E-t
plot range from 0 to 1. We have previously derived an expression for the maximum dynamic
shift of a two-state system from the static FRET-line in a plot of E against {tp4)}r/Tp(0) as a
function of the limiting FRET efficiencies of the two states, E; and E, (Eq. 6.1 and ref. 1¥):

ds=%(1/1—E1—1/1—E2)2 (12.2)

Here, we use Eq. 12.2 to estimate the conformational flexibility from the measured dynamic
shift under the following assumptions.

1) The dynamics are fast compared to the burst duration (< 100 ps) so that complete averaging
oceurs.

2) The two states are equally populated, that is the equilibrium constant of the dynamics, K =
k12/k5q, s equal to 1.

3) The dynamics are symmetric around the FRET-averaged mean interdye distance Ry, i.e.
the two states have interdye distances of Rizy * 6R.

Under these assumptions, the dynamic population will be at a defined position off the static
line that falls between the two limiting states. The dynamic shift then only depends on the
amplitude of the distance fluctuation, 6R:

2

1 Ry \° Ry \°

We numerically solve this equation to translate the measured dynamic shift of a given dye pair
into an apparent distance fluctuation given the Forster radius Ry and FRET-averaged interdye
distance R(gy. The estimated distance fluctuations §R are given in Supplementary Table 8




Supplementary Note 13: Molecular dynamics (MD) simulations of MalE.

Setup of topology and coordinate files. All-atom MD simulations were performed for MalE
using the Amber18 suite®® of programs with the FF14SB protein force-field** and the TIP4P-
Ew water model®. For the initial structure, the crystal structure from PDB ID 10MP was used.
Using the LEaP program, the initial structure was solvated using TIP4P-Ew water molecules
in an octahedral box such that the distance between the edge of water box and closest solute
atom was at least 11A. K*/Cl-ions were added to neutralize the system and then additional ions
were added to reach a concentration of 50 mM for both ions. To allow for a larger time step of
4 fs, Hydrogen Mass Repartitioning (HMR)*® was applied using ParmEd in the Amber software
suite.

Minimization and Thermalization. After the topology and coordinate files were created and
solvated, energy minimization of the system was performed while the positional restraints were
applied to the solute atoms. Minimization was performed in two phases: first with high and
then with low force constants for the positional restraints. In the first phase, the positional
restraint was applied using a harmonic potential with a force constant of 25 kcal mol! A2 and
minimization was done through a total of 15,000 steps (5,000 steps of steepest descent
minimization followed by 10,000 steps of conjugate gradient minimization). In the second
phase, the force constant was reduced to 5 kcal mol! A2 and minimization was done in the
same manner as the first phase with 5,000 steps of steepest descent minimization followed by
10,000 steps of conjugate gradient minimization. After minimization, the system was heated
from 100-300 K over 100 ps using NVT-MD simulations with the force constant of
5 keal mol™! A2, The temperature change was applied in steps as follows. In the first 80 ps, the
temperature was gradually raised from 100 K to the target 300 K. In the last 20 ps, the system
was kept at the target temperature. To adjust the solvent density after increasing the
temperature, heating was followed with a 300 ps of MD simulations using the NPT ensemble
and the same force constant. Lastly, the force constant of the harmonic restraints was gradually
reduced from 5 kcal mol! A2 to 1 kcal mol™! A2 over 5x20 ps of NVT-MD simulations and
then unrestrained NVT-MD production runs were performed.

Production runs. In total, 5 independent production replicas with a length of 2 us each were
performed. Conformations were saved every 20 ps. The SHAKE algorithm?®’ was used in the
production runs to constrain the bond lengths involving hydrogen atoms and long-range
electrostatic interaction were treated using the Particle Mesh Ewald method®® with a non-
bonded cutoff of 8 A.

Trajectories were analyzed using the MDTraj* library. The distances between the Cp atoms of
the labeling positions for the five MalE mutants were calculated (Supplementary Figure
SN13.1). For mutants MalE-1, MalE-4 and MalE-5, larger Cp-Cp distance fluctuations were
observed.

(O8]
W
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Supplementary Figure SN13.1. Distributions of Cy-Cy distances from MD simulations of MalE
proteins in the apo state. For cach of the MalE mutants in the absence of fluorescent labels, the distance
distribution between Cpatoms of the labeling positions is shown from a total of five production runs of 2us length
each. Consistent with smFRET experiments, a higher backbone-to-backbone distance fluctuations are detected
for mutants MalE-1, MalE-4 and MalE-5. The obtained mean and standard deviations are (d (Cﬁ - Cﬁ)) MalE—1 =
(612 = 2.7) A (d(Cs — Cp)maiz—2 = 388 = 2.1) A, (d(Cp — Cp)Ymaiz—s = (250 = 1.0) A, (d(Cz —
Co)mare—a = (544 %2.7) A and (d(Cp — Cp)Ymare—s = (48.6+2.8) A,



Supplementary Note 14: Theoretical limits for detecting dynamics.

The theoretical description of the dynamic shifts in the E-t and BVA plots as given in
Supplementary Note 5 allows us to assess the detection limit for conformational dynamics with
respect to the uncertainty of the experiment. To define the detectability of a given shift from
the static FRET-line in an experiment, it is necessary to quantify the experimental uncertainties

associated with the FRET indicators E and (7)) for the E-T plot, and E,,, and aéz;it) for

the BVA plot. The experimental uncertainty contains contributions from the photon counting
statistics of the experiment and systematic errors due to the calibrations or timescales of the
dynamic exchange.

We first consider only the statistical error based on the standard error of the mean (ogz;,) of a
population, given by:

Osn

Osgm = \/T—b-

where ogy is the shot-noise broadened width of a population and N, is the number of single
molecule bursts in the population. A given dynamic shift is considered detectable if it is larger
than the SEM of a population on the static FRET-line.

(14.1)

1. Detection limit for dynamics in the E-7 plot
Shot-noise broadening in the E-7 plot

To simplify the expressions for the shot-noise broadening of a population in the E-7 plot, we
assume that all detected single-molecule events have the same number of photons, N,,. For the
FRET efficiency, the population width is then given by*’:

P ’E(l—E)
Osy = N—p. (14.2)

For the donor fluorescence lifetime 7p,), the variance of the estimator in the absence of
background and for an instrument response with zero width (§-function) is (ref 442):

-1

T
1 k? _fex(1—e™) k?
Var(TD(A)) = N—pTD(A)Z 7"_2(1 — e T) ( - )2 — o —1 y (143)
ek —1

where k is the number of TCSPC detection channels and r =T /tp,) is the ratio of the

detection time window T and the fluorescence lifetime 7p(4). The complex expression for the
variance arises because only a part of the decay is seen in the finite time window T and due to
the discretization of the time axis into k bins. In the limit of a large time window T and a high
number of bins k, the expression simplifies to:
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1
llm Var(TD(A)) Z_TD(A)Z (14.4)

r—o, k—oo Np

The same result is obtained by considering that the sum of independent exponential random
variables &t; (i.e. delay times) follows the Erlang distribution with variance:

Np

Var( 38t | = Nytoca? (14.5)

i=1

from which the variance of the lifetime estimate is obtained as:

Np Np
1 1 1
Var N—Z 6t | = FVar Z o6t | = N—TD(A) (14.6)
L= P i=1 p

Thus, for the normalized donor lifetime, we obtain the shot-noise limited width of the burst-
wise distribution as:

Tp(a)
VNp o)

To obtain the width of the distribution along the vector of the dynamic shift, i.e., orthogonal to
the static FRET-line, the two contributions are combined geometrically:

oy = (14.7)

O_(Efr) — i

SN ﬁ

The standard error of the mean of the population, determined for example by Gaussian fitting,
depends on the number of single molecule events in the population N,, and is given by:

ol + 082 (14.8)

E_
(B-1) _ US(N K 14.9
Osgm ~ = \/N— (14.9)
b

Effect of calibration error in the y-factor

An incorrect calibration of the detection efficiency correction factor y can lead to the detection
of false-positive apparent dynamic shifts by shifting the population away from the static FRET
line. However, only an underestimation of the y-factor, leading to an overestimation of the
FRET efficiency E, will shift the population above the static FRET-line, whereas an
overestimation of y will result in an unphysical shift below the static FRET-line. The
propagated uncertainty of the y-factor on the FRET efficiency is derived in Supplementary
Note 4 (Eq. 4.5) and is given by:

A
05, = E(1 - E)7V. (14.10)

The calibration error, oy, is combined with the shot-noise related uncertainty 05(11\;(7,) as:



2
Tiny” =%+ OEy (14.11)

leading to an estimation of the combined standard error of the mean of:

(E-7)
(E-1) _ O-SNJ/

Osem ™ = W-

(14.12)
II. Detection limit for dynamics in the BVA plot

Shot-noise broadening in the BVA plot

For BVA, we only have to consider the broadening along the y-axis, i.e., the uncertainty in the
variance estimate. Assuming the apparent FRET efficiency, Ejpp,

distribution with width parameter O pp the estimated standard deviation in BVA, 6Eapp,

follows a Gaussian

follows a scaled chi-squared distribution:

&

M-1) 0;"" ~y. (14.13)

Eapp

E, 1-E, . ~ . .
Here, op, = ’M and M is the number of samples for the standard deviation

estimate given by M = N, /n, where N,, is the number of photons and n is the photon averaging

window used for BVA. The upper 1o confidence interval was used for the standard deviation
estimate Ok app and is given by:

51323,3,3 6§app,UL
PlM-1)——<M-1)—— | =Ty(1), (14.14)
OEapp Eapp

where 6b%app,UL is the 1o upper limit and Ty (x) is the cumulative Student’s t-distribution with
M degrees of freedom. Assuming an average of N, = 100 photons per burst and a photon
averaging window of n =35, then M =20 and T,,(1) = 0.84. The upper limit g pp UL is given
by:

(14.15)

~ _ \/Eapp(l - Eapp) \/Xiznv,M~1(TM(1))
OFapp UL =

n M-1 ’

where yf, 1 (x) is the inverse cumulative chi-squared distribution with M — 1 degrees of

freedom.

The shot-noise broadening around the true value on the static FRET-line is then given by:
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_ Eapp(1 = Epp)
o™ = G, o~ f—app e, (14.16)

from which the standard error of the mean is obtained by dividing by the square root of the
number of bursts (Eqn. 14.9).

Kinetic averaging in BVA

As BVA relies on the sampling of the FRET efficiency distribution from the photon time trace,
it is subject to kinetic averaging during the sampling time, reducing the detectable variance.
Thus, the dynamic shift is decreased for dynamics that occurs on the order of the sampling time
or faster.

The sampling time, T, depends on the observed signal count rate, S, and the photon number, n,
used to sample the FRET efficiency. The delay time between subsequent photon detection
events is exponentially distributed. The time that it takes to detect n photons is then described
by the Erlang distribution with a shape parameter given by n and the rate S. The average
sampling time (T’) is then given by:

(T) =n/S. (14.17)
For typical experiments, S = 100 kHz and n = 5, yielding a sampling time of (T') = 50 ps.
For BVA, it is assumed that the molecule is either in state 1 or 2 (with apparent FRET

efficiencies Ezgrl,)p or E;f,)p

two-state system with rates k;, and k,:

) at each sampling point of the FRET efficiency. Here, we consider a

K1z
(1) ? (2)
Eapp Eapp (14.18)
K21

If the dynamics are fast, there is a certain probability that the molecule interconverts during the
sampling time T, which reduces the observed variance. The average time for the molecule to
convert from any state is given by the kinetic relaxation time 7,.:

1

. (14.19)
k12 + kZl

Tr

The number of interconversions k during the sampling time T is Poisson distributed with the
average value u = T /T,

k
T/ e

P(k) = m (14.20)
The probability to convert at least once during a time interval T is then given by:
I
Peonvert = P(k 2 1) =1 —P(k =0) =1l—e ™. (14.21)

For simplification, we assume that, when an interconversion occurred, the sampling window
converges to the average apparent FRET efficiency (E,p,,). Then, any sampling of the apparent



FRET efficiency in which an interconversion occurred will have zero contribution to the
variance and the dynamic contribution to the variance is simply reduced by the probability that
no interconversion event occurred:

T
Vargy, = (1 — Peonvert)Vargyn = e TrVargyy. (14.22)

By mixing the shot-noise and conformational contributions to the variance of the FRET
efficiency, the dynamic FRET-line for BVA in the presence of fast conformational dynamics
becomes:

Var(Eappv Peonve rt)

(€] (1)
Eapp(1 - Eapp) (1) 2

= (1 - Pconvert) fl T + Eapp
(2 (2)
Eapp( 1 — Eapp 2 (Eapp)(1 = (Eapp))
+ (1 - fl) ¥ + Eagf))p + Peonvert 2bP n e
- (Eapp)z

where f; and (1 — f;) are the fraction of time the molecule spends in state 1 and 2, respectively.

III. Discussion of detection limits

Using the described formalism, we tested whether hypothetical conformational dynamics
between the apo and holo states of the studied systems, MalE-1 to 5 and U2AF, could be
detected in a given situation. The FRET efficiencies of the apo and holo states were obtained
from AV simulations on the available crystal structures as described in the online methods
(Supplementary Table 10).

We first visualized the expected dynamic shift for the E-t and BVA plots as a function of the
FRET efficiencies of the limiting states (Supplementary Figure SN14.1). Along the diagonal,
dynamic shifts are low (<0.025) because the FRET efficiency contrast is small whereas off-
diagonal combinations of FRET efficiencies result in large dynamic shifts. While the BVA plot
is symmetric between low and high FRET efficiencies, the E-t plot is better at resolving a
dynamic exchange at high FRET efficiencies of the limiting states compared to the low FRET
efficiency region. This asymmetry arises because the uncertainty in the fluorescence lifetime
is largest for long fluorescence lifetimes and thus for low FRET efficiencies.

The experimentally studied MalE mutants all showed dynamic shifts below 0.03 while, for
U2AF, a dynamic shift of > 0.1 is expected for both the E-7 and BVA plots. To put these
expected shifts into perspective with respect to the experimental uncertainty, we plot the
dynamic shift normalized to the expected standard error of the mean for different numbers of
detected photons per burst and number of bursts in Supplementary Figure SN14.2 for the E-t
plot and Supplementary Figure SN14.3 for the BVA plot. Dynamics are detectable when the
ratio of the dynamic shift to the experimental uncertainty, ds/ogg, exceeds one. Clearly, the
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sensitivity to detect a dynamic exchange increases for both the E-t and BVA plot with
increasing number of photons and bursts. For typical experimental values (100 photons per
burst and 1000 bursts), the dynamic exchange is predicted to be detectable as ds/oggy > 10
for all experimental systems.

The sensitivity of the E-T plot crucially depends on the accuracy of the correction factors used
to compute accurate FRET efficiencies, in particular the detection efficiency correction factor
y. With higher uncertainty, Ay/y, the sensitivity of the E-t plot decreases (Supplementary
Figure SN14.4). At a relative uncertainty of Ay/y = 0.1, the sensitivity reduces to an extent
that potential dynamics between the apo and holo states of the different MalE mutants would
become undetectable. On the other hand, the large-scale dynamics for U2AF would remain
detectable even at a high calibration uncertainty of Ay/y = 0.3. Note, the uncertainty discussed
here is the uncertainty of the detection correction factor in a single lab and not the distribution
of Ay /y values calculated between labs in Fig. 3e.

The BVA plot loses sensitivity when the timescale of dynamics approaches the sampling
window used for the estimation of the variance of the FRET efficiency distribution
(Supplementary Figure SN14.5). For slow conformational dynamics with a relaxation time of
7, = 10 ms, the potential exchange between the apo and holo states is detectable with ds/oszy
> 10. As the relaxation time approaches the sampling window (here, T = 50 ps), the sensitivity
is reduced significantly. At 7,, = 20 ps, the exchange for most MalE mutants is on the border
of the detection limit while, for 7, = 10 ps, even potential dynamics of U2AF would become
undetectable in BVA.
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Supplementary Figure SN14.1: The dynamic shift in the E-t (left) and the BVA (right) plots as a
function of the FRET efficiencies of the limiting states (apo and holo) undergoing hypothetical dynamic
exchange. The positions of the studied experimental systems are shown as colored markers (dark blue:
MalE-1, red: MalE-2, yellow: MalE-3, purple: MalE-4, green: MalE-5, light blue: U2AF). The
theoretical FRET efficiencies of the apo and holo states for the experimental systems were estimated
from the PDB structures using AV simulations (see Online methods, Supplementary Tables 9 and 10).
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Supplementary Figure SN14.2: Detectability of conformational dynamics in the E-7 plot as a function
of the photon-counting statistics. The detectability is defined as the ratio of the dynamic shift over the
theoretical measurement uncertainty given by the standard error of the mean of the dynamic population.
Dynamics are undetectable for ratios below one. The positions of the studied experimental systems are
shown as colored markers (dark blue: MalE-1, red: MalE-2, yellow: MalE-3, purple: MalE-4, green:
MalE-5, light blue: U2AF). The theoretical FRET efficiencies of the apo and holo states for the
experimental systems were estimated from the PDB structures using AV simulations (see Online
methods, Supplementary Tables 9 and 10).
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Supplementary Figure SN14.3: Detectability of conformational dynamics in the BVA plot as a
function of the photon-counting statistics. The detectability is defined as the ratio of the dynamic shift
over the theoretical measurement uncertainty given by the standard error of the mean of the dynamic
population. Dynamics are undetectable for ratios below one. The positions of the studied experimental
systems are shown as colored markers (dark blue: MalE-1, red: MalE-2, yellow: MalE-3, purple: MalE-
4, green: MalE-5, light blue: U2AF). The theoretical FRET efficiencies of the apo and holo states for
the experimental systems were estimated from the PDB structures using AV simulations (see Online
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Supplementary Figure SN14.4: Detectability of conformational dynamics in the E-7 plot as a function
of the calibration error of the detection efficiency correction factor y. The relative uncertainty of the y-
factor is given by Ay /y. The detectability is defined as the ratio of the dynamic shift over the theoretical
measurement uncertainty given by the standard error of the mean of the dynamic population. Dynamics
arc undetectable for ratios below one. The positions of the studied experimental systems are shown as
colored markers (dark blue: MalE-1, red: MalE-2, yellow: MalE-3, purple: MalE-4, green: MalE-5,
light blue: U2AF). It is assumed that the dynamic population contains 1000 bursts of 100 photons. The
theoretical FRET efficiencies of the apo and holo states for the experimental systems were estimated
from the PDB structures using AV simulations (see Online methods, Supplementary Tables 9 and 10).
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an averaging window of 5 photons is used for the BVA analysis. The theoretical FRET efficiencies of
the apo and holo states for the experimental systems were estimated from the PDB structures using AV
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Supplementary Note 15: Model-free analysis of fluorescence decays for U2AF2.

Sub-ensemble fluorescence decays. Sub-ensemble donor fluorescence decays were generated
from single molecule experiments by selecting the double-labeled population using the ALEX-
2CDE filter'? with an upper limit of 15. An additional stoichiometry cut was applied (0.4 < S
< 0.55) to remove the dye-related artifact at high FRET efficiency that showed a higher
stoichiometry of ~0.6 (Supplementary Figure 17). For the donor-only reference decays, a
stoichiometry threshold of S > 0.98 was used.

Fitting procedure. The ideal fluorescence decays f(t) were convoluted with the instrument
response function and corrected for background contributions to the TCSPC pattern due to, for
example, the contribution of scattered laser light, autofluorescence of the buffer, dark counts
and uncorrelated background signal, to obtain the model decay F(t):

F(t) = Fy - f(H)IRF(t — tsnir) + sc BG (1), (15.1)

where ® here denotes a linear convolution, Fj is the initial amplitude of the fluorescence decay,
IRF(t) is the instrument response function (which is shifted by the time tgi), BG(t) is the
normalized background/scatter pattern obtained from a buffer measurement and sc is the
background/scatter amplitude, which is estimated from the cumulative duration of all analyzed
bursts Thursts and the background count rate cp; as s¢ = cggThursts. NOte that, contrary to
Supplementary Note 8, we apply the linear convolution operation here for the analysis of
smFRET data recorded using PIE because the analysis is performed only a selected time
interval of the microtime histogram (i.e., a PIE channel) to restrict the analysis to the
fluorescence decay of the donor. Hence, the signal here is not periodic as it is in the ensemble
TCSPC experiments.

Fits were optimized using the reduced chi-square defined by:

® _ g )
1 Z (Fexp - Fmodel) (15 2)
N e '

Ndata — {¥param

2 —
Ared =

where Fe(,}:g and F,(:O)d o are the intensities of the measured and model decay in the TCSPC bin

k, wy, is the respective weight given by w;, = fFe(f; based on the Poisson statistics of the

detected signal, and Ngata and Np,ram are the number of bins in the TCSPC histogram and the
number of independent fit parameters, respectively.

Pre-fitting to estimate the background paramefers. In a first step, we performed a global fit of
the donor-only fluorescence decay Fp,(t) and the FRET-induced donor decay Fp,(t) using a
two-component Gaussian distribution for the interdye distance. This allows us to estimate the
fluorescence lifetimes and respective amplitudes of the donor-only sample as well as the
parameters tgir, and F; of the FRET-induced donor decay. The donor-only decay is described
using two lifetime components:

2

foo(®) = ) x0yexp (— /7)), (15.3)

i=1

45

155



156

@
D(0

acceptor acts as an additional process that depopulates the donor excited state at a rate of:

where 7, ) and xD(O) are the lifetime and fraction of donor-only species i. The presence of the

1 [ Ry\®
krer(Rpa) = (—0) ) (15.4)

Tp(o) Rp,

where R, is the Forster radius and Rp, is the donor-acceptor separation distance. Note that
Tp(o) refers here to the lifetime of the species with the respective quantum yield that is used for
®

D(0
For a given distance distribution, p(Rp,), the FRET-induced donor decay is then given by:

the calculation of Ry, which can be different from the 7, obtained for the donor-only decay.

foa(t) = (1 - xDOnly)fDO ®) (f p(Rpa) expl—krpr(Rpa) t] dRDA) + Xponlyfpo(t), (15.5)

where Xxpoply is the contribution of a donor-only signal due to acceptor photoblinking or
photobleaching.

The two-component Gaussian distance distribution is given by:

: - Rpa = (Rp))
Pac(Ron) = ) x§3(VZRapas)  exp —(—) : (15.6)

o 20p4,
where xD 4 is the amplitude, (R( ) the average interdye distance and op,; the width of
component i. The model is globally optimized with respect to the amplitude and lifetimes of

the donor-only components. All parameters, except for the distance distribution p(Rp,), were
fixed for the maximum entropy method model-free analysis discussed below.

Model-free analysis. The maximum entropy method (MEM) is an approach to extract the most
unbiased distribution of a given parameter that provides a satisfactory fit to the experimental
data®*. Instead of minimizing the reduced chi-square, yZ4, the following functional is
maximized:

0 =vS — xia (15.7)

where v is a constant scaling factor and S is the entropy functional of the parameter distribution.
The entropy, S, of a discrete probability distribution p; is defined by:

Z Di log— (15.8)

where p; is the distribution of the parameter of interest and m; describes the prior knowledge
of the parameter distribution. We applied the MEM analysis to extract the distribution of
interdye distances Rp,, p(Rps). The measured FRET-induced donor fluorescence decay
foal (£) is described as a superposition of exponential functions given by:

133 = (1= x0my)foo | D p(RD) exp [~Fesr(RS)e] | + xponyfoo® (159

j
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where the summation is performed over a range of interdye distances R,(sz from 10 to 150 A
using a step size of 0.7 A. Maximization of © is performed as described in Vinogradov and
Wilson* over a wide range of values for the regularization parameter v. The choice of the
regularization parameter v was done by visual inspection of the L-curve plot of the negative
entropy, -S, against the reduced chi-squared y24. The resulting values for y2.4 and the
regularization parameter v are given in Supplementary Table SN15.1. All analyses were
performed using the 7auFit module of the PAM software package!!.

Prior distribution. The prior distribution is based on the full apo ensemble derived in Huang et
al.* For each of the 200 structures in the ensemble, the average interdye distance (Rp,) was
determined using AV simulations?”*. To account for additional broadening due to the flexible
dye linker, a kernel density estimate using a Gaussian kernel with a fixed width of 6 A was
performed to obtain the prior distribution as shown in Fig. 6d of the main text (light blue curve).
We also performed a kernel density estimation of the interdye distance distribution without
explicitly accounting for linker broadening using a Gaussian kernel by the ksdensity function
of MATLAB, which computes the theoretically optimal bandwidth for normally distributed
data®. This procedure returned a similar bandwidth of 5.7 A. The different histograms and the
kernel density estimate of the full apo ensemble are compared in Supplementary Figure
SN15.1.

Deconvolution of the probability distribution obtained by the MEM analysis. The obtained
distribution of the donor-acceptor distance Rp, from the MEM analysis is broadened due to
the flexible dye linkers. The magnitude of this additional broadening has previously been
characterized to be on the order of ~6 A?”. To approximate the underlying distribution of mean
donor-acceptor distances (Rp,), we performed a deconvolution of the Rp, distribution
obtained by MEM.

The deconvolution is performed using a Gaussian kernel with a width of 6, =6 A, defined on
a distance grid of (Rp4) € [10 A, 150 A] with a resolution of 0.5 A. The kernel matrix Q is
defined as:

Yq (Rz()lzg; <RDA)(1)) gQ(nglA); (RDA>(M))
Q= : : , (15.10)
gQ(RL()IZ); (RDA>(1)) gQ(RI(JA/:); (RDA)(M))

where the indices N and M represent the number of sampling points of the discrete distributions
for Rp, and (Rp4), respectively, and the kernel functions are given by:

(RS — (Roay™)

2
209,

99 (Rz()ng; (RDA>(m)) = ( ZHUDA)_l exp|—

The discretized probability distribution of mean donor-acceptor distances (Rp4), P(r,,)- iS
expressed as a row vector:

eh)
P(rpa)

Prpy = pglm ’ (15.11)
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and the discrete distribution of Rp,, pg,), » is obtained as:

Pros = Q@ Pirpy) - (15.12)
To obtain an estimate of pg,, ), we minimized the absolute value of the difference between the
measured distribution pl(:;:’) and the distribution obtained by Eq. 15.12 above:
in [[pe? - @- 15.13
min pRDA Q p(RDA) ’ ( . )

under the constraint that all elements of p(g ) must be positive. In addition, we used the kernel

density estimate of the distribution of (Rp4) as obtained from the full apo ensemble as a starting
point for p(g, ). The optimization is performed using the fmincon function of MATLAB. The

deconvoluted p(g,,) distributions are shown in Supplementary Figure 14.

Supplementary Table SN15.1: Reduced chi-squared yZ4 and regularization parameter v for the model-free
analysis of fluorescence decays of U2AF2 measured in Lab #2.

Dye Pair
AttoS32-Atto643 AlexaS46-Alexa647 Alexa488-Alexa647
Sample Xied v Xied v XPed v
U2AF?2 apo 1.30 5.09 1.28 3.20 1.29 221
U2AF2 holo 1.03 1.05 1.24 1.05 1.13 1.05
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0.01F
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mean donor-acceptor distance (RD A) A

Supplementary Figure SN15.1: Probability distribution of the mean donor-acceptor separation obtained for the
full apo-ensemble of U2AF2 as reported in Huang et al.” For each of the 200 structures in the ensemble, the
mean donor-acceptor distance (Rp4) for the dye pair Atto532-Atto643 was computed from AV simulations. The
vertical black lines indicate the individual values of (R,,) and the gray bars shows the distance histogram
computed with a bin width of 5 A. The kernel density estimate (red line) was computed using a Gaussian kernel
with a bandwidth of 6 A, providing a smooth estimate of the probability density that is in good agreement with
the histogram. The kernel density estimate was used as the prior distribution for the maximum entropy analysis
of the fluorescence decays (Fig. 6d).
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Supplementary Note 16: Filtered-FCS Analysis of the U2AF2 kinetics.

Filtered-FCS (fFCS) calculates the correlation functions for distinct species using statistical
weighting based on the TCSPC patterns for the different species®®. For the fFCS of the apo
state of U2AF2 shown in Fig. 6e in the main text, the correlation functions were calculated as
described in Barth et al.>! using the PAM software package'!. Briefly, two species with low
and high FRET efficiency (LF, HF) were selected based on the FRET efficiency thresholds of
E < 0.6and E = 0.9, respectively. Filter functions for the fFCS analysis were calculated based
on the concatenated TCSPC patterns of the donor and FRET-sensitized acceptor fluorescence
decays. As a third species, a background pattern from a buffer measurement was included to
account for the contribution of scattered laser light and constant background signal. “Purified”
fFCS correlation functions were computed only for the detected and filtered double-labeled
bursts. Signal occurring within 5 ms before or after the burst was included to obtain a better
estimate of the diffusional part of the correlation function. To avoid detector afterpulsing in the
species autocorrelation functions, the signal detected in the parallel and perpendicular channels
of the MFD setup was filtered separately and cross-correlated. The two species autocorrelation
functions (SACF) and two species cross-correlation functions (SCCF) were globally analyzed
using a model with one diffusion term and two kinetic terms:

G(te) = Gaige(te) Giin(te)

1
1 te\ 7! te )2
air (tc) ( N)( t diff) ( p tdiff)

. i (16.1)
GEACF(t.) = 1+ Ae TR1 + Aje TR
te te

G T (te) = 1— Aje ™1 — Aye ke

Here, Ggire(t.) and Gy, (t.) are the diffusion and kinetic part of the correlation function G (t,.)
at lag time t.. For the diffusion component, {(N) is the average number of particles in the
observation volume, tg;¢r is the diffusion time and the structural factor p is given by the ratio
of the axial to the lateral width of the observation volume (typically, p = 5-10). For the kinetic
component, tp; and tz, are the kinetic relaxation times with amplitudes A; and A,
respectively. For the analysis, the kinetic relaxation times and diffusion time are optimized
globally over all four curves. The amplitude of the diffusional part (given by (N)1) and the
kinetic terms (4, and A,) were optimized individually for each of the four curves. This is
necessary as the amplitude information in fFCS is less reliable compared to the time evolution
of the curves due to the effect of imperfect filters®.
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Supplementary Note 17: Dynamics of U2AF2.

From previous work, we were aware that U2AF2 is a dynamic protein system whose
conformational distribution can be shifted by the addition of an RNA ligand>?. From the BVA
and E-7 plots (Fig.4), it is evident that the apo protein is dynamic on the sub-millisecond
timescale. The E-t plot already contains information regarding the timescale of the dynamics
of the sample with respect to the duration of the burst. A single transition is already sufficient
to cause a shift for that burst from the static FRET line in the £-7 plot. Hence, dynamics that
are up to an order of magnitude slower than the diffusion time can still be detected. In this case,
individual "static" populations should be observable on the static FRET line with a smearing
between the states coming from the few bursts where transitions occurred during the burst. For
faster dynamics, several transitions occur during a burst and the individual "static" populations
disappear with only a single, dynamically averaged state observable on the dynamic FRET line.
The position of the population along the dynamic FRET line depends on the equilibrium
between the different states'®. For U2AF2, the dynamics are fast enough that we only observed
an average FRET state and the individual populations are not visible.

The dynamics of U2AF?2 is further complicated by the fact that, as already known from NMR
and SAXS data, there is not a single closed or a single open conformation, but a family of
conformations*’. To get an idea of the distribution of FRET efficiencies in the sample, we
performed a model-free analysis of the donor fluorescence lifetime using the maximum entropy
method** to infer the underlying distribution of interdye distances (Supplementary Note 15).
Our analysis revealed a higher population of compact states compared to the full structural
ensemble of Huang et al¥’ (Fig. 6d in the main text and Supplementary Fig. 14). We note that
smFRET and NMR provide complementary information as the two techniques are sensitive to
distinct distance ranges of 1-3 nm for paramagnetic relaxation enhancement (PRE)
measurements and 4-12 nm for smFRET??. The structural ensemble was selected to satisfy the
experimental averages of the measured PREs while the information from SAXS constrains the
overall structural extension of the ensemble. The slight deviation of the smFRET information
from the published structural ensemble indicates that a further refinement of the structural
ensemble could be performed. We speculate that an alternative ensemble could be found that
provides better agreement with the smFRET data while still satisfying the NMR/SAXS
constraints>.

After establishing the distribution of FRET efficiencies observable within the sample, we next
determined the timescale of the dynamics. To get a model-independent estimation of the
timescale of kinetics faster than the burst duration, we utilized an FCS approach. One
possibility to visualize the dynamics is by performing a cross-correlation analysis between the
donor and acceptor signals (FRET-FCS)**>°>. We choose to use filtered-FCS (fFCS)>%3¢
(Supplementary Note 16) as it increases the contrast of the FCS signal in comparison to FRET-
FCS by weighing the correlation signals depending on the difference in the lifetime, color and
anisotropy of fluorescence fluctuations between the bursts showing the lowest and highest
FRET values. For the Atto532-Atto643 labeled protein, we observed two relaxation times with
values of ~ 10 us and ~ 200 us (Fig. 6e, Supplementary Table 15). We assign the faster kinetics
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to dynamics of the detached domains and the slower rate to interconversion between compact
conformations within the conformational ensemble.

A second approach for extracting the dynamic timescales from a sample is to use the dynamic
photon distribution analysis (PDA) method!'”. Dynamic PDA allows one to delineate the
conformational heterogeneity over sub-millisecond transitions from the width of the FRET
histograms beyond shot-noise by analyzing the raw photon counts®’>¥17. The FRET efficiency
histograms are calculated using different time-windows for the binning and then fit using a
global model (Fig. 6f in the main text and Supplementary Figure 16). There is little change in
the FRET efficiency histograms when varying the integration time between 0.5 ms, 1.0 ms,
1.5 ms and 2.0 ms. From a global fit to the different histograms for the apo and holo conditions,
the states as well as the conversion rates between them (provided they are between ca 100 pus
and the timescale of diffusion) can be extracted. To simplify the complexity of the dynamic
PDA model, we used a broad Gaussian function to empirically describe the fast, dynamic
ensemble observed with fFCS and used dynamic PDA to look for slower kinetics. We observed
a slow interconversion on the timescale of 10-100 ms between the very-high-FRET state at
E ~0.95 (consistent with the closed NMR structure, PDB 2YHO0>°) and the main, dynamically
averaged population at £ ~ 0.85. The high FRET population (E = 0.85) is clearly distinct from
a second peak in the £-t plot of E ~ 0.95 and has a very short donor lifetime. The very-high-
FRET signal is also reminiscent of what is observed for dye-dye interactions®. If this is true,
the rates given by dynamic PDA should change when a different dye-pair is used whereas the
protein dynamics should remain unchanged. Indeed, when evaluating measurements using the
Alexa546 — Alexa647 dye pair, the fast dynamics remains unchanged (90 — 200 ps) whereas
the amplitude of this very-high-FRET peak and the rate of the slow dynamics changes slightly
(Supplementary Figure 19 and Supplementary Table 18). This demonstrates the importance of
performing smFRET measurements with at least two different dye-pairs®. Here, the high
stoichiometry state at very-high FRET efficiency was excluded and the observed dynamics
suggest there is a transient stabilization of the closed structure.

Due to the complexity of the dynamics, we did not ask the various groups to provide a detailed
analysis of the kinetics. We did ask laboratories, when possible, to provide an estimate of the
timescale of the dynamics, when present. Five labs could contribute to a dynamic quantification
of U2AF2 (Supplementary Table 15). These all correctly reported a quasi two-state behavior
of the U2AF2 system. A comparison of kinetic rates based on further evaluation with dynamic
PDA and fFCS for U2AF2 from different labs showed good consistency. Specifically, the
calculated relaxation times for the apo state evaluated with fFCS were consistent with an
approximately two-fold variation across labs (~200, ~320 and ~370 pus from three different
labs). A dynamic PDA analysis for the holo-state kinetic rate estimations were not fully
consistent most likely due to the variation seen in the FRET histograms (perhaps due to
differences in temperature). Three among the five groups provided the kinetic rates for the holo
-state with only ~20% variation of the reported relaxation times (zzr = 1/(k:2+k21)) of 1.25 ms,
1.42 and 1.6 ms (see Supplementary Table 15).
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Challenges with the U2AF?2 sample and analysis:

From the detailed analysis described above, it is clear that U2AF2 is not a simple two-state
dynamic system. Apo U2AF2 exhibits dynamics on the microsecond timescale between a
family of open and of closed conformations. Both apo and holo measurements exhibit a slow
dynamic exchange between a very-high-FRET populations (at £ ~ 0.95) and the other FRET
states.

Beyond the complicated dynamics, other factors also impacted the analysis of the dynamic
state. First of all, the measured RNA ligand concentration was not high enough to saturate
binding to U2AF2. From the measured binding affinity of K4 = 1.2 uM (Supplementary
Figure 7d), the ligand concentration of 5 uM used in these measurements lead to approximately
85% of the sample having a ligand and 15% remaining in the apo conformation. This
corresponds well to the measured ratio of the two populations. An alternative explanation is
that the protein exchanges between a quasi-static state and a dynamic conformation where one
of the RRM domains transiently releases the RNA strand. However, there is no evidence that
the RNA-bound state of U2AF2 interconverts with the apo-like conformation on the timescale
of a burst (~ 10 ms). This is consistent with what is expected assuming a Ks of 1.2 uM and a
measured ko, of 0.7 uM-! 5! leading to a ko of ~ 1s. This timescale is too slow to be detected
with the solution-based measurements. Hence, we attributed the dynamics detected by BVA
and the £-7 plots in the holo measurements to the significant presence of proteins not having
an RNA ligand bound (Fig.5). Also, the timescale of the kinetics for the dynamic population
was similar to that of the apo state (~ 100 - 200 ps). The second FRET peak with a FRET
efficiency of £ ~ 0.44 observed in the presence of RNA is close to the static line suggesting
that the RNA bound conformation is static.

A second challenge in analyzing the U2AF2 data comes from the fraction of molecules with a
higher than normal stoichiometry (Supplementary Figure 17). The origin of this population is
not known. It could be due to dye-dye interactions where a change in fluorescence intensity
yields a different stoichiometry value. Two populations with similar FRET efficiencies but
different stoichiometries indicates inconsistencies in the dataset and most likely require
individual y factors for a proper analysis. At any rate, both populations should not be included
in determining a single detection correction factor.

In summary, apo U2AF2 appears to undergo fluctuations between families of open and closed
states with dynamics on the timescale of 100-200 ps. Dynamics on the millisecond timescale
are also observed due to the formation of stable compact states. Fluctuations between an open
and a closed conformation is a fair approximation of the dynamics, but an ensemble of open
and closed conformations are needed to fully describe the measured data as shown in Fig. 6c-
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Lab#1

All sample solutions were measured in Lab-Tek I chamber slides at a concentration of ~50-100 pM.
Single-molecule FRET experiments with MFD-PIE were performed on a homebuilt confocal setup as
described previously™.

For samples labeled with Alexa546-Alexa647 and Atto532-Atto643, our two-color green-red setup was
used: Fluorescent donor molecules were excited by an amplified, frequency-doubled diode laser
(PicoTA 530, PicoQuant, Berlin) at 532 nm and acceptor molecules were excited by a pulsed diode
laser (LDH-D-C 640, PicoQuant) at 640 nm. Green laser was operated at a power of 45.1 uW and red
laser at 23.3 uW, both measured at the sample, operated at a repetition rate of 26.66 MHz and
synchronized with a delay of 18 ns. The laser light was guided into the epi-illuminated confocal
microscope base (Nikon Eclipse TE300) and focused by a 60X water immersion objective (Plan Apo
IR 60x/1.27, Nikon). For excitation, only parallel and perpendicular polarized light was selected using
a Glan-Thompson polarizer (GTHM Polarizer, Thorlabs) before focusing into the objective. The
emitted fluorescence was collected through the objective and spatially filtered using a pinhole with 75
pum diameter. The fluorescence emission was first separated for polarization using a polarizing beam-
splitter (PBS3, Thorlabs) before being spectrally separated into donor and acceptor channels by a
dichroic mirror (640DCXR; AHF Analysentechnik). Fluorescence emission was filtered (donor:
Brightline HQ582/75, acceptor: Brightline HQ700/75, AHF Analysentechnik) and focused on
avalanche photodiodes (SPCM-AQR, Perkin-Elmer) for detection. The detector outputs were recorded
using four TCSPC cards (SPC154; Becker and Hickl)

For samples labeled with Alexa488-Alexa647, our three-color setup was used as described previously®.
For this dye-pair combination, we switched off the 560 nm laser and associated detectors. In general,
the three-color set-up has three pulsed lasers with a ~20 ns delay between the laser pulses (pulse
frequency of 16.7 MHz) (PicoQuant, Germany; LDH-D- C-485, LDH-D-TA-560, LDH-D-C-640). The
lasers were synchronized using a laser driver (PicoQuant, Germany; Sepia II). A 60x water immersion
objective with 1.27 N.A. (Nikon, Germany; Plan Apo IR 60x 1.27 WI) was used for focusing the lasers
into the sample. The measured laser powers at the sample were ~94.6 pW for blue, ~69.3 pW for green
and ~22.3 uW for red laser. Fluorescence was collected by the same objective, separated from the laser
excitations using a polychroic mirror (AHF Analysentechnik; zt405/488/633, Germany) and confocal
geometry was achieved using a 50 um pinhole. Light passing through the pinhole was further separated
by a polarizing beam splitter (Thorlabs, Germany). Separation of blue and red wavelengths were
performed with a dichroic mirror (AHF Analysentechnik; 640DCXR). Emission filters (AHF
Analysentechnik; ET525/50, ET670/30) were placed right before the APD detectors
(LaserComponents, 2x COUNT-100B for blue detection; Perkin Elmer, 2x SPCM-AQR14 for red
detection). Photons were recorded and synchronized to the lasers pulses using a TCSPC module
(PicoQuant; HydraHarp400).

Data analysis was performed using the PAM (PIE Analysis with Matlab) software package as described
elsewhere''. Single-molecule events were identified using a sliding time window analysis with a
threshold of 50 photons, a time window of 500 us and a minimum photon number of 10. To remove
photo-blinking and -bleaching events, the ALEX-2CDE filter was applied using an upper threshold of
12.

Lab#2

All sample solutions were measured in NUNC chambers (Lab-Tek, Thermo Scientific) with 500 pL
sample volume and a pM concentration. Single-molecule FRET experiments with PIE were performed
on a homebuilt confocal setup as described previously™.
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Setup #1 for samples labeled with Alexa Fluor 546 — Alexa Fluor 647, Alexa Fluor 546 —
AbberiorSTAR635P and Atto532 — Atto643: fluorescent donor molecules are excited by a pulsed white
light laser source (SuperK EXTREME, NKT Photonics) at 532 nm, using a modulator (SuperK Varia,
NKT Photonics), or with a pulsed diode laser LDH-P-FA 530B. Donor excitation laser is operated with
repetition rate of 25 MHz, and with power of 80 W measured at the sample. Acceptor molecules are
excited by a pulsed diode laser (LDH-D-C 640), operated at 25 MHz and 8 uW power measured at the
sample. Laser light is guided into the epi-illuminated confocal microscope (Olympus IX71, Hamburg,
Germany) by dichroic beamsplitter F68-532_zt532/640NIRrpo (AHF, Germany) and focused on a
sample by a water immersion objective (UPlanSApo 60x/1.2w, Olympus Hamburg, Germany). Emitted
fluorescence is collected through the objective and spatially filtered using a pinhole with 100 pm
diameter and further split into parallel and perpendicular components using polarizing beam splitter
cube (VISHT11, Gsénger). Light is then spectrally split into “green” and “red” spectral windows by a
dichroic mirror (T640Ipxr, AHF, Germany). Fluorescence emission was filtered (donor: 47-595/50 ET,
acceptor: HQ 730/140, AHF, Germany) prior to detection using avalanche photodiodes (SPCM-AQRH
14, Excelitas). The detector outputs were recorded by a TCSPC module (HydraHarp 400, PicoQuant).
To account for polarization mixing in the microscope objective, eYFP (enhanced Yellow Fluorescent
Protein) was used as a calibration sample using the procedure described in Supplementary Note 8. The
polarization correction factors were determined to be: 1;=0.0308 and [, = 0.0368.

Setup #2 for samples labeled with Alexa Fluor 488 — Alexa Fluor 647: donor molecules were excited
by a pulsed diode laser (LDH-D-C 485, PicoQuant) at 485 nm. Acceptor molecules were excited with
pulsed diode laser (LDH-D-C 640, PicoQuant) at 635 nm. Lasers were operated with the repetition
frequency of 32 MHz. Laser powers were measured at the sample and were 60 uW for donor excitation
laser and 10 W for acceptor excitation laser. Laser light is guided into the epi-illuminated confocal
microscope (Olympus IX71, Hamburg, Germany) by dichroic beamsplitter FF500/646-Di01 (Semrock,
USA), and focused on the sample by a water immersion objective (UPlanSApo 60x/1.2 NA, Olympus
Hamburg, Germany). The emitted fluorescence is collected through the objective and focused on a 100
um pinhole. Using a polarizing beam splitter cube, emitted light is divided into its parallel and
perpendicular components. This is then followed by light being split into two spectral windows, “green”
and “red”, using longpass filter Q593, and then again using 50/50 beam splitters resulting in a total of
eight detection channels. Additionally, bandpass filters are placed in front of the detectors (FFO1-
530/43-25; AHF, Tubingen, Germany for donor molecules and HQ 720/150 nm; AHF, Tibingen,
Germany for acceptor molecules). Detection is performed using eight avalanche photodiodes (4 green
channels: T-SPAD (PicoQuant, Germany) and 4 red channels: SPCM-AQR-14 (Perkin Elmer). The
detector outputs were recorded by a TCSPC module (HydraHarp 400, PicoQuant). As for setup #1, the
correction factors for polarization mixing in the microscope objective were determined to be ;= 0.0175
and I, = 0.0526.

For both sctups data analysis was performed using home-written LabView-based software. Burst search
was performed as described"’, using APBS (All Photon Burst Search) method and inter-photon times
as threshold.

Lab#3

Sample solutions were measured with 100 pl drop on coverslip with concentration of around 50 pM.
Single-molecule FRET experiments with ALEX were performed on a homebuilt confocal microscope
as described previously®’. The fluorescent donor molecules are excited by a diode laser OBIS 532-100-
LS (Coherent, USA) at 532 nm operated at 60 pW at the sample in alternation mode. The fluorescent
acceptor molecules are excited by a diode laser OBIS 640-100-LX (Coherent, USA) at 640 nm operated
at 25 uW at the sample in alternation mode (100 ps alternation period). The lasers are combined by an
aspheric fiber port (PAF2S-11A) and coupled into a polarization maintaining single-mode fiber P3-

56



488PM- FC-2 (Thorlabs, USA). The laser light is guided into the epi-illuminated confocal microscope
(Olympus IX71, Hamburg, Germany) by dual-edge beamsplitter ZT532/640rpc (Chroma/AHF) focused
by a water immersion objective (UPlanSApo 60x/1.2w, Olympus Hamburg, Germany). The emitted
fluorescence is collected through the objective and spatially filtered using a pinhole with 50 pm
diameter and spectrally split into donor and acceptor channel by a single-edge dichroic mirror H643
LPXR (AHF). Fluorescence emission was filtered (donor: BrightLine HC 582/75 (Semrock/AHF),
acceptor: Longpass 647 LP Edge Basic (Semroch/AHF), focused on avalanche photodiodes (SPCM-
AQRH-64, Excelitas). The detector outputs were recorded by a NI-Card PCI-6602 (National
Instruments, USA).

Data analysis was performed using home written software package as described®”’. Single-molecule
events were identified using a All-Photon-Burst-Search algorithm with a threshold of 15, atime window
of 500 ps and a minimum total photon number of 150.

Lab#4

All sample solutions are measured in home-built 60 uL. chambers with ~100-pM concentration. PIE-
FRET experiments are carried out on a home build confocal microscope. The fluorescent donor
molecules are excited by a pulsed diode laser (LDH-P- FA-530B, PicoQuant), at 532 nm operated at
20 MHz, with an excitation power of 55 uW at the sample in PIE experiment. The fluorescent acceptor
molecules are excited by a pulsed diode laser (LDH-D-C-640, PicoQuant), at 639 nm operated at 20
MHz, with an excitation power of 50 uW at the sample in PIE experiment. The laserpulses are altered
on the nanosecond timescale by a multichannel picosecond diode laser driver (PDL 828 “Sepia 117,
PicoQuant GmbH) with an oscillator module (SOM 828, PicoQuant GmbH). The lasers were coupled
into a single mode fiber (P3-488PM-FC, Thorlabs GmbH) to obtain a Gaussian beam profile. Circular
polarized light is obtained by a linear polarizer (LPVISE100-A, Thorlabs GmbH) and a quarter-wave
plate (AQWPO5M- 600, Thorlabs GmbH). The laser light is guided into the epi-illuminated confocal
microscope (Olympus IX71, Hamburg, Germany) by dual-edge beam splitter (z532/633, AHF
analysentechnik AG) focused by an oil immersion objective (UPLSAPO100X0, NA 1.40, Olympus
Hamburg, Germany). The emitted fluorescence is collected through the objective and spatially filtered
using a pinhole with 50 pm diameter and spectrally split into donor and acceptor channel by a single-
edge dichroic mirror (640DCXR, AHF Analysentechnik AG, Germany). Fluorescence emission is
filtered (donor: Brightline HC582/75 (AHF Analysentechnik AG), RazorEdge LP 532 (Laser 2000
GmbH), acceptor: (Shortpass 750, AHF Analysentechnik AG; RazorEdge LP 647, Laser 2000 GmbH),
focused on avalanche photodiodes (SPCM-AQRH-14-TR, Excelitas Technoligiecs GmbH & Co. KG).
The detector outputs were recorded by a TCSPC module (HydraHarp 400, PicoQuant). The setup is
controlled by a commercial software package (SymPhoTime64, Picoquant GmbH).

Data analysis is performed using PAM software package as described'! . Single-molecule events are
identified using a two channel APBS-algorithm with a threshold of 5 photons per time window, a time
window of 500 ps and a minimum photon number of 20. To remove photo-blinking and -bleaching
events, the ALEX-2CDE filter was applied using an upper threshold of 10",

Lab#5

All sample solutions were measured in 200 pl PBS buffer with a labelled protein concentration of 25-
100 pM. In short: Single-molecule FRET experiments with ALEX were performed on a homebuilt
confocal microscope as described previously®*® The fluorescent donor molecules are excited by a
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spectrally filtered laser beam of a pulsed supercontinuum source (SuperK Extreme, NKT Photonics)
with an acousto-optical tunable filter (AOTFnc-VIS, EQ Photonics), at 532 nm and 640 nm. The laser
light is guided into a single-mode fiber (PM-S405-XP, Thorlabs) and the collimated beam (Focusing
collimator MB06, Q-Optics/Linos) was coupled into an oil-immersion objective (60x, NA 1.35,
UPLSAPO 60X0, Olympus) by using a dichroic beam splitter (zt532/642rpc, AHF Analysentechnik)
mounted on an inverse microscope body (IX71, Olympus). The emitted fluorescence is collected
through the objective and spatially filtered using a pinhole with 50 um diameter and spectrally split into
donor and acceptor channel by a single-edge dichroic mirror (640DCXR, AHF Analysentechnik).
Fluorescence emission was filtered (donor: Brightline HC582/75, acceptor ET700/75; AHF
Analysentechnik), focused on avalanche photodiodes (Tau-SPAD, PicoQuant). The detector outputs
were recorded by a TCSPC module (HydraHarp 400, PicoQuant).

Data analysis was performed as described®” . Single-molecule events were identified using an All
Photon Burst Search algorithm with a threshold of 15, a time window of 500 us and a minimum photon
number of 200.

Lab#6

Single molecule measurements were carried out on a home-built confocal microscope” Pulsed green
and red laser light (532nm, LDH-P-FA-530 and 640nm, LDH-D-C-640, respectively, PicoQuant) was
polarised, overlaid and focused on the sample by a 60x water immersion objective (CFI Plan Apo VC
60XC/1.2 WI, Nikon). Excitation light was separated from the emitted light by a dichroic mirror (F53-
534 Dual Line beamsplitter z 532/633, AHF). The emitted light was then guided through a further
dichroic mirror (F33-647 beam splitter 640 DCXR, AHF) to separate donor and acceptor fluorescence.
After spectral separation, pinholes with a diameter of 150 micrometer refined the detection volume to
about 8fL. Finally, the two photon streams were separated by polarizing beam splitters into their parallel
and perpendicular parts and recorded by single-photon detectors (two SPCMAQR-14, PerkinElmer and
two PDMseries APDs, Micro Photon Devices). Time-correlated single photon counting with
picosecond resolution and data collection was performed by a HydraHarp400 (PicoQuant) and the
Symphotime 32 software (PicoQuant). The G-factors for correcting the difference in sensitivity of the
two polarization channels were 1.2.

The sample was measured within a BSA passivated well. Data analysis was performed using the PAM
software package. Bursts were identified first using APBS with at minimum of 50 photons per burst, a
500 ps time window and at least 20 photons per time window to determine correction factors & and 6.
Then a DCBS was performed with similar parameters and at least 12 photons in the green and 10 in the
red channel. The other two correction factors were determined from the bursts identified in the second
burst search.

Lab#7

All sample solutions were measured a drop on a coverslip, sealed in an airtight chamber, with
concentration ~50 pM. The general scheme of the setup is described”" . In short, Single-molecule FRET
experiments with ALEX were performed on a homebuilt confocal setup, the smfBox. The fluorescent
donor molecules are excited by a continuous wave laser at 515 nm operated at 100 uW at the sample.
The fluorescent acceptor molecules are excited by a continuous wave laser, at 638 nm operated at 230
uW at the sample. The laser light is guided into the custom-built microscope body and focused by an
oil immersion objective (UPLSAPO 60x NA = 1.35, Olympus Hamburg, Germany). The emitted
fluorescence is collected through the objective and spatially filtered using a pinhole with 20 pm

58



diameter and spectrally split into donor and acceptor channels by a single-edge dichroic mirror
(NC395323 - T640lpxr, Chroma, USA). Fluorescence emission was filtered (donor: FF01-571/72-25,
acceptor: FF01-679/41-25, Semrock, USA), focused on avalanche photodiodes (SPCM-AQRH-14,
Excelitas). The detector outputs were recorded by a national instruments card (PCle-6353), with
acquisition controlled using custom software available on our github (see smfBox reference above). A
full description of the procedure is available™.

Data analysis was performed using the PAM software package as described'' Single-molecule events
were identified using a dual channel burst search algorithm with a threshold of 5 photons, a time window
of 500 ps and a minimum photon number of 50.

Lab#8

All sample solutions were measured as a drop on a passivated with BSA (1mg/ml) coverslip with protein
concentration from 20 to 50pM. SmFRET measurements were carried out on a custom built confocal
setup using time-correlated single photon counting (TCSPC), which combines pulsed interleaved
excitation with multi-parameter fluorescence detection (PIE-MFD) “. In brief, the fluorescent donor
molecules are excited by a pulsed diode laser (LDH-P-FA 530L, PicoQuant) at 531nm, operated at
20MHz with 60uW power. The fluorescent acceptor molecules are excited by a pulsed diode laser
(LDH-D-C 640, PicoQuant) at 640nm, operated at 20MHz with 40uW power. The laser light is coupled
into a fiber collimator (60FC-4-RGBV11-47, Schifter + Kirchhoff GmbH, Hamburg). After the
collimator, the laser light is reflected by a dichroic mirror (HC quadband laser beamsplitter
R405/488/532/635, AHF Analysentechnik AG, Tibingen) and then focused into the sample by a 1.2
NA water immersion objective (CFI Plan Apochromat VC 60x, Nikon GmbH, Diisseldorf). The laser
driver, Sepia II (PicoQuant), operates the lasers such that they are pulsed (20 MHz) and shifted (by
~25ns) with respect to each other. The emitted fluorescence is collected by the objective and spatially
filtered using a pinhole with 75um diameter and spectrally split into two beams: parallel and
perpendicular with respect to the excitation light by a polarizing beam splitter cube (PBS201, Thorlabs,
Munich). After the PBS, the two beams are then split into donor and acceptor channel according to
wavelength (HC BS 649, AHF Analysentechnik), resulting in 2 beams per polarization (green and red).
Fluorescence emission was filtered (donor: 582/75 Brightline HC, acceptor: 700/75 ET bandpass, AHF
Analysentechnik) and focused on a single-photon avalanche diode (t-SPAD-100, PicoQuant) by a lens
of 100 mm focal length. The detector outputs were recorded by a TCSPC module HydraHarp 400
(PicoQuant) which is synchronized with the laser driver. The photon arrival times were recorded with
16ps resolution for microtime and synchronization period of 50ns for macrotime.

Data analysis was performed using (PAM-PIE analysis with MATLAB v2.0 (develop branch up to
commit 320364c4) software package as described '!. Single-molecule events were identified using
APBS as burst search method with a threshold of 100 photons per burst, a time window of 500 pus and
a minimum photon number of 5. To remove photo-blinking and -bleaching events, the ALEX-2CDE
filter was applied using an upper threshold of 10 '%,

Lab#9

The smFRET experiments were performed on a custom-built confocal detection-based microscope. The
general scheme of the setup was previously described” All sample solutions were measured in 8-well
chamber slides with a final volume of 200 pl at sample concentration of 50 pM. A pulsed laser diode
(LDH-TA-560, Picoquant, Germany), pulsed at 40 MHz, 35 uW, is used for donor excitation; A pulsed
laser diode (LDH-D-C-660, Picoquant, Germany), pulsed at 40 MHz, 100 uW, is used for acceptor
excitation. We used pulsed interleaved excitation (PIE) scheme to alternatingly excite donor and
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acceptor fluorophores to retrieve the stoichiometry (S) information” The lasers were cleaned up with
excitation filters (Brightline FF01-572/15 and Brightline FF01-650/13, Semrock), passed through the
polarizer (GL-10A, Thorlabs) before entering the objective lens (60x, water immersion, NA=1.27,
Nikon) through the central dichroic mirror (ZT405/488/561/660/905rpc-UF3, Chroma). The
fluorescence emission signal was collected through the same objective lens and spatially filtered using
apinhole with 100 um diameter and split into parallel and perpendicular polarization axis. Fluorescence
emission was then filtered (donor: Brightline HC612/69, acceptor: ET700/75, Chroma) after separated
into donor and acceptor channels via the dichroic mirror (FF650-DI01, Semrock). Photon signals were
detected on photon counting detectors (t-SPAD, Picoquant, Berlin) and recorded by a TCSPC module
(Hydraharp400, Picoquant, Berlin). Acquired data were subject to multi-parameter fluorescence
analysis and processed burst-wise for fluorescence intensities and lifetime with a threshold of 30
photons per burst™®®. All acquired data was performed by a custom written Igor-Program
(Wavemetrics)” and the burst variance analysis (BVA) was analyzed by using algorithm from PAM-
PIE with MATLAB'"' .

Lab#10

All sample solutions were measured as drops on a coverslip with a concentration of 50 pM. A custom-
built confocal microscope was used for single-molecule FRET experiments as previously described””
 and the setup was modified to allow alternating-laser excitation of donor and acceptor
fluorophores®®!. For this purpose, the fibre-coupled outputs of a 532-nm laser (operated at 250 uW)
and a 640-nm laser (operated at 60 uW) were alternated with a modulation frequency of 20 kHz. Both
beams were spatially filtered and coupled into an oil-immersion objective (60x 1.35 NA, UPLSAPO
60XO0, Olympus). The same objective was used to collect the resulting fluorescence; the emission was
separated from excitation light by a dichroic mirror, focused onto a 200-um pinhole, and subsequently
split spectrally on two avalanche photodiodes (SPCM-AQR-14, PerkinElmer, UK) detecting the donor
and acceptor fluorescence with two distinct spectral filters (green: 585DF70; red: 650LP). Custom-
written LabVIEW software was used to register and evaluate the detected signal. Fluorescence photons
were assigned to either donor or acceptor-based excitation with respect to their photon arrival time.
Two characteristic ratios, the fluorophore stoichiometry S and apparent FRET efficiency E*, were
calculated for each fluorescent burst, yielding a two-dimensional histogram 6-7. One-dimensional E*
distributions for donor-acceptor species were obtained using a 0.4 < S < (.8 threshold. These E*
distributions were fitted with Gaussian functions, yielding the mean E* value for each distribution.

Lab#11

All sample solutions were measured in custom made glass chambers at a concentration of 15 pM. The
general scheme of the setup is described in Krainer et al. 2018%. In short, single-molecule FRET
experiments were performed on a custom-built confocal microscope as described previously by
Hartmann et al. 2015%. The fluorescent donor and acceptor labelled molecules were excited in PIE
mode with 25 MHz repetition rate by a green pulsed diode laser (LDH-P-FA 530L, PicoQuant, Berlin,
Germany), at 530 nm wavelength, and a red pulsed diode laser (LDH-D-C 640, PicoQuant), at 640 nm
wavelength with laser powers of 110 uW and 90 pW before objective, respectively. The laser light is
guided into the inverted confocal microscope (Nikon Eclipse Ti - Nikon, Tokyo, Japan) by a dual-edge
beam splitter zt532/640rpc (Chroma, Bellows Falls, VT, USA) and focused by a water immersion
objective (FI Plan Apo WI 60x (NA 1.2), Nikon). The emitted fluorescence is collected through the
same objective and spatially filtered using a pinhole with 50 um diameter. In order to detect the
fluorescence anisotropy, the spatially filtered light is separated according to its polarization by a
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polarizing beam splitter (PBS201, Thorlabs, Newton, NJ, USA) and guided in the parallel and
perpendicular detection channel. In each detection channel the light is spectrally split into donor and
acceptor emission by a single-edge dichroic mirror (FF650-Di01, Semrock, New York, NY, USA). The
polarization separated and spectrally split fluorescence emission was bandpass filtered (donor: FFO1-
582/75, Semrock, acceptor: ET700/75M, Chroma) and focused on avalanche photodiodes (SPCM-
AQRH-14, Excelitas, Waltham, MS, USA). The detector outputs were recorded by a TCSPC module
(HydraHarp 400, PicoQuant).

Data analysis was performed using a custom written software package as described in Hartmann et al.
2017*. Single-molecule events were identified from the acquired photon stream as fluorescence bursts
with a maximum inter-photon time of 50 us containing a minimum total number of 40 photons for
protein 1 and 100 photons for protein 2 after background correction and a Lee filter with window size
four. To remove photo-blinking and bleaching events, the ALEX-2CDE filter as described by Tomov
et al. 2012"? was applied using an upper threshold of 8.

Lab#12

All sample solutions were measured in Cellview chamber slides (Greiner BioOne, Frickenhausen,
Germany) with a dilution of 1 to 600 from the received stocks. Single-molecule FRET experiments
with PIE were performed on a commercial MicroTime 200 confocal microscope (PicoQuant, Berlin,
Germany) as described ¥°. The fluorescent donor molecules are excited by a pulsed diode laser (LDH-
P-FA 530B, PicoQuant), at 532 nm operated at 20 MHz, 60 uW at the sample in the PIE excitation
mode . The fluorescent acceptor molecules are excited by a pulsed diode laser (LDH-D-C-640,
PicoQuant, Berlin, Germany; clean up filter: zet636/20x, Chroma, Bellow Falls, VT, USA), at 640 nm
operated at 20 MHz, 30 uW at the sample in the PIE excitation mode. The laser light is guided into the
inverted 1X73 confocal microscope (Olympus, Hamburg, Germany) by a dual-edge beam splitter
ZT532/640rpc-UF3 (Chroma, Bellow Falls, VT, USA) and then focused by a water immersion objective
(UPlanSApo 60x/1.2w, Olympus, Hamburg, Germany). The emitted fluorescence is collected through
the objective and spatially filtered using a pinhole with 50 um diameter and spectrally split into donor
and acceptor channel by a single-edge dichroic mirror (T6351pxr; Chroma, Bellow Falls, VT, USA).
Fluorescence emission was filtered (donor: ff01-582/64; Semrock, Rochester, NY, USA; acceptor:
H690/70; Chroma, Bellow Falls, VT, USA) and focused on avalanche photodiodes (SPCM-AQRH-14-
TR, Excelitas Technologies, Waltham, MS, USA). The detector outputs were recorded by a TCSPC
module (HydraHarp 400, PicoQuant, Berlin, Germany). The setup was controlled with the
SymPhoTime64 software package (PicoQuant, Berlin, Germany).

Data analysis was performed using the PAM software package as described !'. Single-molecule events
were identified using an APBS and DCBS with a threshold of 100 photons per burst, a sliding time
window of 500 ps and a minimum photon number of 10.

Lab#13

All sample solutions were measured as a drop on a coverslip (Roth, Karlsruhe, heated to 500 °C for 2
h), covered with a humidity chamber with a dilution of 1 to 300 (sample 1) and 1 to 200 (sample 2 and
3) of the delivered stock solution. The general scheme of the setup is described®. In short: Single-
molecule FRET experiments with POE (Pulsed Overlayed Excitation) were performed on a homebuilt
confocal microscope as described™ . The fluorescent donor molecules are excited by a cw DPSS “Crysta
Laser” (GCL-005-L, Laser2000, Wessling) at 532 nm with 40 pW at the sample. The fluorescent
acceptor molecules are excited by a pulsed diode laser (LDH-P-C 635, PicoQuant GmbH), at 635 nm
operated at 10 MHz, 5 uW at the sample in the POE experiment. The laser light is guided through a
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single-mode fibre (SMC-460, Schifter&Kirchoff), directed by dual-band beamsplitter (Z532/633,
Chroma, Bellows Falls, USA) and then focused by a water immersion objective (CFI PlanApochromat
60x WI, Nikon, Japan). The emitted fluorescence is collected through the objective and spatially filtered
using a pinhole with 50 pum diameter and spectrally split into donor and acceptor channel by a single-
edge dichroic mirror (BS640DCXR, Chroma, Bellows Falls, USA). Fluorescence emission was filtered
(donor: FFO1_582 75, Semrock, USA) acceptor: HQ685_70, Chroma, Bellows Falls, USA) and
focused on avalanche photodiodes (SPCM-AQR 14, Perkin Elmer, Fremont, USA). The detector
outputs were recorded by a TCSPC module (TimeHarp200, PicoQuant GmbH, Berlin, Germany).

Data analysis was performed using IgorPro 8 (Wavemetrics, Portland OR, USA). Single-molecule
events were identified using a bin-selection algorithm with a threshold of 40 photons in the sum of
donor and acceptor channel upon donor excitation and a threshold of 10 photons in the acceptor
channel upon acceptor excitation.

Lab#14

Our multi-parameter fluorescence detection setup equipped with pulsed interleaved excitation is
conceptually identical to the confocal microscope described previously”. For excitation, a pulsed
supercontinuum laser was used with wavelength selector at 532+5 nm (Solea, Picoquant, Berlin,
Germany), and a spectrally filtered (Chroma z635/10x, Picoquant) 635-nm laser diode (LDH-P-C-
635B, Picoquant). Both lasers were alternated at 26.67 MHz (PDL 828 Sepia2, Picoquant), delayed
~18-ns with respect to each other and combined via a dichroic mirror (Chroma T560lpxr, F48-559,
AHF) in a single-mode optical fiber (coupler: 60FC-4-RGBV11-47, fiber: PMC-4008Si-2.6-NA012-3-
APC-150-P, Schifter und Kirchhoff GmbH, Hamburg, Germany). After collimation (60FC-L-4-
RGBV11-47, SuK GmbH), the linear polarization was cleaned up (Codixx VIS-600-BC-W01, F22-
601, AHF) and the light was reflected on a 3-mm thick excitation polychroic mirror (Laser Beamsplitter
zt532/640rpe, F58-PQ09, AHF) upward and into the back port of the microscope (IX70, Olympus
Belgium NV, Berchem, Belgium) via two mirrors and upward to the sample (3-mm thick Full Reflective
Ag Mirror, F21-005, AHF, mounted in a TIRF Filter Cube for BX2/1X2, F91-960, AHF) to the objective
(UPLSAPO-60XW, Olympus). Sample emission was focused through a 75-um pinhole (P75S,
Thorlabs, Munich, Germany) via an achromatic lens (AC254-200-A-ML, Thorlabs), collimated again
(AC254-50-A-ML, Thorlabs) and spectrally split (Laser Beamsplitter H 643 LPXR superflat, F48-643,
AHF). The yellow range was filtered (582/75 BrightLine HC, F37-582, AHF) and polarization was split
(PBS251, Thorlabs). The red range was also filtered (Chroma ET705/100m, AHF) and polarization was
split (PBS252, Thorlabs). Photons were detected on four avalanche photodiodes (yellow photons: Laser
Components COUNT Blue, red photons: Perkin-Elmer or EG&G SPCM-AQR12/14) all of which were
connected to a time-correlated single photon counting (TCSPC) device (SPC-630, Becker & Hickl
GmbH, Berlin, Germany) over a router (HRT-82, Becker & Hickl) and power supply (DSN 102,
Picoquant). Signals were stored in 12-bit first-in- first-out (FIFO) files. All analyses of experimental
data were performed in the software package PAM'.

Lab#15

All sample solutions were measured in Coming 384 well non-binding plates at concentrations ranging
between 20-60 pM. The general scheme of the setup is described®’.In short: Single-molecule FRET
experiments with PIE - MFD were performed on a homebuilt confocal microscope as described
previously®’” Excitation was performed with a pulsed SC450-4-20Mhz supercontinuum source
(Fianium, Southampton, UK). It runs at 20MHz, and has a power density >2mW/nm over the 450-
800nm range, with an average pulse width of 100-150ps. The collimated, unpolarized output of the
source is divided by a 50:50 beamsplitter cube (BS016, Thorlabs, NJ, USA), thus generating two beams.
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The beams are spectrally filtered using excitation bandpass filters at wavelength 532/10 (prompt beam)
and 635/10 (delayed beam) to excite donor and acceptor molecules, respectively. The delayed beam has
apath length of ~ 8m relative to the prompt beam, generating a ~24 ns delay in the pulse. The two beam
paths are then recombined using a 50:50 beamsplitter cube (BS016, Thorlabs, NJ, USA) and focused
using a 10x objective into a single-mode fiber (SMF) (P1-460A-FC, Thorlabs, NJ, USA), by which the
beams become spatially overlapped and filtered. The output of the fiber is collimated using a 10x
microscope objective lens (040AS010; CVI Melles Griot, Albuquerque, NM, USA), polarized by a
polarizing beamsplitter cube (PBS; PBS201, Thorlabs, NJ, USA) and coupled into an inverted
microscope (Eclipse Ti, Nikon, France). Power was controlled using Y2 (prompt: WPH05M-532 and
delayed WPHO05M-633, Thorlabs, NJ, USA) and Y waveplates (prompt: WPQO05M-532 and delayed
WPQO05M-633, Thorlabs, NJ, USA) placed in the prompt and delayed beams before recombination,
resulting in 50 pW for the prompt and 25 pW for the delayed beam at the entrance into the microscope.
The light is reflected by a dichroic mirror that matches the excitation/emission wavelengths
(FF545/650-Di01, Semrock, Rochester, NY, USA) and coupled into a Nikon 100x, NA1.4 objective.
Emitted photons are then collected by the objective and focused by the tube lens on a pinhole of 150pum.
The emission photon stream is collimated and divided using a polarizing beamsplitter cube (PBS;
PBS201, Thorlabs, NJ, USA). In each created polarization channel, the photons are spectrally separated
using dichroic mirrors (BS 649, Semrock, Rochester, NY, USA) and filtered using high quality emission
filters (parallel: ET BP 585/65 and ET BP 700/75 and perpendicular: HQ 590/75 M and HQ 660 LP,
Chroma, Bellows Falls, VT, USA). Single photons are detected using Single Photon Avalanche Diodes.
We use two MPD-1CTC (MPD, Bolzano, Italy) for the donor wavelength channels and two SPCM
AQR-14 (Perkin Elmer, Fremont, CA, USA) for the acceptor wavelength channels. The output of the
detectors is coupled into a TCSPC counting board (SPC-150, Becker&Hickl, Berlin, Germany), through
a HRT41 router (B&H), using appropriate pulse inverters and attenuators. The sync signal that triggers
the TCSPC board is provided by picking a small fraction of the light from the prompt path (reflected
by a coverslip), and focusing it on an avalanche diode (APM-400, B&H).

Data analysis was performed using the Software Package for Multiparameter Fluorescence
Spectroscopy, Full Correlation and Multiparameter Fluorescence Imaging developed in C.AM.
Seidel’s lab (http:// www.mpc.uni-duesseldorf.de/seidel/). A single-molecule event was defined as a
burst containing of at least 40 photons with a maximum allowed interphoton time of 0.3 ms and a Lee-
filter of 20. Photobleaching events were identified base on [TGX-TRR|<1 ms as described *.

Lab#16

All sample solutions were measured in chamber with concentration 100 pM. The general scheme of the
setup is similar to Supplementary Figure 2. In short: Single-molecule FRET experiments with ALEX
were performed on a homebuilt confocal microscope as described previously. The light from 532nm
(Compass 215M-50, Coherent, USA) and 638nm (25mW Red flame, Coherent, USA) cw-laser sources
is alternately directed to an IX71 inverted microscope (Olympus, Japan) every 25 ps, reflected on a
beamsplitter (Z488-533-633RPC, Chroma, USA) and focused through a water-immersion objective
(UPlanApo 60x/1.2w, Olympus, Japan) to excite fluorescent molecules. The light intensities were 100
pW for 532nm and 35 pW for 638nm, measured before the beamsplitter. The emitted fluorescence is
collected through the objective, spatially filtered using a 100 pm pinhole, and then spectrally split into
two photon streams by a dichroic mirror (635 DCXR, Chroma, USA). Individual photon streams were
filtered (for donor: HQ580/60m, for acceptor: HQ6651Ip, Chroma, USA) and detected by single photon-
avalanche photodiodes (SPCM-AQR-14, PerkinElmer, USA). The detector outputs (photon arrival
times) were recorded by a counter/timer device module (PCI-6602, National Instruments, USA).

Data analysis was performed using the ALEX-suite software package as described®® Single-molecule
events were identified using an all-photon-burst-search (APBS) and a dual-channel-burst-search
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(DCBS) algorithm with a threshold of 150, a time window of 50 ps and a minimum photon number of
50.

Lab#17

All sample solutions were measured in microscopy coverslip wells (p-Slide 18 Well, Ibidi, GmbH) as
was previously described in the analysis of smFRET within-burst dynamics of a DNA hairpin®. Sample
excitation in all nsALEX/PIE measurements was achieved using pulsed picosecond fiber laser
(A =532 nm, pulse width of 100 ps FWHM, operating at 20 MHz repetition rate and 100 pW measured
at the back aperture of the objective lens; FL-532-PICO, CNI, China), and pulsed picosecond diode
laser (L=642nm, pulse width of 100 ps FWHM, operating at 20 MHz repetition rate and 60 uW
measured at the back aperture of the objective lens; QuixX® 642-140 PS, Omicron, GmbH), delayed
by 25 ns, for donor and acceptor excitation, respectively. Excitation path: (i) polarization maintaining
optical fiber, (ii) beam shaping through quarter waveplate and a linear polarizer, (iii) dichroic
beamsplitter with high reflectivity at 532 and 640 nm (ZT532/640rpc, Chroma, USA), (iv) high
numerical aperture (NA) super apochromatic objective lens (60X, NA =12, water immersion,
Olympus, Japan). Emission path: (i) fluorescence was collected through the same objective lens, (ii)
focused with an achromatic lens (f=100 mm) onto a 100 um diameter pinhole (variable pinhole,
motorized, tunable from 20 um to 1 mm), (iii) re-collimated with an achromatic lens (f= 100 mm), (iv)
donor and acceptor fluorescence were split into two separate detection channels using a dichroic mirror
with cutoff wavelength at A =652 nm (FF652-Di01-25x36, Semrock Rochester NY, USA), (v) donor
and acceptor fluorescence were further filtered using 585/40 nm (FF01-585/40-25, Semrock Rochester
NY, USA) and 698/70 nm (FF01-698/70-25, Semrock Rochester NY, USA) bandpass filters,
respectively, and (vi) donor and acceptor fluorescence photons were detected using two hybrid
photomultipliers (Model R10467U-40, Hamamatsu, Japan). Signal acquisition path: detectors were
routed through a 4-to-1 router to a time-correlated single photon counting (TCSPC) module (SPC-150,
Becker & Hickl, GmbH) as its START signal (the STOP signal is routed from the laser controller). Data
acquisition was performed using the VistaVision software (version 4.2.095, 64-bit, ISS™ USA) in the
time-tagged time-resolved (TTTR) file format, and then transformed into the photon HDFS5 file format®™
for input in the FRET Bursts'* analysis software. Data analysis: (i) the data was split into different
photon streams, based on the detector they were originating from (donor or acceptor detectors) and on
their photon nanotimes, whether it belonged to the donor or acceptor excitation time windows in
nsALEX/PIE. The photon streams further used were Dex Dem,, Dex Aem. and Acx Aem. (11) The background
for each photon stream was assessed per each 30 s of acquisition. (iii) Photon bursts were identified as
time periods were the instantaneous photon count rate of a sliding window of m=20 consecutive photons
were at least F=6 times higher than the background rate. Both ACBS and DCBS were tested’’, where
ACBS was used for attaining all data including donor- and acceptor-only bursts, and DCBS was used
for attaining FRET-active bursts. (iv) After ACBS, bursts were further selected if they included at least
30 photons in all photon streams. After DCBS, bursts were further selected if they included at least 30
photons in the donor excitation photon streams, Dex Dem., Dex Aem., and at least 30 photons in the acceptor
excitation stream, Acx Aem . (v) Using the selected bursts after ACBS, donor-only and acceptor-only sub-
populations were further selected, and then used for calculating the o and 8. (vi) Using the selected
bursts after DCBS, the FRET-active bursts were further used for estimating the B and y correction
factors. (vii) burst-wise parameters, E and S values, as well as mean donor/acceptor nanotime for E-t
maps and E standard deviation for BVA were calculated per each burst and accumulated in 1D and 2D
histograms. Sum of gaussian fitting was used for extracting the mean values of sub-populations of burst-
wise parameters. All burst-wise parameters were corrected for background and the o, B, v and &
correction factors.
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Lab#18

All sample solutions were measured as a 50ul drop on a coverslip covered with a humidity chamber
with a dilution of 1 to 1000 (sample 1) and 1 to 400 (sample 2 and 3) of the delivered stock solution.
Measurements were performed on a home build confocal microscope, as previously described’ . Using
an ICHROME MLE-SFG laser module (Toptica, Germany) as excitation source, alternating 25 s
excitation pulses of 514 nm (80 pW) and 632 nm (80 uW). The excitation beam was directed via a fiber
coupler and a dichroic mirror (z514/640rpc, Chroma, USA) through the water-immersion objective
(60x, NA 1.2, Olympus, Japan), and focused 50 pm above the glass-sample interface. Fluorescence was
spatially filtered with a 50 pm pinhole in the image plane and split by a second dichroic mirror (640dcxr,
Chroma, USA). The fluorescence signals were further filtered (hq570/100nm and hq700/75nm,
Chroma, USA) for green and red detection and focused on the active arca of two single photon
avalanche photodiodes (SPADs, SPCM AQR-14, Perkin Elmer, USA). The photodiodes were read out
with a TimeHarp 200 photon counting board (Picoquant, Germany), and the arrival times were stored
in t3r (time-tagged to timeresolved) files. Each dataset contained ~3000 bursts and was analyzed using
the FRETBursts toolkit'* A single-molecule event was defined as a burst containing at least 40 photons
with a maximum interphoton time of 100 ps.

Lab#19

Single-molecule FRET experiments were performed on a homebuilt confocal microscope as described
previously”. Briefly, a confocal excitation laser (532 nm, World StarTech) was focused on the sample
through the side port of the microscopy (Olympus) with a 100X oil immersion objective (Olympus).
The excitation laser intensity was maintained at 50 pW for all experimental conditions. The
fluorescence emission was collected through the objective, spatially filtered through a 100 uM pinhole,
spectrally filtered through a band pass filter (HQ580/60 m, Chroma), split into donor and acceptor
channels by a dichroic mirror (HQ680/60 m, Chroma) and subsequently detected by two avalanche
photodiodes (Excelitas Technologies).

All sample solutions were measured in BSA (Bovine serum albumin, 1 mg/mL) passivated chambers
with sample concentrations around 50 pM. Baseline fluorescence signal was estimated from imaging
chamber containing imaging buffer only. Single molecule events were identified after subtraction of
baseline signal, as bursts with minimum 40 counts over an exposure time of 1 ms.

65

175



Supplementary Figures
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Supplementary Figure 1: Ligand-induced slow conformational dynamics of MalE switching between the
apo- and holo states. (a) Time traces of immobilized MalE 36C/352C molecules labeled with Alexa555-
Alexa647 measured in buffer containing no ligand (top row, left, grey), 1 mM maltose (top row, right, green) and
1 uM maltose , close to the K4 (rows 2-4)*'. The samples were measured in a scanning confocal microscope as
described in reference ®. FRET states and lifetimes are extracted from a fitted two-state Hidden-Markov-Model
as described in reference *°. The traces show ligand-induced interconversion of states on the >10 millisecond
timescale. (b) A dwell time histogram of the duration of the holo state at 1 uM maltose with an exponential fit
(solid line) shows a mean dwell time of 75 ms.
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Supplementary Figure 2: Schematics of the experimental setups. (a) A schematic of a confocal microscope
setup used for the acquisition of diffusion-based smFRET data using alternating-laser excitation (ALEX).
Continuous wave laser sources (here with wavelengths of 532 nm and 640 nm) excite the sample alternatively for
periods of 50 ps through a microscope objective. F(D) and F(A) indicate the donor and acceptor detection
channels, respectively. (b) A schematic of a confocal microscope sctup used for the acquisition of diffusion-based
smFRET data using nsALEX / pulsed interleaved excitation (PIE). Pulsed laser sources (here with wavelengths
of 532 nm and 640 nm) alternatingly excite the sample with picosecond pulses delayed by ~25 ns.
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Supplementary Figure 3: Correction procedure when using a global v. (a) £S-diagrams of two selected and
merged data sets (Alexa546-Alexa647 labeled MalE-1 apo and MalE-2 apo) showing the results from the different
correction steps; from left to right: raw data, background corrected apparent FRET efficiency, crosstalk and direct
excitation corrected proximity ratio, £, with fitted y curve (red), and the y corrected FRET efficiency versus
stoichiometry plots. (b) Proximity ratio, £, and stoichiometry S, of all MalE mutants in the apo (gray dots) and
holo states (green dots) with the linear fit (dashed line) used for a global y correction. For more details for global
v estimation, please see Supplementary Note 2.
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Supplementary Figure 4: Primer design and sequences for creation of MalE variants

The sequence of MalE (blue, DNA sequence in black) and the primers (in red) used for
generating the mutants are given below. The procedures have been published previously®s.
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GTCGGTAAG
K I £E E G K L v I W I N G D K G Y N G L A E V G K
ARRATCGAAGAAGGTARACTGGTAATCTGGATTAACGGCGATAAAGGCTATAACGGTCTCGCTGAAGTCGGTAAG

AAATTCGAGWRMGATACCGG 3' Lys29Cys
K r E K DTG I K Vv T VvV E H P D KL E E K F P QO V

AAATTCGAGAAAGATACCGGAATTAAAGTCACCGTTGAGCAT CCGGATARACTGGAAGAGAAATTCCCACAGGTT

A A T G D G P DI I F WA HDI R F G G Y A Q S G L
GCGGCAACTGGCGATGGCCCTGACATTATCTTCTGGGCACACGACCGCTTTGGTGGCTACGCTCAATCTGGCCTG

CCGGACAAAGCGTTCCAGKRCAAGCTGTATCCG 3' Asp87Cys
L A E I T P D K A F © D K L Y P F T W D A V R Y N
TTGGCTGAAATCACCCCGGACARAGCGTTCCAGGACAAGCTGTATCCGTTTACCTGGGATGCCGTACGTTACAAC

G K L I A Y P I AV E A L s L I Y N K D L L P N P
GGCAAGCTGATTGCTTACCCGATCGCTGTTGAAGCGTTATCGCTGATTTATAACARRAGATCTGCTGCCGAACCCG

GAAGAGATCCCGKSSCTGGATAAAGAAC 3' Alal34Cys
P K T wWw E E I P A L DK ETL KA KGK S A L M F N
CCAAAARACCTGGGAAGAGATCCCGGCGCTGGATAAAGAACT GARAAGCGARAGGTAAGAGCGCGCTGATGTTCAAC

L ¢ £ P Y F T W P L I A A D G G Y A F K Y E N G K

CTGCAAGAACCGTACTTCACCTGGCCGCTGATTGCTGCTGACGGGGGTTATGCGTTCAAGTATGARAACGGCAAG
GTGGATAACKSYGGCGCGAAAGCG 3' AlalB86Cys

Yy b I K b VvV VvV DNASGAI KA ASGULTF L V DL I K

TACGACATTAAAGACGTGGGCGTGGATAACGCTGGCGCGARAGCGGGTCTGACCTTCCTGGTTGACCTGATTARA

N K HM N A D T D Y 8 I A E A A F N K G E T A M T
AACAARCACATGAATGCAGACACCGATTACTCCATCGCAGAAGCTGCCTTTAATARAGGCGAAACAGCGATGACC

I N G P WA W S N I DT s KV N Y G V T V L P T F
ATCAACGGCCCGTGGGCATGGTCCAACATCGACACCAGCARAGTGAATTATGGTGTAACGGTACTGCCGACCTTC

K 66 ¢ P 8 K P F V.6 V L S A G I NAA S P N K E L
AAGGGTCAACCATCCARACCGTTCGTTGGCGTGCTGAGCGCAGGTATTAACGCCGCCAGTCCGAACARAGAGCTG

AAK E F L E N Y L L T D E G L E A V N K D K P L G
GCGAAAGAGTTCCTCGARAACTATCTGCTGACTGATGAAGGTCTGGAAGCGGTTAATAAAGACAAACCGCTGGGET

AV AL K S Y EEE L A KD P R I A A T M E N A O
GCCGTAGCGCTGAAGTCTTACGAGGAAGAGT TGGCGAAAGATCCACGTATTGCCGCCACCATGGAAAACGCCCAG

GATCAACGCC
K 6 £E I M P NI P @M S A F WY A V R T A V I N A
ARAGGTGAAATCATGCCGAACATCCCGCAGATGTCCGCTTTCTGGTATGCCGTGCGTACTGCGGTGATCAACGCTC
GCCWGCGGTCGTCAG 3' Ser352Cys
A8 G R ©Q T V D EAL K DA QT
GCCAGCGGTCGTCAGACTGTCGATGAAGCCCTGAARGACGCGCAGACT
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Supplementary Figure 5: Binding affinity measurements of maltose to MalE using microscale
thermophoresis. (a) The binding affinities of maltose to MalE were measured using microscale thermophoresis
(Monolith NT.LabelFree, Nanotemper) where the ratio of fluorescence before and after heating AF,,,,, =
Fro1a/Fnor Was recorded at different maltose concentrations”. Data points show AF,,,.,, normalized to the
minimal and maximal fluorescence intensities for the unlabeled mutants MalE-1 (left), MalE-2 (middle), and
MalE-3 (right). The curves were fitted with a standard model for receptor-ligand kinetics

AE _ Kg+cptomatr—y/ (Kg+cp+cmard) 2=4cp Cnalt

norm

s

2cp
where K,; is the dissociation constant, ¢, the protein concentration (0.25 pM in the experiment), and c,,4;; the
maltose concentration. The fits to the binding model (solid line) yield Ks-values of 1.2 uM (left), 1.8 uM (middle),
and 0.9 pM (right), respectively. This variation in the K,; values is within the typical reproducibility of the
measurement determined to be Ks=1.2 = 0.5 uM from measurements onl9 different mutants. (b) The binding
affinities of maltose to fluorescently-labeled MalE (Alexa547 and Alexa647) mutants MalE-1 (left), MalE-2
(middle), and MalE-3 (right) were measured using microscale thermophoresis. These experiments yielded Ka-
values of 0.9 uM (left), 0.6 uM (middle), and 1.6 uM (right), respectively. (¢) FRET efficiency £ histogram for
the MalE mutant MalE-1 (left), the mutant MalE-2 (middle), and the mutant MalE-3 (right) in the presence of

70



0 (top), 1 uM (middle), and 1 mM maltose (bottom). The peak position of the apo (solid line) and holo (dashed
line) populations, determined for this experiment, are shown. The data is from Lab #3.
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Supplementary Figure 6: Millimolar maltose concentration does not influence fluorophore properties. To
investigate the potential influence of maltose on the photophysical properties of the used fluorophores,
measurements were performed using the D65A closing deficient mutant of MalE-1. (a) The binding affinity of
maltose to the MalE-1 mutant D65A were measured using microscale thermophoresis. The ratio of fluorescence

before and after heating AFE,,,,, = Feoa / Fyy, V38 recorded at different maltose concentrations®. Data points show
(e}

AFE,,,, normalized to minimal and maximal fluorescence intensities for the unlabeled mutants. The curves were
fitted with a standard model for receptor-ligand kinetics:

AE — Kd+CP+5mult_\/(Kd+fP+Cmalt)2—4CP Cmalt

norm >

2cp

where K,; is the dissociation constant, ¢, the protein concentration (0.25 uM in the experiment) and c,,,;; the
maltose concentration. A K,; of 5.7 mM was measured. (b) Raw FRET efficiency v histograms for the mutant
MalE-1 labeled with Alexa546-Alexa647 without maltose (top, left) and with added 1 mM maltose (bottom, left)
compared to same measurement with the MalE-1 closing deficient mutant D65A (right). No influence of the
maltose is visible in the FRET efficiency histogram for the closing deficient mutant.
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Supplementary Figure 7: Temperature and concentration dependence of RNA binding

to U2AF2. (a,b) SmFRET histograms of (a) apo and (b) holo measurements at 22°C (blue), 30°C (purple) and
35°C (red). (¢) SmFRET histograms for U9 RNA titration measurements with U2AF2 (low to high RNA
concentrations are shown in a color gradient from black to light green (0, 0.25, 0.5, 1.0, 2.5, 5, 10 and 25 pM).
(d) The area under peak 1 of the FRET histograms (0.1-0.6 FRET efficiency) from panel ¢ is plotted versus the
U9 RNA concentration to estimate the K« For normalization, the area for the apo measurement was set to zero
and for the holo measurement at 25 pM was set to 1. The affinity of U9 RNA binding to U2AF62 was estimated
to be ~1.2 pM using the standard model for receptor-ligand kinetics as described in Supplementary Figure 5.
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FRET efficiency, E FRET efficiency, E

Supplementary Figure 8: Comparison of the FRET efficiency reported for different labs and after
reanalysis for the MalE-1 mutant under apo conditions. (a, b) The determined average FRET efficiency values
(a) reported by the different laboratories and (b) after reanalysis are shown as squares for measurements of MalE-
1 in the apo states for 7 laboratories. The mean value (upper data point) from all data sets with the corresponding
standard deviation is shown in grey. For the details of the reanalysis procedure, please refer to the Supplementary
Note 3. The mean FRET Efficiency and standard deviation was 0.474 and 0.063 for the reported values and 0.487
and 0.054 after reanalysis respectively. For reanalysis purposes, we used data from the same 7 labs which
measured the dynamics of U2AF.
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Supplementary Figure 9: Sample-dependent setup statistics. Sample-dependent distributions of the setup-
dependent parameters are given as violin plots for (fop) the average count rate, (second from the top) number of
detected bursts, (third from the top) average number of photons per burst and (botfom) average burst duration.
The procedure to obtain the values for the above parameters from the measurement data collected from 8 labs for
both MalE and U2AF samples is as follows: The collected raw data from different labs was analyzed using the
PAM software!!'!. Briefly, first, a burst search was performed using an all photon burst search with a threshold
of 50-100 photons per sliding time window of 500 ps depending on the dataset. For one set of measurements, a
lower threshold of 20 photons per 500 ps time window was necessary. After burst selection, background
subtraction and correction for crosstalk and direct excitation were performed as discussed in the data analysis
section. To remove blinking and bleaching events as well as for selecting out the double-labeled molecules, an
ALEX-2CDE filter'? with a lower limit of 5 and an upper limit of 25 was used depending on the data set. The
ALEX-2CDE filter values differed depending on the excitation intensities and sample concentrations used for the
measurements. The values for all the parameters are a median of the values obtained for the double-labeled
molecules for each measurement. These values were made available with PAM software.
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Supplementary Figure 10: Correlations between setup-dependent parameters. Pairwise plots of the number
of detected bursts, average number of photons per burst, average burst duration and average burstwise count rate
shown in Supplementary Figure 9. r is the Pearson’s correlation coefficient. Error bands indicate the 95%
confidence intervals of the regression. The one-dimensional projections show the distribution of the parameters
as histograms (gray bars) and kernel density estimates (black lines).

185



186

a b c d
0.4 0.4 0.4 0.4
MalE-1 apo MalE-2 apo MalE-3 apo UZAE apo
0.3 . pe 0.3 YLy
g L g %
£0.2 80.2
b X ()
0.1 s 0.1 B
0 0
0 0.5 T 0.5 1 0 0.5 1
E E
app Eapp app EaPP
0.4 0.4 0.4 0.4
MalE-1 holo MalE-2 holo MalE-3 holo U2AF holo
0.3 0.3 -
fo2 f0.2 .
) 5 b
0.1 0.1
0 0
0 0.5 1 0 05
Eapp Eapp
e f g h
iy 1 w 1 u_{ 1 u{ 1
708 308 S 30.8 308
c ) C d % %
206 206 50.6 G 06
& S |E E &
W04 wo4 Wo.4 Wog
b ~ |5 5 m
0.2 0.2
€02F e apo x MalE-2 apo @ MalE-3 apo @ 02
0 0
00 1 2 3 4 0 1 2 3 4 o 1 2 3 4 0o 1. 2 3 4
o) Ind Togye ] ("oqaye 1] (TpayF [0
w 1 " 1 w 1¢ w1 —
7038 0.8} = 0.8 08 N =
s 2 = g I
go.e 206 206 g 06 B,
0.4 Fo.4 50.4 & 04 '
[ ol - [ [ 2
Wo2 Wo.2 Wo.2 @ 02
w 0 MalE-1 holo o MalE-2 holo w 0 w U2AF holo
0 0
0o 1 2 3 4 0 1 2 3 4 o 1 2 3 4 o 1 2 3 4
<TD(A)>F (] (TD(A)>F [nS] <7—D(A)>f: [nS] (TD(A)>F [ns]

Supplementary Figure 11: Overview of conformational dynamics and determination of the dynamic shift
on the sub-millisecond timescale in MalE labeled with AlexaS46-Alexa647 and U2AF2 labeled with
Atto332-Atto643. (a-d) Burst variance analysis (BVA) of MalE-1 (a), MalE-2 (b), MalE-3 (c), and U2AF (d)
under both apo (upper panel) and holo (lower panel) conditions. In BVA, the standard deviation JEappof the

apparent FRET efficiency Eapp is compared to the shot-noise limit given by Oy = 4 /Eapp(l — Eapp) /n (black
line, here » = 5). Single-molecule events with conformational dynamics show an increased variance and follow
the dynamic line (red diamonds). Red diamonds indicate the average standard deviation of all bursts within a
FRET efficiency range of 0.05. The mean positions of the populations (cyan crosses) were determined by fitting
a two-dimensional Gaussian distribution to the data (see Supplementary Note 5). The dynamic shift, ds, is defined
as the excess standard deviation compared to the static line. A clear deviation from the static line is observed for
the apo state of U2AF2. For U2AF2 under holo conditions, the ds was determined for the major holo state
population. Please note the leftover minor apo state population in holo condition has a similar deviation as for the
apo condition. (e-h) Plots of the FRET efficiency £ versus intensity-weighted average donor lifetime (zp(4))r (E-
7) for MalE-1 (e), MalE-2 (f), MalE-3 (g), and U2AF (h) under both apo (upper panel) and holo (lower panel)

76



conditions. In the E-7 plot, the intensity-based FRET efficiency F is plotted against the intensity-weighted average
donor fluorescence lifetime, (7 4))r. The static FRET-line is given by the Forster relation as E = 1 — %
(black). The static lines are slightly curved as they account for the flexibility of the dye linkers. Molecules
undergoing dynamics are shifted from the static line and follow a dynamic FRET-line (red). The mean positions
of the populations (cyan crosses) were determined by fitting a two-dimensional Gaussian distribution to the data
(see Supplementary Note 5). For a given population, the dynamic shift is defined as the displacement of the
population orthogonal to the static FRET-line. A clear dynamic shift is observed for U2AF2. The slight dynamic
shift observed in MalE-1 is due to the high anisotropy of attached dyes as identified later in the study (see Fig.
5e,f and Supplementary Figure 12). The end points of the dynamic FRET-line for MalE-1 and U2AF2 were
determined from a sub-ensemble analysis of the fluorescence decay. For U2AF2 under holo conditions, the ds
was determined for the major holo state population. Please note that the leftover minor apo state population in the
holo measurement has a similar deviation as for the apo condition.
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Supplementary Figure 12: Dye-specific sticking interactions in proteins and residual apparent dynamic
shift upon removal of sticky dyes. (a) Combined residual anisotropies (7 .).ss for the different dye
combinations of MalE and U2AF?2 variants (see Supplementary Note 8 and Supplementary Table 13). Error bars
represent the propagated 1o uncertainty of the donor and acceptor residual anisotropies on the reported combined
residual anisotropy as described in Supplementary Note 8, section ¢, equation 8.12-8.15. (b) The distance
uncertainty due to the orientation factor x?, ARpp (1c?) (see Supplementary Note 9 and Supplementary Table 14),
and its correlation with the combined residual anisotropy (7, o, )s, 55 A threshold of 10% in terms of distance
uncertainty (solid black line) corresponds to (7, o)y ss= 0.25, which was used to filter-out sticking-prone dyes.
(¢) Violin plots of the dynamic shift values reported by three labs (see Supplementary Table 8) including all
measured dye combinations and after filtering of the dyes to remove those with pronounced sticking interactions
using a threshold of AR, (1) = 10% corresponding to (7, )¢y 55 = 0.25. In the violins, the white circle and
whisker denote the mean + 1c. The shaded grey area gives the upper and lower limit of apparent dynamic shift
obtained from DNA samples with different FRET efficiencies and with different dye combinations
(Supplementary Table 8). Before filtering, the number of measurements over the three different labs and three
different dye pairs are n=5 for MalE-1, n=7 for MalE variants 2-4, n=8 for MalE-5, and n=6 for U2AF
(Supplementary Table 8). After filtering, the remaining number of measurements are n=1 for MalE-1, n=7 for
MalE-2 and MalE-3, n=4 for MalE-4, n=5 for MalE-5, and n=4 for U2AF.
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Supplementary Figure 13: Estimated conformational flexibility of MalE based on the residual dynamic
shift for different donor-acceptor pairs. (a) The estimated distance fluctuations are plotted against the FRET-
averaged interdye distance for the give MalE mutants in the apo and holo state labeled with the dye pairs
Alexa546-Alexa647, Atto532-Atto643 and Alexa488-Alexa647. Additional control measurements on dsDNA are
shown as crosses for the dye pairs Alexa488-Alexa647, Alexad88-Atto647N and Alexa488-Cy5. The lines
indicate the apparent distance fluctuation obtained for the dSDNA control measurements, calculated based on a
dynamic shift of dspna = 0.0026 + 0.0044 measured in one lab. Gray areas indicate the 1¢ confidence interval for
the apparent distance fluctuations obtained for the dsDNA control measurements. All values are given in
Supplementary Table 8. Error bars represent the 1o percentiles of the distance fluctuation estimated for the
remaining measurements after filtering for the individual dye pairs (for Alexa546-Alexa647, n=3 for MalE
variants 2 and 3; for Atto332-Atto643, n=1 for MalE-1, n=2 for MalE variants 2-4, and n=3 for MalE-5; for
Alexa488-Alexa647, n=2 for MalE variants 2-5). b-f) Individual plots of the data shown in panel a for the different
dye combinations.
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Supplementary Figure 14: Comparison of the distance distributions obtained using
different donor-acceptor dye pairs. Comparison of the distance distributions obtained using different
donor-acceptor dye pairs. (a) The donor-acceptor distance R, distribution determined from the donor
fluorescence decay using a model-free MEM approach for different dye-pairs where the distance distribution of
the NMR/SAXS full ensemble of structures’” (shown in light blue) was used as the prior distribution. The expected
interdye distances for the resolved structure of the compact apo and open holo states are shown as red and blue
dashed lines (PDB: 2YHO, 2YH1) with the shaded areas indicating the distance broadening due to the flexible dye
linkers of 6 A. This panel is identical to Fig. 6d. (b) The distribution of the mean donor-acceptor distance Rp,
obtained by the MEM in panel a deconvolved as described in Supplementary Note 15 to remove the broadening
of the linker. Well-defined peaks at distances similar to the compact apo (red dashed line) and open-holo (blue
dashed line) conformations become clearly visible.
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Supplementary Figure 15: Filtered fluorescence correlation spectroscopy curves for U2AF2. fFCS curves
are shown for three different dye combinations, namely (a) Alexa546-Alexa647 (b)Atto532-Atto643 (c)
Alexa488-Alexa647. In the analysis, a global fit of the two species autocorrelation functions, sACF, and two
species cross-correlation functions, sSCCF was performed. For simplicity, only one sACF function is shown. The
fit model consisted of a diffusion term and two kinetic terms with corresponding relaxation times, fr; and fr2
(Supplementary Note 16). The obtained relaxation times (denoted as vertical lines) are consistent between
different dye combinations as well as between apo and holo states.
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Supplementary Figure 16: A global dynamic photon distribution analysis (PDA) of apo and holo
measurements of U2AF2 labeled with the Atto532-Atto643 dye pair. Different binning times (from top to
bottom: 0.5 ms, 1 ms, 1.5 ms and 2.0 ms) for /efi: apo measurements (in grey) and right: holo measurement (in
green) are shown. The analysis was performed globally over the apo and holo measurements using integration
windows of 0.5, 1.0, 1.5 and 2.0 ms and shared distances for the compact apo conformation (red), the detached
apo ensemble (purple) and the holo state (blue). The dynamic interconversion between the compact apo state and
apo conformational ensemble is shown in yellow. An additional low-FRET population (magenta) had to be
included, which most likely originates from photobleaching. All distances and kinetic rates for the apo ensemble
are globally optimized while the amplitudes of the apo and holo populations were kept constant within the
integration time windows for the apo and holo states. See Supplementary Note 17 for details.
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Supplementary Figure 17: The very-high-FRET population in U2AF2. (a) FRET efficiency versus
stoichiometry plots are shown for two different dye combinations (Alexa546-Alexa647, left panel and Atto532-
Atto643, right panel). These are plotted for apo (upper graph), holo (middle graph) and combined both apo and
holo (lower graphs). A very-high-FRET populations with a different stoichiometry is visible in all measurements
but with different amplitudes. (b) The FRET efficiency histograms (left) from the individual laboratories and
(right) the combined histogram showing the mean (solid line) and a standard deviation (pale) after avoiding the
subpopulation with slight acceptor quenching by using only bursts with a stoichiometry between 0.2-0.5 to build
the smFRET histograms measured by the different labs.
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Supplementary Figure 18: FCS experiments to rule out the presence of large aggregates. Fluorescence
Correlation Spectroscopy (FCS) measurements for the mutants MalE-1 (left), MalE-2 (middle), and MalE-3
(right) in (a) the apo state and (b) in the holo state are plotted. The two orthogonally oriented polarizations in the
donor detection channel were correlated to remove the detector afterpulsing at short lag times (green line). All
correlation curves were fitted with a standard model including a triplet fraction (black line):

1
14 ty\? t \72 J—
0= (10 ) (e ) (1 L),
© (N) Taifr T4ifD? 1-T

where 7 is the triplet fraction, 7, the triplet lifetime, p is the structural or elongation factor of the confocal
volume given as the ratio of the axial and lateral dimensions, 7 is the diffusion time, and y = 273/2 is the
geometric factor”. The confocal instrument was calibrated using free Alexa546 dye with a published”® diffusion
coefficient of 341 wm’s™ for which a diffusion time of 95+10 us was found. The overall diffusion time for the six
measurements was 325+40 ps. None of the correlation curves show any indication of the presence of protein
aggregates.
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Supplementary Figure 19: A global dynamic photon distribution analysis (PDA) of the apo and holo
measurements of U2AF2 labeled with the Alexa546-Alexa647 dye-pair. Left: apo measurement (in grey),
right: holo measurement (in green). The analysis was performed globally over the apo and holo measurements for
integration windows of (fop) 0.5 ms, (middle) 1.0 ms, and (bottom) 1.5 ms using shared distances for the compact
apo conformation (red), the detached apo ensemble (purple) and the holo state (blue). The dynamic
interconversion between the compact apo state and the apo conformational ensemble is shown in yellow. All
distances and kinetic rates for the apo ensemble are globally optimized while the amplitudes of the apo and holo
populations were kept constant within the integration time windows for the apo and holo states. For details, see

Supplementary Note 17.
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Supplementary Tables

Supplementary Table 1: FRET efficiency correction factors reported by the participating labs for MalE
constructs labeled with Alexa546-Alexa647. Overview of all correction factors for MalE and the resulting
change in the FRET efficiency upon application of the correction factors is shown as an example for the holo state
of the MalE-2 mutant. The correction factors: a is spectral crosstalk of donor fluorescence into the acceptor
channel, B is the normalization of direct donor and acceptor excitation fluxes, y is the differences in donor and
acceptor quantum yields and detection efficiencies and & is the ratio of indirect and direct A excitation. (E,,,, ) is
the uncorrected FRET efficiency and (E) is the corrected FRET efficiency.

Lab# a B 7 J (Epp) (E)
1 0.03 238 023 0.08 0.43 0.72
2 0.05 0.5 0.34 0.32 0.54 0.73
3 0.05 1.70 0.51 0.07 0.56 0.66
1 0.04 2.65 0.31 0.06 0.42 0.66
5 0.04 1.56 0.34 0.14 0.54 0.72
6 0.08 1.59 0.54 0.12 0.57 0.66
7 0.07 0.64 0.63 0.12 0.59 0.70
) 0.04 1.53 048 0.11 0.47 0.63
9 0.06 1.84 0.47 0.10 0.57 0.69
10 0.03 1.88 031 0.11 0.46 0.72
11 0.03 237 0.32 0.07 0.43 0.64
12 0.04 1.9 025 0.07 0.47 0.74
13 0.06 0.60 0.34 0.32 0.58 0.76
14 0.04 2.00 023 0.09 0.41 0.77
15 0.05 1.42 0.33 0.05 0.57 0.79
16 0.05 131 0.46 0.14 0.60 0.72
17 * 0.06 1.26 0.55 0.06

18 ** 0.01 4.86 0.09 0.10 0.18 0.59
19 *#k 0.18 0.59

*Due to measurement problems with a large photobleaching and/or blinking contribution, data could not be fitted
with a Gaussian distribution (the FRET population was small with most bursts containing photobleaching events).
Data were not considered in the evaluation of the mean and standard deviation.

**The measurements were performed in a regime with a y <0.1, where the error in y is significantly increased.
Data were not considered in the evaluation of the mean and standard deviation.

***Due to measurement problems, the data could not be corrected for direct excitation () and y. These data

were not considered in the evaluation of mean and standard deviation.
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Supplementary Table 2: FRET efficiency correction factors reported by the 7 labs for apo and holo
measurements on U2AF2 labeled with Atto532-Atto643. o is the spectral crosstalk of donor fluorescence into
the acceptor channel, B is the normalization of direct donor and acceptor excitation fluxes, y is the differences in
donor and acceptor quantum yields and detection efficiencies and ¢ is the ratio of indirect and direct acceptor

excitation.

Lab# a B y 0

1 0.02 0.78 0.59 0.06
2 0.06 - 1.1 0.23
3 0.04 0.64 0.80 0.05
4 0.03 1.05 0.83 0.09
8 0.03 0.91 0.73 0.05
11 0.05 - 0.64 0.02
14 0.05 - 0.64 0.09
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Supplementary Table 4: Reported and reanalyzed mean FRET efficiency and standard deviations for the
U2AF2 experiments: The U2AF2 protein was labeled with Atto532-Atto643 and labs provided the number of
events for FRET efficiency over 51 bins between 0 and 1. To obtain the mean FRET efficiency (E) and distribution
width g;; values for U2AF2, the reported events were fitted with one and two Gaussian distribution functions for
apo and holo conditions respectively. For reanalysis, the original datasets from the individual labs were obtained
and reanalyzed according to the procedure detailed in the Supplementary Note 3. U2AF2 under holo conditions
has a major fraction of holo state and a minor fraction of apo state due to incomplete saturation of the RNA ligand.
Only 7 labs participated in the U2AF2 study because of its complexity. The calculated mean and standard
deviation of the reported and reanalyzed FRET efficiencies over all labs for each sample are given by p gy and oy,
respectively.

Reported Reanalyzed
+RNA +RNA
Lab # Apo Apo
Holo state Apo state Holo state Apo state
(E) 9E (E) 9g (E) O (E) OF (E) OF (E) OF
0.748 | 0.192 | 0.436 | 0.150 [ 0.756 | 0.182 | 0.736 | 0.200 | 0.405 | 0.158 | 0.769 | 0.243
0.749 | 0202 | 0455 [ 0.168 | 0.811 | 0.174 | 0.757 | 0.207 | 0.432 | 0.157 | 0.800 | 0.208

1
2
3 0.708 | 0.228 | 0.506 | 0.206 | 0.785 | 0.142 | 0.738 | 0.262 | 0.449 | 0.163 | 0.767 | 0.229
4
8

0.728 | 0205 | 0414 [ 0.197 | 0.773 | 0.152 | 0.736 | 0.211 | 0.385 | 0.158 | 0.768 | 0.179
0.795 1 0.169 | 0.521 | 0.206 | 0.857 | 0.117 | 0.742 | 0.217 | 0414 | 0.192 | 0.814 | 0.216
11 0.729 1 0204 | 0.423 | 0.133 | 0.727 | 0.231 | 0.736 | 0.196 | 0429 | 0.112 | 0.707 | 0.269
14 0.718 | 0.199 | 0.430 | 0.164 | 0.743 | 0.195 | 0.749 | 0214 | 0448 | 0.131 | 0.755 | 0.241
) 0.74 0.46 0.78 0.742 0.423 0.77
O(E) 0.03 0.04 0.04 0.008 0.023 0.03
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Supplementary Table 5: Global fit of the polarization-resolved and magic-angle fluorescence decays from
sub-ensemble data of MalE and U2AF2 samples. The different rotational correlation times, p;, with
corresponding amplitudes, b;, for the A,,|A,,, channels (acceptor dye) and De|D,,, channels (donor dye) on a
sub-ensemble DA population describe different depolarization processes. The fluorescence lifetimes, 7;, and
fraction of molecules with a given lifetime, x;, were obtained from the magic-angle decay function, which was
fitted globally with the polarization-resolved fluorescence decays, f,y(t) and f,,(¢t), as described in
Supplementary Note 8 Eqn. 8.4 - 8.11. The fit quality was judged by the reduced Chi-squared value, y2. Fitted
residual anisotropies for different dye combinations are used in the calculation of relative distance uncertainties
(Fig. 5¢), and it is shown that they are correlated to the observed dynamic shift (Fig. 51).

200

A.y|Aem channels

Sample | Dyecombination | Condition f’“‘s] Tf:: ‘[';zs] b2 [fnis] “ [’Ifs] o |
Alexa546-Alexa647 apo >50 0331 | 084 | 0040 | 169 | 050 | 093 | 050 | 0.96
i::clf:jcfS-T ARG3SP apo 20 0209 | 016 | 0171 | 400 | 100 0.98

MalE-1 | Atto532-Atto643 apo 20 0181 | 027 | 0199 | 395 | 100 0.99
Alexa546-Alexa647 holo 20 0314 | 010 | 0066 | 166 | 057 | 095 | 043 | 139
:Lelj:r?:f—sTAR&sp holo 20 0182 | 012 | 0198 | 400 | 1.00 0.98
Att0532-Atto643 holo 20 0212 | 032 | 0168 | 3.80 | 1.00 1.15
Alexa546-Alexa647 apo 20 0212 | 024 | 0168 | 139 | 061 | 075 | 039 | 115
Att0532-Atto643 apo 20 0160 | 033 | 0220 | 361 | 1.00 1.08
Alexad88-Alexa647 apo >50 0150 | 057 | 0230 | 130 | 100 0.94

MalE-2 | Alexa546-Alexa647 holo 20 0228 | 025 [ 0152 | 1.48 | 048 | 091 | 0.52 1.10
Att0532-Atto643 holo 20 0186 | 045 | 0194 | 362 | 100 1.00
Alexad88-Alexa647 holo 20 0150 | 049 [ 0230 | 172 | 021 | 122 | 070 | 111
Alexa546-Alexa647 apo 20 0215 | 027 | 0165 | 137 | os8 | 075 | 042 | 1.09
Att0532-Atto643 apo 20 0149 | 031 | 0231 | 378 | 100 11
Alexad88-Alexa647 apo 20 0192 | 062 | o188 | 137 | 100 1.08
a6 Alexacd? holo 20 0201 | 028 | 0179 | 145 | 049 | o082 | 051 | 116
Att0532-Atto643 holo 20 0147 | 028 | 0233 | 367 | 100 1.12
Alexad88-Alexa647 holo 20 0185 | 044 | 0195 | 133 | 100 1.16
Alexa546-Alexa647 apo >50 0205 | 059 [ 0175 | 130 | oes | 060 | 032 | 083
Atto532-Atto643 apo 20 0144 | 042 | 0236 | 384 | 100 1.09
Alexad88-Alexa647 apo 20 0113 | 029 | 0267 | 150 | 058 | oss | 042 | 116
N o346, Alexatd? holo 20 0217 | 032 [ 0163 | 167 | 027 | 091 | 073 | o009
Att0532-Atto643 holo 20 0140 | 029 | 0240 | 353 | o84 | s08 | 016 | 1.07
Alexad88-Alexa647 holo 20 0121 | 030 | 0259 | 184 | 023 | 112 | 077 | 116
Alexa546-Alexa647 apo >50 0275 | 068 | 0105 | 165 | 024 | 100 | 076 | 120
Att0532-Atto643 apo 20 0198 | 024 | o182 | 370 | 100 1.04

| Alexa488-Alexac47 apo 20 0160 | 024 | 0220 | 154 | 043 | 106 | 057 | 116
e holo >50 0296 | 120 | 0084 | 187 | 016 | 100 | 084 | 1.08
Att0532- Atto643 holo 20 0201 | 041 | 0179 | 340 | 100 1.16
Alexad88-Alexa647 holo 20 0108 | 034 [ 0272 | 168 | 038 | 100 | 062 | 111
Alexas46-Alexa6d7 apo 21 0292 | 010 | 0088 | 170 | 082 | 087 | 018 | 098
Att0532-Atto643 apo 4 0128 | 003 | 0252 | 427 | 100 0.99
Alexad88-Alexa647 apo 18 0208 | 014 [ 0172 | 149 | 092 | 340 | 008 | 1.03
A exas46-Alexatd? holo 24 0230 | 010 [ 0150 | 170 | 072 | 100 | 028 | 1.05
Att0532-Atto643 holo 3.4 0117 | 006 | 0263 | 410 | 100 1.00
Alexad88-Alexa647 holo 18 0204 | 020 | 0176 | 141 | 092 | 290 | 008 | 1.05
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D,.|D.,, channels

Sample Dye pair Condition f;:s] :wlz [pnzs] b ﬁ:s] bs ;;:s] *1 Efs] *2 ;;35] 3 x:
Alexa546-Alexa647 apo 80 0.340 | 0.63 [ 0.040 273 1 052 | 1.12 | 048 1.16
ﬁll:l;(eﬁgf-sTAR@SP apo >350 0.327 | 1.60 [ 0.050 2.87 | 0.49 | 1.18 | 0.51 1.03
Atto532-Atto643 apo 20 0.229 | 0.21 [0.151 2221 079 | 3.62 | 0.21 1.24
MalE-1 Alexa546-Alexa647 holo 46 0.329 | 0.16 [ 0.050 169 | 0.48 | 0.77 | 0.41 | 3.09 | 0.11 | 1.19
ﬁ::li{ee:‘?:f_sTAR@SP holo >50 0.341 | 1.61 [ 0.039 238 | 038 | 0.78 | 0.62 1.19
Atto532-Atto643 holo 20 0.221 | 0.28 [ 0.159 225 ] 0.64 | 091 [ 0.36 1.19
Alexa546-Alexa647 apo >50 0.252 | 496 [ 0.128 095 [ 0.42 | 0.30 | 0.53 | 3.06 | 0.05 1.2

Atto532- Atto643 apo 20 0.198 | 0.26 [ 0.182 0.58 | 0.67 | 1.70 | 033 1.1
Alexa488-Alexa647 apo 20 0.136 | 0.19 [ 0.244 095 ] 0.54 | 2.30 | 0.46 1.1
MalE-2 Alexa546-Alexa647 holo 20 0.255 1 0.37 (0.125 130 | 0.51 | 038 | 0.44 | 3.26 | 0.05 | 1.01
Atto532-Atto643 holo 20 0.207 | 0.15 [ 0.173 2.02 [ 0.50 | 0.77 | 0.50 1.10
Alexa488-Alexa647 holo 20 0.133 | 0.23 [ 0.247 070 1 027 | 2.5 | 0.73 1.14
Alexa546-Alexa647 apo 20 0.255 1 0.26 [ 0.125 033 | 0.81 | 1.04 [ 0.18 | 630 | 0.01 | 1.03
Atto532-Atto643 apo 20 0.048 | 0.14 [ 0.332 045 ] 0.87 | 2.02 | 0.13 1.00
Alexa488-Alexa647 apo 20 0.087 | 0.10 [ 0.293 0.66 | 0.69 | 2.10 | 031 1.14
MalE-3 Alexa546-Alexa647 holo 20 0.187 | 0.25 [ 0.193 033 ] 078 | 1.02 [ 0.19 | 3.20 | 0.03 | 1.13
Atto532-Atto643 holo 20 0.044 | 0.15 [ 0.336 045 ] 0.87 | 224 | 0.13 1.09
Alexad88-Alexa647 holo 20 0.116 | 0.15 [ 0.264 047 | 0.64 | 1.80 [ 036 0.96
Alexa546-Alexa647 apo >50 0.344 | 0.57 [ 0.036 2,60 | 0.69 | 0.80 [ 0.31 1.04
Atto332-Atto643 apo 20 0.126 | 1.40 [ 0.05 | 0.10 ] 0.202 | 2.82 [ 0.8 1.17 | 0.20 1.13
Alexa488-Alexa647 apo 20 0.13 [ 0.15]0.250 330 ] 0.87 | 1.53 | 0.13 1.18
MalE-4 Alexa546-Alexa647 holo >50 0.348 | 1.35 [ 0.032 226 | 0.38 | 0.80 [ 0.62 1.00
Atto532- Atto643 holo 20 0.166 | 0.10 [ 0.214 1.64 | 0.57 | 0.40 | 023 | 3.00 | 0.2 1.12
Alexa488-Alexa647 holo 20 0.116 | 0.13 [ 0.264 2.80 | 0.68 | 1.09 | 0.32 1.02
Alexa3546-Alexa647 apo >350 0.335 | 0.81 | 0.04 235 ] 0.49 | 0.80 [ 0.50 1.07
Atto532-Atto643 apo 20 0.238 | 0.15 [ 0.142 2.36 | 0.58 | 0.60 | 0.42 1.11
Alexa488-Alexa647 apo 20 0.143 | 0.13 [ 0.236 3.00 | 0.85 | L.11 | 0.14 1.14

MalE-> Alexa546-Alexa647 holo >50 0.338 | 0.29 [ 0.042 1.65 | 0.34 | 0.40 | 0.66 1.1
Atto532-Atto643 holo 20 0.233 | 0.15 [ 0.147 170 | 0.42 | 0.50 [ 0.58 1.16
Alexad88-Alexa647 holo 20 0.118 | 0.10 [ 0.262 237 | 0.51 | 0.74 | 0.49 1.07
Alexa546-Alexa647 apo 22 0.276 | 0.10 [ 0.104 2.50 [ 0.39 | 0.60 | 0.61 1.17
Atto532-Atto643 apo 18 0.253 | 0.21 [ 0.127 259 ] 0.41 | 053 | 0.539 1.27
. Alexad88-Alexa647 apo 18 0.200 | 0.19 [ 0.180 2951 0.44 | 0.67 | 056 1.16
vaarz Alexa546-Alexa647 holo 25 0.294 | 0.10 [ 0.086 249 1 043 | 0.77 | 0.57 1.14
Atto332-Atto643 holo 18 0.25 [0.1710.130 248 | 0.57 | 0.65 | 0.43 1.29
Alexad88-Alexa647 holo 18 0.18 | 0.17 |1 0.200 2.84 1 0.67 | 073 | 033 1.09
91

201



Supplementary Table 6: The statement of the individual laboratories regarding the dynamics of MalE and
U2AF2. MalE-1: 29C/352C, MalE-2: 87C/186C; MalE-3: 134C/186C. “-“ = no statement, “n/a”=not applicable
due to experimental limitations (instrumentation & established evaluation routines).

202

Sub-ms dynamics in Sub-ms dynamics in
Lab# Method TR U2AF2 (fpo / holo)

1 BVA + E-Tau no / no / no yes /yes
2 E-Tau (fFCS, PDA) yes /yes/yes yes/yes
3 BVA + E-Tau no / no / no yes /yes
4 BVA + E-Tau no / no / no yes /yes
5 n/a n/a n/a

6 E-Tau (fFCS) no/no/- yes/yes
7 BVA no/-/yes n/a

8 BVA no / no / no yes /yes
9 BVA +E-Tau no / no / no n/a
10 BVA no / no / no n/a
11 BVA + E-Tau no / no / no yes /yes
12 BVA no / no / no n/a
13 fFCS no /no /yes n/a
14 BVA + E-Tau no / no / no n/a
15 n/a n/a n/a
16 BVA no / no / no n/a
17 n/a n/a n/a
18 n/a n/a n/a
19 n/a n/a n/a




Supplementary Table 7: The apparent dynamic shifts determined for both MalE and U2AF2 samples for
the data collected from 8 labs. MalE and U2AF2 samples were labeled with Alexa546-Alexa647 and Atto532-
Atto643 dye pairs respectively. The apparent dynamic shifts for the data collected in different labs are shown
below for both BVA and E-7 plots. The dynamic shift, ds of the peak of the population was determined graphically
as explained in Supplementary Note 5. For U2AF?2 in the holo state, the dynamic shift was assessed only for the
low-FRET RNA-bound population. Note the negative dynamic shifts which occur due to dye artifacts.

Lab# 1 2 3 3 7 8 11 14
Apo | 00049 | 0.0007 | 0.0128 | -0.0027 | 00167 | 0.0075 | 00042 | 0.0093
MalE-1
Holo | 00083 | 00022 | 00135 | 0001 | 00166 | 0.0073 | 00079 | 00098
Apo | 00083 | 00009 | 0014 | 00023 | 00167 | 00103 | 00080 | 00105
MalE-2
Holo | 6070 | 00025 | 00143 | 00004 | 0021 | 0008 | 00062 | 00097
Apo | 00127 | -00002 | 00081 | -0.0043 | 00166 | 001 | 00107 | 00293
MalE-3
BVA Holo | (6068 | -00036 | 00087 200043 | 00024 | 00077 | 00028
Apo
_— 0.0022 -0.0031
Holo | 004 0.0070
Apo
— 0.0016 0.0031
Holo | 03 0.0009
Apo . ] ]
VAR 00283 | 00206 | 00217 | 0026 00261 | 00363 | 00256
Holo | 0131 | 0018 | 00259 | 00117 00178 | 00160 | 00171
Apo <
MalE-1 0.074 0.059 0.055 0.003 0.034 0.088
Holo | 069 0.057 0.062 0.004 0.031 0.068
Apo
MalE-2 0003 | -0007 | 0018 0.01 0.029 0.042
Holo |\ 027 | -0002 | 0025 0.015 0011 005
Apo _
MalE3 0.031 0013 | 002 0.004 0.044 0.043
. Holo |\ o919 | -0019 | 0037 0.035 0.027 0.046
~T
Apo
MalE4 0.025 0.014 0.02
Holo | 55 0.03 0.042
Apo
MalES 0.042 0.027 0.03
Holo | 36 0.018 0.026
Apo 0.167 0.134 0.097 0.122 0.141 0.159
U2AF2
Holo | 02 0.008 0.019 0.035 0.012 0.029
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Supplementary Table 8: The apparent dynamic shift values for different dye combinations of MalE and
U2AF2 FRET variants as determined by three labs. The estimated distance fluctuation §R and FRET-averaged
distance Ry is given for the measurements that passed the filtering procedure based on the estimated distance
uncertainty from the residual anisotropies. Furthermore, the ds value for DNA rulers for each construct (LF: low-
FRET, MF: medium-FRET, HF: high-FRET) and dye labels are provided and well as the average value over all
measurement with the given error being the standard error of the mean, SEM.

Lab#1 Lab#2 Lab#3

S Rgy | 6R Ry | 6R Rmy | 6R
Sample Dye combination state ds Al | [A] ds Al | 1A ds Al | [A]
MalE-1 Alexa546-Alexa647 apo 0.074 0.059 0.055
MalE-1 Alexa546-Abb. STAR635P apo 0.016 0.033
MalE-1 Atto532-Atto643 apo 0.021 655166
MalE-1 Alexa546-Alexa647 holo 0.069 0.057 0.062
MalE-1 Alexa546-Abb. STAR635P holo 0.003 0.035
MalE-1 Atto532-Atto643 holo 0.020 | 576 | 4.5
MalE-2 Alexa546-Alexa647 apo 0.003 [ 498 | 1.6 | -0.007 | 493 [ 02 [ 0018|512 [ 3.9
MalE-2 Atto532-Atto643 apo 0.007 [ 473 |22 | 0.009 | 473 | 25
MalE-2 Alexad88-Alexa647 apo 0.001 4791 0.8 | -0.002 | 479 | 02
MalE-2 Alexa546-Alexa647 holo 0.027 551 |48 | -0.002 | 553 0.0 [0025]563 | 4.7
MalE-2 Atto532-Atto643 holo 0.020 | 544 |40 | 0.018 | 544 | 38
MalE-2 Alexa488-Alexa647 holo 0.010 | 541 | 3.3 | 0.009 | 54.1 [ 3.1
MalE-3 Alexa546-Alexa647 apo 0.031 442 | 57 | 0013 | 444 [ 0.0 | 0.026 | 43.6 [ 53
MalE-3 Atto532-Atto643 apo 0.003 393[1.7] 0002 [393] 14
MalE-3 Alexa488-Alexa647 apo | -0.037 | 404100 | 0013 [ 404 ] 26
MalE-3 Alexa546-Alexa647 holo 0.019 [442 |45 ]-0019 | 431 [ 0.0 [ 0037|438 63
MalE-3 Atto532-Atto643 holo | -0.009 | 40.1 | 0.0 | -0.007 | 40.1 | 0.0
MalE-3 Alexa488-Alexa647 holo | -0.013 | 404 [ 0.0 | 0.002 | 404 ] 1.1
MalE-4 Alexa546-Alexa647 apo 0.025 0.014 0.02
MalE-4 Atto532-Atto643 apo -0.005 | 669 ] 0.0 0.025 | 66.9 | 7.8
MalE-4 Alexa488-Alexa647 apo 0.001 662 120 | 0024 | 662 | 10.8
MalE-4 Alexa546-Alexa647 holo 0.055 0.03 0.042
MalE-4 Atto532-Atto643 holo 0.007 | 577127 0.045 | 57.7 | 6.8
MalE-4 Alexa488-Alexa647 holo | -0.001 | 549 [ 00 | 0026 |3549] 5.5
MalE-5 Alexa546-Alexa647 apo 0.042 0.027 0.03
MalE-5 Atto532-Atto643 apo 0.014 606 |42 | 0.038 | 594 | 6.6 | 0031|3594 [ 60
MalE-5 Alexa488-Alexa647 apo 0.032 | 604 | 84 | 0.022 | 604 [ 7.1
MalE-5 Alexa546-Alexa647 holo 0.036 0.018 0.026
MalE-5 Atto532-Atto643 holo 0.032 [491 | 47 | 0.027 | 492 [ 43 | 0.04 | 492 | 53
MalE-5 Alexa488-Alexa647 holo 0.017 493 | 34 | 0.033 | 493 | 4.8
U2AF Alexa546-Alexa647 apo 0.166 0.129
U2AF Atto532-Atto643 apo 0.167 0.164
U2AF Alexad88-Alexa647 apo 0.168 0.128
U2AF Alexa546-Alexa647 holo 0.033 0.024
U2AF Atto532-Atto643 holo 0.022 0.025
U2AF Alexa488-Alexa647 holo 0.053 0.012
DNA Alexad88-Atto647N LF 0.007 | 75.0 | 139
DNA Alexad88-Cy5 LF 0.015 | 73.6 | 139
DNA Alexa488-Alexat47 LF 0012 | 7251119
DNA Alexad88-Atto647N MF -0.008 | 615 | 0.3
DNA Alexad88-Cy5 MF 0011 [ 612 | 54
DNA Alexad88-Alexa647 MF -0.003 | 624 | 0.0
DNA Alexad88-Atto647N HF -0.012 | 51.7 | 0.0
DNA Alexa488-Cy5 HF 0.017 | 51.5] 37
DNA Alexa488-Alexa647 HF -0.016 | 524 | 0.0

. 0.0026

average over different dye
DNA gcombinations ! B =
0.0044
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Supplementary Table 9: The expected FRET efficiencies and dynamic shifts for the different experimental
systems based on structural models from the PDB for the dye pair Alexa546-Alexa647. FRET efficiencies
were predicted by AV simulations using the parameters given in Supplementary Table 10 based on the following
PDB IDs: MalE apo - 10MP, MalE holo - 1ANF, U2AF2 apo - 2YHO, U2AF2 holo - 2YH1. The expected
dynamic shifts were calculated as described in Supplementary Note 6 using Eq. 6.1 for the E-7 plot and Eq. 6.23

for BVA.
FRET efficiency, E Expected dynamic shift, ds
Sample apo holo E-T plot BVA
MalE-1 0.358 0.582 0.0169 0.0215
MalE-2 0.827 0.695 0.0131 0.0089
MalE-3 0.947 0.941 0.0002 0.0000
MalE-4 0.443 0.680 0.0231 0.0240
MalE-5 0.578 0.826 0.0382 0.0282
U2AF2 0.882 0.372 0.1426 0.0984
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Supplementary Table 10: Parameters used for the AV and ACV calculations. The fraction of trapped dye is
computed from the fundamental and residual anisotropy as Xgrapped = Yoot /To (See Supplementary Table 5 and
Supplementary Note 8, Eqn. 8.8).

Dye species

Alexa546 | Alexa647
Dye parameters
Liengtn/ A 20.5 21.0
Lyiam / A 4.5 45
Rage1/ A 5.0 11.0
Rayen/ A 4.5 4.7
Rayes/ A L5 L5
AV parameters
Grid step / A 0.9
Allowed sphere radius / A 1.0
ACYV parameters
Contact volume thickness / A 3.0
Mutant Fraction of trapped dye (apo/holo)
29 0.87/0.83 0.33/0.36
352 0.72/0.73 0.68/0.74
87 0.54/0.62 0.44/0.44
186 0.38/0.42 0.22/0.22
134 0.90/0.90 0.45/0.43
34-205 0.91/0.92 0.54/0.57
36-205" 0.88/0.89 0.72/0.78

“Anisotropy measurements of single mutants were not performed. Hence, trapped fractions were obtained from
smFRET measurements and, as such, are an average of the two labeling positions due to the stochastic labeling
of the protein.
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Supplementary Table 11: Global fit of polarization-resolved fluorescence decays from ensemble
measurements of single mutants of MalE. Rotational correlation times, p;, with corresponding amplitudes, b;,
for Alexa647 and Alexa546 dyes from ensemble TCSPC measurements of single cysteine MalE mutants are
reported (Supplementary Note 8, Eqn. 8.8). The rotational correlation times and fluorescence lifetimes as well
their corresponding amplitudes were obtained from a global fit of the polarization-resolved fluorescence decays,
fov (£) and £, (t), as described in Supplementary Note 8. The fit quality was judged by y2. The fit results indicate
strong sticking interactions for positions K29C, A134C and S352C for the Alexa546 dye while, for the Alexa647
fluorophore, pronounced sticking interactions were found only at position S352C. From the fluorescence lifetime
analysis, it can be seen that positions D87C and S352C are prone to quenching for the donor dye. Fitted
polarization-resolved decays are combined into anisotropy decay and displayed in Fig. 5b for two representative
mutation sites, namely S352C and K29C. Furthermore, obtained residual anisotropies are used in computation of
Accessible Contact Volumes (Fig. 5¢), which improved the agreement between modelled and measured distances
(Fig. 5d).

Dye Mutant | Condition fnls] rblz fnzs] b, [Pn35] by [1;115] X, [1;:5] X X2
oo, tr
K29C apo 2 | 0332 | 1.193 | 0.048 403 | 1.00 101
D87C apo 20 | 0206 | 3.500 | 0.087 | 0.572 | 0.087 | 3.85 | 1.00 1.03
Al34C apo 20 | 0342 0.138 | 0.038 | 393 | 1.00 0.99
A186C apo 20 | 0.146 | 3.187 | 0.089 | 0.580 | 0.145 | 394 | 1.00 1.07
$352C apo 20 | 0272 | 2442 | 0.053 | 0.594 | 0.055 | 398 | 090 | 18 | 010 | 105
Alexa546
K29C holo 20 | 0316 0.413 | 0.064 | 405 | 1.00 0.90
D87C holo 20 | 0236 | 1.198 | 0.144 391 | 100 0.95
A134C holo 20 | 0343 0.477 | 0.037 | 399 | 1.00 0.94
A186C holo 20 | 0.161 0973 | 0218 | 393 | 1.00 0.94
$352C holo 20 | 0276 | 1.100 | 0.104 402 | 090 | 194 | 010 | 092
K29C apo 550 | 0.125 0639 1 0255 | 1 g7g | o.14 | 1165 | 086 | 449
D87C apo 20 | 0169 0748 | 0210 | 1729 | 018 | 1174 | 082 | 1.07
A134C apo 20 | 0.170 0539 | 0210 | 1.833 | 018 | 1203 | 082 | 45
AL86C apo 20 | 0.082 | 1.108 | 0.189 | 0.428 | 0.109 | 1557 | 0.17 | 1.145 | 0.83 | 105
$352C apo 30 | 0258 0695 | 0.122 | 1733 | 042 | 1203 | 0.58 | 110
Alexa647
K29C holo 20 | 0138 0578 | 0.241 | 1.885 | 013 | 1162 | 087 | 99
D87C holo 20 | 0167 0691 | 0213 | 1745 | 018 | 1174 | 082 | L11
AL34C holo 20 | 0.164 0536 | 0216 | 1.817 | 018 | 1202 | 082 | 47
A186C holo 20 | 0.084 0.756 | 0.296 | 1.660 | 0.09 | 1172 | 091 | 1.03
s352C holo 20 | 0283 0498 | 0.007 | 1757 | 042 | 1209 | 0.58 | 118
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Supplementary Table 12: Steady-state and residual time-resolved anisotropy values of single mutant MalE
samples labelled with Alexa546 and Alexa647, respectively. In addition to time-resolved anisotropies
(Supplementary Table 11), for comparison we also give the steady-state anisotropy of the same fluorophores as
free dyes and coupled to double-stranded DNA. Residual anisotropies obtained from time-resolved analysis
(Supplementary Note 8, Eqn. 8.4 - 8.11) of donor and acceptor dye are used in computation of Accessible Contact
Volumes (ACVs) (Fig. 5¢), which improved the agreement between modelled and measured distances (Fig. 5d).

D,,|D,,, channels (donor dye)

A,,|A,,, channels (acceptor dye)

S ! Steady-state Residual Steady-state Residual
ampre anisotropy, ss | anisotropy, 7'« ¢ty anisotropy, Iys | anisotropy, 7« ¢y
Free dye
Alexa546 0.035+0.003 0.01+0.02 -
Alexa647 - 0.120+0.007 0.02+0.02
DNA-Standards
8 base-pairs 0.11440.003 0.184+0.012
33 base-pairs 0.13440.002 0.159+0.011
Donor-only strand 0.134+0.003 -
Acceptor-only strand - 0.172+0.010
Protein single mutants
K29C, apo 0.285+0.017 0.332 0.198+0.015 0.125
K29C, holo 0.280+0.017 0.316 0.199+0.018 0.138
D87C, apo 0.231+0.012 0.206 0.217+0.016 0.169
D87C, holo 0.225+0.005 0.236 0.229+0.017 0.167
A134C, apo 0.290+0.016 0.342 0.215+£0.019 0.170
A134C, holo 0.2814+0.007 0.343 0.216+£0.003 0.164
A186C, apo 0.176+0.018 0.146 0.186+0.014 0.082
A186C, holo 0.161+0.010 0.161 0.186+0.016 0.084
S352C, apo 0.247+0.007 0.272 0.272+0.015 0.258
S352C holo 0.243+0.010 0.276 0.263+0.002 0.283
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Supplementary Table 13: Combined residual anisotropies of additional dye combinations for double-
labeled MalE and U2AF2 samples. Residual anisotropies of different donor and acceptor pairs used for labeling
of MalE and U2AF2 variants. Residual anisotropies are computed using two approaches: from time-resolved
analysis of the polarization-resolved fluorescence decays and from steady-state anisotropy measurements using a
two-component Perrin equation (Supplementary Note 8, Eqn. 8.1 - 8.3). The results from the two approaches were
averaged. Furthermore, using the residual anisotropies of donor and acceptor fluorophores, a combined residual

anisotropy for a given FRET pair is obtained (Supplementary Note 8, Eqn. 8.12 - 8.15).

Sample Dye combination state (oo perss (Toondirss Papdonss
MalE-1 Alexa546-Alexa647 apo 0.350+0.014 0.286 £ 0.064 0.316 £0.036
MalE-1 | Alexa546-Abb. STAR635P apo 0.336 +£0.013 0.228 +£0.027 0.277 £0.017
MalE-1 Atto532-Atto643 apo 0.194 +£0.049 0.179 = 0.004 0.186 +0.023
MalE-1 Alexa546-Alexa647 holo 0.339+0.014 0.272£0.059 0.304 £ 0.034
MalE-1 | Alexa546-Abb. STAR635P | holo 0.336 = 0.006 0.222 £0.056 0.273 £0.035
MalE-1 Atto532-Atto643 holo 0.200 £0.029 0.189+0.033 0.195+£0.022
MalE-2 Alexa546-Alexa647 apo 0.237+0.021 0.176 = 0.050 0.204 £ 0.031
MalE-2 Atto532-Atto643 apo 0.154 +£0.063 0.141£0.027 0.147 £ 0.033
MalE-2 Alexad88-Alexa647 apo 0.110 £0.037 0.190 + 0.056 0.144 £0.032
MalE-2 Alexa546-Alexa647 holo 0.257 £0.002 0.170 £ 0.082 0.209 +£0.050
MalE-2 Atto532-Atto643 holo 0.161 £0.065 0.152 £0.048 0.156 £ 0.040
MalE-2 Alexad88-Alexa647 holo 0.117 +£0.023 0.195 £ 0.063 0.151 £ 0.029
MalE-3 Alexa546-Alexa647 apo 0.257 +£0.003 0.168 £ 0.066 0.208 £ 0.041
MalE-3 Atto532-Atto643 apo 0.035+0.019 0.139+£0.014 0.069 £ 0.019
MalE-3 Alexad88-Alexa647 apo 0.090 + 0.004 0.211+0.026 0.137 £0.009
MalE-3 Alexa546-Alexa647 holo 0.212 £0.036 0.155 £ 0.065 0.181 £ 0.041
MalE-3 Att0532-Atto643 holo 0.048 £ 0.006 0.139+0.012 0.082 +0.006
MalE-3 Alexad88-Alexa647 holo 0.104 £0.017 0.206 = 0.030 0.147 £0.016
MalE-4 Alexa546-Alexa647 apo 0.345 £ 0.002 0.199 £ 0.009 0.262 +0.006
MalE-4 Atto532-Atto643 apo 0.140 £ 0.020 0.136 £ 0.011 0.138 £ 0.011
MalE-4 Alexad88-Alexa647 apo 0.116 £+ 0.020 0.167£0.077 0.139 £ 0.034
MalE-4 Alexa546-Alexa647 holo 0.352 £ 0.006 0.235+0.025 0.288 £ 0.016
MalE-4 Att0532-Atto643 holo 0.165 £0.001 0.130£0.015 0.146 £ 0.008
MalE-4 Alexad88-Alexa647 holo 0.110 = 0.008 0.174 £ 0.075 0.138 £ 0.030
MalE-5 Alexa546-Alexa647 apo 0.326£0.012 0.266 +£0.013 0.295 +0.009
MalE-5 Atto532-Atto643 apo 0.232 £0.009 0.191 £ 0.009 0.211 £ 0.006
MalE-5 Alexad88-Alexa647 apo 0.135+0.012 0.190 £ 0.042 0.160 £ 0.019
MalE-5 Alexa546-Alexa647 holo 0.330+0.011 0.268 + 0.040 0.297 £0.023
MalE-5 Atto532-Atto643 holo 0.232 £0.001 0.188+0.018 0.209 £0.010
MalE-5 Alexad88-Alexa647 holo 0.120 +0.003 0.171+0.089 0.143 £ 0.037
U2AF Alexa546-Alexa647 apo 0.305 +0.041 0.261 £ 0.044 0.282 +£0.030
U2AF Atto532-Atto643 apo 0.229+0.034 0.121£0.010 0.166 £ 0.014
U2AF Alexa488-Alexa647 apo 0.168 £0.045 0.253 £ 0.064 0.207 £ 0.038
U2AF Alexa546-Alexa647 holo 0.332+£0.054 0.238+0.012 0.281 £ 0.024
U2AF Atto532-Atto643 holo 0.241+£0.013 0.106 £0.016 0.160 £0.012
U2AF Alexad88-Alexa647 holo 0.150 +0.042 0.248 £ 0.062 0.193 £ 0.036
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Supplementary Table 14: Computed distance uncertainties for MalE and U2AF2 samples with different
dye combination using a “Diffusion with traps” (DWT) model and a “Wobbling in cone” (WIC) model.
Uncertainties in the calculated distance due to uncertainities in the orientation factor, k2, are computed using the
residual anisotropies of donor and acceptor fluorophores for a given FRET pair. For filtering out dye combinatins
with specific sticking interactions, a threshold of 10% from the DWT model in the distance uncertainty was used.
Details on uncertainty calculations using the DWT model*? can be found in Supplementary Note 9. For details of
the WIC model, see ref 7.

Sample Dye combination state AIIZ)“"‘;"]’;K;)O E:fl] A%ﬁ’gﬁigﬁ]
MalE-1 Alexa546-Alexa647 apo 145 16.1
MalE-1 | Alexa546-Abb. STARG35P apo 11.0 133
MalE-1 Atto532-Atto643 apo 54 8.7
MalE-1 Alexa546-Alexa647 holo 14.8 14.9
MalE-1 | Alexa546-Abb. STAR635P | holo 11.8 13.1
MalE-1 Atto532-Atto643 holo 6.2 9.0
MalE-2 Alexa546-Alexa647 apo 9.1 9.6
MalE-2 Atto532-Atto643 apo 52 7.2
MalE-2 Alexa488-Alexat47 apo 4.6 7.4
MalE-2 Alexa546-Alexa647 holo 8.2 9.6
MalE-2 Atto532-Atto643 holo 48 7.6
MalE-2 Alexa488-Alexa647 holo 45 7.5
MalE-3 Alexa546-Alexa647 apo 114 9.6
MalE-3 Atto532-Atto643 apo 3.3 52
MalE-3 Alexa488-Alexa647 apo 55 73
MalE-3 Alexa546-Alexa647 holo 9.4 8.5
MalE-3 Atto532-Atto643 holo 3.6 53
MalE-3 Alexad88-Alexa647 holo 58 7.4
MalE-4 Alexa546-Alexa647 apo 9.9 12.5
MalE-4 Atto532-Atto643 apo 3.7 7.0
MalE-4 Alexa488-Alexa647 apo 3.9 7.2
MalE-4 Alexa546-Alexa647 holo 13.3 14.1
MalE-4 Atto532-Atto643 holo 4.2 74
MalE-4 Alexa488-Alexa647 holo 4.0 7.0
MalE-5 Alexa546-Alexa647 apo 12.7 14.3
MalE-5 Atto532-Atto643 apo 7.1 9.7
MalE-5 Alexa488-Alexa647 apo 4.5 7.8
MalE-5 Alexa546-Alexa647 holo 16.2 14.4
MalE-5 Atto532-Atto643 holo 85 9.6
MalE-5 Alexad88-Alexa647 holo 43 7.2
U2AF Alexa546-Alexa647 apo 14.3 13.4
U2AF Atto532-Atto643 apo 5.9 82
U2AF Alexa488-Alexa647 apo 8.1 9.6
U2AF Alexa546-Alexa647 holo 11.7 13.5
U2AF Atto532-Atto643 holo 53 8.1
U2AF Alexa488-Alexa647 holo 59 9.1
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Supplementary Table 15: Analysis of the U2AF2 dynamics. Results collected from S participating labs on
the dynamics of U2AF2 labelled with the AttoS32-Atto643 dye-pair. Timescales and rates were derived by
dynamic PDA, filtered-FCS, and FRET-FCS as reported by the various groups. R: and R: are the distances
corresponding to the compact and open states respectively for extracting the interconversion rates by dynamic
PDA. Interconversion rates from closed to open and open to closed are denoted as k2 and k2; with their respective
relaxation time zr. See Supplementary Note 17 for more details on the dynamics of U2AF2. The two extracted
relaxation times from FRET-FCS and fFCS are denoted as fr; and fr2. See Supplementary Note 16 for more details
on the filtered-FCS analysis. Average values of the rates and relaxation times, are given in the last row. * Only

Lab#2 performed the FRET-FCS analysis and is not considered for average values for filtered-FCS.

Lab# Method Apo Holo
R | Ry Irs tr2 k12 k21 3 Ir1 tr2 k12 ka1 =
Q)| A ] ws) | @) | (s | (msh) | @ms) [ (ws) | (ws) | (ms!) | (ms?) | (ms)
1 Filtered-FCS 200 10
Dynamic
PDA 38 | 59 043 0.07 2 0.52 0.14 142
Filtered-FCS 320 6 320 6
) FRET-FCS* 32 2 321
Dynamic A\
PDA 37 | 60 23 039 | 037 2.05 129 | 029
Dynamic
8 PDA 38 | 56 0.62 0.18 1.25
Dynamic
11 PDA 38 | 56 0.63 0.83 0.68
Filtered-FCS 370 12
14 Dynamic
PDA 37 | 60 23 4.6 0.14 | 617 15 047 0.15 1.6
Average 296 9.3 1.67 1.68 0.83 0.85 0.51 1.05
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Supplementary Table 16: The global dynamic photon distribution analysis (PDA) of apo and holo U2AF2
labeled with the Atto532-Atto643 dye pair. Parameters of the global dynamic PDA model are given, which is
composed of a two-state dynamic system (apo ensemble) and two static states (holo and low-FRET) as described
in the main text and Supplementary Note 17. The fit was performed globally over the apo and holo measurements
using time windows of 0.5, 1.0, 1.5 and 2.0 ms, respectively. See Supplementary Figure 16 for an overview of the
fits. The global reduced chi-square of the fit was 1.69. The analysis was performed using correction factors of: y
=0.59 for the detection correction factor, a direct excitation correction of & = 0.024, a crosstalk value of o= 0.02
and a Forster radius of 59 A. Background count rates were 0.82 kHz and 0.28 kHz in the donor and FRET detection
channels respectively. Fitting was performed using the PDAFit module of the PAM software package!! .Errors
were approximated from the covariance matrix given from the fit routine.

Sample
Population Parameter apo | holo
mi t stat Rcompact [A] 374+0.1
compact state O compact [A] 2104
Raetacted [A] 50.0+0.1
detached ensemble
apo ensemble Odetached [A] 45402
Kinetic rates ke=a [ms] 0.14+0.11
ka=c [ms’'] 0.013+0.011
amplitude Aspo 0.95+0.02 | 0.350.05
. Ropen[A] 60.8£0.1
holo open conformation Gopen [A] 29202
amplitude Abolo 0.03 £0.01 | 0.60+0.03
apparent distance RuxlA] 739+4
low-FRET PP or [A] 72+ 14
amplitude Avr 0.02£0.01 | 0.05+0.03

Supplementary Table 17: Correction factors obtained after reanalysis of the U2AF2 datasets from 7
different labs. Raw datasets were collected from 8 different labs for U2AF?2 labeled with Atto332-Atto643. The
reanalysis procedure is described in the Supplementary Note 3.

Lab# a 0 y p

1 0.02 0.06 0.73 0.72
2 0.04 0.20 1.26 0.22
3 0.03 0.06 0.98 0.77
4% 0.03 0.08 0.98 1.15
8 0.03 0.05 1.15 0.80
11 0.03 0.07 0.65 1.21
14 0.03 0.05 0.92 1.00

* In these measurements, we observed a large contribution of the subpopulation with quenched acceptor lifetime
(holo-high FRET) for double-labeled molecules. Hence, one population from apo and only one population from
holo (holo-low FRET) conformation was used to calculate the y globally.
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Supplementary Table 18: Dynamic photon distribution analysis (PDA) of apo and holo U2AF2 labeled with
Alexa546-Alexa647 dye-pair. Parameters of the global PDA model are given, which is composed of a two-state
dynamic system (apo ensemble) and two static states (holo and low-FRET) as described in the Supplementary
Note 17. The fit was performed globally over the apo and holo measurements using time windows of 0.5, 1.0, and
1.5 ms respectively. See Supplementary Figure 19 for an overview of the fits. The analysis was performed using
a detection correction factor of y = 0.32, a direct excitation correction of & = 0.10, a crosstalk value of a = 0.036
and a Forster radius of 65 A. Background count rates were 0.918 kHz and 0.281 kHz in the donor and FRET
detection channels respectively. Fitting was performed using the PDAFit module of the PAM software package!!.

Sample
Population Parameter apo | holo
Reompact [A] 354
compact state Geompuet [A] 35
detached ensemble Rsicted [i] 303
apo ensemble O detached [ 1] 5.0
L ke>a [ms™'] 0.16
kinetic rates oo [ms’] 0014
amplitude Aapo 0.97 0.36
. Ropen[A] - 62.0
open conformation
holo P Oopen [A] - 29
amplitude Abolo - 0.59
. Ris[A] 72.5
apparent distance
low-FRET PP or [A] 5.0
amplitude Avrr 0.03 0.05
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Supplementary Table 19: Detailed information on dye maleimides. Dye-maleimide conjugates were
purchased from the indicated companies. Structural formulas of dyes are illustrated below, with the exception of
Atto643 where the chemical structure of the dye is unknown. For dyes Atto532 and Abberior STAR635P, linkage
length to the maleimide functional group is not indicated by the producer. Those dyes are therefore illustrated
without the maleimide modification.

Fluorophore Company Catalog Number
Alexa488 C5 Maleimide ThermoFisher Scientific A10254

Alexa546 C5 Maleimide ThermoFisher Scientific A10258

Alexa647 C2 Maleimide ThermoFisher Scientific A20347

Atto532 Maleimide ATTO-TEC AD 532-45

Atto643 Maleimide ATTO-TEC AD 643

Abberior STAR635P Maleimide Abberior ST635P

Alexa 488 C5 Maleimide Alexa 546 C5 Maleimide Alexa 647 C2 Maleimide

Atto 532 Abberior STARG35P

104

214



Supplementary References:

10.

11.

12.

13.

14.

15.

Peulen, T. O., Opanasyuk, O. & Seidel, C. A. M. Combining Graphical and Analytical
Methods with Molecular Simulations to Analyze Time-Resolved FRET Measurements
of Labeled Macromolecules Accurately. J. Phys. Chem. B 121, 8211-8241 (2017).

Haas, E., Ephraim-Katchalski-Katzir & Steinberg, 1. Z. Effect of the Orientation of
Donor and Acceptor on the Probability of Energy Transfer Involving Electronic
Transitions of Mixed Polarization. Biochemistry 17, 5064-5070 (1978).

Kong, X, Nir, E., Hamadani, K. & Weiss, S. Photobleaching pathways in single-
molecule FRET experiments. J. Am. Chem. Soc. 129, 4643-4654 (2007).

Kudryavtsev, V. ef al. Combining MFD and PIE for accurate single-pair Forster
resonance energy transfer measurements. ChemPhysChem 13, 1060-1078 (2012).

Eggeling, C. et al. Data registration and selective single-molecule analysis using multi-
parameter fluorescence detection. J. Biotechnol. 86, 163—180 (2001).

Lerner, E. ef al. FRET-based dynamic structural biology: Challenges, perspectives and
an appeal for open-science practices. eLife 10, 60416 (2021).

Lee, N. K. e al. Accurate FRET measurements within single diffusing biomolecules
using alternating-laser excitation. Biophys. J. 88, 2939-2953 (2005).

Metskas, L. A. & Rhoades, E. Single-molecule FRET of intrinsically disordered
proteins. Anmnu. Rev. Phys. Chem. 71, 391-414 (2020).

Ferreon, A. C. M., Gambin, Y., Lemke, E. A. & Deniz, A. A. Interplay of a-synuclein
binding and conformational switching probed by single-molecule fluorescence. Proc.
Natl. Acad. Sci. U. S. A. 106, 5645-5650 (2009).

Vandenberk, N., Barth, A., Borrenberghs, D., Hofkens, J. & Hendrix, J. Evaluation of
Blue and Far-Red Dye Pairs in Single-Molecule FRET Experiments - SUP. .J. Phys.
Chem. B 32, acs.jpcb.8b00108 (2018).

Schrimpf, W, Barth, A, Hendrix, J. & Lamb, D. C. PAM: A Framework for
Integrated Analysis of Imaging, Single-Molecule, and Ensemble Fluorescence Data.
Biophys. J. 114, 1518-1528 (2018).

Tomov, T. E. ef al. Disentangling subpopulations in single-molecule FRET and ALEX
experiments with photon distribution analysis. Biophys. J. 102, 1163-1173 (2012).

Hellenkamp, B. et al. Precision and accuracy of single-molecule FRET
measurements—a multi-laboratory benchmark study. Nat. Methods 15, 669-676
(2018).

Ingargiola, A., Lerner, E., Chung, S. Y., Weiss, S. & Michalet, X. FRETBursts: An
open source toolkit for analysis of freely-diffusing Single-molecule FRET. PLoS One
11, 39198 (2016).

Fries, J. R, Brand, L., Eggeling, C., Kollner, M. & Seidel, C. A. M. Quantitative
identification of different single molecules by selective time-resolved confocal
fluorescence spectroscopy. J. Phys. Chem. A 102, 6601-6613 (1998).

105

215



216

16.

17.

18.

19.

20.

21.

22.

23.
24.

25.

26.

27.

28.

209.

30.

31

Torella, J. P., Holden, S. J., Santoso, Y., Hohlbein, J. & Kapanidis, A. N. Identifying
molecular dynamics in single-molecule fret experiments with burst variance analysis.
Biophys. J. 100, 1568-1577 (2011).

Kalinin, S., Valeri, A., Antonik, M, Felekyan, S. & Seidel, C. A. M. Detection of
Structural Dynamics by FRET: A Photon Distribution and Fluorescence Lifetime
Analysis of Systems with Multiple States. J. Phys. Chem. B 114, 7983-7995 (2010).

Barth, A. et al. Unraveling multi-state molecular dynamics in single-molecule FRET
experiments. I. Theory of FRET-lines. J. Chem. Phys. 156, 141501 (2022).

Forster, T. Zwischenmolekulare Energiewanderung und Fluoreszenz. Ann. Phys. 437,
5575 (1948).

Rurack, K. Fluorescence Quantum Yields: Methods of Determination and Standards.
in Standardization and Quality Assurance in Fluorescence Measurements [ 101-145
(2008). doi:10.1007/4243 2008 019

Wiederschain, G. Y. The Molecular Probes handbook. A guide to fluorescent probes
and labeling technologies. Biochem. 76, 1276-1276 (2011).

Voith von Voithenberg, L. & Lamb, D. C. Single Pair Forster Resonance Energy
Transfer: A Versatile Tool To Investigate Protein Conformational Dynamics.
BioEssays 40, 1-14 (2018).

Spectra, E. Alexa Fluor ® Dyes — Across the Spectrum. 1-3 (2014).

Schaffer, J. ef al. 1dentification of Single Molecules in Aqueous Solution by Time-
Resolved Fluorescence Anisotropy. J. Phys. Chem. A 103, 331-336 (1999).

Perrin, F. Polarisation de la lumiére de fluorescence. Vie moyenne des molécules dans
I’etat excité. J. Phys. le Radium 7, 390-401 (1926).

Sisamakis, E., Valeri, A, Kalinin, S., Rothwell, P. J. & Seidel, C. A. M. Accurate
Single-Molecule FRET Studies Using Multiparameter Fluorescence Detection.
Methods Enzymol. 475, 455-514 (2010).

Sindbert, S. er al. Accurate distance determination of nucleic acids via Forster
resonance energy transfer: Implications of dye Linker length and rigidity. J. Am.
Chem. Soc. 133, 2463-2480 (2011).

Koshioka, M., Sasaki, K. & Masuhara, H. Time-Dependent Fluorescence
Depolarization Analysis in Three-Dimensional Microspectroscopy. Appl. Spectrosc.
49, 224-228 (1995).

Schroder, G. F., Alexiev, U. & Grubmiller, H. Simulation of fluorescence anisotropy
experiments: Probing protein dynamics. Biophys. J. 89, 3757-3770 (2005).

Dale, R. E. & Eisinger, J. Intramolecular distances determined by energy transfer.
Dependence on orientational freedom of donor and acceptor. Biopolymers 13, 1573—
1605 (1974).

Ivanov, V., Li, M. & Mizuuchi, K. Impact of emission anisotropy on fluorescence
spectroscopy and FRET distance measurements. Biophys. J. 97, 922-929 (2009).

Kalinin, S., Fulle, S., Hanke, C.A ., Peulen, T. O, Sindbert, S., Felekyan, S.,
Kihnemuth, R., Gohlke, H., Seidel, C. A. M. Diffusion with traps: experiment,

106



33.

34.

35.

37.

39.

40.

41.

42.

44

45.

46.

47.

48.

49.

simulation, and theory to describe the dynamics of flexibly linked fluorophores in
biomolecular FRET. Prep.

Case, D. A. et al. AMBER 2018, University of California. University of California, San
Francisco (2018).

Maier, J. A. et al. ff14SB: Improving the Accuracy of Protein Side Chain and
Backbone Parameters from ff99SB. J. Chem. Theory Comput. 11, 3696-3713 (2015).

Hom, H. W. et al. Development of an improved four-site water model for
biomolecular simulations: TIP4P-Ew. J. Chem. Phys. 120, 9665-9678 (2004).

Hopkins, C. W, Le Grand, S., Walker, R. C. & Roitberg, A. E. Long-time-step
molecular dynamics through hydrogen mass repartitioning. J. Chem. Theory Comput.
11, 1864-1874 (2015).

Ryckaert, J. P., Ciccotti, G. & Berendsen, H. J. C. Numerical integration of the
cartesian equations of motion of a system with constraints: molecular dynamics of n-
alkanes. J. Comput. Phys. 23, 327-341 (1977).

Darden, T., York, D. & Pedersen, L. Particle mesh Ewald: An N-log(IN) method for
Ewald sums in large systems. J. Chem. Phys. 98, 10089-10092 (1993).

McGibbon, R. T. ef al. MDTraj: A Modern Open Library for the Analysis of
Molecular Dynamics Trajectories. Biophys. J. 109, 1528-1532 (2015).

Gopich, I. V. & Szabo, A. Single-molecule FRET with diffusion and conformational
dynamics. J. Phys. Chem. B 111, 12925-12932 (2007).

Zander, C. et al. Detection and characterization of single molecules in aqueous
solution. Appl. Phys. B Lasers Opt. 63, 517-523 (1996).

Hall, P. & Selinger, B. Better estimates of exponential decay parameters. Journal of
Physical Chemistry 85, (1981).

Livesey, A. K. & Skilling, J. Maximum entropy theory. Acta Crystallogr. Sect. A 41,
113-122 (1985).

Brochon, J. C. Maximum entropy method of data analysis in time-resolved
spectroscopy. Methods Enzymol. 240, 262-311 (1994).

Skilling, J. & Bryan, R. K. Maximum entropy image reconstruction: general algorithm.
Mon. Not. R. Astron. Soc. 211, 111-124 (1984).

Vinogradov, S. A. & Wilson, D. F. Recursive maximum entropy algorithm and its
application to the luminescence lifetime distribution recovery. Appl. Spectrosc. 54,
849-855 (2000).

Huang, J. R. et al. Transient electrostatic interactions dominate the conformational
equilibrium sampled by multidomain splicing factor U2AF65: A combined NMR and
SAXS study. J. Am. Chem. Soc. 136, 7068-7076 (2014).

Kalinin, S. ef al. A toolkit and benchmark study for FRET-restrained high-precision
structural modeling. Nat. Methods 9, 1218-1225 (2012).

Bowman, A. W. & Azzalini, A. Computational aspects of nonparametric smoothing
with illustrations from the sm library. Comput. Stat. Data Anal. 42, 545-560 (2003).

107

217



50. Felekyan, S, Kalinin, S., Sanabria, H., Valeri, A. & Seidel, C. A. M. Filtered FCS:
Species auto- and cross-correlation functions highlight binding and dynamics in
biomolecules. ChemPhysChem 13, 1036-1053 (2012).

51.  Barth, A. er al. Dynamic interactions of type I cohesin modules fine-tune the structure
of the cellulosome of Clostridium thermocellum. Proc. Natl. Acad. Sci. U. S. A. 1185,
E11274-E11283 (2018).

52.  Von Voithenberg, L. V. ef al. Recognition of the 3’ splice site RNA by the U2AF
heterodimer involves a dynamic population shift. Proc. Natl. Acad. Sci. U. S. A. 113,
E7169-E7175 (2016).

53.  Naudi-Fabra, S., Tengo, M., Jensen, R., Blackledge, M. & Milles, S. Quantitative
Description of Intrinsically Disordered Proteins Using Single-Molecule FRET, NMR,
and SAXS. J. Am. Chem. Soc 143, 50 (2021).

54.  Margittai, M. et al. Single-molecule fluorescence resonance energy transfer reveals a
dynamic equilibrium between closed and open conformations of syntaxin 1. Proc.
Natl. Acad. Sci. U. S. A. 100, 15516-15521 (2003).

55.  Torres, T. & Levitus, M. Measuring conformational dynamics: A new FCS-FRET
approach. J. Phys. Chem. B 111, 73927400 (2007).

56. Felekyan, S., Sanabria, H., Kalinin, S., Kithnemuth, R. & Seidel, C. A. M. Analyzing
Forster resonance energy transfer with fluctuation algorithms. Methods Enzymol. 519,
39-85 (2013).

57.  Antonik, M., Felekyan, S., Gaiduk, A. & Seidel, C. A. M. Separating structural
heterogeneities from stochastic variations in fluorescence resonance energy transfer
distributions via photon distribution analysis. .J. Phys. Chem. B 110, 6970-6978
(2000).

58. Kalinin, S, Felekyan, S., Antonik, M. & Seidel, C. A. M. Probability distribution
analysis of single-molecule fluorescence anisotropy and resonance energy transfer. J.
Phys. Chem. B 111, 1025310262 (2007).

59. MacKereth, C. D. et al. Multi-domain conformational selection underlies pre-mRNA
splicing regulation by U2AF. Nature 475, 408—413 (2011).

60.  Sanchez-Rico, C., Voith von Voithenberg, L., Warner, L., Lamb, D. C. & Sattler, M.
Effects of Fluorophore Attachment on Protein Conformation and Dynamics Studied by
spFRET and NMR Spectroscopy. Chem. - A Eur. J. 23, 14267-14277 (2017).

61.  Neubauer, H. ef al. Orientational and dynamical heterogeneity of rhodamine 6G
terminally attached to a DNA helix revealed by NMR and single-molecule
fluorescence spectroscopy. J. Am. Chem. Soc. 129, 12746-12755 (2007).

62.  Laurence, T. A. ef al. Correlation spectroscopy of minor fluorescent species: Signal
purification and distribution analysis. Biophys. J. 92, 2184-2198 (2007).

63.  Ivanchenko, S. & Lamb, D. C. Fluorescence Correlation Spectroscopy: Principles and
Developments. in Supramolecular Structure and Function 10 1-30 (2011).
doi:10.1007/978-94-007-0893-8 1

64. Henzler-Wildman, K. A. ef al. Intrinsic motions along an enzymatic reaction
trajectory. Nature 450, 838-844 (2007).

108

218



65.

66.

67.

68.

69.

70.

71.

72.

74.

75.

76.

7.

78.

79.

80.

Doose, S., Heilemann, M., Michalet, X., Weiss, S. & Kapanidis, A. N. Periodic
acceptor excitation spectroscopy of single molecules. Fur. Biophys. J. 36, 669-674
(2007).

Barth, A, Voith Von Voithenberg, L. & Lamb, D. C. Quantitative Single-Molecule
Three-Color Forster Resonance Energy Transfer by Photon Distribution Analysis. J.
Phys. Chem. B 123, 6901-6916 (2019).

Gouridis, G. ef al. Conformational dynamics in substrate-binding domains influences
transport in the ABC importer GInPQ. Nat. Struct. Mol. Biol. 22, 57-64 (2015).

De Boer, M. ef al. Conformational and dynamic plasticity in substrate-binding proteins
underlies selective transport in ABC importers. eLife 8, e44652 (2019).

de Boer, M., Gouridis, G., Muthahari, Y. A. & Cordes, T. Single-Molecule
Observation of Ligand Binding and Conformational Changes in FeuA. Biophys. J. 117,
1642-1654 (2019).

Wolf, S. ef al. Hierarchical dynamics in allostery following ATP hydrolysis monitored
by single molecule FRET measurements and MD simulations. Chem. Sci. 12, 3350-
3359 (2021).

Ambrose, B. ef al. The smfBox is an open-source platform for single-molecule FRET.
Nat. Commun. 11, 5641 (2020).

Abdelhamid, M. A. S., Rhind-Tutt, A. V., Ambrose, B. & Craggs, T. D. Making
Precise and Accurate Single-Molecule FRET Measurements using the Open-Source
smfBox. J. Vis. Exp. €62378 (2021). doi:10.3791/62378

Tan, P. S. & Lemke, E. A. Probing Differential Binding Mechanisms of
Phenylalanine-Glycine-Rich Nucleoporins by Single-Molecule FRET. in Methods in
Enzymology 611, 327-346 (2018).

Miiller, B. K., Zaychikov, E., Brauchle, C. & Lamb, D. C. Pulsed interleaved
excitation. Biophys. J. 89, 3508-3522 (2005).

Robb, N. C. ef al. The transcription bubble of the RNA polymerase-promoter open
complex exhibits conformational heterogeneity and millisecond-scale dynamics:
Implications for transcription start-site selection. J. Mol. Biol. 425, 875-885 (2013).

Santoso, Y. ef al. Conformational transitions in DNA polymerase I revealed by single-
molecule FRET. Proc. Natl. Acad. Sci. U. S. A. 107, 715-720 (2010).

Santoso, Y., Torella, J. P. & Kapanidis, A. N. Characterizing single-molecule FRET
dynamics with probability distribution analysis. ChemPhysChem 11, 2209-2219
(2010).

Robb, N. C. et al. Single-molecule FRET reveals the pre-initiation and initiation
conformations of influenza virus promoter RNA. Nucleic Acids Res. 44, 10304-10315
(2016).

Tomescu, A. ., Robb, N. C., Hengrung, N., Fodor, E. & Kapanidis, A. N. Single-
molecule FRET reveals a corkscrew RNA structure for the polymerase-bound
influenza virus promoter. Proc. Natl. Acad. Sci. 111, E3335-3342 (2014).

Kapanidis, A. N. et al. Fluorescence-aided molecule sorting: Analysis of structure and

109

219



220

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

94,

95.

96.

97.

interactions by alternating-laser excitation of single molecules. Proc. Natl. Acad. Sci.
U. S. A. 101, 8936-8941 (2004).

Kapanidis, A. N. ef al. Alternating-laser excitation of single molecules. Acc. Chem.
Res. 38, 523-533 (2005).

Krainer, G. et al. Ultrafast Protein Folding in Membrane-Mimetic Environments. .J.
Mol. Biol. 430, 554-564 (2018).

Hartmann, A, Krainer, G., Keller, S. & Schlierf, M. Quantification of Millisecond
Protein-Folding Dynamics in Membrane-Mimetic Environments by Single-Molecule
Forster Resonance Energy Transfer Spectroscopy. Anal. Chem. 87, 11224-11232
(2015).

Hartmann, A. Observing Biomolecular Dynamics from Nanoseconds to Hours with
Single-Molecule Fluorescence Spectroscopy. 139 (2017).

Kramm, K. ef al. DNA origami-based single-molecule force spectroscopy elucidates
RNA Polymerase 111 pre-initiation complex stability. Nat. Commun. 11, 2828 (2020).

Kahra, D. ef al. Conformational plasticity and dynamics in the generic protein folding
catalyst SlyD unraveled by single-molecule FRET. J. Mol. Biol. 411, 781-790 (2011).

Olofsson, L. & Margeat, E. Pulsed interleaved excitation fluorescence spectroscopy
with a supercontinuum source. Opt. Express 21, 3370 (2013).

Fuertes, G. et al. Decoupling of size and shape fluctuations in heteropolymeric
sequences reconciles discrepancies in SAXS vs. FRET measurements. Proc. Natl.
Acad. Sci. U. S. A. 114, E6342-E6351 (2017).

Harris, P. D. ef al. Multi-parameter photon-by-photon hidden Markov modeling. Nat.
Commun. 13, 1000 (2022).

Ingargiola, A., Laurence, T., Boutelle, R., Weiss, S. & Michalet, X. Photon-HDF5: An
Open File Format for Timestamp-Based Single-Molecule Fluorescence Experiments.
Biophys. J. 110, 26-33 (2016).

Nir, E. ef al. Shot-noise limited single-molecule FRET histograms: Comparison
between theory and experiments. J. Phys. Chem. B 110, 22103-22124 (2006).

Buning, R., Kropff, W., Martens, K. & van Noort, J. spFRET reveals changes in
nucleosome breathing by neighboring nucleosomes. J. Phys. Condens. Matter 27,
064103 (2015).

Zhou, R., Schlierf, M. & Ha, T. Force-Fluorescence Spectroscopy at the Single-
Molecule Level. Methods Enzymol. 475, 405-426 (2010).

Nikaido, H. Maltose transport system of Escherichia coli: An ABC-type transporter.
FEBS Lett. 346, 55-58 (1994).

McKinney, S. A, Joo, C. & Ha, T. Analysis of single-molecule FRET trajectories
using hidden Markov modeling. Biophys. J. 91, 1941-1951 (2006).

Jerabek-Willemsen, M. et al. MicroScale Thermophoresis: Interaction analysis and
beyond. J. Mol. Struct. 1077, 101-113 (2014).

Widengren, J. & Schwille, P. Characterization of photoinduced isomerization and

110



98.

back-isomerization of the cyanine dye cy5 by fluorescence correlation spectroscopy. J.
Phys. Chem. A 104, 6416—6428 (2000).

Petrasek, Z. & Schwille, P. Precise measurement of diffusion coefficients using
scanning fluorescence correlation spectroscopy. Biophys. J. 94, 1437-1448 (2008).

111

221



Supplement B. Resolution of Maximum Entropy Method-derived posterior
conformational ensembles of a flexible system probed by FRET and molecular
dynamics simulations

222



Downloaded via DUESSELDORF LIBRARIES on May 16, 2023 at 11:51:23 (UTC).
See https://pubs.acs.org/sharingguidelines for options on how to legitimately share published articles.

l‘ I ‘ Journal of Chemical Theory and Computation

pubs.acs.org/JCTC

Resolution of Maximum Entropy Method-Derived Posterior
Conformational Ensembles of a Flexible System Probed by FRET and
Molecular Dynamics Simulations

Jonas Dittrich,” Milana Popara,V Jakub Kubiak, Mykola Dimura, Bastian Schepers, Neha Verma,
Birte Schmitz, Peter Dollinger, Filip Kovacic, Karl-Erich Jaeger,* Claus A. M. Seidel,*
Thomas-Otavio Peulen,* and Holger Gohlke*

Cite This: J. Chem. Theory Comput. 2023, 19, 2389-2409 I: I Read Online

ACCESS | m Metrics & More | Article Recommendations | @ Supporting Information
ABSTRACT: Maximum entropy methods (MEMs) determine ™ytiele prior ensembles MEM z, o
posterior distributions by combining experimental data with prior \ppsLEro9sEdisp fég AN o
information. MEMs are frequently used to reconstruct conforma- AT A A B i
tional ensembles of molecular systems for experimental informa- Fm:} .\ A A
tion and initial molecular ensembles. We performed time-resolved / ‘u multiple structuraly  —rsosadne |
Forster resonance energy transfer (FRET) experiments to probe p°%::""’m rass
the interdye distance distributions of the lipase-specific foldase Lif plistance information FF14S8 s
in the apo state, which likely has highly flexible, disordered, and/or 2% &
ordered structural elements. Distance distributions estimated from % Zum,, cusert
ensembles of molecular dynamics (MD) simulations serve as prior ¥, g e

3 cluster 2

information, and FRET experiments, analyzed within a Bayesian
framework to recover distance distributions, are used for
optimization. We tested priors obtained by MD with different
force fields (FFs) tailored to ordered (FF99SB, FF14SB, and FF19SB) and disordered proteins (IDPSFF and FF99SBdisp). We
obtained five substantially different posterior ensembles. As in our FRET experiments the noise is characterized by photon counting
statistics, for a validated dye model, MEM can quantify consistencies between experiment and prior or posterior ensembles.
However, posterior populations of conformations are uncorrelated to structural similarities for individual structures selected from
different prior ensembles. Therefore, we assessed MEM simulating varying priors in synthetic experiments with known target
ensembles. We found that (i) the prior and experimental information must be carefully balanced for optimal posterior ensembles to
minimize perturbations of populations by overfitting and (ii) only ensemble-integrated quantities like inter-residue distance
distributions or density maps can be reliably obtained but not ensembles of atomistic structures. This is because MEM optimizes
ensembles but not individual structures. This result for a highly flexible system suggests that structurally varying priors calculated
from varying prior ensembles, e.g., generated with different FFs, may serve as an ad hoc estimate for MEM reconstruction robustness.

cluster 2

1. INTRODUCTION NMR techniques, such as ubiquitin, for which structures and
an associated dynamic model, a so-called kinetic ensemble,
were reported.”’14 Multidomain proteins with flexible linkers,
such as U2AF6S,"S calmodulin,'® or TIA-1,'” are more
challenging, as the size and associated number of degrees of
freedom are substantially larger. Proteins with disorder regions,
such as ESCRT complexes,'® are even more complex, and the
ultimate challenge in terms of the number of degrees of
freedom is the IDPs.'"”"

To understand protein function, proteins are best described by
energy landscapes, molecular ensembles, and kinetic path-
ways,' which challenges structural biology.” Classical exper-
imental techniques such as X-ray crystallography, cryo-EM, or
NMR can resolve fascinating snapshots of single atomistic
structures. Many proteins require flexibility to function."* If
the number of conformers is small and they are long-lived, the
classical techniques can still resolve conformers at high
resolution by varying experimental conditions.”” However,
multidomain proteins with unstructured segments and intrinsi- Received: November 1, 2022 JCTE
cally disordered proteins (IDPs) are particularly challenging Published: April 6, 2023
for structural biology due to a large number of possible

conformations.® "> Structural ensembles were proposed for

molecular systems of varying sizes and complexities, starting

from small folded proteins that can be studied accurately by

© 2023 American Chemical Society https://doi.org/10.1021/acs.jctc.2c01090
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For large ensembles, no technique alone can resolve
molecular ensembles in atomistic detail, as most biophysical
experiments report on observables that are averages over
ensembles of conformations. To overcome the limitations of
individual techniques, integrative molecular modeling com-
bines experimental information such as NMR," small angle X-
ray scattering (SAXS),”' electron paramagnetic resonance
(EPR),22 Forster resonance energy transfer (FRET),B_27 and
cross-linking®® with computational information (e.g, from
molecular simulations using force fields (FFs)).”>~"*

Bayes theorem provides a formal framework to integrate
simulated ensemble and experimental data. Combined with the
maximum entropy principle, it is a suitable refinement
approach for flexible systems, where no assumption about
the number of states is made, as opposed to maximum-
parsimony methods, where the minimum number of structures
that describe experimental data is selected.**® Bayes theorem
expresses information in the form of probabilities, p. The
theorem combines information on a model, M, experimental
data, D, and prior information, I (eq 1)*'

p(DIM, I)p(MII)

p(MID, I) = oD

1

where p(MID, I) is the posterior model density, e.g., the
probability density of a conformational ensemble conditioned
on D and I, p(DIM, I) is the data likelihood, p(MII) is the prior
model density, and p(DII) = Z is the model evidence or
marginal likelihood (in analogy to statistical mechanics, p(DII)
is sometimes called partition function, Z). Conformational
ensembles M can be determined by restrained simula-
tions,”>>® where D is incorporated into the structural
modeling framework.””?” Alternatively, p(MII) is sampled
independently of p(DIM, I), and p(MID, I) is computed using
the independently sampled prior and likelihood. The latter
approach is easy to implement, as the sampling is independent
of evaluating the likelihood function. However, few sampled
models might satisfy D and I either due to insufficient sampling
or inaccuracies of I used for sampling (FF parameters).

Maximum entropy methods (MEMs) are statistical
apgroaches based on Bayes’ theorem that combine I, D, and
M.*® MEMs determine the maximum a posteriori (MAP)
distribution, Q, for p(DIM, I) and an entropy prior, p(MII).
‘When MEMs are applied to recover ensembles of states for D,
a set of predetermined states with corresponding population
fractions is the prior information I, and the population of the
states are parameters of M.~ States are most commonly
defined by structural similarities, and MEMs are used to
optimize populations of conformers. When optimizing M, the
strict convexity of the entropy prior asserts that even for
underdetermined systems unique regular solutions are found.**
However, p(MID, I) depends on I, the state distribution of the
initially simulated ensemble, and D, the experimental data.
Hence, both I and D impact the ensembles recovered by
MEMs.

Here, we probe the robustness of MEM, i.e., the precision
and accuracy, for recovering the structural diversity of the
ensemble and resolving individual structures in the ensemble
with respect to I, considering experimental data and its
corresponding precision. For that, we determine posterior
ensembles for the folding domain (FOD) of Pseudomonas
aeruginosa lipase-specific foldase (Lif)*** (Figure 1). Lif is a
steric chaperone with a three-domain organization common
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Figure 1. Maximum entropy-based ensemble refinement of lipase-
specific foldase (Lif). Top left: the quaternary structure of the P.
aeruginosa Lif:LipA complex homology model is shown, with the
foldase Lif minidomains MD1 (residues 65—146, cyan), the extended
helical domain EHD (residues 147—26S, blue), and MD2 (residues
266—340, light blue). Lif forms a unique headphone-like fold around
the lipase LipA (yellow). Top right: simplified Lif model. Three
domains are assumed to act as three rigid bodies connected by two
hinges (between EHD and MDs, allowing three degrees of freedom
each for the MDs), yielding a model with six internal degrees of
freedom. The all-atom structural information is fed into molecular
dynamics simulations with five different FFs. The obtained conforma-
tional ensembles serve as a basis to calculate the interdye distance
distribution in MD, i.., the prior information I (magenta frames).
FRET data acquired for the distance network provides information on
interdye distance distributions D (green frames). The prior
information I is combined with the FRET data D using the maximum
entropy method (MEM, black frame). MEM determines the
maximum a posteriori (MAP) distribution for the species fractions
to produce posterior structure weights Q that represent molecular
ensembles (blue frames).

with other steric chaperones.*”*¥*° Its folding domain is

anchored to the inner bacterial membrane by a conserved
transmembrane domain and an alanine/proline-rich flexible
linker.*” Lif activates the prefolded lipase LipA with a
mechanism independent of ATP*® by binding with the folding
domain (FOD),*” which can be divided into three
subdomains: minidomains 1 and 2 (MD1, MD2), connected
by the extended helical domain (EHD).*** As such, Lif
follows the typical architecture of multidomain proteins, where
different domains of a protein are connected by linkers with
different amounts of softness. The a-helical arrangement of the

https://doi.org/10.1021/acs.jctc.2c01090
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EHD suggests it to be a “rigid linker” that keeps MD1 and
MD?2 as a molecular spacer at a certain distance.

We, therefore, geometrically approximated Lif as a 3-body
object for which a small set of distance measurements should
potentially resolve the domain arrangement (Figure 1) while
preserving biological activity (Table S1). We used time-
resolved FRET experiments and molecular dynamics (MD)
simulations to acquire structural data on Lif. FRET is the
distance-dependent energy migration from an excited donor
fluorophore to an acceptor fluorophore;*” time-resolved FRET
experiments inform on conformational distributions with
minimal conformational averaging, as snapshots of the
conformers are obtained on the nanosecond time scale. Our
MEM scoring uses the known single photon counting statistics
(Poisson). Making use of defined data and data noise, our
FRET-based MEM has a well-defined minimum that is
convenient and robust for validating the consistency of the
FF-dependent prior and posterior ensembles to experiments.

For integrative FRET modeling by MEM, we established the
following workflow: we developed a Bayesian tool (ucFRET)
that transforms time-resolved FRET data into interdye
distance distributions as opposed to simple ensemble averages.
For resolving conformational ensembles, we acquired data on a
set of FRET experiments with a network of FRET pairs. These
experiments served as experimental data, D. As input
information, we used distinct conformational ensembles
obtained from MD simulations with different force fields
optimized for folded and unfolded proteins. To compute
experimental observables as prior I for combining experimental
data and computational models, we employed a forward model
based on accessible volume (AV) simulations.*” We
optimized our prior ensembles against the FRET data and
found that our priors describe the FRET data to a different
extent. By varying the contribution of experimental and prior
information, we searched for optimally balanced solutions (L-
curve analysis).

Next, we assessed the performance of our MEM approach.
We tested the effect of prioritizing experiments over the prior
information to evaluate how uniquely conformations are
resolved within a large ensemble at atomistic resolution and
whether ensembles from distinct force fields yield similar
conformers. This objective is a great challenge in general and
especially for FRET because FRET mainly informs on long-
range features.”” To optimize our analysis and assess the
robustness of MEM ensemble reconstructions, we performed
synthetic experiments on defined conformational ensembles
(target ensemble Y). We found the optimal balance for prior
and experimental information that minimized the discrepancy
to the target ensemble to be close to the corner of the L-curve.
Using ensemble representations of varying details (atomistic
representations, inter-residue distograms, and three-dimen-
sional (3D) densities), we assessed the reliability of MEM-
derived ensembles and consequences for the achieved
resolution of posterior models. We found that distograms
and 3D density maps are robustly recovered representations
that are more appropriate to capture and identify relevant
features of large and diverse posterior ensembles than
individual structures. Finally, for our experimental FRET
data, we find that three out of five posterior ensembles have a
headphone shape as identified by the density map
representation. According to the L-curve criterion, ensembles
with a headphone or expanded shape are both feasible for
apoLif in solution.

2391

Our results stress the need for robust uncertainty estimates
of posterior ensembies. In the absence of uncertainty estimates,
the distinct obtained posterior ensembles highlight the
importance of using structurally varying priors to probe the
robustness of MEM reconstructions.

2. MATERIALS AND METHODS

2.1. Maximum Entropy Method. MEMs used for
integrative modeling are based on MaxEnt’' methods
developed for image restoration.”” MEMs maximize the
posterior model density according to eq 2

arg max p(MID, I) = arg max p(DIM, I)p(MII)
M M (2

where arg max p(MID, I) = Q is the MAP distribution, i.e.,
M

the posterior model density that is maximal for M, D, and I. A
set of ] states defines I. In structural integrative modeling
problems, a state corresponds to a conformation C; with a prior
weight #(®. Hence, I = {w(®, CVF The set of weights defines
the model, M = {w;}/Z]. Weights belong to the ] — 1 simplex,
ie, X;w;=1and w, > 0 forj € {1, -, J}. In MEM, p(MII) is
an entropy prior (eq 3)

I
p(MII) = H exp(—9~wj ln(w;/w’(o))) = exp(6S)
j=1 3)
where S = =Y, w, ln(w]-/wj(o)) and 0 is a temperature-like

factor that controls the weight of the prior. p(DIM, I) =
exp(—H) is the data likelihood, where H depicts the agreement
of the model with D. Computing the data likelihood requires a
forward model and a noise model. The forward model predicts
D for M, assuming no experimental noise. The noise model
quantifies the distribution of the differences between D and the
forward model,”® which originates from random experimental
error, systematic experimental error, and error in the forward
model; noise models generally assume that systematic and
forward model errors are 0.

The forward model, the data, the noise, and the prior
information affect the outcome of the modeling. In FRET
experiments, the forward model requires a model of the dyes.
Such dye models can compute for a given conformation the
distribution of FRET rate constants. Dye models are essential
parts of FRET forward models and need to be critically
evaluated on a case-by-case basis. A full atomistic treatment
requires separate simulations for each FRET pair as an
exhaustive sampling of the dye’s conformational space is
challenging. We use a coarse-grained implicit dye model that
was shown to be accurate. We further assume slow
translational diffusion and fast rotational diffusion on the
time scale of fluorescence (<4 ns). The dye model output
(FRET rate constants) can be converted into time-resolved
fluorescence intensities. This conversion is computationally
expensive, as it requires the convolution with the instrument
response function (IRF) among other experimental nuisances
(e.g, background, IRF corrections, incomplete FRET label-
ing). Due to these nuisances, direct scoring against
fluorescence decays is computationally costly. Thus, instead
of approaching the modeling problem as a single-sided
problem, where fluorescence decays are computed for MD
simulations, we approach the modeling from two sides. First,
we transform by Bayesian modeling time-resolved fluorescence
intensities (and the associated data noise) into posterior model
densities. We marginalize nuisance to obtain probability

https://doi.org/10.1021/acs.jctc.2c01090
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densities over distance distributions. Next, for scoring of
ensembles, we compute, using implicit dye modeis as a forward
model, ensemble distance distributions. In our workflow, both
the output of the Bayesian fluorescence modeling and the
output of the structural forward model are distributions that
abstract molecular models and experimental data, respectively.
This intermediate representation allows for the computation-
ally efficient scoring of ensembles.
In MEM, the posterior model density is defined by eq 4

p(MID, I) = Z 4)

where G = H — 6S is a free-energy-like function. For normal
distributed data, H(D, M, I) = 1/2-y%, where y* is the sum of
squared deviations between the forward model and the data
weighted by the inverse of the noise. The maximum of p(MID,
I) is obtained by solving a constrained optimization problem
that maximizes In(p(MID, I)). The MAP distribution is
uniquely defined and can be determined without an expensive
computation of Z™' by minimizing G = H — 6S using
computationally inexpensive gradient descent methods.

Here, {C;} and {w}(O)} are sets of representative con-
formations and corresponding cluster weights from clustered
MD trajectories. The initial weight wi(o of the cluster j
corresponds to the fraction of that cluster within the ensemble
of MD trajectories for a respective FF. The MD analysis is
described in detail in a separate section.

D is a set of K FRET experiments, D = {D,}}=X. Each D,
measures a donor—acceptor (DA) distance, Rp,, distribution,
x.(Rpa)w with the corresponding uncertainty, Ax,(Rp,);. In a
forward model, for D;, a weighted average model Rp,
distribution, x,,(Rps), is computed in two steps: first, for
each D; and entropy value, xm(RDA))-,< is computed from the
accessible volume (AV) center-to-center distance,”*™° Ryp,
and a noncentral y-distribution (eq 5)

! exp(—H + 6S) = Z ! exp(—G)

R [ Rppa—Ryp i ]2
_ —1 DA T\ 20p,
xm(RDA)jk = (opav2r) o o
MP
2
| Rpa+Ryp ji
— e 20pa

)

where 6y, represents the overall broadness of x,,(Rpa) ;. We
used op, = 8.5 A, as this value is consistent in reference
experiments®* and MD simulations.”” Second, x,(Rp,); is
computed over all C; using w; as the weighting factor (eq 6)

I
%y(Rpa)y = Z ijm(RDA),-k
j=1

(6)

To compute y? we discretize x,, and x, into N, bins of 1.9 A,
considering that FRET experiments are most sensitive around
the Forster radius Ry. For our experiments, the reliable range is
0.65R,—1.5R,*® For the FRET pair used here (AlexaFluor488,
AlexaFluor647), R, = 52 A; thus, the reliable range is 30—80 A.
Accordingly, distances <30 and >80 A are represented by a
single bin each. To allow for nonuniform binning, bin counts
are normalized by respective bin widths. We quantify the
discrepancy between M and D, by eq 7

v T
3 | %(REDx = *m(RED,

Ax R\

1
N, i=1

2 _
Kop =

1 ;{2
~N Ak
Ny @)
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where N, i{g\the total number of bins and x,(RE));, xm(REV)e
and Ax,(Rg)) are the experimental species fraction, the model
species fraction, and the experimental uncertainty for the R4}
bin, respectively. The overall discrepancy for all D, € D is y* =
Yt To obtain a metric less dependent on IDI = K, we
normalize y7; by the number of measurements (eq 8)

L&
Ko = = 2%
1, total K E 1,k (8)
MEMs minimize G = 1/2}u—0S by varying {w}.”” We
minimized G by our in-house open-source software MaxEnt-
pRda (https://github.com/Fluorescence-Tools/MaxEnt-
pRda). MaxEnt-pRda makes use of the Jacobian and relies
on optimization algorithms provided by the scipy.optimize
module. In line with others,® the L-BFGS-B algorithm gave
the best combination of convergence speed and reliability. For
the system investigated here, MaxEnt-pRda with L-BFGS-B
converges in about a hundred iterations independent of the
initial weights, i.e., in seconds on a current laptop.

Note that S is the negative Kullback—Leibler divergence
between wj(o> and the varied weight w;. When w; = w)-(o), S=0.
The more negative S, the less similar a posterior ensemble is to
the original ensemble. The temperature-like factor 6 is a
separately defined hyperparameter that controls how strongly
deviations between {w;} and {wj(O)} are penalized. Large 0 leads
to small deviations of {w,} from {w}o)}.S9 Small € can cause
large changes in the {w)} and best agreement with D but can
lead to overﬁtting.61 We scan 6 to obtain a broad range of
X?,mtal_s pairs.

2.2. FRET Network. To acquire information on intra-
molecular distances by FRET experiments, we generated
double cysteine variants and labeled the cysteines by
AlexaFluor488-Cg-maleimide and AlexaFluor647-C,-malei-
mide (Thermo Fisher Scientific) as donor and acceptor
fluorophores, respectively. The set of double cysteine variants,
referred to by pairs of substituted amino acid numbers, defines
a network: 137—-215, 137—-268, 137—296, 215—268, 215-296,
255296, 258—296, 259—296, 260—296, and 268—296. We
performed ensemble time-correlated single photon counting
(eTCSPC) experiments. Moreover, we performed FRET-FCS
analysis® on data acquired on a multiparameter fluorescence
detection (MFD) setup.“’64 FCS determines a set of auto- and
cross-correlation functions based on spectral channels sensitive
to donor and acceptor fluorescence. The analysis of the
correlation curves of FRET-labeled samples recovers relaxation
times that inform us of the molecular dynamics.”> Details on
the eTCSPC and FCS analysis are provided in Supplemental
Materials and Methods. The fit results are compiled in Tables
S2 and S3.

2.3. Nonparametric Bayesian Analysis of eTCSPC
Data (ucFRET). To maximize the precision and accuracy of
recovered distance information, which serves as an input for
MEM ensemble refinement and account for data noise
(photon noise) ambiguities, we processed the raw eTCSPC
data, D, in a Bayesian framework using the ucFRET software in
four steps (i—iv). We processed the data for the FRET pairs
individually and repeated the steps i—iv for all distance
measurements.

In step (i), we gather all data D; that informs us of distances
between labeling sites. Here, D; is the fluorescence decay of the
FRET pair in the absence, {1, and presence of FRET, f{R4.

https://doi.org/10.1021/acs.jctc.2c01090
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In step (ii), we define a representation suitable for D,. The
key determinant of the representation is the DA distance
distribution, x(Rp, ). We use mixture models, e.g., of Gaussian
distributions, to parameterize x(Rp,);. As a forward model to
compute model fluorescence decays, we use a model for small
organic fluorophores homogeneously quenched by FRET.*®
Briefly, the model factorizes f (OA) “into the FRET-induced
decay, ep,(t) = /x(RDA) e~Rur(Ron)t d and me) We use two
representation types for x(Rp,);: (a) mixtures of Gaussians of
variable location, height, and width and (b) mixtures of
multiple noncentral y-distributions, y,, (eq S), of variable
location, Ryp,,, and width,

*(Rpa)p = Elelj(m (RDAIRMP,IJ Opa)- In representation (a),
the number of Gaussians, ng, is a hyperparameter determined
by comparing scores of competing models. Typically, ng is in
the range of 1—3. In representation (b), we set the number of y
distributions, L, by the bounds of Ry, and o, We sample
0pa and Ryp ,, in the range of [3.0 A, 9.0 A] and [10 A, 130 A],

Thus, we use I (130—10)/3 40 as the
(130-10)/3

Opai

respectively
respectively.

number of y-distributions. Representation (b) minimizes
presumptions on the number of states and is better suited
for systems with an undefined or large number of states. For
scoring of ensembles, we used posteriors of the y-distribution
mixture models. Dyes that are normally distributed have a y-
distributed interdye distribution.

In step (iii), we optimize and sample over variable
parameters and nuisance parameters of the representation to
find models consistent with D; using a scoring function that
ranks models. The exact scoring function (negative log-
likelihood function) considers that fluorescence decays are
counting hlstograms with the Poisson noise as described
previously.”> We optimize representation parameters by
minimizing the discrepancy between a computed model, M,
and D;. By minimizing the discrepancy, we obtain an M, that
best describes D,. Moreover, we sample over variable
parameters to obtain parameter probability distributions and
parameter uncertainties.”””*

In step (iv), we analyze and interpret the optimization and
sampling results. For representation (a), we obtain ng posterior
distributions of population fractions, distribution widths, and
interdye distances. The population fractions inform us of the
relative abundance of molecules in a state, the distribution
widths of conformational heterogeneity, and the interdye
distances of structural features. For representation (b), we
obtain a posterior distribution over a set of separation
distances, {Rypy}il, and a width op, that relate to
p(x(Rpp)ID,), the probability of x(Rp,) conditioned on Dy.
For MEM scoring, we convert p(x(Rpa)ID,) to p(x, Rpal
DypMy) (eq 9)

114§, W& ust¢ o = 4u as Wl

p(x, RpalDy, My) = f 8(Rpa = Rpa)p(%m(Rpa)IDy)

dRpAdp(x,(Rpa)) 9)

and use the p(x, RpsID;, M;) mean and standard deviation as
x.(Rpp) and Ax(Rp,) estimate, respectively, for MEM
ensemble reweighting (eq 7). Assuming a fixed experimentally
determined Forster radius, we sample from the posterlor of the
parameters using ensemble slice samplers.”® The software
implementation of the analysis framework is publicly accessible
(https://hub.docker.com/r/tpeulen/ucfret).

2.4. Molecular Dynamics Simulations. All-atom MD
simulations were performed for Lif using five FFs, namely,

2393

FF99SB,”” FF14SB,°® FF19SB," FF14IDPS” (here referred
to as IDPSFF), and FF99SBdisp.”' The simulations usm§
FF99SB were performed mth the Amberll software suite
with the TIP3P water model,” and 51mulat10ns using FF14SB
or FF19SB were performed with Amber20.1”> and the OPC
water model.”* Simulations using IDPSFF were performed
with Amber20.1 and the recommended TIP3P water model,”
and 51mulat10ns using FF99SBdisp were performed with
Amber19.4’> and a modified version of the TIP4P-D water
model, which is native to FF99SBdisp”> (Table S4). Besides
the diverse protein FFs and water models, we used different
procedures for the minimization and thermalization of the
systems to support generating independent structural ensem-
bles. Details on the minimization and thermalization
procedures are provided in the Supplemental Material and
Methods. The SHAKE algorithm’®”” was used in the
production runs to constrain the bond lengths of hydrogen
atoms, and the particle mesh Ewald method”® was used to treat
long-range electrostatic interactions with a direct-space,
nonbonded cutoff of 8 A. The integration step for the MD
simulations was 2 fs. Production runs of 10 independent
replicas with a length of 1 us each were performed for all FFs.
Conformations were saved at 20 ps intervals (settings collected
in Table SS).

Clustering of conformations and geometrical analyses were
performed with pytraj and CPPTRAJ”® of Amber20.1.”> To
reduce the number of conformers obtained from the five sets of
MD simulations, we employed hierarchical clustering using the
best-fit coordinate RMSD of all atoms. We employed a
maximum distance of 4 A between the clusters as cluster
criterion (average linkage) for each set of simulations. The sets
of trajectories were sieved prior to clustering, i.e,, the clustering
was performed on every 25th frame of the trajectory set, which
is equal to a time step of 0.5 ns, and the remaining frames were
added to the respective clusters after the clustering. For all
consecutive calculations, such as the determination of interdye
distances and MEM reweighting, the pooled cluster
representatives (which are the conformations closest to the
cluster average) were used as {C}. With these settings, we
obtained a total of 15,521 clusters of Lif structures. Initial
cluster weights wi(o) were calculated as the size of cluster j
divided by the number of structures within the set of
simulations. To estimate the conformational space explored
by Lif, we performed a principal component analysis
(PCA)®®! of the C, atoms for all 15,521 cluster
representatives. MEM cluster weight optimization was
performed for each FF individually.

Dye positions and, therefore, donor and acceptor dye
distances were estimated using the free and open-source
software Olga®” (available at https://github.com/
Fluorescence- Tools/OIga)

2.5. Computation of Synthetic FRET Data. To assess
the accuracy of MEM, we computed synthetic FRET data for a
set of FRET pairs. In the computations, the fluorophores in a
FRET pair were attached to Lif by flexible linkers with a length
of 20 A and had a Forster radius, Ry, of 52 A. To pick the
donor and acceptor attachment sites, we use a method based
on an automated pair selection planning approach that selects
an optimal set of FRET pairs by maximizing the 1nformat10n
from FRET experiments as implemented in the Olga®’
software. An optimal set of FRET pairs maximizes the
precision of a structural model for a given ensemble that
satisfies the corresponding distance restraints. When selecting

https://doi.org/10.1021/acs.jctc.2c01090
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Figure 2. Fluorescence spectroscopy of Lif variant 215—296. (A) Fluorescence correlation spectroscopy (FCS). Global formal fit of the auto- (left)
and cross- (right) correlation curves of donor and acceptor channels (SI eqns S1—SS). The inset in the right plot shows the donor—acceptor
anticorrelation curve (SI eqn S3), indicating the presence of fast and slow Lif dynamics on the time scale reaching hundreds of microseconds. The
results are compiled in Table S2. (B) Exemplary fluorescence decays measured by eTCSPC for the FRET sample (DA) and the donor-only
reference sample (DO). The DO sample (green) is fitted with a multi-exponential fit with three fluorescence lifetimes 7; and species fractions given
in parentheses: 4.19 ns (0.781), 2.20 ns (0.131), 0.36 ns (0.088). The best donor—acceptor distance distribution found in Bayesian sampling for
the DA sample is displayed as a fit to the orange line. The weighted residuals for the models are plotted on top. (C) Bayesian analysis of
fluorescence decays. Probability of interdye distance distribution, p(x(Rp,)ID;), conditioned on fluorescence decays of the donor in the presence
and absence of the acceptor molecules. Gray lines indicate mean and 3-sigma limits of experimental model density, which are used as x,(Rp,); and
Ax(Rpy), estimates for MEM ensemble reweighting. All Ry, values below 30 A and all above 80 A are considered one additional data point each
in reweighting. See Figure S4 for all other investigated Lif variants.

FRET pairs, only noncharged and polar amino acids spaced, on sum of ensemble member weights found in respective voxels.
average, five residues apart were considered attachment sites to Computed 3D density maps were stored in the MRC2014 file
make a choice more experimentally plausible. format,®® a standard for cryo-EM data, using the mrcfile python

The automated FRET pair selection was run on the MD library.” For the precision estimate of density maps, we
ensembles computed for individual FFs. For each of the five computed the gold-standard Fourier shell correlation (FSC)
MD simulations for each, we obtained 30 FRET pairs. Among curves’ between two independent reconstructions that are
the 5 X30 pairs, there are 120 unique FRET pairs that were free of spurious correlations.”" " For that, structures of a given
used in a second step to select SO FRET pairs that are the most ensemble were split into two sets of the same size. Here, we
informative for all FFs combined (see Supplemental Materials used interleaved frames, i.e., odd and even frame numbers. For
and Methods). each set of frames and corresponding weights, we computed

We computed ﬂuorescence decays for an ensemble Y as 3D density half-maps. Subsequently, FSC curves between
previously described.*® Briefly, for each conformer and FRET Fourier transforms of half-maps were computed using the
pair in a target ensemble, Y, we simulated the positional EMDA python module.”® Finally, the precision of a full 3D
distribution of the donor and acceptor dyes around their density map was assigned to a point where the FSC curve
attachment sites using the AV approach.‘\4 For the correspond- crosses the threshold of 0.143°' All density maps were
ing interdye distance distributions, we computed FRET rate displayed using the 3D rendering program UCSF Chimera,”*
constants assuming that the dyes diffuse slowly on the time where the cross-correlation coefficient (CCC) between a pair
scale of fluorescence. Using the homogeneous approximation of density maps was computed as a similarity measure between
that assumes uncorrelated quenching of the donor by other ensembles.

processes and quenching by FRET, we computed fluorescence
decays of the donor in the presence of FRET.*® The

) ) 3. RESULTS
fluorescence decay of Y is the weighted average of fluorescence

decays of all structures. Experimental data is perturbed by 3.1. Prior Structural Knowledge. The P. aeruginosa Lif
nuisances. Thus, we convolved fluorescence decays of Y with structure is unknown. However, Lif from P. aeruginosa and the
an experimental instrument response function, added nui- Burkholderia glumae lipase-specific foldase (BgLif) have a 39%
sances such as scattered light and fluorescence of incompletely sequence identity and $52% sequence similarity. The BgLif
labeled molecules to the fluorescence decays, and simulated FOD embraces its cognate lipase LipA (BgLipA) to form a
shot-noise by random draws from Poissonian distributions.*” complex with a headphone-like structure. A homology model
2.6. Ensemble Comparison. Various representations and of P. aeruginosa Lif/LipA based on the BgLif/BgLipA shows the
metrics were proposed to evaluate the similarity between same tertiary structure, with the FOD consisting of 11 a-
conformational ensembles and determine the quality of helices connected by loops (Figure 1).** CD spectroscopy
resolved ensembles.*> ™% To assess the consistency between indicates that BgLif and BgLipA undergo structural changes
posterior ensembles of different FFs after FRET-MEM upon interaction.” Knowing that MDI1 of the FOD is
refinement, we used the Jensen—Shannon divergence DJS87 structurally stable™ and assuming that MD2 and EHD are
of residue pairwise C,-distance histograms (distograms) and predominantly stable with the linkers in between acting as
3D density maps computed for the ensembles; the 3D density hinges in the absence of LipA, Lif can be geometrically
maps provide a low-resolution model representation. 3D approximated by a 3-body object with two hinge regions,
density maps were computed by mapping coordinates of all having six internal degrees of freedom (Figure 1). Thus, a
atoms of ensemble members onto a grid of uniform combination of fluorescence spectroscopy techniques and MD
dimensions (nx, ny, nz) = (100, 100, 100) and isotropic simulations seems well suited to characterize the conforma-

voxel size of 2 A. Voxel occupancy of a grid corresponds to a tional space of Lif.
2394 https://doi.org/10.1021/acs jctc.2c01090
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Figure 3. Distogram and principal component analysis of prior conformational ensembles. (A) Inter-residue distograms of prior Lif ensembles I
obtained by MD simulations using five FFs. This representation displays the diversity of an ensemble by integrating over ensemble members while
retaining the residue (sequence) information. We compute the pairwise mean, R, and the standard deviation, 6. (B—F) Projection of C, atom
positions of cluster representatives for a given FF onto the first two principal components (PC1 and PC2) obtained from a PCA. The PCA was
performed on the pooled cluster representatives of all FFs. The marker size for each representative structure scales linearly with the cluster weight.
(G) Variance explained by the first 15 PCs (bars) and the cumulative explained variance (squares). (H) Representative Lif structures for different
PC1/PC2 values (given in parentheses below each structure) taken from MD simulations with FF99SBdisp (orange crosses in panel F). PC1
describes the opening/closing of MD1 and MD2; PC2 describes the rotation of MD2. Lif domains are colored as in Figure 1.

3.2. Fluorescence Information. To probe the structure
and dynamics of Lif, we generated a set of six double cysteine
variants that define a FRET network (Figure 1). Cysteine
mutations and fluorescent dyes might affect the conformations
adopted by Lif. However, activity and binding assays indicate
that the mutations and the fluorophores only weakly affect the
ability of Lif to bind and activate LipA (Figure S1 and Table
S1). We performed FRET-FCS and eTCSPC experiments on
the six FRET-labeled double cysteine Lif variants. The FRET-
FCS experiment provides information on time scales of

2395

exchange between conformational states; the e TCSPC experi-
ment on a FRET sample yields information on a donor—
acceptor distance distribution, x.(Rpp)i. Our FCS data
indicates that unbound Lif exhibits complex structural
dynamics, covering time scales from nanoseconds to hundreds
of microseconds (Figure 2A). Lif variants show various
amplitudes of FRET anticorrelation, which depend on the
contrast of FRET efficiencies during dynamics®* (all curves are
shown in Figure S2).

https://doi.org/10.1021/acs.jctc.2c01090
J. Chem. Theory Comput. 2023, 19, 2389—2409
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We performed eTCSPC experiments on FRET-labeled
double cysteine Lif variants to obtain information on
experimental interdye distance distributions x.(Rps);. First,
we applied the Gaussian model (eq S8) to get an insight into
the inter-dye distance distribution. As an example, the
fluorescence decays of Lif variant 215—296 (donor-only and
donor-acceptor sample) display broad x(Rp,): (Rpa) = 46 A,
Ops = 16 A. Similar features were observed for the other
labeled variants (decays in Figure S3 together with fit results in
Table S3). The broad x(Rp,) of apoLif is a direct indication of
conformational heterogeneity.””>® Since there is no
indication that unbound Lif adopts discrete states, we used a
Bayesian approach (ucFRET) that applies y distributions with
variable location and width (eq S) in a mixture model to
represent x(Rp,), and use x(RpA) posterior model densities
(eq 9) (Figures 2B and S4) as information for later steps
(Figure SS).

Our Bayesian analysis converts fluorescence decays into
interdye distance distributions. We estimate the conversion
precision by the posterior distribution (Figure 2C). For
scoring, we use marginal distributions that do not consider
correlations and underestimate the sampling precision. In
addition to the precision (data noise), the model and
calibration accuracy contribute to the overall uncertainty.
The experiments (and simulations) were performed on dyes
flexibly tethered to their host. The fluorescence of such dyes
can be approximated by models where the translational dye
diffusion is slow compared to the time scale of fluorescence
(<4 ns).>>** The distance distribution between dyes normally
distributed around their attachment site is y-distributed.”’
Thus, x(Rp,) is represented by a y distribution mixture model.
Time-resolved anisotropy experiments on such dyes showed
that the rotational dye diffusion is fast compared to the time
scale of fluorescence. Thus, FRET rate constants can be
converted to distances using a single Forster radius. Slower
rotating dyes require more complex conversion schemes.”®

3.3. Prior Conformational Ensembles from MD
Simulations. Although the FOD of Lif bound to LipA is
likely structured,” the unbound FOD might have partially
disordered regions. Thus, we performed MD simulations of the
unbound FOD with five FFs optimized for folded or
disordered proteins: we used standard Amber FFs optimized
for folded proteins, the classic FF99SB and the more recent
FF14SB as well as FF19SB, and, in addition, IDPSFF (a
modified FF14SB) and FF99SBdisp that supposedly better
capture features of intrinsically disordered/partially disordered
proteins. We used FF99SB®” together with the TIP3P water
model in a previous study.”> FF14SB is an updated FF99SB
with improved accuracy of protein side chain and backbone
parameters.ﬁ8 FF19SB is a further improvement of FF14SB,
which tackles an underestimated helix stability in FF14SB.%
IDPSFF is based on FF14SB, with the backbone dihedral
terms of all 20 natural amino acids corrected for IDPs,
enhancing the unfolding of collapsed proteins.”” FF99SBdisp
was reported to be capable of describing folded proteins and
disordered proteins equally well. Together with its native water
model,”' FF99SBdisp applies modest changes to the backbone
torsion and the strength of a backbone O—H Lennard-Jones
pair potential to describe both ordered and disordered proteins
accurately. For each FF, we performed 10 replicas of MD
simulations of 1 us length each. The replicas for each FF were
pooled, and the conformations were clustered. The down-
stream analysis was performed on cluster representatives and
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cluster populations, i.e., cluster weights (see the Material and
Methods section: clustering and geometry analyses). For
FF99SB, FF14SB, FF19SB, IDPSFF, and FF99Sbdisp, we
obtained 910, 3640, 2852, 2561, and 5558 clusters,
respectively, for an all-atom RMSD cluster threshold of 4 A.
Surprisingly, IDPSFF, although tailored for more flexible
proteins, samples more similar conformations than FF14SB
and FF19SB, as indicated by the similar number of clusters.
Here, we note that the cluster representatives, although
capturing the conformational information within a cluster, do
not necessarily conserve FRET properties in all cases due to
variances in the estimation of the dye position and, therefore,
interdye distances. The potential error introduced by perform-
ing the downstream analysis on cluster representatives,
however, is likely to be similar for all tested FFs, as clustering
was performed uniformly. To display the influence of FF on
the sequence-dependent structural features of the five prior Lif
ensembles, i.e., the ensembles obtained from unbiased
simulations, we generate pairwise C, inter-residue distance
histograms (distograms) and show the first (mean, R) and
second moment (standard deviation, o) (Figure 3A) revealing
that MD1 (cyan box) and MD2 (light blue box) are
structurally more stable in all FFs (small oy), while the EHD
domain (blue box) is structurally variable. This has
consequences for the heterogeneity of the conformational Lif
ensembles, that gradually increases from FF99SB, FF19SB,
FF14SB, FF99SBdisp to IDPSFF. To conclude, we obtained
five different prior ensembles that cover a wide conformational
space that can be tested by MEM.

Next, we further characterize the spatial domain config-
urations in the prior ensembles by principal component
analysis to prepare the ground for a subsequent comparison of
the prior I with the experimentally derived FRET data (Figure
S4) by calculating interdye distance distributions for the prior
ensembles (Figure SS).

We mapped the sampled conformational spaces for each FF
onto the two main principal components (PCs) obtained from
a PCA of the C, atom positions of all cluster representatives
(Figure 3B—F). The first two and three principal components
(PCs) account for 38 and 49% of the variance, respectively
(Figure 3G). The first PC (PC1) captures an opening and
closing motion of Lif (Figure 3H). PC2 and PC3 capture a
rotation of MD2 and MDJ, respectively. We use PC1 and PC2
to highlight differences among the FFs (see Figure S6 for a
projection of the first three PCs). Projection of the FF99SB-
derived cluster representatives onto PC1 and PC2 covers the
narrowest range of values and favors a compact conformation
(Figure 3B). Both FF14SB and FF19SB sample similar
conformational spaces (Figure 3A,C,D). IDPSFF samples
open conformations more frequently than the other FFs;
however, clusters with the highest weights are associated with
compact conformations (Figure 3A,E). FF99SBdisp, by
contrast, samples the PC1—PC2 space most uniformly of all
FFs (Figure 3AF).

As the stability of secondary structure elements often
influences the overall rigidity and flexibility of the protein, we
compare the FF’s tendency to conserve structural elements
such as a-helices. In all simulations, MD1 and MD2 were
folded in more than 70% of the frames on average (Figure S7).
Lif flexibility was dominated by the flexibility of the EHD
composed of helices H4—H8. For these helices, varying
secondary structure propensities dependent on the used FF
were found. In MD simulations with FF14SB, FF19SB, and

https://doi.org/10.1021/acs.jctc.2c01090
J. Chem. Theory Comput. 2023, 19, 2389—2409
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FF99Sdisp, H4—H8 are predominantly helical (>70%)
FF99SBdisp seemingly promotes protein flexibility (Figure
3F) while simultaneously preserving the protein’s secondary
structure (Figure S7). In IDPSFF and FF99SB, the Lif
secondary structure is less stable (33 and 59%, respectively;
Figure S7). For IDPSFF, which preserves the secondary
structure of the EHD the least, this leads to broad coverage of
the space spanned by the first two PCs (Figure 3E), yielding
more open and closed conformations and fewer intermediate
states. By contrast, for FF99SB, the partial collapse of the
secondary structure of H4—H8 seemingly promotes the
compaction of the protein, paralleled by the lowest number
of clusters and the least coverage of the space spanned by the
first two PCs (Figure 3B).

Next, we compared interdye distributions obtained from
experimental data x,(Rp,); with x,(Rps); based on the
forward modeling of ensembles from different FFs (Figure SS).
Prior ensembles describe the experimental data poorly. Overall
discrepancies (y7y) are between 13.6 and 20.8 (Table S6).
Hence, the donor—acceptor distance distributions from the
simulations and experiments in general disagree. For single
distances, a better agreement (minimum discrepancy, y*) is
found for FF99SB simulations and the residue pairs 258—296
(within MD2, 32,56 306 = 2.80) and 259—296 (within MD2,
Xi3so_06 = 0.84). For other pairs, however, FF99SB
simulations underestimate the distances, indicating that Lif
collapsed in these simulations without consecutive unfolding
or opening events (Figure S8). For FF14SB and FF19SB
simulations, we find closed and open conformations. The
conformational ensemble from FF19SB simulations agrees
slightly better with experiments than FF14SB (Figures S9 and
S10). This is particularly prominent for distances 137—215
(within MD1), 137—296 (MD1-MD2), and 137-268 (MD1-
EHD). IDPSFF produced ensembles that disagree the least
with the experimental data. These ensembles describe the
distances 258—296 (¥?,54_206 = 2.11) similarly well as FF99SB
and 137-296 slightly better (¥73,_50s = 36.81) (Figure S11).
FF99SBdisp simulations produced ensembles that agree the
least with experiments. Although the FF99SBdisp ensemble
describes the distances 137—-215 %137_215 = 2.06) and 137—
296 ()(i 137-206 = 1.15) well, it disagrees with the remaining set
of distances (Figure S12). An overview of all y? for all distances
and FFs is provided in Table S7. Hence, although some
distances agree better with the experiments, there is no general
trend that distances within a minidomain or between them
stand out.

In conclusion, the chosen FFs produce structurally different
ensembles, covering different regions of the combined
conformational space, and show variance in secondary
structure conservation. When comparing the prior I to
experimental data D, we find poor agreement. Here, we note
that due to the flexibility of the protein, the sampling of
conformations is potentially poor for all tested FFs. Never-
theless, this approach pictures a valid real-life scenario in which
a potentially poorly described prior needs to be refined using
additional information.

3.4. MEM Cluster Reweighting with Experimental
FRET Data. To overcome the disagreements between MD
simulations and experimental data, we used the experimental
data in MEM refinement. Our FRET-FCS experiments
revealed the presence of fast and slow Lif dynamics on the
time scale reaching hundreds of microseconds (Figure 2A).
Since the latter cannot be sufficiently sampled, we combined
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experimental distance information D, with simulated distance
information based on conformational ensemblies from the MD
simulations, the prior information I, consisting of the structure
representatives of clusters and corresponding cluster weights of
the MD trajectories for the different FFs. We used MEM to
find conformational ensembles describing both the exper-
imental data and the MD simulations (Figure 1) by optimizing
cluster weights according to eqs 2—4 (Figure 4A). As above,
we quantify the discrepancy with D using ¥7 o (€9 8). Yo &
1 is of particular interest as ensembles with 7 > 1 disagree
with experimental data (under the assumptions of the used
forward model). To quantify differences of prior and posterior
weights of conformations, we use the entropy, S (eq 3). For S
~ —3, posterior ensembles from priors of FFs best describing
D achieve y},,y & 1 (Figure 4B). At S ~ —3, the observed

Xttt Values are virtually converged for all FFs when compared

to the ¥ values obtained at S < —3 (Figure 4B). Thus, we
use S &~ —3 as a reference point for comparing posterior
ensembles for different I.

In Figure 4A, we exemplarily depict initial and MEM
reweighted distance distributions for the FRET pair 215—296
and FF14SB (for remaining FRET pairs and other FFs, see
Figure SS). Unbiased, the ensemble has a discrepancy (eq 7)
between the model and the data of }(ZZH 206) (FF14SB) =
3521 For S = =3, we find x315-206) (PF14SB) = 0.90. The
dependency ofj(ztml on S is deplcted in Figure 4B for all tested
FFs. For S = =3, 2. (FF99SB) = 1.41, y} i (FF14SB) =
L16, Y2 ioal (FF19SB) = 1.66, Xtor (IDPSFF) = 1.20, and ;(Zwm
(FF99SBdtsp) 1.97. To assess the significance of y7
differences, the effective number of observations and the
model complexity need to be considered. In a conservative
significance estimate, we treat the 10 experimental distance
measurements as independent and assume that only the mean,
mode, skewness, and kurtosis of a distance distribution are the
observed features. Moreover, we assume that Lif has six
effective degrees of freedom. Thus, the total degree of freedom
is 10 X4—6 = 34, and 0.06 is an upper estimate for the p-value
(F-value = 1.97/1.16 = 1.70) of the comparison of FF14SB and
FF99SBdisp MEM ensembles. Consequently, the FF14SB
MEM ensemble describes experiments better than the MEM
FF99SBdisp. The MEM reweighting of all ensembles for all
measured distances is shown in Figures S8—S12.

Overall, posterior ensembles from FF14SB and IDPSFF
agree best with experimental results, yielding the lowest )(itotal
for the given entropy threshold. This result is surprising as
IDPSFF was modified from FF14SB to handle intrinsically
disordered proteins by enhancing the protein flexibility, which
often preserves the secondary structure to a lower degree.”
Surprisingly, FF99SBdisp, designed for both ordered and
disordered proteins and which samples most uniformly the
PC1—PC2 space, disagreed the most with experiments before
and after MEM reweighting.

3.5. Posterior Analysis. MEM favored a few clusters. After
reweighting, the 50 clusters with the largest weights account
for more than 60% of the overall weights; the top S00 clusters
account for more than 95% of the overall weights (Figure 4C).
For FF14SB, before applying MEM, 677 and 2790 clusters
represent 60 and 95% of the conformational ensemble,
respectively.

We next compared reweighted ensembles among different
FFs and discussed the results for the FFs FF14SB, FF19SB,
and IDPSFF because before reweighting, FF14SB and FF19SB
are the most similar (Figure 3), and after reweighting, FF14SB

https://doi.org/10.1021/acs.jctc.2c01090
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Figure 4. continued

using a confidence threshold of 0.68) obtained from ucFRET. (B)
The total reduced discrepancy y7,, between experimental, x.(Rp,),
and model distance distributions, x,,(Rp,), versus entropy S. (C)
Cumulative distribution of prior (solid lines) and posterior (dotted
lines) cluster weights for five different FFs (indicated by color).

and IDPSFF ensembles described the data best and second
best. The results for all remaining pairwise FF comparisons are
depicted in Figures S13—S21. We compare reweighted
ensembles based on two hypotheses.

First, we hypothesize that structures ranked similarly are
structurally similar. To test our hypothesis, we computed all
pairwise cluster representatives in terms of the C,-RMSD and
displayed these similarities for the top 50 clusters in matrices
(Figure SA,C). By definition of the cluster criterion (see
above), the average C,-RMSD of structures within a cluster
differ at most by 4 A from their representative. For FF14SB
and IDPSFF, the top SO clusters with similar weights generally
have different structures (Figure SA). The two most populated
clusters (with weights of 7.9 and 5.2% (FF14SB) as well as 4.7
and 4.3% (IDPSFF)) are remarkably dissimilar: we find C,-
RMSD differences in the range of 18.1-29.3 A (Figure SB).
For FF14SB and FF19SB, which produced comparable prior
ensembles, the two most populated clusters (with weights of
7.9 and 5.2% (FF14SB) as well as 11.8 and 7.1% (FF19SB))
are remarkably dissimilar, too (Figure SD): we find C,-RMSD
differences in the range of 11.4—20.8 A. This result is
surprising, as the conformational ensembles sampled by
FF14SB and FF19SB were more similar before reweighting
(C,-RMSD differences in the range of 10.2—14.4 A).
Moreover, a visual comparison of the structures reveals
different low-resolution properties such as the interdomain
contacts, shapes, or radius of gyration. To conclude, we find
structurally different posterior ensembles for FFs that produce
posterior ensembles well describing the data (FF14SB and
IDPSFF) and FFs that produce similar prior ensembles
(FF14SB and FF19SB).

Furthermore, we hypothesize that clusters of high structural
similarity between different posteriors have similar weights. To
test our hypothesis, we compare weights of structurally similar
clusters. We determined 50 cluster pairs iteratively: we selected
the most similar cluster representatives between two FFs based
on C,-RMSD, discarding cluster representatives already
assigned to a structure pair. The data (Figure SE,F) reveals
no correlation in the posterior weights for similar structures
selected from different prior I, and this finding is independent
of the magnitude of the structural similarity.

3.6. Assessment of MEM with Synthetic FRET Data.
To assess which model resolution is possible from MEM
reconstruction independent of the prior I, we computed
synthetic FRET data. We consider the ensemble on which
synthetic FRET data is computed the known target ensemble,
Y. We then use Y to assess the accuracy and precision of the
reconstructed posterior ensembles. We computed synthetic
FRET data for two target ensembles. First, MD ensembles
obtained for FF14SB depict the target ensemble, i.e.,
Y(FF14SB) (Figure 6A). Second, Y is a mixture of 488
structures randomly selected from a combined ensemble from
MD simulations of all studied FFs, i.e., Y(all); the contribution
in terms of the number of structures of each FF in target Y
corresponds to the sizes of prior ensembles (FF14SB = 21.5%,

https://doi.org/10.1021/acs.jctc.2c01090
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RMSD matrix for the top 50 cluster representatives reveals structural dissimilarity between cluster representatives despite a reasonable agreement
with experimental data in both cases (Y7, (FF14SB) = 1.16, y? o (EF19SB) = 1.66, and y7 ., (IDPSFF) = 120). Bar graphs depict the
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Figure 6. MEM reconstruction based on synthetic FRET data. For a given target ensemble, here Y(FF14SB) (A) and a network of the 50 most
informative FRET pairs (B), we simulate fluorescence decay curves and convert them by sampling probability distributions over the population of
distances (synthetic distance distribution, x,(Rp,)) (C). The total reduced discrepancy, )(rz,mzalw between the model distance distributions, x,,(Rp),
of the posterior conformational ensemble recovered by MEM and x,(Rp,) for all FRET network members versus the entropy, S (D). The circles
mark @, points that balance the synthetic data D and the prior I based on the L-curve criterion. For a given posterior ensemble with structures and
weights (E), we compute residue pairwise C,-distance matrices (F) and corresponding population-weighted distograms (G). Each point in a
distogram corresponds to a distance occupancy computed for C, atoms of structures of an ensemble. To compare two ensembles, we compute the
Jensen—Shannon divergence (Djs) between the posterior distogram and the distogram computed for Y, here Y(FF14SB) (H).

FF19SB 17.2%, FF99SB 6.6%, IDPSFF = 16.4%,
FF99SBdisp = 38.3%) used in the target ensemble. Uniform
weights are assigned to all members of Y(all). We then selected
the 50 most informative FRET ];)airs37 (Figure 6B). For each
FRET pair, we simulated fluorescence intensity decays for
donor dyes in the presence of FRET and applied the ucFRET
method to recover FRET distances (Figure 6C), which were,
in turn, used to optimize the prior ensembles using MEM.
3.7. MEM Cluster Reweighting with Synthetic FRET
Data. Predictably, we find that the agreement between
synthetic FRET data and the posterior MEM ensembles
quantified by 7, improved with decreasing S (Figure 6D for
Y(FF14SB), Figure S22 for Y(all), and Table S8). We quantify
differences between conformational ensembles using the
Jensen—Shannon divergence (Djs(Y, Q)Y of the inter-residue
distograms computed for the posterior ensembles, Q (Figure
6G). When refining I(FF14SB) for Y(FF14SB), yiu is
initially the lowest, as expected, and reaches )(Z',mtal = 1 with the
least perturbation compared to any other I (Figure 6D). Initial
discrepancies between the synthetic data and the posterior
ensemble for small perturbations are likely due to numerical
inaccuracies, experimental noise, and systematic errors due to
different forward models for structures (i.e,, AV calculations)
and the model used to recover experimental x.(Rp,)
(systematic errors associated with the forward model
describing the fluorescence decays).'” For Y(FF14SB) and
I(FF14SB), Djs continuously increases. With decreasing S,
deviations between I and Q(FF, 6) are less penalized, and the
synthetic FRET data is better described, which may be due to
overfitting (Figures 6D and $22). In line with others,*" for
large 6, the initial ensemble remains unperturbed, and for small
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0, a few structures dominate the reweighted ensemble (Figure
$23). For the other I except FF99SBdisp and FF19SB, Dj(Y,
Q(FF, 0)) has a minimum in the proximity of the 6 parameter
obtained from the L-shaped curve analysis of the y7,,—S plot
as described by Kéfinger et al.*' The proximity of the Dys
minimum justifies the previously used rule-of-thumb of using
the “corner” of the y7.,—S curve®*"? a5 a sensible choice for
0, termed O; the corner is the point of maximal positive
curvature.'” In line with previous studies,””'®" we find that
when a large magnitude of S is needed to describe the
experimental data, this indicates that the prior is not suited to
represent the experiment. Additionally, we suggest that to
compare and rank priors, one has to consider not only the
initial 7, but the entire evolution of the L-shaped curve,
including the position of the “corner” and the reduction of the
Xt value at 6. As to FF99SBdisp and FF19SB, the L-shaped
curves reveal that both priors initially fit poorly to Y(FF14SB)
and require similarly strong perturbations to reach the
“corner”. Still, the FF99SBdisp ensemble shows a larger
reduction of y* compared to FF19SB (Figure 6D).

For I(FF14SB), which matches Y(FF14SB), we found that
computing the posterior using 8 = 6, is close to the optimal
reweighting as judged by the JS divergence and leads to a
weaker perturbation of cumulative weights, compared to the
stronger perturbation at Og__; (Figure 7A). In C,-RMSD
matrices that compare pairwise Y to Q(FF14SB, 0), for 0,
under these ideal conditions, we find clusters with smaller C,
RMSD than for fg__; (Figure 7B,C). The change of individual
weights is considerable, however, ranging over 3 orders of
magnitude and more even at optimally chosen 6 = 6, (Figure
§23). The C,-RMSD matrices show that cluster populations

https://doi.org/10.1021/acs.jctc.2c01090
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Figure 7. Cumulative weight distribution of prior I and posterior ensembles Q and pairwise Ca-RMSD matrices of the target ensemble,
Y(FF14SB), and the posterior ensemble, Q, computed for 6, and fs__;. (A) Cumulative weight for prior I(FF14SB) and posteriors Q(FF14SB, 0,)
and Q(FF14SB, ;__;). (B) Pairwise Ca-RMSD matrices of Y(FF14SB) and Q(FF14SB, 6.) and (C) Y(FF14SB) and Q(FF14SB, 6;__;). (D)
Cumulative weights for I(FF99SBdisp) and Q(FF99SBdisp, 6.) and Q(FF99SBdisp, Os__;). (E) Pairwise Ca-RMSD matrices for Y(FF14SB) and

Q(FF99SBdisp, 6.) and (F) for Y(FF14SB) and Q(FF99SBdisp, Os__3). In

all panels, clusters are sorted by descending weights.

are uncorrelated to structural similarities and, therefore,
indicate that individual atomistic structures of the MEM
posterior have no relevance. This is expected as MEM does not
optimize weights in a unique way given ensemble-average data
as an experimental input.*’ In the case of FF99SBdisp, which
is the second-best FF based on Djs (Figure 6H) and provides a
real-life case (I # Y), the weights are perturbed more
substantially (Figures 7D and S23), and structures of
Q(FF99SBdisp, 0.) deviate by ~20 A on average from Y
(Figure 7E,F), despite using a network of S0 optimally chosen
FRET pairs for the generation of D. Note that for proteins with
chain lengths between 100 and 200 residues (Lif considered
here has 270 residues), average C,-RMSD values against
~2500 alternative folds taken from the PDB range from ~15 to
20 A'” The average deviation between Y(FF14SB) and
Q(FF99SBdisp, 6.) found here is thus comparable to the
structural dissimilarity of two randomly chosen proteins.

3.8. Robustness of Ensemble Features Resolved by
MEM. In line with others,"”'*® we found that FRET-based
MEM is not robust at providing unique solutions when
individual (atomistic) structures and corresponding weights
are considered. Thus, we test if there are well-resolvable
ensemble features beyond the radius of gyration, a low-
information ensemble feature widely used to characterize
flexible molecules.”® We compute inter-residue distograms
(Figure 6F—G) as a representation for the ensemble diversity.
This representation integrates over ensemble members but
retains the residue (sequence) information. We compute the
pairwise mean, R, and the standard deviation, oy, and the
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squared relative differences of R and ox (6*(R) and 8*(oy)
between two distograms) (Figure 8A—C). Comparing the
target ensemble Y(FF14SB) with the posterior ensemble
Q(FF14SB, 6.), we find an excellent agreement between R
(upper triangle) and oy (lower triangle) of the Y and Q
distograms (Figure 8A). As expected, based on the PCA
(Figure 3), the initial deviations between Y(FF14SB) and
I(FF99SBdisp) are larger (Figure 8B) compared to I(FFSB14).
Nevertheless, we find that MEM improves 8*(R) 4-fold,
corresponding to the improvement of the average absolute
difference of R, A(R), from 5.3 to 2.4 A, while oy on average
remains unchanged. For the case of Y(all) and Q(FF14SB, 6,),
&*(R) improves 10-fold (A(R) from 5.0 to 1.0 A), while 5*(cy)
improves slightly, from 0.048 to 0.034 (Figure 8C). We find
that mean distances, R, are optimized overall better than op.
Moreover, the largest differences in R occur within EHD (dark
blue frame) and between any pair of subunits, highlighting
differences in the local model accuracy.

The average &*(R) within EHD improves 4-fold for
Y(FF14SB) and Q(FF19SBdisp, 6.) and 12-fold for Y(all)
and Q(FF14SB, 6.), corresponding to improvements of A(R)
from 4.8 to 2.4 A and 4.0 to 0.9 A.

As an alternative, we characterized the structural diversity of
ensembles by computing density maps of the target ensemble
Y, the prior I, and the posterior Q ensembles (Figure 8D—F).
Prior to the computation of density maps, target, Y, prior, I,
and posterior ensemble, Q, were aligned to all atoms of the first
conformer in the corresponding ensemble, which is the most
populated cluster in the prior in the case of I and Q. In this

https://doi.org/10.1021/acs.jctc.2c01090
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Figure 8. Deviation of prior I and posterior ensemble Q from the target ensemble, Y, for three synthetic experiments (A—C), posterior ensemble
density maps (D—F), and ensemble precision estimates (G—1I). First row: case Y = I, a single FF is the target Y(FF14SB) and the identical FF was
chosen as prior I. Second row: case Y # I, a single FF is the target Y(FF14SB) and another FF was chosen as prior I(F99SBdisp) Third row: case Y
# I, a mixed ensemble from subensembles of all five FFs Y(all) and only the ensemble of one FF was chosen as prior [(FF14SB). Y(all) consists of
FF14SB (fraction of 21.5% of Y), FF19SB (17.2%), FF99SB (6.6%), IDPSFF(16.4%), and FF99SBdisp (38.3%), where the fractions in terms of the
number of structures of each FF in Y correspond to the sizes of prior ensembles. (A—C) Residue-wise squared relative deviation of prior (left) and
posterior (right) of the distogram mean distance 5*(R) (upper-right triangles) and standard deviation *(cy) (lower-left triangles) to Y. Cyan, dark
blue, and light blue squares and bars mark the residue range of the MD1, EHD, and MD2, respectively. Blue dots indicate FRET pairs. (D—F)
Density maps of the target ensemble (orange), Y, the prior (FF14SB, blue; FF99SBdisp, dark pink), I, and the posterior (FF14SB, light blue;
FF99SBdisp, light pink), Q, outline the extent of the experimental ensembles at 50%, 68%, and 90% of the density-weighted volume. The cross-
correlation coefficients (CCCs) displayed to the left of the densities quantify similarities of prior and posterior entire density maps to the target
ensemble, Y, the ones on the right similarities of prior and posterior density maps. (G—1I) Fourier shell correlations (FSCs) of the two half-density
maps provide precision estimates for target Y (orange) and posterior Q (FF14SB, blue; FF99SBdisp, pink) density maps. The horizontal dashed
line at FSC = 0.143 marks a precision and resolution estimate for the gold standard used in electron microscopy.

model representation, we reduce the data further by averaging
ensembles over clusters and residues. Representing the
ensembles as density maps allows us to use the cross-
correlation coefficient (CCC) of two maps as a similarity
metric for two ensembles. Overall, the CCCs to the target
ensemble are larger for the posterior than for the prior (Figure
8D—F; CCCs displayed to the left of the densities), indicating
that MEM refines ensemble-integrated features. CCCs
between prior and posterior are of the same magnitude,
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indicating the retained structural similarity between the two
despite MEM refinement. We estimated the ensemble
precision of the density maps by computing Fourier shell
correlation (FSC) curves of two independent half-maps
(Figure 8G—I). Using an FSC threshold of 0.143, the average
posterior ensemble precision is in the range of 5—10 A. We use
FSCs and CCCs to characterize ensembles and not individual
structures. An ensemble with an FSC precision of 5 A can be
composed of structures that have individually a lower

https://doi.org/10.1021/acs.jctc.2c01090
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Table 1. Summary of Ensemble Representations That Can Be Robustly Recovered by MEM at 6 = 6, Depending on the
Agreement between Prior and Experimental Data

distogram
representa-
tion
completeness of prior atomistic models” mean std 3D density map*
prior is complete @, is large, i.e, small perturbation of prior weights is needed to describe the data. - + + +
prior is incomplete 6, is small, i.e., large perturbation of prior weights is necessary, and few structures - + - +

dominate the ensemble

“Averaging over ensemble members. "No averaging. “Structural diversity: averaging over ensemble members and residues.

B consistency of force-fields before and after MEM
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Figure 9. Experimental inter-residue distograms and posterior density maps of Lif. (A) Cumulative distributions of prior and posterior weights for
FF14SB (top) and IDPSFF (bottom) ensembles reveal that smaller perturbations of prior weights occur at 0, compared to fs__;. (B) Residue-wise
squared relative deviation of distogram mean distance R and standard deviation o between FF14SB and IDPSFF prior (left) and posterior (right)
ensembles. (C) Posterior density maps of Q(FF, 6.) contoured at 50, 68, and 90% of the density-weighted volume aligned to all atoms of the
homology model are displayed as cartoons. Numbers below the density maps represent cross-correlation coefficient (CCC) values between the
posterior density map of a respective force field to all of the others. CCC(Q, Q) values are color-coded according to the force field coloring scheme.

precision. Thus, FSC ensemble precision estimates should not L-shaped curve. We demonstrate that prioritizing one source of
be compared to FSC resolution estimates of individual information over the other, i.e., relying solely on 7, leads to
structures, e.g., used in cryo-electron microscopy. Moreover, overfitting and increased disagreement between optimized
note that sampling reflects the coverage of the clustered ensembles and the ground truth (Figure 6H). In line with
conformational ensemble. This is reflected by Y’s sampling others, we show that, even with a network of S0 FRET pairs
precision of ~4 A (orange curves in Figure 8G,H.) As a logical and in an ideal case scenario when Y = I, achieving atomistic
consequence, reweighting ensembles by MEM affects resolution of the posterior ensembles is neither realistic nor
precision, ie., the difference in the precision between the feasible (Figure 7B). However, we found that representations
two FSC curves can be attributed to MEM. In the case of the of the ensemble diversity on a reduced level of detail
mixed ensemble Y(all), MEM even improved the precision. (distograms and density maps) can be robustly recovered
To summarize, based on the benchmark using synthetic depending on the agreement between the prior and
data, we have refined our approach to optimally balance experimental data and only when optimally balancing the
different sources of information using the L-shaped curve two sources of information by using the corner point of the L-
criterion. Furthermore, we show that to rank the priors and shaped curve. An overview of which ensemble representation
judge their agreement with experimental data, one should not can be robustly recovered by MEM depending on the

solely rely on y? but instead analyze the entire evolution of the agreement of prior and experiments is provided in Table 1.
2403 https://doi.org/10.1021/acs jctc.2c01090
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3.9. Reevaluation of the Experimental Data. Analyzing
synthetic data for known target ensembles led us to refine our
MEM approach. Therefore, we reevaluated our experimental
data using low-resolution model representations of Lif
obtained at the “corner” point of the L-shaped curves (Table
S9). As for the synthetic data, for large 6, the prior remains
unperturbed, and for small 8, a few structures tend to dominate
the reweighted ensemble, which also holds at 6, (Figure S24).
This feature is prominent for FF14SB (Figure 9A, top) and
also for IDPSFF, which, at 6, has an almost unaltered weight
distribution compared to the prior, although the individual
weights are perturbed as for FF14SB (Figure 9A, bottom;
Figure S24). Since posterior ensembles could not be resolved
in atomistic detail (Figure 5), we compare the experimentally
determined posterior ensembles at an ensemble-integrated
level using distograms.

Interestingly, among the FF14SB and IDPSFF ensembles
that fit the experimental data best, the prior ensembles agree
better in the distogram comparison than the posterior
ensembles at 6, (Figure 9B). This is in line with PCA analyses,
which reveal that the conformational space of the two prior
ensembles is different (Figure 3) but that this difference is
exacerbated for the posteriors (Figures S25—526). Note that
the number of experimental restraints (effective 6) is much
smaller than those from the synthetic data (50) and that
internal conformations of EHD are not probed. In accordance,
FF14SB and IDPSFF posterior distograms disagree the most
for residues 150—180 of the EHD (Figure 9B). In IDPSFF,
this region is unstructured in the first 20 residues, whereas it is
mainly helical in FF19SB (Figure S7).

Furthermore, the similarity between density maps of
FF14SB and IDPSFF ensembles is likewise not improved at
0. compared to the priors (CCCrgpigspmpsrr) = 0.88,
CCCorriaspmpserp) = 0.88). Averaged over all FFs, we
observe a slight improvement in CCCs ({(CCC)yr,) = 0.88,
(CCC>Q(FF.\',€L) = 0.91).

Based on CCCs > 0.94 for all pairwise combinations of FFs
(Figure 9C (bottom line); Table S10), we classified Lif density
maps into three categories (Figure 9C). The first category
comprises FF14SB, FF19SB, and FF99SBdisp and resembles a
headphone shape; the second and third categories are,
respectively, formed by FF99SB and IDPSFF, which differ
equally from other FFs as from each other. The FF99SB
density map represents more compact Lif, whereas the IDPSFF
density map is more extended.

Opverall, with our experimental data, MEM does not improve
the agreement between ensemble features of different priors
even at the medium-resolution level of distograms. At the low-
resolution level of density maps, we obtained consistent
posterior solutions for three of the five FFs. Still, the solutions
with the lowest y7,..,, (FF14SB and IDPSFF) are distinct, and,
at present, we cannot judge which one of the posterior
ensembles, or a mixture of both, describes Lif in solution. To
evaluate if further experimental data, such as SAXS measure-
ments, could alleviate this ambiguity, we computed SAXS
profiles (for details, see Supplemental Materials and Methods)
of the posterior ensembles at & = 0, (Figure S27). Observed
differences in the predicted SAXS profiles, particularly
noticeable in the Kratky plot, suggest that posterior ensembles
possibly score differently against experimental SAXS data.
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4. DISCUSSION

In our study, we found that in the absence of error estimation
procedures, varying priors is a prerequisite for assessing the
robustness of MEM results. The optimal balance between prior
information and experimental data is achieved using the L-
curve criterion. In view of the many degrees of freedom of the
molecular system, the convergence of MEM results can only be
achieved when using a distogram or 3D density map
representation, depending on the consistency of priors and
experimental data.

MEMs optimize posterior conformer populations by
balancing information from different sources. Thus, the success
of MEM ensemble refinement depends on the (i) sampling
convergence and completeness of the prior, (ii) completeness
of the experimental information (data sparsity), and (iii)
availability of posterior uncertainty estimates. First, issues of
sampling convergence and completeness of the prior
ensembles can be addressed by more sampling. For apoLif,
we did not cover the conformational space sufficiently in 10
unbiased MD simulations with times of 1 us each per FF, as
indicated by the structural differences of the prior ensembles
revealed by PCA and exchange time scales reaching hundreds
of microseconds determined experimentally. More sophisti-
cated sampling schemes, such as replica exchange simula-
tions,'**'% modeling transition networks,'’*'” adaptive
sampling of Markov state models,'"”® or machine learning-
based approaches,'”” are needed. Second, the six initially
chosen informative labeling site variants were insufficient to
cover local conformational heterogeneity as the conformational
space of the EHD was severely underestimated. To overcome
data sparsity, an extension of the FRET network is necessary.
However, this is related to a considerable experimental effort
requiring iterative structural and biochemical analysis cycles to
identify new labeling sites suitable for FRET experiments.’’
Third, another fundamental restriction is that MEMs in their
current implementation lack uncertainty estimates of the
posterior. MEMs yield MAP estimates given an entropy prior
and the data likelihood, but these are point estimates without
information on the variance. Even if MEM reconstructions
ascertain that regular solutions are found for underdetermined
systems, it is currently not possible to judge the robustness of
the solution. Therefore, future ensemble refinement methods
will need to consider varying priors, e.g., using methods such as
k-fold cross-validation, Bayesian model validation, or subsam-
plin§ of posterior models for estimating posterior uncertain-
ties.''” Overall, the presented study depicts likely challenges
one might face when investigating a flexible system in an
integrated approach using MEM and highlights potential
pitfalls.

Previously, MEM refinement was applied to IDPs,
ordered systems,'>*” and artificial model systems such as Alas
pentapeptide.*' IDPs preclude a structural analysis in atomistic
detail, as they are very flexible and do not adopt defined
structures. Ordered systems likely can be well studied by the
classical FFs, and the effective degrees of freedom of the
systems that need to be covered experimentally are small
Model systems can be exhaustively sampled. Hence, in these
cases, the challenges mentioned above in MEM refinement
were potentially less of an issue.

Considering Lif with its ordered structural parts combined
with highly flexible regions, we aimed at generating conforma-
tional ensembles for the apo state by combining structural
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ensembles from MD simulations with FRET data using MEM.
As it is not clear to what extent Lif is folded, we chose classical
FFs (FF99SB, FF14SB, and FF19SB), an FF tailored to IDPs
(IDPSFF), and an FF designed for ordered and disordered
proteins (FF99SBdisp). This allowed assessing the recovered
posterior ensemble dependency on priors and identifying
inconsistencies in posteriors.

In a benchmark based on synthetic FRET data, we find that
the optimal conformational ensembles are found when prior
and experimental information are balanced using the L-curve
criterion. Still, we were unable to obtain atomistic-level
information because the ensemble and the associated
conformational space are too large. MEM performed best at
recovering ensemble-integrated properties (both mean and std
of distograms) when the prior is complete, and only small
perturbations of the ensemble are required. For cases where
the prior is incomplete, e.g, due to an inaccurate FF or
insufficient sampling, the recovery of these properties is less
reliable, i.e, only the mean of distograms but not std and
ensemble shapes are recovered. In our case study, we find that
at an entropy lower than our estimated corner of the L-shaped
curve (S = —3), also medium-resolution features (means of
distograms) diverged more from the target ensemble despite
lower y7, indicating overfitting. Hence, we recommend not
relying solely on the agreement with experimental data (y7)
but instead to balance sources of information with the L-corner
criterion. Thus, scoring by MEM is convenient and robust for
validating the overall consistency of the FF-dependent prior
and posterior ensembles to experiments because the minimum
of the quality parameter, y2, is well-known and defined and
overfitting can be controlled by the L-corner criterium.

Similarly, when using experimental data, the posterior
ensembles differ structurally, also for FFs that produce
posterior ensembles that best describe the data (FF14SB and
IDPSFF) or FFs that produce similar prior ensembles
(FF14SB and FF19SB). Likewise, no correlation between the
posterior cluster weights was found for similar structures
selected from different prior ensembles, independent of the
magnitude of the structural similarity. No consistency between
posteriors was found for ensemble-integrated features such as
distograms either. Only when considering posterior density
maps as low-resolution information, MEM yields three distinct
outcomes for the five priors. Three posteriors suggest that
despite the tendency of Lif to adopt compact and extended
conformations, “headphone”like extended conformations
dominate the conformational landscape, reflecting that Lif
consists of ordered structural parts combined with highly
flexible regions.

In line with others, we conclude that using cluster-
resolved, atomistic-level representations for MEM with
ensemble-averaged experimental observables is an ill-defined
problem. Accordingly, for this, we obtained multiple different
ensembles that depend on their prior. Going to medium- and
low-resolution model representations (means of distograms
and density maps), we obtain partially consistent results based
on different priors, making the problem well defined.
Furthermore, our results caution against the interpretation of
MEM reconstructions for such heterogeneous systems as
studied here when single-point estimates of conformational
ensembles are interpreted without additional uncertainty
estimates. Using structurally varying priors, e.g., generated
with different FFs, is an ad hoc approach to estimating the
robustness of MEM reconstructions.

9,61,111

B ASSOCIATED CONTENT

© Supporting Information

The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.jctc.2c01090.

It contains Supplementary Materials and Methods on
the generation of Lif variants, FRET spectroscopy and
analysis, MD simulations, and the generation of
informative FRET pairs; 10 Supplemental Tables and
26 Supplemental Figures with additional data; and
Supplemental References (PDF)

B AUTHOR INFORMATION

Corresponding Authors

Karl-Erich Jaeger — Institute of Molecular Enzyme
Technology, Heinrich Heine University Diisseldorf, 40225
Diisseldorf, Germany; Institute of Bio- and Geosciences (IBG-
1: Biotechnology), Forschungszentrum Jiilich GmbH, 52425
Jitlich, Germany; Phone: (+49) 2461 613716; Email: k.-
ejaeger@fz-juelich.de

Claus A. M. Seidel — Institute for Molecular Physical
Chemistry, Heinrich Heine University Diisseldorf, 40225
Diisseldorf, Germany; © orcid.org/0000-0002-5171-149X;
Phone: (+49) 211 81 15881; Email: cseidel@hhu.de

Thomas-Otavio Peulen — Department of Bioengineering and
Therapeutic Sciences and Department of Pharmaceutical
Chemistry and Quantitative Biosciences Institute (QBI),
University of California, San Francisco, San Francisco 94143
California, United States of America; Phone: (+49) 211 81
15881; Email: thomas.otavio.peulen@gmail.com

Holger Gohlke — Institute for Pharmaceutical and Medicinal
Chemistry, Heinrich Heine University Diisseldorf, 40225
Diisseldorf, Germany; John von Neumann Institute for
Computing (NIC), Jilich Supercomputing Centre (JSC), and
Institute of Bio- and Geosciences (IBG-4: Bioinformatics),
Forschungszentrum Julich GmbH, 5242§ Julich, Germany;

orcid.org/0000-0001-8613-1447; Phone: (+49) 211 81

13662; Email: gohlke@uni-duesseldorf.de; Fax: (+49) 211
81 13847

Authors

Jonas Dittrich — Institute for Pharmaceutical and Medicinal
Chemistry, Heinrich Heine University Diisseldorf, 40225
Diisseldorf, Germany; © orcid.org/0000-0003-2377-2268

Milana Popara — Institute for Molecular Physical Chemistry,
Heinrich Heine University Diisseldorf, 40225 Diisseldorf,
Germany; ® orcid.org/0000-0003-2626-6096

Jakub Kubiak — Institute for Molecular Physical Chemistry,
Heinrich Heine University Diisseldorf, 40225 Diisseldorf,
Germany

Mykola Dimura — Institute for Molecular Physical Chemistry,
Heinrich Heine University Diisseldorf, 40225 Diisseldorf,
Germany

Bastian Schepers — Institute for Pharmaceutical and
Medicinal Chemistry, Heinrich Heine University Diisseldorf,
4022$ Diisseldorf, Germany

Neha Verma — Institute for Pharmaceutical and Medicinal
Chemistry, Heinrich Heine University Diisseldorf, 40225
Diisseldorf, Germany

Birte Schmitz — Institute for Pharmaceutical and Medicinal
Chemistry, Heinrich Heine University Diisseldorf, 40225
Diisseldorf, Germany

https://doi.org/10.1021/acs.jctc.2c01090
J. Chem. Theory Comput. 2023, 19, 2389—2409

239



Journal of Chemical Theory and Computation

pubs.acs.org/JCTC

Peter Dollinger — Institute of Molecular Enzyme Technology,
Heinrich Heine University Diisseldorf, 40225 Diisseldorf,
Germany

Filip Kovacic — Institute of Molecular Enzyme Technology,
Heinrich Heine University Disseldorf, 40225 Diisseldorf,

Germany

Complete contact information is available at:
https://pubs.acs.org/10.1021/acs.jctc.2c01090

Author Contributions
V].D. and M.P. contributed equally.

Author Contributions

J.D.: investigation, formal analysis, visualization, and writing—
original draft; M.P.: investigation, formal analysis, visualization,
and writing—review and editing; J.K.: investigation, fluo-
rescence measurements, experimental data analysis, visual-
ization, and writing—review and editing; M.D.: software-MEM
implementation; Ba.S., N.V,, and Bi.S.: investigation; P.D.:
sample preparation and LipA activity measurements; F.K. and
K.-BEJ.: project administration and funding acquisition;
C.AM.S.: conceptualization, writing—review and editing,
project administration, and funding acquisition; T.-O.P.:
investigation, software-ucFRET, design of analysis, formal
analysis, and writing—original draft; H.G.: conceptualization,
writing—review and editing, project administration, and
funding acquisition.

Funding

This study was supported by the Deutsche Forschungsge-
meinschaft (DFG, German Research Foundation) through
funding no. GO 1367/1-1 and INST 208/704-1 FUGG to
H.G,, JA 448/8-1 to K.-EJ., and SE 1195/16-1 to C.AM.S,,
and in part by CRC 1208 (project number 267205415, project
A02 to F.K. and K--EJ,, A03 to H.G., and A08 to C.A.M.S.).

Notes
The authors declare no competing financial interest.

B ACKNOWLEDGMENTS

H.G. gratefully acknowledges the computational support
provided by the “Center for Information and Media
Technology” (ZIM) at the Heinrich Heine University
Diisseldorf and the computing time provided by the John
von Neumann Institute for Computing (NIC) on the
supercomputer JUWELS at Jiilich Supercomputing Centre
(JSC) (user IDs: HKF7, VSK33, HDD16). The authors are
grateful to Florian Bleffert for help with Lif purification and
labeling.

B REFERENCES

(1) Henzler-Wildman, K; Kern, D. Dynamic personalities of
proteins. Nature 2007, 450, 964—972.

(2) Kern, D. From structure to mechanism: skiing the energy
landscape. Nat. Methods 2021, 18, 435—436.

(3) Smock, R. G.; Gierasch, L. M. Sending Signals Dynamically.
Science 2009, 324, 198—203.

(4) Dashti, A.; Mashayekhi, G.; Shekhar, M.; Ben Hail, D.; Salah, S.;
Schwander, P.; des Georges, A.; Singharoy, A.; Frank, J.; Ourmazd, A.
Retrieving functional pathways of biomolecules from single-particle
snapshots. Nat. Commun. 2020, 11, 4734.

(5) Neudecker, P.; Robustelli, P.; Cavalli, A.; Walsh, P.; Lundstrém,
P.; Zarrine-Afsar, A.; Sharpe, S.; Vendruscolo, M.; Kay, L. E. Structure
of an Intermediate State in Protein Folding and Aggregation. Science
2012, 336, 362—366.

240

2406

(6) Kato, H.; van Ingen, H.; Zhou, B.-R.; Feng, H.; Bustin, M.; Kay,
mobility group nucleosomal
protein 2-nucleosome complex as revealed by methyl-based NMR.
Proc. Natl. Acad. Sci. U.S.A. 2011, 108, 12283—12288.

(7) Bertram, K; Agafonov, D. E.; Liu, W.-T.; Dybkov, O.; Will, C.
L.; Hartmuth, K,; Urlaub, H.; Kastner, B.; Stark, H.; Lithrmann, R.
Cryo-EM structure of a human spliceosome activated for step 2 of
splicing. Nature 2017, 542, 318—323.

(8) Thomasen, F. E.; Lindorff-Larsen, K. Conformational ensembles
of intrinsically disordered proteins and flexible multidomain proteins.
Biochem. Soc. Trans. 2022, 50, 541—554.

(9) Bonomi, M.; Heller, G. T.; Camilloni, C.; Vendruscolo, M.
Principles of protein structural ensemble determination. Curr. Opin.
Struct. Biol. 2017, 42, 106—116.

(10) Kruschel, D.; Zagrovic, B. Conformational averaging in
structural biology: issues, challenges and computational solutions.
Mol. Biosyst. 2009, 5, 1606—1616.

(11) Borgia, A; Borgia, M. B, Bugge, K; Kissling, V. M,;
Heidarsson, P. O.; Fernandes, C. B.; Sottini, A.; Soranno, A,;
Buholzer, K. J.; Nettels, D.; Kragelund, B. B.; Best, R. B.; Schuler, B.
Extreme disorder in an ultrahigh-affinity protein complex. Nature
2018, 555, 61—66.

(12) Tompa, P. On the supertertiary structure of proteins. Nat.
Chem. Biol. 2012, 8, 597—600.

(13) Lindorff-Larsen, K; Best, R. B.; DePristo, M. A.; Dobson, C.
M.; Vendruscolo, M. Simultaneous determination of protein structure
and dynamics. Nature 200S, 433, 128—132.

(14) Smith, C. A;; Mazur, A,; Rout, A. K; Becker, S,; Lee, D.; de
Groot, B. L.; Griesinger, C. Enhancing NMR derived ensembles with
kinetics on multiple timescales. J. Biomol. NMR 2020, 74, 27—43.

(15) Huang, J.-r; Warner, L. R;; Sanchez, C.; Gabel, F.; Madl, T.;
Mackereth, C. D.; Sattler, M.; Blackledge, M. Transient Electrostatic
Interactions Dominate the Conformational Equilibrium Sampled by
Multidomain Splicing Factor U2AF65: A Combined NMR and SAXS
Study. J. Am. Chem. Soc. 2014, 136, 7068—7076.

(16) Bertini, I; Gupta, Y. K; Luchinat, C.; Parigi, G.; Peana, M.;
Sgheri, L.; Yuan, J. Paramagnetism-Based NMR Restraints Provide
Maximum Allowed Probabilities for the Different Conformations of
Partially Independent Protein Domains. J. Am. Chem. Soc. 2007, 129,
12786—12794.

(17) Larsen, A. H.; Wang, Y.; Bottaro, S.; Grudinin, S.; Arleth, L.;
Lindorff-Larsen, K. Combining molecular dynamics simulations with
small-angle X-ray and neutron scattering data to study multi-domain
proteins in solution. PLoS Comput. Biol. 2020, 16, e1007870.

(18) Boura, E.; Rézycki, B.; Herrick, D. Z.; Chung, H. S.; Vecer, J.;
Eaton, W. A,; Cafiso, D. S.;; Hummer, G.; Hurley, J. H. Solution
structure of the ESCRT-I complex by small-angle X-ray scattering,
EPR, and FRET spectroscopy. Proc. Natl. Acad. Sci. U.S.A. 2011, 108,
9437-9442.

(19) Crehuet, R.; Buigues, P. J.; Salvatella, X.; Lindorff-Larsen, K.
Bayesian-Maximum-Entropy Reweighting of IDP Ensembles Based on
NMR Chemical Shifts. Entropy 2019, 21, 898.

(20) Hermann, M. R; Hub, J. S. SAXS-Restrained Ensemble
Simulations of Intrinsically Disordered Proteins with Commitment to
the Principle of Maximum Entropy. J. Chem. Theory Comput. 2019,
15, 5103-5115.

(21) Kikhney, A. G.; Svergun, D. L. A practical guide to small angle
X-ray scattering (SAXS) of flexible and intrinsically disordered
proteins. FEBS Lett. 2015, 589, 2570—2577.

(22) Weickert, S.; Cattani, J.; Drescher, M. Intrinsically Disordered
Proteins (IDPs) Studied by EPR and in-cell EPR. In Electron
Paramagnetic Resonance; The Royal Society of Chemistry, 2019; Vol.
26, pp 1-37.

(23) Haas, E.; Wilchek, M.; Katchalski-Katzir, E.; Steinberg, 1. Z.
Distribution of end-to-end distances of oligopeptides in solution as
estimated by energy transfer. Proc. Natl. Acad. Sci. US.A. 1975, 72,
1807—1811.

(24) Lerner, E.; Barth, A; Hendrix, J; Ambrose, B.; Birkedal, V.;
Blanchard, S. C.; Bérner, R;; Sung Chung, H.; Cordes, T.; Craggs, T.

OO TP,

T |, Ma VA PRSP, RS RESE N
L. L. pai, Y. Arcnitecture or itne nign

https://doi.org/10.1021/acs.jctc.2c01090
J. Chem. Theory Comput. 2023, 19, 2389—2409



Journal of Chemical Theory and Computation

pubs.acs.org/JCTC

D.; Deniz, A. A,; Diao, J.; Fei, J.; Gonzalez, R. L.; Gopich, I. V.; Ha,
T.; Hanke, C. A,; Haran, G.; Hatzakis, N. S.; Hohng, S.; Hong, S.-C,;
Hugel, T.; Ingargiola, A; Joo, C.; Kapanidis, A. N,; Kim, H. D;
Laurence, T.; Lee, N. K,; Lee, T.-H,; Lemke, E. A; Margeat, E.;
Michaelis, J.; Michalet, X.; Myong, S.; Nettels, D.; Peulen, T.-O.;
Ploetz, E.; Razvag, Y.; Robb, N. C,; Schuler, B.; Soleimaninejad, H.;
Tang, C.; Vafabakhsh, R.; Lamb, D. C; Seidel, C. A. M.; Weiss, S.
FRET-based dynamic structural biology: Challenges, perspectives and
an appeal for open-science practices. eLife 2021, 10, e60416.

(25) Kalinin, S.; Peulen, T.; Sindbert, S.; Rothwell, P. J.; Berger, S.;
Restle, T.; Goody, R. S,; Gohlke, H.; Seidel, C. A. A toolkit and
benchmark study for FRET-restrained high-precision structural
modeling. Nat. Methods 2012, 9, 1218—25.

(26) Dimura, M.; Peulen, T. O.; Hanke, C. A.; Prakash, A.; Gohlke,
H,; Seidel, C. A. M. Quantitative FRET studies and integrative
modeling unravel the structure and dynamics of biomolecular systems.
Curr. Opin. Struct. Biol. 2016, 40, 163—185.

(27) Sanabria, H.; Rodnin, D.; Hemmen, K; Peulen, T.-O,;
Felekyan, S.; Fleissner, M. R.; Dimura, M. Koberling, F.;
Kithnemuth, R.; Hubbell, W.; Gohlke, H.; Seidel, C. A. M. Resolving
dynamics and function of transient states in single enzyme molecules.
Nat. Commun. 2020, 11, 1231.

(28) Molnar, K. S.; Bonomi, M.; Pellarin, R.; Clinthorne, G. D,;
Gonzalez, G.; Goldberg, S. D.; Goulian, M,; Sali, A.; DeGrado, W. F.
Cys-Scanning Disulfide Crosslinking and Bayesian Modeling Probe
the Transmembrane Signaling Mechanism of the Histidine Kinase,
PhoQ. Structure 2014, 22, 1239—1251.

(29) Furtmann, F.; Porta, N.; Hoang, D. T.; Reiners, J.; Schumacher,
J.; Gottstein, J.; Gohlke, H.; Smits, S. H. J. Characterization of the
nucleotide-binding domain NsrF from the BceAB-type ABC-trans-
porter NsrFP from the human pathogen Streptococcus agalactiae. Sci.
Rep. 2020, 10, 15208.

(30) Ravera, E.; Sgheri, L.; Parigi, G.; Luchinat, C. A critical
assessment of methods to recover information from averaged data.
Phys. Chem. Chem. Phys. 2016, 18, 5686—5701.

(31) Jaynes, E. T. The Relation of Bayesian and Maximum Entropy
Methods. In Maximum-Entropy and Bayesian Methods in Science and
Engineering; Springer, 1988; pp 25-29.

(32) Robustelli, P.; Kohlhoff, K.; Cavalli, A.; Vendruscolo, M. Using
NMR Chemical Shifts as Structural Restraints in Molecular Dynamics
Simulations of Proteins. Structure 2010, 18, 923—933.

(33) Sinelnikova, A.; Spoel, D. v. d. NMR refinement and peptide
folding using the GROMACS software. J. Biomol. NMR 2021, 75,
143—149.

(34) Pitera, J. W.; Chodera, J. D. On the Use of Experimental
Observations to Bias Simulated Ensembles. ]. Chem. Theory Comput.
2012, 8, 3445—3451.

(35) Marinelli, F.; Faraldo-Gémez, J. D. Ensemble-Biased Metady-
namics: A Molecular Simulation Method to Sample Experimental
Distributions. Biophys. J. 2015, 108, 2779—2782.

(36) White, A. D.; Dama, J. F.; Voth, G. A. Designing Free Energy
Surfaces That Match Experimental Data with Metadynamics. J. Chem.
Theory Comput. 2015, 11, 2451—-2460.

(37) Dimura, M.; Peulen, T.-O.; Sanabria, H.; Rodnin, D.; Hemmen,
K.; Hanke, C. A,; Seidel, C. A. M.; Gohlke, H. Automated and
optimally FRET-assisted structural modeling. Nat. Commun. 2020, 11,
5394.

(38) Shannon, C. E. A mathematical theory of communication. Bell
Syst. Tech. ]. 1948, 27, 379—423.

(39) Bottaro, S.; Bengtsen, T.; Lindorff-Larsen, K. Integrating
Molecular Simulation and Experimental Data: A Bayesian/Maximum
Entropy Reweighting Approach. In Structural Bioinformatics; Springer,
2020; pp 219—240.

(40) Boomsma, W.; Ferkinghoff-Borg, J.; Lindorff-Larsen, K.
Combining Experiments and Simulations Using the Maximum
Entropy Principle. PLoS Comput. Biol. 2014, 10, e1003406.

(41) Kofinger, J.; Stelzl, L. S.; Reuter, K.; Allande, C.; Reichel, K.;
Hummer, G. Efficient Ensemble Refinement by Reweighting. J. Chem.
Theory Comput. 2019, 15, 3390—3401.

2407

(42) De Martino, A;; De Martino, D. An introduction to the
maximum entropy approach and its application to inference problems
in biology. Heliyon 2018, 4, e00596.

(43) Viegas, A; Dollinger, P.; Verma, N.; Kubiak, J.; Viennet, T.;
Seidel, C. A. M,; Gohlke, H.; Etzkorn, M.; Kovacic, F.; Jaeger, K.-E.
Structural and dynamic insights revealing how lipase binding domain
MDL1 of Pseudomonas aeruginosa foldase affects lipase activation. Sci.
Rep. 2020, 10, 3578.

(44) Rosenau, F.; Tommassen, ].; Jaeger, K.-E. Lipase-Specific
Foldases. ChemBioChem 2004, S, 152—161.

(45) Pauwels, K;; Van Molle, I; Tommassen, J.; Van Gelder, P.
Chaperoning Anfinsen: the steric foldases. Mol. Microbiol. 2007, 64,
917-922.

(46) El Khattabi, M.; Van Gelder, P.; Bitter, W.; Tommassen, J. Role
of the Lipase-specific Foldase of Burkholderia glumae as a Steric
Chaperone. J. Biol. Chem. 2000, 275, 26885—26891.

(47) Frenken, L. G. J.; de Groot, A.,; Tommassen, J.; Verrips, C. T.
Role of the lipB gene product in the folding of the secreted lipase of
Pseudomonas glumae. Mol. Microbiol. 1993, 9, 591—599.

(48) Ellis, R. J. Steric chaperones. Trends Biochem. Sci 1998, 23, 43—
4S.

(49) Pauwels, K.; Lustig, A.; Wyns, L.; Tommassen, J.; Savvides, S.
N.; Van Gelder, P. Structure of a membrane-based steric chaperone in
complex with its lipase substrate. Nat. Struct. Mol. Biol. 2006, 13,
374-375.

(50) Forster, T. Zwischenmolekulare Energiewanderung und
Fluoreszenz. Ann. Phys. 1948, 437, S5-75.

(51) Jaynes, E. T. Information Theory and Statistical Mechanics.
Phys. Rev. 1957, 106, 620—630.

(52) Skilling, J. The Axioms of Maximum Entropy. In Maximum-
Entropy and Bayesian Methods in Science and Engineering; Springer,
1988; pp 173—-187.

(53) Schneidman-Duhovny, D.; Pellarin, R.; Sali, A. Uncertainty in
integrative structural modeling. Curr. Opin. Struct. Biol. 2014, 28, 96—
104.

(54) Sindbert, S.; Kalinin, S.; Nguyen, H.; Kienzler, A,; Clima, L.;
Bannwarth, W.; Appel, B,; Miiller, S.; Seidel, C. A. M. Accurate
Distance Determination of Nucleic Acids via Forster Resonance
Energy Transfer: Implications of Dye Linker Length and Rigidity. J.
Am. Chem. Soc. 2011, 133, 2463—2480.

(55) Klose, D.; Holla, A.; Gmeiner, C.; Nettels, D.; Ritsch, I.; Bross,
N,; Yulikov, M.; Allain, F. H. T.; Schuler, B; Jeschke, G. Resolving
distance variations by single-molecule FRET and EPR spectroscopy
using rotamer libraries. Biophys. J. 2021, 120, 4842—4858.

(56) Hellenkamp, B.; Schmid, S.; Doroshenko, O.; Opanasyuk, O.;
Kithnemuth, R.; Rezaei Adariani, S.; Ambrose, B.; Aznauryan, M.;
Barth, A,; Birkedal, V.; Bowen, M. E.; Chen, H.; Cordes, T; Eilert, T;
Fijen, C.; Gebhardt, C.; Gétz, M.; Gouridis, G.; Gratton, E.; Ha, T;
Hao, P.; Hanke, C. A.; Hartmann, A.; Hendrix, J.; Hildebrandt, L. L.;
Hirschfeld, V.; Hohlbein, J.; Hua, B.; Hiibner, C. G.; Kallis, E.;
Kapanidis, A. N; Kim, J.-Y.; Krainer, G.; Lamb, D. C,; Lee, N. K;;
Lemke, E. A.; Levesque, B.; Levitus, M.; McCann, J. J.; Naredi-Rainer,
N,; Nettels, D.; Ngo, T.; Qiu, R.; Robb, N. C.; Rocker, C.; Sanabria,
H.; Schlierf, M.; Schroder, T.; Schuler, B.; Seidel, H.; Streit, L,;
Thurn, J; Tinnefeld, P.; Tyagi, S,; Vandenberk, N.; Vera, A. M,;
Weninger, K. R.;; Wiinsch, B.; Yanez-Orozco, I. S.; Michaelis, J;
Seidel, C. A. M,; Craggs, T. D.; Hugel, T. Precision and accuracy of
single-molecule FRET measurements—a multi-laboratory benchmark
study. Nat. Methods 2018, 15, 669—676.

(57) Gansen, A; Valeri, A,; Hauger, F.; Felekyan, S.; Kalinin, S.;
Téth, K; Langowski, J.; Seidel, C. A. M. Nucleosome disassembly
intermediates characterized by single-molecule FRET. Proc. Natl.
Acad. Sci. U.S.A. 2009, 106, 15308—15313.

(58) Peulen, T.-O.; Opanasyuk, O.; Seidel, C. A. M. Combining
Graphical and Analytical Methods with Molecular Simulations To
Analyze Time-Resolved FRET Measurements of Labeled Macro-
molecules Accurately. J. Phys. Chem. B 2017, 121, 8211—8241.

https://doi.org/10.1021/acs.jctc.2c01090
J. Chem. Theory Comput. 2023, 19, 2389—2409

241



Journal of Chemical Theory and Computation

pubs.acs.org/JCTC

(59) Rézycki, B; Kim, Y. C; Hummer, G. SAXS Ensemble
OTQANT IIT ALINAD L. __ :

a
IVIED

Refinement of ESCRT-III
Structure 2011, 19, 109—116.

(60) Orioli, S.; Larsen, A. H.; Bottaro, S.; Lindorff-Larsen, K. How
to learn from inconsistencies: Integrating molecular simulations with
experimental data. In Progress in Molecular Biology and Translational
Science; Strodel, B.; Barz, B., Eds.; Academic Press, 2020; Chapter 3,
Vol. 170, pp 123—176.

(61) Hummer, G.; Kofinger, J. Bayesian ensemble refinement by
replica simulations and reweighting. J. Chem. Phys. 2015, 143, 243150.

(62) Felekyan, S.; Sanabria, H.; Kalinin, S.; Kuhnemuth, R.; Seidel,
C. A. M. Analyzing Forster Resonance Energy Transfer with
Fluctuation Algorithms. Fluorescence Fluctuation Spectroscopy (Ffs),
Pt B 2013, 519, 39-85.

(63) Sisamakis, E.; Valeri, A.; Kalinin, S.; Rothwell, P. J.; Seidel, C.
A. M.Accurate Single-Molecule Fret Studies Using Multiparameter
Fluorescence Detection. In Methods in Enzymology; Academic Press,
2010; Vol. 475, pp 455—514.

(64) Kudryavtsev, V.; Sikor, M.; Kalinin, S.; Mokranjac, D.; Seidel,
C. A. M,; Lamb, D. C. Combining MFD and PIE for Accurate Single-
Pair Forster Resonance Energy Transfer Measurements. ChemPhy-
sChem 2012, 13, 1060—1078.

(65) Maus, M.; Cotlet, M.; Hofkens, J.; Gensch, T.; De Schryver, F.
C.; Schaffer, J.; Seidel, C. A. M. An Experimental Comparison of the
Maximum Likelihood Estimation and Nonlinear Least-Squares
Fluorescence Lifetime Analysis of Single Molecules. Anal. Chem.
2001, 73, 2078—2086.

(66) Karamanis, M.; Beutler, F. Ensemble slice sampling. Stat.
Comput. 2021, 31, 61.

(67) Hornak, V.; Abel, R;; Okur, A.; Strockbine, B.; Roitberg, A.;
Simmerling, C. Comparison of multiple Amber force fields and
development of improved protein backbone parameters. Proteins:
Struct,, Funct., Bioinf. 2006, 65, 712—725.

(68) Maier, J. A; Martinez, C.; Kasavajhala, K; Wickstrom, L.;
Hauser, K. E.; Simmerling, C. ff14SB: Improving the Accuracy of
Protein Side Chain and Backbone Parameters from ff99SB. J. Chem.
Theory Comput. 2015, 11, 3696—3713.

(69) Tian, C.; Kasavajhala, K.; Belfon, K. A. A.; Raguette, L.; Huang,
H.; Migues, A. N,; Bickel, J; Wang, Y,; Pincay, J; Wu, Q;
Simmerling, C. ff19SB: Amino-Acid-Specific Protein Backbone
Parameters Trained against Quantum Mechanics Energy Surfaces in
Solution. J. Chem. Theory Comput. 2020, 16, 528—552.

(70) Song, D.; Luo, R.; Chen, H.-F. The IDP-Specific Force Field
ff14IDPSFF Improves the Conformer Sampling of Intrinsically
Disordered Proteins. J. Chem. Inf. Model. 2017, 57, 1166—1178.

(71) Robustelli, P.; Piana, S.; Shaw, D. E. Developing a molecular
dynamics force field for both folded and disordered protein states.
Proc. Natl. Acad. Sci. U.S.A. 2018, 115, E4758—E4766.

(72) Case, D. A,; Ben-Shalom, L. Y.; Brozell, S. R; Cerutti, D. S,;
Cheatham, T. E., III; Cruzeiro, V. W. D.; Darden, T. A.; Duke, R. E,;
Ghoreishi, D.; Gilson, M. K.; Gohlke, H.; Goetz, A. W.; Greene, D;
Harris, R;; Homeyer, N.; Izadi, S.; Kovalenko, A.; Kurtzman, T.; Lee,
T. S.; LeGrand, S; Li, P; Lin, C; Liu, J; Luchko, T.; Luo, R;
Mermelstein, D. J.; Merz, K. M,; Miao, Y.; Monard, G.; Nguyen, C,;
Nguyen, H.; Omelyan, 1; Onufriev, A,; Pan, F,; Qj, R;; Roe, D. R;
Roitberg, A.; Sagui, C.; Schott-Verdugo, S.; Shen, J.; Simmerling, C.
L.; Smith, J; Salomon-Ferrer, R.; Swails, J.; Walker, R. C.; Wang, J.;
Wei, H,; Wolf, R. M,; Wuy, X,; Xiao, L.; York, D. M.; Kollman, P. A.
AMBER; University of California: San Francisco, 2021.

(73) Jorgensen, W. L.; Chandrasekhar, J.; Madura, J. D.; Impey, R.
W.; Klein, M. L. Comparison of simple potential functions for
simulating liquid water. J. Chem. Phys. 1983, 79, 926—935.

(74) Izadi, S.; Anandakrishnan, R;; Onufriev, A. V. Building Water
Models: A Different Approach. J. Phys. Chem. Lett. 2014, 5, 3863—
3871.

(75) Gopal, S. M.; Wingbermiihle, S.; Schnatwinkel, J.; Juber, S.;
Herrmann, C.; Schifer, L. V. Conformational Preferences of an
Intrinsically Disordered Protein Domain: A Case Study for Modern
Force Fields. J. Phys. Chem. B 2021, 125, 24-35.

PRSP Y, BN SN
1orimationair 1 ransitions.

242

2408

(76) Hammonds, K. D.; Ryckaert, J.-P. On the convergence of the
SHAKE algorithm. Comput. Phys. Commun. 1991, 62, 336—351.

(77) Ryckaert, J.-P.; Ciccotti, G.; Berendsen, H. J. C. Numerical
integration of the cartesian equations of motion of a system with
constraints: molecular dynamics of n-alkanes. J. Comput. Phys. 1977,
23, 327-341.

(78) Darden, T.; York, D.; Pedersen, L. Particle mesh Ewald: An N-
log(N) method for Ewald sums in large systems. J. Chem. Phys. 1993,
98, 10089—10092.

(79) Roe, D. R;; Cheatham, T. E. PTRAJ and CPPTRA]J: Software
for Processing and Analysis of Molecular Dynamics Trajectory Data. J.
Chem. Theory Comput. 2013, 9, 3084—3095.

(80) Galindo-Murillo, R;; Roe, D. R.; Cheatham, T. E. On the
absence of intrahelical DNA dynamics on the ys to ms timescale. Nat.
Commun. 2014, S, 5152.

(81) Galindo-Murillo, R;; Roe, D. R.; Cheatham, T. E. Convergence
and reproducibility in molecular dynamics simulations of the DNA
duplex d(GCACGAACGAACGAACGC). Biochim. Biophys. Acta,
Gen. Subj. 2015, 1850, 1041—1058.

(82) Becker, W. The bh TCSPC Handbook, 9th ed.; Becker & Hickl
GmbH, 2021.

(83) Yang, S.; Salmon, L.; Al-Hashimi, H. M. Measuring similarity
between dynamic ensembles of biomolecules. Nat. Methods 2014, 11,
552—-554.

(84) Tiberti, M.; Papaleo, E.; Bengtsen, T.; Boomsma, W.; Lindorff-
Larsen, K. ENCORE: Software for Quantitative Ensemble Compar-
ison. PLoS Comput. Biol. 2018, 11, e1004415.

(85) Lindorff-Larsen, K.; Ferkinghoff-Borg, J. Similarity Measures
for Protein Ensembles. PLoS One 2009, 4, e4203.

(86) McClendon, C. L.; Hua, L.; Barreiro, G.; Jacobson, M. P.
Comparing Conformational Ensembles Using the Kullback—Leibler
Divergence Expansion. J. Chem. Theory Comput. 2012, 8, 2115—2126.

(87) Lin, J. Divergence measures based on the Shannon entropy.
IEEE Trans. Inf. Theory 1991, 37, 145—151.

(88) Cheng, A; Henderson, R; Mastronarde, D.; Ludtke, S. J.;
Schoenmakers, R. H. M.; Short, J.; Marabini, R.; Dallakyan, S.; Agard,
D.; Winn, M. MRC2014: Extensions to the MRC format header for
electron cryo-microscopy and tomography. J. Struct. Biol. 2015, 192,
146—-150.

(89) Burnley, T.; Palmer, C. M.; Winn, M. Recent developments in
the CCP-EM software suite. Acta Crystallogr, Sect. D: Struct. Biol.
2017, 73, 469—477.

(90) Henderson, R;; Sali, A.; Baker, M. L.; Carragher, B.; Devkota,
B.; Downing, K. H.; Egelman, E. H.; Feng, Z.; Frank, J.; Grigorieff, N.;
Jiang, W.; Ludtke, S. J.; Medalia, O.; Penczek, P. A.; Rosenthal, P. B.;
Rossmann, M. G.; Schmid, M. F.; Schroder, G. F.; Steven, A. C,;
Stokes, D. L.; Westbrook, J. D.; Wriggers, W.; Yang, H.; Young, J.;
Berman, H. M.; Chiu, W.; Kleywegt, G. J.; Lawson, C. L. Outcome of
the First Electron Microscopy Validation Task Force Meeting.
Structure 2012, 20, 205—214.

(91) Rosenthal, P. B.; Henderson, R. Optimal Determination of
Particle Orientation, Absolute Hand, and Contrast Loss in Single-
particle Electron Cryomicroscopy. J. Mol. Biol. 2003, 333, 721-74S.

(92) Scheres, S. H. W.; Chen, S. Prevention of overfitting in cryo-
EM structure determination. Nat. Methods 2012, 9, 853—854.

(93) Warshamanage, R.; Yamashita, K.; Murshudov, G. N. EMDA: A
Python package for Electron Microscopy Data Analysis. J. Struct. Biol.
2022, 214, 107826.

(94) Pettersen, E. F.; Goddard, T. D.; Huang, C. C.; Couch, G. S,;
Greenblatt, D. M.; Meng, E. C,; Ferrin, T. E. UCSF Chimera—A
visualization system for exploratory research and analysis. J. Comput.
Chem. 2004, 25, 1605—1612.

(95) Lakowicz, J. R; Gryczynski, 1; Wiczk, W,; Laczko, G.;
Prendergast, F. C.; Johnson, M. L. Conformational distributions of
melittin in water / methanol mixtures from frequency-domain
measurements of nonradiative energy transfer. Biophys. Chem. 1990,
36, 99—115.

(96) Lakowicz, J. R.; Gryczynski, 1; Laczko, G.; Wiczk, W.; Johnson,
M. L. Distribution of distances between the tryptophan and the N-

https://doi.org/10.1021/acs.jctc.2c01090
J. Chem. Theory Comput. 2023, 19, 2389—2409



Journal of Chemical Theory and Computation

pubs.acs.org/JCTC

terminal residue of melittin in its complex with calmodulin, troponin
C, and phospholipids. Protein Sci. 1994, 3, 628—637.

(97) Barth, A.; Opanasyuk, O.; Peulen, T.-O.; Felekyan, S.; Kalinin,
S.; Sanabria, H.; Seidel, C. A. M. Unraveling multi-state molecular
dynamics in single-molecule FRET experiments. I. Theory of FRET-
lines. J. Chem. Phys. 2022, 156, 141501.

(98) Hummer, G.; Szabo, A. Dynamics of the Orientational Factor
in Fluorescence Resonance Energy Transfer. J. Phys. Chem. B 2017,
121, 3331-3339.

(99) Zaccai, G. How Soft Is a Protein? A Protein Dynamics Force
Constant Measured by Neutron Scattering. Science 2000, 288, 1604—
1607.

(100) Hansen, P. C.; O’Leary, D. P. The Use of the L-Curve in the
Regularization of Discrete Ill-Posed Problems. SIAM J. Sci. Comput.
1993, 14, 1487—1503.

(101) Rangan, R.; Bonomi, M.; Heller, G. T.; Cesari, A,; Bussi, G;
Vendruscolo, M. Determination of Structural Ensembles of Proteins:
Restraining vs Reweighting. J. Chem. Theory Comput. 2018, 14, 6632—
6641.

(102) Reva, B. A; Finkelstein, A. V.; Skolnick, J. What is the
probability of a chance prediction of a protein structure with an rmsd
of 6 42 Fold Des. 1998, 3, 141—147.

(103) Gomes, G.-N. W.; Namini, A.; Gradinaru, C. C. Integrative
Conformational Ensembles of Sicl Using Different Initial Pools and
Optimization Methods. Front. Mol. Biosci. 2022, 9, 910956.

(104) Hansmann, U. H. E. Parallel tempering algorithm for
conformational studies of biological molecules. Chem. Phys. Lett.
1997, 281, 140—150.

(105) Sugita, Y.; Okamoto, Y. Replica-exchange molecular dynamics
method for protein folding. Chem. Phys. Lett. 1999, 314, 141—151.

(106) No¢, F.; Fischer, S. Transition networks for modeling the
kinetics of conformational change in macromolecules. Curr. Opin.
Struct. Biol. 2008, 18, 154—162.

(107) Noé, F.; Krachtus, D.; Smith, J. C.; Fischer, S. Transition
Networks for the Comprehensive Characterization of Complex
Conformational Change in Proteins. J. Chem. Theory Comput. 2006,
2, 840—857.

(108) Bowman, G. R; Ensign, D. L; Pande, V. S. Enhanced
Modeling via Network Theory: Adaptive Sampling of Markov State
Models. J. Chem. Theory Comput. 2010, 6, 787—794.

(109) Noé, F.; De Fabritiis, G.; Clementi, C. Machine learning for
protein folding and dynamics. Curr. Opin. Struct. Biol. 2020, 60, 77—
84.

(110) Lele, S. R. How Should We Quantify Uncertainty in Statistical
Inference? Front. Ecol. Evol. 2020, 8, 35.

(111) Rieping, W.; Habeck, M.; Nilges, M. Inferential Structure
Determination. Science 2005, 309, 303—306.

2409

[0 Recommended by ACS

Active Learning of the Conformational Ensemble of Proteins
Using Maximum Entropy VAMPNets

Diego E. Kleiman and Diwakar Shukla
APRIL 07,2023

JOURNAL OF CHEMICAL THEORY AND COMPUTATION READ =z

Achieving Accurate Standard Protein—Protein Binding Free
Energy Calculations through the Geometrical Route and
Ergodic Sampling

Haohao Fu, Wensheng Cai, et al.

APRIL 12,2023

JOURNAL OF CHEMICAL INFORMATION AND MODELING READ =z

Effective Molecular Dynamics from Neural Network-Based
Structure Prediction Models

Alexander Jussupow and Ville R. I. Kaila
MARCH 24, 2023

JOURNAL OF CHEMICAL THEORY AND COMPUTATION READ &'

Resolving Protein Conformational Plasticity and Substrate
Binding via Machine Learning

Navjeet Ahalawat, Jagannath Mondal, et al.

APRIL 17,2023

JOURNAL OF CHEMICAL THEORY AND COMPUTATION READ '

Get More Suggestions >

https://doi.org/10.1021/acs.jctc.2c01090
J. Chem. Theory Comput. 2023, 19, 2389—-2409

243



SUPPORTING INFORMATION
Resolution of Maximum Entropy Method-derived
posterior conformational ensembles of a flexible system
probed by FRET and molecular dynamics simulations

Jonas Dittrich®*, Milana Popara®, Jakub Kubiak®, Mykola Dimura®, Bastian Schepers?,
C.

Neha Verma?, Birte Schmitz?, Peter Dollinger®, Filip Kovacic®, Karl-Erich Jaeger A
Claus A.M. Seidel®*, Thomas-Otavio Peulen®*, Holger Gohlke®"*

"These authors contributed equally.

Institute for Pharmaceutical and Medicinal Chemistry, Heinrich Heine University Diisseldorf, 40225 Diisseldorf,
Germany

YInstitute for Molecular Physical Chemistry, Heinrich Heine University Diisseldorf, 40225 Diisseldorf, Germany

“Institute of Molecular Enzyme Technology Heinrich Heine University Diisseldorf, 40225 Diisseldorf, Germany

dInstitute of Bio- and Geosciences (IBG-1: Biotechnology), Forschungszentrum Jiilich GmbH, 52425 liilich,

Germany
¢Department of Bioengineering and Therapeutic Sciences and Department of Pharmaceutical Chemistry and

Quantitative Biosciences Institute (QBI), University of California, San Francisco, San Francisco 94143, CA,

United States of America
fJohn von Neumann Institute for Computing (NIC), Jiilich Supercomputing Centre (JSC), and Institute of Bio- and
Geosciences (IBG-4: Bioinformatics), Forschungszentrum Jiilich GmbH, 52425 Jiilich, Germany

S1

244



Resolution of MEM-derived posterior conformational ensembles of a flexible system - SI

Table of Contents
Supplemental Materials and Methods 3
Generation Of Lif VATIANTS. .......coevieiriirieirinieieieieetee ettt 3
Fluorescence correlation SPECIIOSCOPY. . .eeveruerrerierrerrertrenieenreesseesseesseesseessessessesssessaesaenes 3
Generation of the donor fluorescence iNtensity deCays. ......cecerererierierierienieeeieiereeereeeeenes 4
ANAlYSiS Of TCSPC ECAYS. ..eevierieiieiieiteeieeteeieeteeteetestesseesetesteesseeseeseesseenseenseesseenseensens 4
Molecular dynamics SIMUIALIONS. ......eeeeierieriieieieierieteee et se ettt stesee e eseebessesbeeeeens 6
Generation of the informative FRET Pairs......cccccceeeirriiriiieieeieeieeieeteeeeseeseeseee e 7
Supplemental Tables 9
Table S1. Equilibrium dissociation and activation constants (Kp and Kae) for in vitro
reaction between pre-active LipA and Lif........ccocooiiiiiniinininiceieee e 9
Table S2. Parameters of FRET-FCS global fit (eq. 1-5) of apoLif 215-296 variant. ......... 9
Table S3.  Fit parameters of fluorescence intensity donor decay (eq. 6) and FRET-induced
donor decay (TCSPC) with donor-acceptor distance distribution modeled by
generalized Gaussian distribution (eq. 7 and eq. 8) of fluorescently labeled
APOLIT VATTANTS. ....eeeiveeiieeiecie ettt ettt e e e e sneeseeesaeenseenseenseennas 10
Table S4.  Force field combinations used in MD Simulations. ..........cccecceevvecveeneniecnnene. 11
Table S5.  Overview of minimization and thermalization Steps...........cccceevvereerreerreerueenne. 11
Table S6.  Overall discrepancy of simulation data with experiments prior and post MEM
cluster reweighting at the entropy threshold S~ -3.......cccciviirienienieieenee, 12
Table S7. xr2 for all individual measured distances for all five force fields prior to MEM
TEWETGNEINE. 1ovieiieiieieiti ettt ettt sttt et e be st ebeeneenbesbesbeeaeens 12
Table S8. L-shaped curve parameters for the synthetic experiments. .........ccceeverveenenne. 13
Table S9.  Corner point parameters of L-shaped curves using experimental FRET data.. 13
Table S10. Cross-correlation coefficients (CCCs) of pairwise combinations of density maps
obtained with different force fields. .......ccceoeviniirinininnininiccece 13
Supplemental Figures 14
Figure S1. Activity and affinity of fluorescently labeled Lif variants to LipA.................. 14
Figure S2. Dynamics of apoLif probed by dual-color FCS. .........ccooiiiniiiiieieieeeeee 15
Figure S3. TCSPC analysis of donor decay in the presence of acceptor for apoLif.......... 16
Figure S4. RDA distributions x(Rpa) for the apo Lif labeling variants obtained by ucFRET.
...................................................................................................................... 17
Figure S5. Prior x(RDA) distributions observed in MD for all FRET pairs..................... 18
Figure S6. Principal component analysis of prior conformational ensembles.................... 21

S1

245



246

Resolution of MEM-derived posterior conformational ensembles of a flexible system - SI

Figure S7. Helicality of Lif throughout 10x1 pus MD simulation. ..........ccceceeevevierieriennenen. 22
Figure S8. MEM cluster reweighting for the FF99SB MD ensemble. ........ccccccccvueruennennen. 23
Figure S9. MEM cluster reweighting for the FF14SB MD ensemble. ........ccccccevveruennnen. 24
Figure S10. MEM cluster reweighting for the FF19SB MD ensemble. ........c.ccccccuevennenen. 25
Figure S11. MEM cluster reweighting for the IDPSFF MD ensemble..........ccccccevueruenenen. 26
Figure S12. MEM cluster reweighting for the FF99SBdisp MD ensemble...............c........ 27
Figure S13. C¢-RMSD matrix for the top 50 cluster representatives of IDPSFF and
FF99SBdisp after reweighting using an entropy threshold of S =-3. .............. 28

Figure S14. Ca-RMSD matrix for the top 50 cluster representatives of IDPSFF and FF99SB
after reweighting using an entropy threshold of S =-3......c.ccccoiiiiiinininnnne. 28

Figure S15. Ca-RMSD matrix for the top 50 cluster representatives of FF99SB and FF14SB
after reweighting using an entropy threshold of S =-3......c.ccccoiiiiiinininnnne. 29

Figure S16. Ca-RMSD matrix for the top 50 cluster representatives of IDPSFF and FF14SB
after reweighting using an entropy threshold of S =-3......cccccoiniiiinnnnne. 29

Figure S17. Ca-RMSD matrix for the top 50 cluster representatives of FF99SB and FF19SB
after reweighting using an entropy threshold of S =-3.........cccccconvivrinnnnnnne. 30

Figure S18. Ca-RMSD matrix for the top 50 cluster representatives of IDPSFF and FF19SB
after reweighting using an entropy threshold of S =-3.........cccccevviiniirvennnnne. 30

Figure S19. Co-RMSD matrix for the top 50 cluster representatives of FF14SB and
FF99SBdisp after reweighting using an entropy threshold of S =-3............... 31

Figure S20. Ca-RMSD matrix for the top 50 cluster representatives of FF19SB and
FF99SBdisp after reweighting using an entropy threshold of S =-3............... 31

Figure S21. Co-RMSD matrix for the top 50 cluster representatives of FF99SB and
FF99SBdisp after reweighting using an entropy threshold of S =-3............... 32

Figure S22. MEM scoring and validation of reweighted ensembles using synthetic data when
Y(AID). ettt ettt 32

Figure S23. Individual and cumulative weights of prior and posterior ensembles (at 6C and
6S = —3) from a synthetic experiment when the target ensemble is Y(FF14SB).
...................................................................................................................... 33

Figure S24. Individual and cumulative weights of prior and posterior ensembles (at 8C and
0S = —3) for experimental data............cceceeveeriereninieieiee e 34

Figure S25. PCA of optimized ensembles at at 8C using experimental data...................... 35
Figure S26. PCA of optimized ensembles at 8S = —3 using experimental data. ............... 36
Supplemental References 38

S2



Resolution of MEM-derived posterior conformational ensembles of a flexible system - SI

Supplemental Materials and Methods

Generation of Lif variants. Lif variants with Cys substitutions and missing residues 1-64 were
created by standard “QuikChange” (Qiagen) or SLIC! PCR methods using Phusion DNA
polymerase (Thermo Fisher Scientific), complementary mutagenic oligonucleotide pairs, and
the pEHTHis19 plasmid as a template in whole plasmid amplification according to Viegas et
al..? Lif variants carrying an N-terminal His10-tag were expressed in E. coli BL21(DE3) and
purified by immobilized metal affinity chromatography using Ni-NTA resins (Qiagen)
according to a protocol of Hausmann et al.® Lif variants were labeled with malemide-
functionalized dyes, Alexa Fluor 488 C5 maleimide (donor) and Alexa Fluor 647 C2 maleimide
(acceptor) (Thermo Fisher Scientific), in two steps: i) 100 nmol of purified Lif in labeling buffer
(50 mM Tris-HCI pH 8.0 at 4 °C), 0.8 molar parts of Alexa488 dissolved in dimethyl sulfoxide
(DMSO), and 5 mM Tris(2-carboxyethyl) phosphine (pH 8) were agitated slowly for 3 h at
25 °C. Single donor-labeled Lif was purified at 10 °C via anion exchange chromatography
using a ResourceQ column (1 ml capacity) (GE Healthcare) using 50 mM Bis-Tris pH 6.3
buffer and a linear NaCl gradient 0-500 mM; ii) labeling with Alexa647 dye and purification
of double-labeled Lif variants was performed following the donor labeling procedure using a
four-fold molar excess of the acceptor dye.

Fluorescence correlation spectroscopy. Single-molecule multiparameter fluorescence
detection (MFD) measurements were performed as described previously.* Measurements were
performed at room temperature (21°C £+ 1°C) in 50 mM Tris-HCI, pH 8.0. The laser power in
the sample was Lg = 60 uW. MFD data were processed as described by Sisamakis et al.’> FCS
was performed according to Felekyan et al.® Burst IDs of FRET-labelled molecules were used
for autocorrelation of “green channels and red channels, Gac, and cross-correlation, Gec, of
green channels with red channels. Four correlations curves were fitted with global correlation

times denoting FRET dynamics using the following model functions:

1
Gee (tc) =by + NGdif(tc) X Gph(tc) X Ga(tc) eq. S1
with:
-1 _1/
t wo\2 ¢t 2
Gair(to) = (1 +— ) <1 + (—0) X —< ) eq. S2
Laif Zp Laif
S3
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a,i

3
—t
Ga(to)=[1-ax a;exp (t_c> eq. S3
=1

i

—t
Gph(tc) =|1- app €XP (_C> eq. S4
tph
-1 _1/ 4
t wo\? ¢ 2 —t, eq. S5
Gac(t,)=Dhb +<1+ C> (1+<—>x ) 1- b-+b-ex< >
ActTe 0 tair Zy tair z i iexp th,i

i=1

The observation volume is approximated by a 3D Gaussian with 1/e? radii in the lateral (w)
and the axial direction (zp). t4if is the diffusion time, ap; and 1, is the amplitude and time of the
anti-bunching term related to acceptor photo-bleaching, respectively, a, a; and f,; are the
amplitudes and relaxation times of the anti-correlation terms, and, b; and #;; are the amplitudes
and times of the bunching term.

Generation of the donor fluorescence intensity decays. Ensemble time-correlated single
photon-counting (TCSPC) measurements of high-precision fluorescence intensity decays were
performed on a FluoTime300 High Performance Fluorescence Lifetime Spectrometer equipped
with HydraHarp 400 Multichannel Picosecond Event Timer & TCSPC Module and Hybrid
Photomultiplier Detector Assembly (Picoquant GmbH, Germany). The excitation source was a
SuperK EXTREME supercontinuum white light laser (NKT Photonics, Denmark), set to
488 nm and 19.51 MHz pulsing frequency, passed through BP488/10x (Chroma Technology,
USA) interference filter for excitation beam cleaning. The emission wavelength was set to
525 nm and the long-pass LP495nm filter was used to reduce the scattered light contribution.
All measurements were performed using a magic-angle polarizer configuration (54.7°) and with
the temperature control set to 20.0°C + 0.1°C in 50 mM Tris-HCI pH 8.0. Time-resolved
fluorescence intensity decays were collected using 8 ps bins up to 100000 photons in the most
populated bin.

Analysis of TCSPC decays. In time-resolved fluorescence decay experiments, the

fluorescence intensity decay of a donor fluorophore in the presence of FRET, fD(llz)A)(t), and in

the absence of FRET, f; (D0)

DID (t), inform on the distance between the donor and the acceptor,

Rpa. fD(ﬁ)O)(t) was modeled as a sum of exponentials with species fraction x; and lifetime t;

(eq. 6 and eq. 7):
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N
o=

xo,ie_t/rD'i eq. S6
i=1

and fD(ﬁ)A) (t) was used to model donor-acceptor distance distribution x(Rp4):
FR© = 1RO [ x(Rop) exp (—tkoRo/Ron)VdRon + Xofi ) eq.s7
Rpa

Ry is the Forster radius (here Ro =52 A for donor quantum yield ®rp = 0.8 and radiative rate
of unquenched donor dye ko = 0.25 ns™), xo is the fraction of the molecules that do not carry an
acceptor dye.” The distance distribution x(Rpa) was modeled assuming a normal distribution®

characterized by parameters mean donor-acceptor distance (Rpa) and width opa (eq. S8):

oY1 . (Roa—(Rpa)\"
x(Rpa) _zi=1—aDA\/n_/Zexp( 2<—UDA > ) eq. S8

or alternatively using the ucFRET approach.
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Molecular dynamics simulations. The structure of Lif used for MD simulations was generated
by homology modeling, using Lif from B. glumae (PDB ID: 2ES4) as a template (see Viegas et
al.? for a detailed description of the homology modeling). All-atom molecular dynamics (MD)
simulations were performed for the five investigated force fields FF99SB°, FF14SB!C,
FF19SB!'!, FF14IDPSFF'?> (here referred to as IDPSFF), and FF99SBdisp'®. For the
simulations using FF99SB, FF14SB, FF19SB, and IDPSFF, the initial Lif structure was
solvated in a truncated octahedral box of the corresponding water model (Table S4) using the
LEaP program from the Amber20.1 software suite'#; a minimum water shell thickness of 11.0 A
around the solute was used. For the IDPSFF, the obtained topology file was modified using the
grid-based energy correction maps method.'? The initial structure for FF99SBdisp was solvated
in a cubic box using the FF99SB-disp water model and a minimum water shell thickness of
11.0 A around the solute using GROMACS 2019.3."° The obtained topology and coordinate
files were converted into the amber format using the “gromber” command in ParmEd'¢. Na*
counterions were added to neutralize the charges. An overview of the force field combinations
is given in Table S4.

For FF99SB, the starting structure was minimized by applying 50 steps of steepest descent
minimization followed by 450 steps of conjugate gradient minimization. During the
minimization, the solute atoms were restrained by applying decreasing harmonic potentials,
with a force constant of 25 kcal mol™! A initially, reduced to 5 kcal mol™! A in the last round.
Afterward, the systems were heated from 100 K to 300 K in 50 ps of NVT MD simulations
with a force constant of 5 kcal mol™! A2, Afterward, MD simulations of 250 ps length were
performed using the NPT ensemble to adjust the density with the same force constant. At last,
the force constant of the harmonic restraints was constantly reduced to zero over 100 ps of NVT
MD simulations.

For FF19SB and FF14SB, the starting structures were minimized by applying 50 steps of
steepest descent minimization followed by 200 steps of conjugate gradient minimization.
During the minimization, the solute atoms were restrained by applying decreasing harmonic
potentials, with a force constant of 25 kcal mol™! A 2 initially, reduced to 5 kcal mol™! A2in the
last round. Afterward, the systems were heated from 100 K to 300 K in 50 ps of NVT MD
simulations with a force constant of 5 kcal mol™! A, Subsequently, MD simulations of 150 ps
length were performed using the NPT ensemble to adjust the density with the same force
constant. At last, the force constant of the harmonic restraints was constantly reduced to zero
over 5*10 ps of NVT MD simulations, after which 50 ps of unrestrained MD simulations

followed.
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For IDPSFF, the starting structures were minimized by applying 5000 steps of steepest descent
minimization followed by 5000 steps of conjugate gradient minimization. During the
minimization, the solute atoms were restrained by applying decreasing harmonic potentials,
with a force constant of 25 kcal mol™! A initially, reduced to 5 kcal mol™! A in the second
round, and unrestrained in the last round. The systems were heated from 0 K to 100 K in 20 ps
of NVT MD simulations with a force constant of 5 kcal mol™! A, Afterward, the systems were
heated from 100 K to 300 K in 100 ps of NPT MD simulations to also adjust the density with
the same force constant, followed by another 100 ps at 300 K. At last, the force constant of the
harmonic restraints was constantly reduced to zero over 80 ps of NVT MD simulations,
followed by additional 200 ps of unrestrained NVT MD simulations.

To ensure the independence of the replicas using FF99SB, FF14SB, FF19SB, and IDPSFF,
production runs were carried out at temperatures of 300.0 K + T, where T was incremented by
0.1 K for each consecutive run.

For FF99SBdisp, the starting structures were minimized by applying 5000 steps of steepest
descent minimization followed by 10000 steps of conjugate gradient minimization. During the
minimization, the solute atoms were restrained by applying decreasing harmonic potentials,
with a force constant of 25 kcal mol! A2 initially, reduced to 5 kcal mol™! A2 in the last round.
The systems were heated from 100 K to 300 K in 100 ps of NVT MD simulations with a force
constant of 5 kcal mol! A2, The initial temperature during the second heating step was
incremented by 0.1 K for each consecutive run to ensure the independence of the consecutive
production runs. Afterward, MD simulations of 300 ps length were performed using the NPT
ensemble to adjust the density with the same force constant. At last, the force constant of the
harmonic restraints was constantly reduced to zero over 100 ps of NVT MD simulations,
followed by 20 ps of unrestrained NVT MD simulations. Production runs were carried out at a
temperature of 300.0 K. An overview of the performed steps during system minimization and

thermalization is given in Table S5.

Generation of the informative FRET pairs. The procedure of selecting the most informative

1.'7 Here, we combined conformational ensembles

FRET pairs was described by Dimura et a
generated with all five investigated force fields and applied the procedure for a selection of non-
charged and non-hydrophobic amino-acids (Ser, Thr, Cys, Asn, Gln, Ala, Met, His) that were
spaced by, on average, five residues to make the labeling experimentally plausible. The selected
amino acids (numbers: 74, 80, 84, 90, 95, 103, 110, 112, 118, 122, 128, 134, 138, 157, 161,

167,174, 179, 184, 187, 191, 194, 201, 204, 209, 214, 222, 229, 235, 241, 245, 250, 256, 262,
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267,271,275, 282,295, 300, 306, 311, 316, 321, 330) provide 990 possible pairs, of which the
50 most informative FRET pairs were selected for the synthetic experiment (275 122,316 161,
245 110, 235 90, 267 157, 222 103, 209 316, 187 256, 174 214, 222 330, 74 209,
204 321, 250 300, 229 161, 191 330, 241 157, 229 316, 74 330, 201 250, 209 103,
179 209, 235 306, 256 161, 204 330, 214 321, 194 267, 209 295, 250 316, 321 103,
222 161,167 214,74 222,330 157,209 84,245 300,74 204,201 321,214 103,187 229,
214 316, 250 95, 321 161, 222 321, 187 330, 250 157, 209 110, 250 306, 204 316,
201_267,241_103,209_330).

Prediction of SAXS profiles for posterior ensembles. The saxs module'® from the Integrative
Modeling Platform'® (IMP) was used to predict SAXS profiles of posterior conformational
ensembles of apo Lif. The computation of the SAXS intensity profile, 1(q), as a function of the

momentum transfer g, is based on the Debye formula®® (eq. 9):
N

J sin(qd--)
1(q) = : (q) ———Z eq. S9
@=) > @ fD— q

i=1j=1
with f;(q) being the atomic form factor and d;; the distance between any pair of atoms.
Momentum transfer ¢ is a function of the wavelength of incident X-rays, A, and scattering angle
20 relative to the incident X-ray beam (eq. 10):
_ Amsin(0)
A

Scattering profiles of ensemble members were predicted in ¢ range from 0.0-0.6 A=, with a

eq. S10

step of dg = 0.0012. Ensemble averaged scattering intensity of posterior ensembles is obtained
as a weighted linear combination of SAXS profiles of ensemble members, by taking the weights
at the corner point of the L-shaped curve, i.e. at 8 = 8. The shape of the scattering profile I(q)
versus ¢ informs about the flexibility of a macromolecule, such that for folded proteins it has a
characteristic shape with rises and dips, while for unfolded proteins the scattering profile is flat
(featureless). For multi-domain proteins connected with flexible linkers, the scattering profile
is in between these two scenarios, i.e., it has concealed (smoothed) features.?! Transformation
of scattering profile, I(q) - g versus ¢, known as Kratky plot, informs about the compactness
of the macromolecule, and takes on a parabolic to hyperbolic shape going from folded to

unfolded proteins.
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Supplemental Tables

Table S1. Equilibrium dissociation and activation constants (Kp and Kj) for in vitro reaction between pre-
active LipA and Lif.

Lif variant K, = SEM [nM] K, * SEM [nM]
137-215 217 63 +24
137-268 16+ 5 73+£9
137-296 25+4 40+ 6
215-268 24+ 6 43+ 4
215-296 25+7 85+9
268-296 29+ 6 24+ 4

wt 29 + 9* 19+2

*The dissociation constant for the wild type (wt) Lif could not be determined with the FRET assay. Hence, we use
the value obtained from Viegas et al.%.

Table S2. Parameters of FRET-FCS global fit (eq. S1-5) of apoLif 215-296 variant.
CCqr CCre ACqga ACRr
2 4.18 3.82 2 1.90 1.87
bo 0.517 0.631 bo 0.994 0.804
N 0.586 0.529 N 0.309 0.289

taif, ms 0.835 0.835 tdif, ms 0.835 0.835
®0/Z0 5.060 5.060 ®0/Z0 5.060 5.060

a 0.332 0.332 b1 0.351 0.423
ta, ms | 0.00004 0.00004  t1,ms | 0.00004 0.00004
@ 0.252 0.252 b2 0.111 0.121
ta2, ms 0.027 0.027 t,2, ms 0.027 0.027
as 0.416 0.416 b3 0.362 0.211
ta3, ms 1.364 1.364 tb,3, ms 1.364 1.364
@ph 0.175 0.312 b4 0.166 0.079
fph, ms 40.6 40.6 b4, MS 0.0013 0.0013

a 0.442 0.487
S9
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Table S3. Model-based FRET analysis of the fluorescence decays shown in Figure S3. Fit parameters of
fluorescence intensity donor decay (eq. S6) and FRET-induced donor decay (eTCSPC) with
donor-acceptor distance distribution modeled by generalized Gaussian distribution (eq. S7 and
eq. S8) of fluorescently labeled apoLif variants.

137-215 137-268 137-296 215-268 215-296 268-296
Donor decay parameters f ng) (t),eq.6
er 1.054 1.035 1.019 1.126 1.086 1.060
T1, NS 4.22 4.23 4.22 4.18 4.19 4.13
T2, NS 2.19 2.28 2.29 2.11 2.20 1.94
T3, NS 0.347 0.42 0.370 0.365 0.364 0.377
X1 0.819 0.749 0.825 0.695 0.781 0.654
X2 0.108 0.158 0.108 0.174 0.131 0.204
X3 0.074 0.094 0.067 0.130 0.088 0.142
{T)x, NS 3.71 3.57 3.75 3.32 3.59 3.15
X(Rpa) model parameters, eq. 8
er 1.123 1.105 1.057 1.206 1.081 1.090
X0 0.000 0.055 0.345 0.005 0.023 0.015
(Rva), A 63.9 57.9 69.9 20.9 46.0 43.8
ona, A 10.3 19.5 17.5 21.5 16.4 16.5
K 0.404 1.000 0.312 -0.006 -0.087 0.539
(T)x, NS 2.21 1.74 2.87 0.43 1.48 0.71
S10
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Table S4. Force field combinations used in MD simulations.
Protein FF Water FF Ion FF
FF14SB OPC ionsjc-tipdpew™
FF19SB OPC ionsjc-tip4dpew*
FF99SB TIP3P ionsjc-tip3p*
FF99SBdisp TIP4P-D* Ions-charm22*
IDPSFF TIP3P* ionsjc-tip3p*

*Recommended for the respective protein/water FF.

Table S5. Overview of minimization and thermalization steps.
Force field FF14SB /
FF99SB IDPSFF FF99SBdisp
step FF19SB
SD 254 50 steps 5000 steps 50 steps 5000 steps
CG 25 450 steps 5000 steps 200 steps 10000 steps
SD 5b 50 steps 5000 steps 50 steps 5000 steps
CG 5 450 steps 5000 steps 200 steps 10000 steps
SD 0¢ - 5000 steps - -
CG 0¢ - 5000 steps - -
H 0-100 K¢ - NVT 20 ps - -

H 100-300 K¢ | NVT 50 ps NPT 100 ps NVT 50 ps NVT 100 ps
NPT 250 ps 100 ps 150 ps 300 ps
RR¢ 100 ps 80 ps 50 ps 100 ps
NVT - 200 ps 50 ps 20 ps

# Steepest descent (SD) / conjugate gradient (CG) minimization with restraints of 25 kcal mol!' A,
b Steepest descent (SD) / conjugate gradient (CG) minimization with restraints of 5 kcal mol™! A2,
¢ Steepest descent (SD) / conjugate gradient (CG) minimization with no restraints.

4 Heating.

e Restraint reduction from 5 kcal mol! A2 to 0 kcal mol! A2,

S11
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Table Se6. Overall discrepancy of simulation data with experiments prior and post MEM cluster
reweighting at the entropy threshold S = -3.

FF X 12‘,total X 12",total
prior MEM post MEM
FF14SB 18.4 1.16
FF19SB 17.0 1.66
FF99SB 15.0 1.41
FF99SBdisp 20.8 1.97
IDPSFF 13.6 1.20
Table S7. x2 for all individual measured distances for all five force fields prior to MEM reweighting.
MD1 MDI1- MD1- EHD EHD- MD2 MD2 MD2 MD2 H9
EHD MD2 MD2

137-  137- 137- 215- 215- 255- 258- 259- 260- 268-
215 268 296 268 296 296 296 296 296 296

FF14SB 1642 408 722 189 3521 1997 2694 7.68 7.17 40.07
FF19SB 429 426 679 1551 39.15 18.11 2629 822 3.12 4574
FF99SB 1636 5.09 52.07 8.55 1424 6.7 28 0.84 218 4129
FF99SB

di 206 2156 1.15 1629 3473 27.89 27.58 10.54 9.23 57.00
isp

IDPSFF 30.68 226 36.81 565 2084 1.71 211 0.79 199 33.37
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Table S8. L-shaped curve parameters for the synthetic experiments.
Y(FF14SB)
0, S~—3
FF S X%,total 0 DJS(Y’Q) S sz',total 0 DJS(Y’Q)
FF14SB -0.609 1.483 0.40 313 -2.954 0915 0.035 1011
FF19SB -1.502 2.994 0.50 3135 -3.018 2.175  0.150 3556
FF99SB -2.725  5.578 0.65 5330 -2.958 5.342  0.550 5354
FF99SBdisp | -1.646  2.241 0.50 2638 -2.867 1.565 0.150 2899
IDPSFF -2.101  4.958 0.55 5214 -3.031  4.195 0.300 5287
Y(all)
0, S~—-3
FF S X%,total 0 Dys(Y,Q) s X?‘,total 4 Dus(Y,Q)
FF14SB 1295 1.797 050 1547 | -2.997 1.112 0.100 1970
FF19SB 1472 2679 050 2437 | -2.861 2.003 0.150 2736
FF99SB 2891 7.108 075 6426 |-2.994 7.000 0.700 6444
FF99SBdisp | -0.886 1559  0.45 1209 | -3.014 0914 0.050 1640
IDPSFF -1.842 2.825 050 2837 |-2.970 2.105 0200 2838
Table S9. Corner point parameters of L-shaped curves using experimental FRET data.
FF S X?,total 00
FF14SB -1.382  2.011 0.60
FF19SB -1.718  2.534 0.60
FF99SB -1.628  2.321 0.60
FF99SBdisp | -1.935 2.796 0.70
IDPSFF -1.237  2.069 0.50
Table S10. Cross-correlation coefficients (CCCs) of pairwise combinations of density maps obtained with

different force fields.

prior
FF14SB FF19SB FF99SB FF99SBdisp IDPSFF
FF14SB 1 0.961 0.863 0.933 0.879
FF19SB 0.961 1 0.886 0.895 0.895
FF99SB 0.863 0.886 1 0.781 0.906
FF99SBdisp | 0.933 0.895 0.781 1 0.825
IDPSFF 0.879 0.895 0.906 0.825 1
0.
FF14SB FF19SB FF99SB FF99SBdisp IDPSFF
FF14SB 1 0.950 0.907 0.948 0.883
FF19SB 0.950 1 0.901 0.939 0.892
FF99SB 0.907 0.901 1 0.877 0.869
FF99SBdisp | 0.948 0.939 0.877 1 0.891
IDPSFF 0.883 0.892 0.869 0.891 1
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Supplemental Figures

Figure S1.
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Activity and affinity of fluorescently labeled Lif variants to LipA. (A) Equilibrium complex
formation. Labeled Lif variants (10 nM) were titrated with pre-active LipA (from 0.5 to
1,000 nM), incubated over night at 4 °C in TB buffer followed by fluorescence measurement.
Proximity ratio P = SR/(SG+SR) was converted into the fraction of the complex Xcomplex = (P —
Po) / (Pena — Po), where Py and Peyg are proximity ratios of free Lif and Lif with maximum
concentration of LipA. Binding model with the equilibrium dissociation constant Kp was applied
to two sets of LipA dilution series. (B) Kinetics of LipA activation. Labeled Lif variants and the
wild-type (wt) (2.5 nM) were titrated with pre-active LipA (from 0.5 to 1,000 nM), incubated
over night at 4 °C in TB buffer followed by lipase activity assay. The activation constants (Kac)
were calculated by one site binding hyperbola fit. Results are mean + SEM of three independent
experiments, with each set in triplicates. (C) Equilibrium dissociation constant (Kp); uncertainty
is given as standard error of the mean from the fit. Wild-type variant (wt*) was taken from the
fluorescence anisotropy binding assay.? The activation constant (K,) is referred to as the
effective concentration of LipA activated with labeled Lif variants. The results are mean + SEM
of three independent experiments, with each set in triplicates. K values are given in Table S1.
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Dynamics of apoLif probed by dual-color FCS. (A-C) Global formal fit of the auto- and cross-
correlation curves of donor and acceptor channels (eqs. S1-5). The insert shows the donor-
acceptor anti-correlation curve (eq. S3) indicating the presence of fast and slow Lif dynamics on
the timescale reaching hundreds of microseconds. Fit results are given in Table S2. (D)
Comparison of anti-correlation amplitudes of donor-acceptor cross-correlation of six FRET
variants. Anti-correlation amplitude depends on FRET contrast (range of dynamics).®
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Figure S3. TCSPC analysis of donor decay in the presence of acceptor for apoLif. Fluorescence decays

of donor-only reference sample, DO, were modeled with 3-exponential lifetime decay, and
fluorescence decays of the donor in the presence of the acceptor, DA, were modeled with single
Gaussian distribution for Lif (eqs. S6-8). Donor-acceptor distance distributions, x(Rp4)y, report
consistently for all variants a broad distribution for apo Lif. Fit results are given in Table S3.
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Figure S5. Prior x(Rpa) distributions observed in MD for all FRET pairs. Different FFs are color coded

as indicated by the legend.
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Principal component analysis of prior conformational ensembles. A-E Projection of C, atom
positions of cluster representatives for a given FF onto the first three principal components (PC1,
PC2, and PC3) obtained from a PCA. The PCA was performed on the pooled cluster
representatives of all FFs. The marker size for each representative structure scales linearly with
the cluster weight.

S21

265



(4o

‘seorjdox
UQ) 9y} JOAO UOHBIASD pJepue)s A} dJedIpul sieq yoe|q ‘@npisal 1od anjeA ueaw oy} 9j0up sieq anjg ‘uonenuwis @A sH [XQ[ Inoysnoay) Jirg Jo ANjeddoH *LS 2an31y
anpisal
N N N N N N N N - - - - - - = - - -
~ [e2} a S w N - o © @ ~ [} a S w N = o © @ ~ o S w N -
o o o o o o o o o o o o o o o o o o o o o o o o o o
TTTTTITTITITITITITI T
=
@
Fs0g
z
dsipgs66-
Fo'L
W 00
"
=2
2
Lsog
z
44sdal
FO'L
o 00
! _ _
=
D
Fsog
z
gs6144
FO'L
T 00
| .
2
L0 §
z
asyidd
FO'L
™ r 00
| .
@
FG0 g
z
956644
FO'L
£n

Lo oLo 60 8o yAY 9o go o Zp 2

AWV AN AN AN — -
aH3

IS - WRISAS [QIXI[J B JO SO[qUIASUD [BUOT)BULIOJUOD JOLINSOd PAALIIP-INHIA JO UOTIN[OSY

266



Resolution of MEM-derived posterior conformational ensembles of a flexible system - SI

FRET pair: 137-215

0.03
T T
< <
< 0.02 <
2 2
< XRoao 2
B3 X2~=16.36 3
0.01 X(Roa)mp, fitted
X2=172
—— experiment
0.00 erer
FRET pair: 137-296
X(Rpa)mp
X2=52.07
0.020 X(Roalwo, fited
X3=2.33
Ll —— experiment —
< 0.015 error <
= =
2 0.010 3
3 3
x x
0.005
0.000
FRET pair: 215-296
0.025
. 0.020 .
< <
< 0.015 <
< =
< 0.010 XRoalwo o<
< X144 3
X(Rpa)mp, fitted
0.005 X2=139
—— experiment
0.000 =
FRET pair: 258-296
0.030 X(Roawo
X2=2.80
0.025 X(Roalwo, fitted
X2=0.97
F\"_‘ O»OZO R :)::ernmenl __"‘_‘
< <
£ 0015 <
3 3
€ 0.010 z
0.005
0.000
FRET pair: 260-296
X(Rpa)mp
X2=2.18
0.03 X(Roalwo, ited
X2=0.93
— —— experiment —
E’ 0.02 error E'
3 3
= 0.01 x
0.00
30 40 50 60 70 80
Roa [A]
Figure S8. MEM cluster reweighting for the FF99SB MD ensemble.
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Figure S9.

MEM cluster reweighting for the FF14SB MD ensemble.
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Figure S10. MEM cluster reweighting for the FF19SB MD ensemble.
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Figure S11. MEM cluster reweighting for the IDPSFF MD ensemble.
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Figure S12. MEM cluster reweighting for the FF99SBdisp MD ensemble.
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reweighting using an entropy threshold of § = -3.
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Ca-RMSD matrix for the top 50 cluster representatives of IDPSFF and FF99SB after
reweighting using an entropy threshold of S = -3.
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Figure S15. Ca-RMSD matrix for the top 50 cluster representatives of FF99SB and FF14SB after
reweighting using an entropy threshold of S = -3.
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Figure S16. Co-RMSD matrix for the top 50 cluster representatives of IDPSFF and FF14SB after
reweighting using an entropy threshold of S = -3.

S29

273



Resolution of MEM-derived posterior conformational ensembles of a flexible system - SI

top 50 cluster in FF99SB

2 0.1 1
2
o
=
00 IIIIIIII""lllllllllllllll
40
35
10 -
é 30
k20 4 25
£
8 20
[}
2 30 4
[&]
S 15
s 10
40 -
5
50 - T -0
0.1 0.0 15 20 25 30 35 40 45 50
weight cluster number

Figure S17. Ca-RMSD matrix for the top 50 cluster representatives of FF99SB and FF19SB after
reweighting using an entropy threshold of S = -3.
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Figure S18. Co-RMSD matrix for the top 50 cluster representatives of IDPSFF and FF19SB after
reweighting using an entropy threshold of S = -3.
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Figure S21. Ca-RMSD matrix for the top 50 cluster representatives of FF99SB and FF99SBdisp after
reweighting using an entropy threshold of S = -3.
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(bottom). To validate reweighted ensembles, the Jensen-Shannon divergence is computed
between posterior distograms and ground truth, Y (top). Circles mark 6, points that balance the
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Figure S23. Individual and cumulative weights of prior and posterior ensembles (at 8, and O5__3) from

a synthetic experiment when the target ensemble is Y(FF14SB).
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Figure S24. Individual and cumulative weights of prior and posterior ensembles (at 6, and 05__3) for

experimental data.
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Figure S25. PCA of optimized ensembles at at . using experimental data. The marker size for each

representative structure scales linearly with the cluster weight.
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Figure S26. PCA of optimized ensembles at 6;__; using experimental data. The marker size for each

representative structure scales linearly with the cluster weight.
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commonly used transformation of the scattering profile is displayed, known as Kratky plot,
which gives additional information about the compactness (folding) of the macromolecule.
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Abstract

Single-molecule FRET experiments are a prime example of ever-growing scientific
method, whose impact can be credited to the ability to provide site-specific structural
information, with minimal spatial and temporal averaging, and temporal resolution spanning
across twelve decades in time (sub-zs to thousands of s). Despite wide-spread use of smFRET
and new measurement modalities arising, few long-standing challenges of this scientific
method are yet to be overcome. In a typical single-molecule FRET experiment, donor and
acceptor raw signal are distorted due to spectral overlap, and using a set of correction
parameters they can be converted into accurate quantities, such as FRET efficiency and
stoichiometry. After the background subtraction, further four levels of correction to raw data
are needed, namely a, f5, y and d, which are known as correction parameters. Major advancement
in determination of correction parameters happened with introduction of Pulsed Interleaved
Excitation (PIE) scheme, but ever since, several correction procedures were proposed, with no
consensus in the community on the optimal approach. Moreover, neither of the approaches
gives clear guidelines on the selection of subpopulations necessary for determination of each
of four correction parameters. And while it has been recognized that the user bias in correction
procedures is significant, so far there were no attempts to alleviate this issue. Driven with this
challenge, and building upon the previous contributions in the community, we designed
protocol for data correction, with the smallest number of selection steps to minimize the extent

of user bias. For each of the correction steps provided are unambiguous instructions for
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population selection and filtering, and proposed are complementary measurements for
parameter cross-validation, although all necessary information can be obtained from the
measurement of the sample. Robustness of proposed protocol is assessed in a blind challenge.
Furthermore, we complemented data correction workflow with guidelines for setup alignment

and calibration.

1. Introduction

Vast number of experimental methods with different spatial and temporal resolution are
being employed to inform on structure and dynamics of biomacromolecules and their
complexes. Method of Forster Resonance Energy Transfer (FRET) stands out, as it can inform
on both the small- and large-scale conformational motions, conformational states and
corresponding kinetical schemes!. Alone or in integrative approach with data from other
sources, it was demonstrated that FRET measurements are able to tackle all levels of
biomolecular complexity, from folded proteins®, over multi-domain proteins’ to IDPs®’7. Main
observable in FRET experiment is energy transfer from donor to acceptor fluorophore, i.e.
FRET efficiency E, which informs about their spatial separation. There are different
experimental approaches to determine FRET efficiency, such as: (a) by measuring the fraction
of FRET sensitized acceptor fluorescence out of the total fluorescence of both donor and
acceptor (classical ratio method) (b) by measuring enhanced acceptor fluorescence, as the ratio
of FRET sensitized acceptor fluorescence and acceptor fluorescence due to direct acceptor
excitation ((ratio)a method) (¢) by measuring decrease in fluorescence quantum yield of donor,
i.e. via the ratio of donor fluorescence quantum yield in the presence and absence of the acceptor
((ratio)p method) (d) via decrease of donor fluorescence lifetime in the presence of acceptor (e)
via anisotropy change of donor and acceptor. Clegg® wrote a comprehensive overview on how
each of the methods should be handled, and in which scenarios, considering their strengths and
weaknesses. Out of the approaches listed here, classical ratio method is most commonly
employed. In this work, we focus on a confocal measurement modality where freely diffusing
molecules in solution are studied, and at single-molecule concentration (sSmFRET). Major
advancement in SmFRET studies has been made with introduction of Pulsed Interleaved
Excitation (PIE), where donor and acceptor excitation light are being interleaved on a
nanosecond timescale. By exciting donor and acceptor fluorophore at different points in time,
it is possible to separate donor and acceptor emitted photons, despite the difficulty of their

spectral overlap. For details on how a PIE microscope works, reader is referred to pioneering
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work of Miiller ef al’ and a review by Hendrix et al.'® Step forward was made when PIE was
combined with Multiparameter Fluorescence Detection (MFD).!! MFD measurement modality
allows simultaneous detection of several fluorescence parameters, which in turn minimizes data
interpretation ambiguity. Moreover, due to both temporal and spectral separation of detected
photons PIE-MFD measurement modality allows for double-labelled donor-acceptor species
(DA) to be separated from single-labelled donor-only (D-only, D0) and acceptor-only species
(A-only, A0), and furthermore using those sub-populations it is possible to determine four
levels of correction to measured fluorescence signals: (i) & — correction of FRET sensitized
acceptor signal for donor crosstalk (leakage) into acceptor emission channel (i) § — correction
of FRET sensitized acceptor signal for direct acceptor excitation with donor excitation laser
(iii) y — correction of donor signal upon donor excitation for distinct fluorescence quantum
yields of donor and acceptor, as well for different detection efficiencies of green or red detection
path for donor or acceptor fluorophore (iv) B — correction of acceptor signal upon acceptor
excitation for different excitation rate of acceptor and donor with their corresponding excitation
light. These four correction parameters, in addition to background correction, allow to convert
semiquantitative observables, i.e. apparent FRET efficiency and apparent stoichiometry, into
their fully-corrected (accurate) equivalents, making it possible for FRET to deliver structural
information with interdye distances accuracy of <5 A% 13

Recent international blind study, where 19 laboratories were asked to report accurate FRET
efficiencies on two proteins undergoing conformational change, has thought us a lot about the
objective performance of FRET experiments.'?> While on one hand this study was encouraging
in terms of observed precision, accuracy and sensitivity of FRET experiments, it also revealed
limitations, yet to be overcome. The study showed that the spread of reported accurate FRET
efficiencies was mainly caused by the error in data calibration, where predominant error
contributor was found to be detection efficiency correction parameter, y. These findings
indicated that the routines for data correction needed further improvement, and they triggered
a vivid debate in the community on proper procedures for data correction. However, despite
these observations, up to date there is no consensus in the community on the optimal correction
procedure. A generalized protocol is lacking and in-house procedures for estimation of
correction parameters and filtering of data are often not enclosed in the publications. Apart from
affecting the accuracy of smFRET measurements, error in data correction is limiting even
further our possibilities. With emerging use of graphical tools, such as FRET-lines'* !°| one
could go beyond resolving accurate FRET efficiencies, and obtain more information on the

dynamic systems, such as to identify limiting states and their connectivity map. However, for
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reliable interpretation of a system using graphical tools, it is of crucial importance to properly
determine correction parameters.

Historically, there are two most commonly referred correction procedures, but of rather
limited application, considering how detection efficiency parameter, y, is determined. In one
case, y is obtained from the linear regression of 1/("!S,,,) versus (“'E,,,), where (*'S,,,) and
("'E,pp) represent population means of double-labelled sub-populations.'® 7 Clearly, the
disadvantage is the necessity to have either multiple samples in calibration (i.e. minimum two),
or that a single sample shows distance-related £ broadening. Second, this approach requires
uniform acceptor properties for all samples (“homogeneous approximation”), i.e. this method
represents global y correction. Second historical reference for the smFRET data calibration is
given in Kudriavtstev et al.!' Two approaches are proposed there, with the first one requiring
minimum two samples to be used in the calibration, and where y is tuned till the donor-acceptor
sub-populations get the same stoichiometry distribution, since stoichiometry should be
independent of the FRET efficiency. In the second approach, calibration can be done on just
one sample, however, y is tuned till the donor-acceptor sub-population(s) fall on the static E —
T FRET-line. This method requires that the nature of the system is known, i.e. system must be
static, which limits the application versatility of the method. Additionally, requirement is the
use of static FRET-line. Defining accurate static FRET-line as a reference for calibration is far
from trivial if donor has multi-exponential lifetime decay. Good example is widely used Atto
550 dye, which has three distinct lifetimes originating from different isomeric states.
Furthermore, typically used standard deviation of ~6 A 31 for linker-induced broadening of
inter-dye distance distributions is determined in benchmark studies involving rigid DNA
molecules, and hence may not be accurate for more complex environments such as those in
proteins. To avoid the use of static FRET-line, possible workaround here is to decompose the
detection ratio, y, on two factors, with one being the ratio of donor and acceptor effective
quantum yields ®g,/Prp, and the second factor being the ratio of instrument detection

efficiency for acceptor and donor fluorophore, ggja/ggp- This way nature of the system does

not have to be known in advance. However, pitfall is that both terms require additional
measurements (spectra of dyes and optical components) and reference values (quantum yields),
which can result in significant error. Furthermore, neither of the aforementioned approaches
give clear guidelines on selecting donor-only (D-only, D0), acceptor-only (A-only, A0O) and
donor-acceptor (DA) sub-populations, which is the first step in determination of correction

parameters.
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Driven with all aforementioned challenges and debates in the community, in this work we
evaluated performance of multiple methods for determination of correction parameters, and
building upon the previous contributions in the community we designed a minimally user-
biased protocol (Figure 1). Our protocol comprises instructions on how to select sub-
populations necessary for determination of correction parameters (e.g. D-only, A-only and
double-labelled donor-acceptor population, DA) as well the instructions for their determination.
We further propose complementary measurements for cross-validation of obtained correction
parameters, although all necessary information can be obtained from the measurement of the
sample. Furthermore, we complemented data correction workflow with guidelines for setup
alignment and calibration. Robustness of protocol for determination of correction parameters is
tested in a blind challenge, and furthermore, their accuracy is assessed through the agreement
between derived and modelled inter-dye distances and by quantifying the displacement of DA
sub-populations from the static E — T FRET-line. Careful implementation of the here proposed
workflow should enhance the accuracy of FRET measurements and allow use of graphical tools

for the analysis of complex biomolecular systems.
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Step 1: Setup alignment Step 2: Setup calibration

{
; ‘
|3

©

-

Step 3: Sample calibration

Figure 1. Workflow diagram for MFD-PIE confocal setup alignment and setup/sample calibration. Steps
with dotted frame are typically not needed in day-to-day alignment/calibration.
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2. Theory

Nomenclature, definitions and E, S-correction procedure. In a dual-color PIE excitation
scheme, there are four micro-time data channels, that are defined by the excitation laser X (Y|X)
and detector Y where the photons are being registered (Y|X). Each of two detectors (green and
red) has two micro-time windows, defined with excitation light. Green micro-time detection
windows are: G|G and G|R. Similarly, red micro-time detection windows are: R|G and R|R.
When PIE is combined with MFD, additional polarization separation of photons is being
performed in each of the four micro-time windows, resulting in total of eight independent
detection channels. Fluorescence intensity in green detection channel after red excitation can
be ignored, i.e. iIG|R ~ 0, since the red laser normally does not excite the donor fluorophore.
Fluorescence intensities detected in other three micro-time channels, namely: donor

fluorescence intensity after green laser time-on, ‘Ig g, fluorescence intensity of acceptor upon
reen laser time-on, ‘I, and fluorescence intensity of acceptor upon red laser excitation, ‘I
g > IR|G> Y p p > IR|R>

constitute main parameters for determination of apparent FRET efficiency and stoichiometry:

iE _ iIR|G
app iIR|G + iIG|G (1)
i Iric *+ Yaic (2)
app

Iric + g + Urjr

As the first step toward accurate FRET efficiency, background intensities I\((lngG ), that originate

from scattered light, detector dark counts and sample impurities, are subtracted from raw

fluorescence intensities in each of the micro-time detection channels:

llIle = lly|x - I§|X) (3)

and background-corrected FRET observables iiEapp and iiSapp are calculated.

Background corrected fluorescence intensity of acceptor upon green laser time-on, ”IR|G, also
known as FRET sensitized acceptor emission, is in the next step corrected for donor crosstalk
(leakage) into acceptor emission channel after green laser time-on, given as correction
parameter a, and for direct acceptor excitation with donor excitation laser, given as correction

parameter o:
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Fric = “Iric — 'l — 6 Ijr 4)

Stoichiometry and FRET efficiency values can now be updated, using Fg, “Ig|g and “Ig:

Fric
g ==
app FR|G + uIG|G (5)

e _ Fric + "loic
PP Frig + Ygig + Mrr

(6)

Donor crosstalk is defined as the ratio of detection efficiency of red detection path for a donor

dye, grp, and detection efficiency of greed detection path for donor dye, gg p:

o = IR2 (7)
gdaGp

while direct acceptor excitation with donor excitation laser is defined via acceptor excitation
cross-sections for green and red-light source, g, and g g, and corresponding excitation light
irradiances, Lg and Lg:

52 2ac e (8)

OAR Lr
Furthermore, to account for different detection sensitivity of green detection channels for donor
dye, ggp, and red detection channels for acceptor dye, ggrja, and for different fluorescence
quantum yields of donor, ®gp, and acceptor, ®g 5, donor fluorescence intensity after donor

laser time-on is multiplied with y correction factor:

y = Pra gria 0
Prp Jap ©)
Feic = v'gie (10)

Lastly, to account for different excitation rates of donor and acceptor with their corresponding
excitation light source, fluorescence intensity of acceptor fluorescence upon red excitation is
divided with B correction parameter:
_ImRLr (11)
op|G Lg
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(12)

Frir = 7 "Irr
with o, g being the acceptor excitation cross-section for the red light, and op ¢ donor excitation
cross-section for the green light.

Finally, using fully corrected fluorescence intensities, as defined in egs. (4), (10) and (12),

accurate FRET efficiency and stoichiometry can be obtained:

F= 13
Fric + Fgi (13)

F F,
¢= riG T Faig (14)

~ Frie + Fo + Frpr

Detailed overview over symbols used in this work, as well their definitions are comprised in

Table 1.
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Table 1. Used symbols and their definitions.

‘ description

Variable eqs
Abbreviations
a) detection channel names
G|G intensity in green (donor) channel upon green
(donor) excitation
R|G intensity in red (acceptor) channel upon green
(donor) excitation
R|R intensity in red (acceptor) channel upon red
(acceptor) excitation
b) species names
A-only or A0 acceptor-only species
D-only or DO donor-only species
DA double-labelled donor-acceptor species
¢) other indices used
D or A donor or acceptor
BG background
i uncorrected (raw) quantity
il background corrected quantity
i background, crosstalk and direct excitation
corrected quantity
PIE-MFD quantities
a) correction parameters
4,7,29,
o = 9Rr|D leakage (crosstalk) of donor fluorescence into the | 30, 31
9ga|p acceptor detection channel
4,8, 32,
_ 9a6 Lg direct acceptor excitation by the donor excitation | 33, 34
op|r Lr laser
correction for distinct fluorescence quantum |9, 10,
Dpa IRiA yields of donor and acceptor, and different | 35, 38,
y = <D_ — detection efficiencies of green and red detection | 41
FD 96D channels for donor and acceptor fluorophore
correction for different excitation rates of | 11,12,
_%AR Lg acceptor and donor with their corresponding | 35, 37,
opiG Lo excitation light 41

b) Photon counts, signal count-rates and fluorescence intensities

Syix

uncorrected (raw) count rate in detection channel
Y after X excitation (X and Y can be G or R)
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background count rate

Ny|x uncorrected (raw) photon counts
N%))( background corrected photon counts
N® background, crosstalk, a, and direct excitation, J,
YIX corrected photon counts
i Iyx uncorrected (raw) fluorescence intensity
s . BG . .
“Iyx = Uy — I\((|x) background corrected fluorescence intensity 3
B B B background, crosstalk and direct excitation
Frig = "Irjc — a'lgig — 6"Ijr | corrected FRET-sensitized acceptor fluorescence 4
intensity
Fo = i detection efficiency corrected fluorescence 10
GIG = ¥ 7GIG intensity of donor upon donor laser time-on
) fluorescence intensity of acceptor upon acceptor
Frir = 5 "R laser time-on, corrected for different excitation 12
B rates of D and A
c¢) Burst-wise quantities
T burst duration
iE _ iIR|G
app lIR|G + LIG|G
fully uncorrected apparent FRET efficiency and 12
o _ Inig + Ugc stoichiometry, calculated from raw photon counts ’
PP g + Ugie t+ Urpr
i I
“Eapp = lii
Iyic + "gic
background corrected apparent FRET efficiency
e _ iiIR|G + iiIG|G and stoichiometry
WP o+ Gl + gy
iii Frig
Eapp = F, i : o
ric T “lglc background, crosstalk, a, and direct excitation, J,
- corrected apparent FRET efficiency and 5.6
g Fric + "lgic stoichiometry ’
PP Frig + Mg + Mgr
Frig
E = Fat Fo fully corrected (accurate) FRET efficiency and
RiG T TGlG stoichiometry, after correction for: background,
donor crosstalk, a, acceptor direct excitation, o, | 13, 14
Fric + Fgio P

S

~ Fig + Fo + Frpr

detection ratio, y, and ratio of excitation flux, f3

d) other variables used
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correction factor compensating for polarization

estimator function

G ce
VH/VY dependent sensitivity of the detectors 18,20
L1 correction factors for polarization mixing in
12 high-NA microscope objectives
excitation cross-sections of acceptor for green
OAlG» O .
AlG> TAIR and red light source 8
o excitation cross-section of donor for green light 1
pIG source
Lg, Lr irradiance of green and red excitation light 8, 11
At inter-photon time
Aty average inter-photon time
detection efficiency of a green (G) or red (R)
gcp> Ir|A detection path for donor, D, or acceptor, A, 9
fluorophore
Dpp, Ppa fluorescence quantum yield of donor and acceptor 9
ALEX-2CDE ALEX two-channel kernel-based density
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3. Protocol

This protocol starts with steps for setup alignment and calibration (step 1-2), followed by the
steps for determination of sample-related correction parameters (step 3). Diagram comprising
all the recommended steps for setup alignment and calibration, as well for data correction is

given in Figure 1Error! Reference source not found..

3.1. Confocal PIE-MFD setup optimization and calibration

3.1.1. Step 1: Setup alignment

Setup alignment instructions are tailored to the typical architecture of the PIE-MFD confocal
workstation as previously described.!? For detailed description of optical design of our setup

see Supplemental Note 1.

Caution: Users should familiarize themselves beforehand with laser safety, to avoid injuries

due to the exposure to open laser radiation during the setup alignment.

Step 1.1: Setup thermalization. Prior to any setup alignment or measurements, one should
allow for thermal stabilization of the setup. Ideally, the microscope is placed in a temperature-
controlled room. The entire setup should be thermally stabilized for at least 30 minutes up to
two hours before usage, to avoid drift of the optical components during the experiment.
Importantly, the laser source should be allowed to stabilize to avoid slow fluctuations of the
incident laser power.

Step 1.2: Laser power. As the next step, one should set the desired laser power. After the setup
is optimized, laser power is finely tuned again prior to measurements. Commonly, the aim is to
have as much signal as possible, however, one has to make a compromise such that dye
photobleaching and photoblinking are avoided. However, if high laser powers are required, one
could reduce dye photo-damage by using chemical photo-stabilizers, such as Trolox. In any
case, high laser powers that produce count rates of more than 200 kHz should be avoided, as
detector saturation occurs in this range for APD detectors due to detector dead times of typically
~50-100 ns. After setting up the laser power, its stability should be assured. Occasionally,
stability of the laser power should be done over extended periods of the time. In day-to-day

work, multiple power checks during the day are commonly sufficient.

297



Step 1.3a: Laser beam alignment. To align the laser beam arising from a fiber, we recommend
mounting a crosshair on the microscope, and adjust the laser output coupler in the lateral (x-y)
plane using micrometer screws, until equal illumination of all four crosshair arms is observed
in image on the ceiling. Any adjustment of the coupler position in the axial (z) direction requires
re-alignment in lateral plane. Furthermore, any adjustment of the excitation path requires a
careful realignment of the detection path. Generally, this step is not needed in day-to-day
alignment if the laser output coupler is stably mounted.

Step 1.3b: Size of confocal volume. The size of the observation volume can be controlled by
tuning the diameter of the laser beam at the back aperture of the objective. Shape of this
dependence has been given in the work of Enderlein et al. *° By underfilling back aperture of
the objective (i.e. radius of back aperture is larger than the radius of laser beam), observation
volume increases. Then, observation volume, also called point spread function (PSF), can be
approximated by three-dimensional Gaussian function.?!* > Although for intensity-based
approaches shape of PSF is of no importance, this plays a large role for formal description of
molecular diffusion for a range of correlation spectroscopy methods, as it will be shown later.
Furthermore, bigger observation volume means longer burst duration, which allows slow
processes to be studied. However, for underfilled objective, size of observation volume is more
sensitive to the changes in laser diameter, causing such experiments harder to be reproduced.?
On the other hand, smaller observation volume generally provides higher count rates at equal
laser power due to higher irradiances, yielding a higher signal to noise ratio (SNR) and allows
to study fast processes.'*> However, smaller observation volumes are also more non-Gaussian.?!
Therefore, choice of observation volume size has to be a trade-off between a high SNR and
validity of a Gaussian function assumption. There are several ways to determine the size of
confocal volume, and here we focus on approaches that rely on FCS. One way to determine the
size of observation volume is via the fit of FCS curve of a free dye with known translational
diffusion coefficient (e.g. Rhodamine 110, Diyapns = 4.4-10° cm?/s at T= 22.5 °C?). Given that
dye diffusion is the only source of the fluorescence intensity fluctuation, and that the
observation volume can be approximated by a three-dimensional Gaussian function, the

following fit model can be applied to the data®*

1 1
G(tc) =1 +NGtrans(tc) =1 +N. 14+ tc ' (15)
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with the fit parameters being as follows: t.- correlation lag time, N - average number of
molecules in the detection volume obtained as 1/G (t. = 0), tirans — translational diffusion
time of a molecule, z, and w, - axial and lateral 1/e? radii of the detection volume. From the

relationship between known translational diffusion coefficient, Dy,,ns, and fitted translational
diffusion time, t;.,,s, ONE can estimate the lateral radius wy = /4 Diranstirans-

Next, axial radius z, is obtained from the fitted ratio Z—O and previously calculated value of w.
0

Finally, size of observation volume is obtained according to the:

V =n3?z 0wk (16)

With the approach described above we found in our measurements size of observation volume
to be ~6 fL, corresponding to lateral and axial radii of wy~ 0.6 um and z,~ 3.7 um, and diffusion
time of Rhodamine 110 of t;,4,5 ~ 0.170 ms.

Another approach to estimate the size of detection volume is by measuring FCS curves for a
concentration series of a free dye. By plotting the estimated number of molecules in detection
volume, N, versus the sample concentration, ¢, size of observation volume can be determined
from the slope of approximately linear dependence N = VN, c.

At lower sample concentrations, dependence deviates from a linear one, due to the prominent
contribution of uncorrelated background signal, which lowers the correlation amplitude.
Although this approach does not require any assumption to be made in regard to the shape of
PSF, a wide range of sample concentrations has to be measured and tedious correction for
background contribution at lower concentrations has to be performed.

Step 1.4: Detection pinhole. Next, pinhole size should be selected. Optimal pinhole size should
correspond to one Airy Unit (1 AU), which represents the diameter of the Airy disk. Airy disk
is the inner circle of so called “Airy pattern”, which is obtained as a consequence of light
diffraction at the objective aperture. Airy disk contains approximately 84% of diffracted light,
and remaining light is distributed across concentric circles. The more the pinhole exceeds the
diameter of Airy disk, more out-of-focus light is transmitted. Optimal size of pinhole, equal to
1 AU, is a function of objective magnification, M, numerical aperture, NA, and wavelength of

transmitted light:
1.22-1
d= .

N (17)

However, due to aberrations and underfilling of the back aperture of the objective, diameter of

Airy disk is usually underestimated.
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Alternatively, one can vary pinhole size till the maximum dye brightness is obtained, or
specifically maximum cpm (counts per molecule (per time). Dye brightness, or cpm, is simply
determined by dividing the average count rate with the number of molecules in the detection
volume. For this, one constructs FCS curve from a nM measurement of a known dye (e.g.
Rhodamine 110). Besides obtaining maximum cpm, approximation of 3D-Gaussian shaped
detection volume should be satisfied, as measured by the fit quality of FCS curve. For our setup
with 60x/1.2 NA objective and dual edge dichroic beamsplitter FF500/646-Di01, we found
rather a large pinhole of 100 um to be suitable. Besides selecting pinhole size, its position
should be optimized. Pinhole should be positioned at the focal plane of the tube lens. Using
micrometer screws, optimization of its position in lateral (x-y) plane is commonly sufficient in
day-to-day setup alignment.

Step 1.5: Detectors alignment. For alignment of each of detectors one can measure nM water
solution of dye emitting in a given detection channel. For instance, Rhodamine 110 for green
channels, and Rhodamine 101 for red channels. APD positions are then optimized using
micrometer screws, such that maximum cpm is obtained.

Step 1.6: Objective correction collar. To correct for the thickness of the cover glass, most
water-immersion objectives are equipped with a correction collar, that allows the adjustment of
the central lens group position to coincide with the glass thickness. Objective correction collar
position should correspond to the manufacturer information on the glass thickness. For instance,
if one uses #1.5 cover glass, correction collar should be set to the position 0.17 mm. However,
thickness of a cover glass usually varies few percent compared to the value reported by
manufacturer. Enderlein et al*® have shown that deviation in cover-slide thickness mainly
affects axial radius (i.e. elongation of focal volume) and that absolute deviation of 10 um in
glass thickness can cause an increase in focal volume by approximately a factor of 2. Therefore,
to avoid deformation of focal volume due to variation in cover glass thickness, it is
recommended to optimize the position of correction collar before the experiments such that the

cpm 1s maximized.
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3.1.2. Step 2: Setup calibration

Step 2.1: Instrument Response Function. Fluorescence intensity decay of a sample of interest
is analyzed in convolution with Instrument Response Function (IRF), which represents
response of the instrument to zero lifetime sample. MilliQ water normally satisfies the purity
requirement for this purpose. Depending on the age of the filter, MilliQ water can be
contaminated by fluorescent background (seen as an exponential tail in the TCSPC histogram),
in which case pure water can also be purchased from suppliers. It is also possible to measure
the IRF using fluorescent dyes with a short lifetime (< 50 ps), such as azo dye Allura Red AC
(CAS: 25956-17-6) with fluorescence lifetime of ~10 ps, or by measuring any dye in a highly
concentrated potassium-iodide solution which lowers the lifetime of dye by collisional
quenching 2. This has the benefit that the IRF is measured using a dye with identical spectral
signature as in the sample of interest. However, small but finite lifetimes of the reference sample
can affect the extracted lifetimes, especially in the sub-nanosecond regime.

Step 2.2: G-factor for polarization. For each of the detection channels one should determine

G-factor for polarization, Gyy vy, a parameter that quantifies polarization dependent sensitivity

of the detectors, defined as the ratio of horizontally and vertically polarized light. For each of
the channels, nM measurement of a dye emitting in given channel should be performed. For
macro-times t; of at least five times the dye rotational correlation time p, any observed

polarization must be due to Gyyyy # 1. Thus, to obtain the Gyy,yy, polarization resolved

fluorescence decays, Fyy and Fyy, are integrated over t; » p TCSPC channels?®:

t
2ip Fyn(t)

— (18)
Zii;p Fyy(t;)

Gvu JVV =
Another approach to determine Gyy vy factor is to fit the uncorrected time-resolved anisotropy

decay of a free dye, with a mono-exponential decay:

r(t) = (ry — 10) €Xp (—%) + 7% (19)

If Fyy and Fyy were to be the same, anisotropy would be zero. However, if the anisotropy

decay appears with the offset, it is due to the polarization sensitivity of the detectors, and Gyy vy

factor can then be directly determined from the offset of anisotropy decay '!:
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1—1,

—_— 20
14 2r, (20)

Gynyyv =
Step 2.3: Correction for polarization mixing. Mixing of the polarization, of both incident and
emitted light, happens due to the light refraction on the high NA objective lenses. To correct
for this effect in the calculation of anisotropy, introduced are correction factors l; and I,. %’ For
their determination used is a sample with slow rotational correlation time, and of simple and
known characteristics. Good example is mutant of GFP protein, known as eYFP (enhanced
Yellow Fluorescence Protein) with mono-exponential lifetime decay, with fluorescence
lifetime of T = 3.2 ns, fundamental anisotropy of 1, = 0.39 and rotational correlation time of
p=16 ns 2. nM solution of eYFP in the TRIS buffer (pH=8.5) is prepared and polarization
resolved signals are recorded of both the sample and buffer. In the next step one performs a
global fit of parallel and perpendicular decays with fixed p = 16 ns, and [, and [, being the fit
parameters. In addition, if fluorescence lifetime is previously fitted from a magic angle decay,
it can be as well fixed in a global fit, to reduce the number of free fit parameters. Normally, [;
and [, parameters are determined once for a given objective and size of observation volume,
and not in day-to-day calibration.
Step 2.4: Lifetime and anisotropy of a known dye. Perform a pM water solution measurement
of a known dye with single exponential decay (e.g. Rhodamine 110). Use scatter-corrected
steady-state anisotropy and fitted lifetime as final control of well performed setup optimization
and calibration.
Step 2.5: Regularized optimization of instrument detection efficiency profile, g(@®,
Detection efficiency of a setup is determined by the shape functions g%(1) and gR(1), which
represent spectral response of green and red detection path. Shape function g©(1) and gR(1)
are a product of spectral response of each of the setup components: microscope objective,
dichroic beamsplitter, longpass filter, bandpass filters and detectors (see Figure 2a). Spectral
response of filters is usually known with more certainty, as these can be easily determined in
the house using conventional absorption spectrometer. On the other hand, up-to-date spectral
response of detectors is harder to obtain, and variation between modules or a change in their
performance due to the detector ageing is often an issue. Furthermore, spectral response of some
components, such as dichroic beamsplitter, is affected by setup misalignment, due to its angle-

dependency.
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Therefore, as the final control of well-performing and aligned setup, we propose optimization
approach that provides a g(@® — profile using a series of dyes measured free in solution,
emitting in both detection channels, G and R. From the optimized g(®® profile, one can
identify if and which detection channel under-performs and at which spectral part. Full
mathematical formalism underlying optimization of g(®® profile is given in Supplemental
Note 3. In a nutshell, for each of the j dyes determined is the ratio of background-corrected

measured intensities in green and red detection channels:

="m 21)

where observed intensity f].(A) of a given detection window A = {G, R} is the result of the

product of instrument spectral response g™ (1) and fluorescence emission spectrum of a dye,

Pj(/l)i

£ = fos f g® Wp;(Dda 22)
A

with f, ; being total radiative intensity of a dye.

Ideally, ratios predicted using fluorescence emission spectra and g» profile, & j.predicted>
should be equal to measured ratios ¢; measured- As both spectra and emission intensities are
measured with some accuracy, we perform minimization of difference between predicted and
measured ratios §;, by optimizing the instrument spectral response, g™ Arising ambiguity of
the optimized solution can be circumvented by requiring certain properties of the solution, such
that only positive values of g(®R®)(1) are allowed, and that no sharp changes are allowed,

besides at its edges. Smoothness regularized optimization of g(@®)(2) is formulated as

min(g@RT (i SGR) + pGRTpGR)) 5(GR))

23
subject to 1g(GR) >0 @3)

where u is regularization term, penalizing sharp changes of the solution other than at its edges.
S(GR) 5 a “smoothness” block matrix that is based on the central-difference differentiation

operator of first order and P(¢®) is 1x2 block matrix P(¢®) = (P©®, — 5 pR)) with j rows.
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P® contains in each of the j rows normalized dye fluorescence emission spectrum with sum
in rows being equal to one, and Z is diagonal matrix with measured ¢; measureq ratios along the
diagonal.

In Supplemental Table S3 given is a set of 13 dyes, that are a good example of dyes
emitting in both detection channels. Their corresponsind fluorescence emission spectra are
given in Supplemental Figure S1. Dyes with very low ratios, i.e. §; measureda ~ 0, are not
recommended, as those will not contribute to the solution. In Figure 2 illustrated is the approach
of regularized optimization of instrument detection profile g(®®). We have found the approach
to be more successful if input are not fluorescence emission spectra p;(4), but rather
fluorescence emission spectra multiplied with transmission spectra of all optical components
(objective, dichroic beamsplitter, longpass filter, bandpass filters and detectors), i.e.
gY)p;(A). In that case, optimized g{®® solution is not the detection profile, but the
correction to it. In Supplemental Table S4 we compile measured, predicted and optimized
intensity ratios §;. We show that approach of regularized optimization of g@R profile on
average improves agreement with measured intensity ratios for a given set of dyes
(Supplemental Figure S2). Obtained g(®® profile in our case is given as top stack in Figure
2¢. Chosen g(©R) solution corresponds to z = 0.9 value, selected such that it satisfies two
criteria: (7) has the smallest sum over all dyes of squared deviations of the eq. S13 from zero
(see Supplemental Note 3), and (ii) is smooth within each of A windows. Larger value of
correction in the right edge of G window, obtained in the case of our setup, we attribute to
underestimated detection profile of detectors, as these are associated with highest uncertainty.
We identify this approach as very practical way of evaluating setup performance, i.e. identifying
potential degradation of optical components, setup misalignment and sub-optimal probe

detection.
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Figure 2. Smoothness regularized optimization of instrument detection efficiency profile g(®® using a set
of dyes measured free in solution. (a) Transmission spectra of optical components in our MFD confocal setup
(b) Fluorescence emission spectra of a set of dyes measured free in solution, p(L), as well the observed emission
intensities, f{)\), after multiplication with instrument detection profile, g(©®_ (¢) Illustration of input and output
data for the determination of instrument detection profile, g(®®). Optimized g(®®) solution satisfies measured
intensity ratios &; of a set of j dyes, is positive and regularized via parameter u, which penalizes its sharp changes
within a given spectral window A = {G, R} except at its edges. For that, “smoothness” operator S is applied to
the detection profile, and solution with minimum derivative is taken.
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3.2. Step 3: Sample calibration

For the evaluation of the protocol we used a set of double-stranded DNA molecules, with
varying base-pair separation between donor and acceptor. In total, we designed three dsDNA
molecules, with high- (HF), medium- (MF) and low-FRET efficiency (LF), covering range of
FRET efficiencies from ~0.1 to ~0.5. As robustness of smFRET measurements depends on the
fluorophore choice,'® we critically assessed our protocol on samples with different dye-pair
combinations. As donor we used bright and photostable blue emitting rhodamine dye Alexa
Fluor 488 (here referred to as AF488)*, and as acceptor we used far-red dyes, i.e. carbopyronine
dye Atto647N, and cyanine dyes Alexa Fluor 647 (here referred to as AF647) and Cy5. Features
of Atto647N are long fluorescence lifetime (t(H20) = 3.71 ns), big fluorescence quantum yield
(®g(H20) = 0.64) and increased hydrophobicity.*® On the other hand, cyanine dyes AF647 and
Cy5 have shorter fluorescence lifetime (t(H20) = 1.02 ns, ©(H20) = 0.99 ns), lower fluorescence
quantum yield (®p(H20) = 0.34, ®(H20) = 0.29), and are associated with cis-trans
isomerization induced blinking.**3? For extensive overview of photophysical features of used
dyes reader is referred to work of Vandenberk et al.’* Not only do these dyes display diverse
photophysical features, but they are also widely used in smFRET studies. In all three samples
(HF, MF and LF), position of acceptor is fixed, which allows homogeneous approximation and
global y correction. For further details on samples, including sequence, labelling positions and
labelling chemistry, see Supplemental Note 2 and Supplemental Table S1.

Procedure for determination of correction parameters is illustrated on the example of dSDNA
molecules labelled with AF488-Atto647N, and the full overview of all experiment- and data

processing-specific metadata of all dye combinations is collected in Supplemental Table S2.
Step 3.1: Presence of multi-molecule events

First step in data correction procedure is to ensure that samples are measured at sufficiently
low concentration, such that each burst of photons is generated by a single molecule passing
through confocal volume.** As previously described®> 3¢, probability to find # molecules in the

detection volume follows a Poisson distribution:

n

N,
B, (Nav) = % e Nav (24)

and is function of the sample concentration with the average number of molecules in detection

volume, N,,. If more than one molecule diffuses through the detection volume, and are
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separated less than the mean transit time, they will produce a single unresolved fluorescence

burst. The multi-molecule probability can then be calculated as:

Pmulti—molecule = Pn>1(Nav) =1- Pn:O(Nav) - Pn:l(Nav)
(25)
=1—eMNav(N,, + 1)

To obtain the fraction of multi-molecule events in the histogram, multi-molecule probability

P,~1(N,,) has to be normalized with the burst probability, P,~o(N,y):

F _ Pps1(Nay) _ Nave_Nav (26)
multi—molecule — m - 4 m

For burst rate of 1 burst/s (including all species, i.e. D-only, A-only, DA and BG), and confocal
volume with 1 ms burst duration, N,, = 0.001, which yields fraction of multi-molecule events
of 0.05%. Similarly, for burst rate of 10 bursts/s, N, = 0.01 and multi-molecule fraction is
0.5%. On the other hand, significant value of 5% is reached at the burst rate of 100 bursts/s.

Therefore, we recommend measurements to be performed with burst-rate of up to 10 bursts/s.
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Step 3.2: Determination of buffer background count rate

Single-molecules in a focus emit fluorescence photons with high count rate, i.e. short inter-
photon times. However, in any real system single-molecule photons are interfered with
unwanted background signal. Background photons can have various origins, such as sample
impurities, scattering at the excitation wavelength and dark counts of detectors. Photons of such
origin are with low count rate, and subsequently with longer inter-photon times. Therefore, all
recorded photons can be divided in two categories according to inter-photon times. Proper
estimation of pure background count rate is essential for all further calibration steps, and is
based on the aforementioned fact that we can distinguish background and single-molecule
photons based on inter-photon times, At. We give an overview over two ways to determine the
background count-rate, both of which perform well and provide consistent results. Two
approached are illustrated in Figure 3. Lastly, these two approaches are more favorable
compared to simple determination of mean background count-rate, where discrimination of

pure background signal from potential fluorescence impurities is not possible.

a) Tail fit of inter-photon time histogram 3’

Straight tail of semi-log inter-photon time distribution can be fitted with single exponential
function (Figure 3a), which indicates that these photons obey to Poisson distribution, and
represent background:

P(At) = Nyexp(—SEBDAL) (27)

At the short inter-photon times, data deviates from exponential function, which is due to high
count rate processes (i.e. fluorescence bursts of single-molecules).

In this approach one defines a threshold after which the distribution can be explained with
mono-exponential function. Using non-linear least-squares curve fitting, or Maximum
Likelihood Estimator (MLE), one finally obtains background count rate, S, as the inverse

of exponential time constant.

308



b) Distribution fit of the average inter-photon time At,, 3¢

To better discriminate background from fluorescence signal, one can smooth the trace of
the inter-photon times, by calculating average inter-photon time At,,, over n subsequent inter-
photon times, At,,(n) = 1/n )" At;. Distribution of average inter-photon times is fitted with

gamma distribution (Figure 3b):

(nS(BG))n
(n—1)!

At" texp(—nAtSB9) (28)

P(Atyy,n) =
It is recommended to use 5-10 subsequent photons for the estimation of the average inter-photon
time. Higher photon numbers lead to data over-smoothing, and wrong estimation of the

background count rate.
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Figure 3. Step 3.2: Background estimation based on inter-photon times. (a) Tail fit of inter-photon times
using single-exponential function for each micro-time detection window (G|G, R|G, R|R) according to eq. (27)
(b) Fit of average inter-photon time distribution using gamma distribution, I', for each micro-time detection
window (see eq. (28)).
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Step 3.3: Donor crosstalk

After the background determination for each of the detection channels, next step needed
for accurate £ and S determination is correction for the leakage (crosstalk) of donor emission
into acceptor detection channel. The absence of donor crosstalk correction falsely increases the
intensity in acceptor emission channel, Fgi;, and subsequently larger FRET efficiency is
measured than expected. As shown previously %1738 the error of measured E due to donor
crosstalk increases towards low- E species. They show that while error is negligible for high- £
species, in the range of intermediate FRET efficiencies, where most measurements are
performed, error is already significant. Finally, for low- E species, E error goes up to 50%,
implying that careful crosstalk evaluation is essential for accurate £- determination.

For robust crosstalk determination, recommended is to perform a cut of D-only (DO0) species

from a 2D histogram of fully uncorrected apparent FRET efficiency, ‘E. versus fully

app»

uncorrected apparent stoichiometry, 'S, ,,, with 'S, > 0.95, while along ‘E,,, axis selection

app»
should be made in amount ~+0.015, symmetrically around the center of the population (Figure
4a). Subsequently, for such selected D-only sub-population, historically it was proposed to

ii E(DO

app) values and fit with a single or a mixture of

histogram the background corrected

Gaussian functions to determine the mean value. '' Next, using the fitted mean value of the

distribution, crosstalk can be calculated as follows:

ii 7 (DO)
("Eapp ) (29)

1— (iiE§38)>

a =

However, since such approach is user-biased when identifying the mean of the D-only sub-
population, here we advocate to instead perform linear bisquare robust regression of
background corrected photon counts (Figure 4b) following the relation:

BG BG
Nrig — Spig T = a(Ngjg — S§i6 1) (30)

We highly advocate for the use of robust regression’”, as it is less prone to the effect of outliers
compared to ordinary least squares. Robust regression optimizes the weights of each data point
through iteratively reweighted least-squares method, and is less sensitive to extreme outliers in

data. Here we chose bisquare function for weight calculation, and tune constant of K = 4.685.
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Validation of fitted o value can be performed by monitoring if D-only sub-population is

positioned at ii*Eégg)Z 0 and "i*S;gg) =1 (Figure 4c¢). Here, asterix in superscript denotes that

besides for background, apparent FRET efficiency and stoichiometry are also corrected for

donor crosstalk.
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Figure 4. Step 3.3: Determination of donor crosstalk into acceptor emission channel. (a) Selection of donor-
only sub-population in 'S, — "Eapp 2D histogram (red rectangle). Only stoichiometry values of 'Sy, > 0.95

should be selected, while on iEapp axis the selection is made +£0.015 symmetrically around the center od D-only
population. (b) Robust linear regression on background corrected photon counts ngllé =f (Néll();), where the
proportionality constant corresponds to donor crosstalk, a (see eq. (30)). (¢) Cross-validation of the obtained
crosstalk value, by monitoring the position of D-only sub-population after BG and o correction. Ideally, D-only

species should be at ""*Eégg) =0 and ”*Ségg) =1.

Control measurement. Furthermore, possible is to cross-validate obtained value from a
separate nM measurement of D-only sample. Measurement of a free dye is not recommended
due to the spectral shift occurring after coupling dye to biomolecule. From the background

corrected mean count rates in detection channels G|G and R|G, one can calculate crosstalk as

follows:
(BG)
_ SrIG ~ SRiG (31)
a= (BG)
Salc — SG|G
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Step 3.4: Direct excitation

Besides for donor crosstalk, fluorescence intensity of FRET sensitized acceptor emission,
Fri, needs to be corrected for direct acceptor excitation by the donor excitation laser. The
absence of this correction, leads to overestimation of measured FRET efficiency. !> 17 38
demonstrated, that as in the case of donor crosstalk, direct excitation has increasing effect
towards low-£ species. That being so, accurate distance measurements are only possible with
meticulous determination of both the crosstalk and direct excitation.

As for crosstalk, determination of direct excitation is as well possible from the single-
molecule measurement of the system of interest, using acceptor-only (A-only, A0O) sub-

population, selected using a 2D histogram of fully uncorrected apparent FRET efficiency and

Eapp- 'S

stoichiometry, 'S, pp- threshold should be set symmetrically around the center of

pp ~ app

A-only sub-population, while for E app We recommend selecting higher FRET efficiencies
(iEapp > 0.5), given that these are associated with direct excitation of the acceptor (Figure 5a).
Lower iEapp values are hard to disentangle from species that have unstable emission, and which

manifest as tailing between A-only and DA species. Following the selection of acceptor-only

sub-population, similar as for donor crosstalk, historically it was recommended to histogram

background corrected apparent stoichiometry values, ”Ségg) and fit that distribution with a

Gaussian fit model. From obtained mean value, one calculates direct acceptor excitation as
follows !

5 (iiség\g))

1— <ii5§§g)>

(32)

However, to avoid user bias associated with this approach, we suggest to instead perform robust

linear regression between background corrected photon counts N}gllr){ and N}gll()} (Figure 5b):

BG BG

Such determined direct excitation parameter, locates the acceptor-only sub-population at the

tiig () = 0 and “ELY = 0...1 (Figure S¢).

Control measurement. To avoid acceptor photobleaching, one commonly performs sm-PIE
measurements with lower power of acceptor excitation laser, which on the other hand leaves us

with smaller number of bursts in A-only population. This makes direct excitation determination
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less robust compared to crosstalk determination. For that reason, in such circumstances, we
speak for additional controls of fitted direct excitation parameter. Highly robust control would
be to perform nM measurement of A-only sample. Use of free dye measurement should be
avoided, since free dye can have a spectral shift compared to dye coupled to a biomolecule.
From the background corrected mean count-rates in detection channels R|G and R|R, one can

calculate direct excitation as follows:

(BG)

Srig — S
5 = RIS T ORIG_ (34)
S _ S(BG)
R|R R|R
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Figure 5. Step 3.4: Determination of acceptor direct excitation with donor excitation laser. (a) Selection of
acceptor-only sub-population in iSapp — iEapp 2D histogram (red rectangle). Recommended is to select iEapp >
0.5 to avoid bleached and blinking acceptor species that smear between DA and A-only sub-populations. iSapp
selection is made symmetrically around the center of the population. (b) Robust linear regression on background
corrected photon counts Néllg, =f (Nélll)l), where the proportionality constant corresponds to direct acceptor
excitation, 6 (see eq. (33)). (¢) Cross-validation of the obtained 6 value, by monitoring the position of A-only sub-

population in ii"S;‘sg) 1D histogram. Ideally, A-only species should be at ”iS;‘Sg)= 0.
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Step 3.5: Selection of DA sub-population via “ALEX-2CDE” filter

Detection efficiency y and excitation ratio B are determined using DA species. Since
photobleaching and photoblinking result in brightness fluctuations of the donor and/or acceptor
fluorophore, it is essential to filter out these events, such that only those DA molecules that
have stable emission of both fluorophores are used for y and B determination. Selecting DA
sub-population via stoichiometry cut is not the proper way to deal with this, because bleaching
and blinking events manifest themselves as strong tailing between double-labelled, DA, and A-
only and/or D-only sub-populations, causing the DA species of interest to be concealed.

It was found that bursts containing photobleached acceptor species can be removed by
analyzing macroscopic photon arrival times.!!-*° With stable acceptor emission, burst-averaged
macroscopic photon arrival time in acceptor detection channel after donor excitation, Trig, 1s
equal to burst-averaged macroscopic photon arrival time in donor detection channel after donor
excitation, Tgg, 1.e. Tgic -Tric = 0. However, in the presence of acceptor photobleaching within
a burst, Tric gets lower than Tgi. This is the key feature for filtering out bursts with unstable
acceptor emission based on average macro arrival times of photons. However, in this approach,
it is very difficult to distinguish photobleaching from slow conformational dynamics.
Therefore, by filtering bursts according to TgiG -Tric difference, we potentially eliminate very
valuable bursts containing information on slow conformational dynamics. To overcome this
drawback, it was proposed to instead monitor the difference between burst-averaged
macroscopic arrival time of photons detected in acceptor detection channel after acceptor
excitation, Trr, which are independent of FRET, and burst-averaged macroscopic photon
arrival time of all photons after donor excitation, Txc. However, since background photons can
be wrongly assigned to a burst at its edges, this approach suffers from using a simple average
over macro arrival times of photons as it does not consider local count rate around each of the
photons.

Convenient way to remove DA species with brightness fluctuations, as well single-labelled
species, while maintaining enough bursts in the DA sub-population, is to apply ALEX 2-
Channel kernel-based Density Estimator function, “ALEX-2CDE” (Figure 6), developed by
Tomov et al*'. The essence of this approach is in estimation of local density of photons around
each of detected photons. Local density of photons is obtained using kernel density estimate of
exponential kind, which is expressed in terms of photon arrival times. For density estimation,
considered are only photon arrival times of those photons that arrive within 5 X tw before and

5 X tw after each central photon. Time-window, fw, used for estimation of local photon density
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should be smaller than burst duration, but longer than inter-photon time. Considering those
factors and also in terms of CPU time, we found the optimal choice of time-window to be 100
us. For the fixed brightness of donor and acceptor, ALEX-2CDE filter converges to the value
of 0. On the other hand, for fluctuating brightness of donor and/or acceptor, ALEX-2CDE > 0.
After application of the ALEX-2CDE filter, no further “/E,,,, or S, cuts should be applied

to double labelled, DA, sub-population.
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Figure 6. Step 3.5: Selection of DA population using ALEX-2CDE filter. (a) Selection of double-labelled
population used for y and B determination is made in 2D histogram of ALEX-2CDE filter values against 'S, .

Selection is made such to remove single labelled species, A-only and D-only, as well species with non-stable
emission that smear between A-only/D-only and DA species. Here ALEX-2CDE < 15 (horizontal black line). (b)
Visualization of obtained DA population after applying ALEX-2CDE filter.
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Step 3.6: Determination of y and P correction factors

a) (M-1) Non-linear regression of burst-wise 'S, versus "' Eqy,,

and “E

In this method for y and B determination, the underlying relation between “.S app

app

is as follows:

iiisapp =1+yp+(1- V)ﬁiiiEapp)_l (35)

Due to the large spread of 1/ iiiSapp burst-wise values, instead of fitting the inverse of iiiSapp

versus "'Ey,,, we perform direct non-linear regression of burst-wise values of "'S,,, versus

iiiEapp. Such fit is performed on DA populations of multiple samples with different FRET
efficiencies (Figure 7a), or on a single sample that shows sufficient broadening of iiiEapp.

However, if acceptor properties are not uniform across the samples, then the homogeneous
approximation does not apply. In that case, regression is performed either on the subset of DA
populations, or local y correction is applied. For the entire goodness-of-fit landscape see
Supplemental Note 4, where two aforementioned scenarios are examined: global and local y
correction. Since the benchmark samples are DNA rulers with labelling stoichiometry D:A=1:1,
and which are considered to be static, we do cross-validation of obtained y and 3 parameters by
monitoring if after the correction all DA populations lie on the S = 0.5 line and static E-t FRET-

line (Figure 7b-c).
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Figure 7. Step 3.6: v and B determination via non-linear regression of burst-wise values of iiiSapp versus
WE »p (M-1). (a) Non-linear regression on burst-wise values of S, ,, versus "E,,. (b) Control of obtained y
and P parameters, by monitoring whether the DA populations are centered at S = 0.5. (¢) Control of obtained y and
B parameters, by monitoring the position of DA populations relative to the static FRET-line. For stiff molecule
such as DNA, no shift from static FRET-line is expected, provided photophysical stability of fluorophores and the
absence of position-specific dye-protein sticking interactions. For the derivation of static FRET-line and used
parameters, see Supplemental Note 5 and Supplemental Table S5.
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b) (M-2) Linear regression between 1/{"S,,,,,) and (""E,,) of population means

As an alternative to performing non-linear regression of 'S, versus "'E,y,, one could

app»
directly perform linear regression between 1/ (i”Sapp) and (iiiEapp), where (i”Sapp) and

("'E,pp) are the means of the DA sub-populations '7 (Figure 8a)

1/(iii5app) =a+ b<iiiEapp> (36)

Correction factors y and f are then obtained from the intercept, @, and the slope, b, of the linear
fit (Figure 8b)
p=a+b—-1 (37)

y=(a—-1/(a+b—-1) (38)

If the population means do not follow straight line, this is indication that homogeneous
approximation does not hold, and if possible, regression should be applied on a subset of species
(minimum two). Otherwise, method is not applicable. While on one hand this method has
advantage of not being sensitive to shoulders in the distributions, as is the case when fitting
burst-wise values of iiiSapp versus ‘WE app- there is a user bias while performing Gaussian fit to
the subpopulations, and when assigning the main population. Furthermore, it was previously
shown that the uncertainty in such determined y parameter is the function of inverse difference
between the population mean estimates, but this only makes notable effect at extreme values of
y and B, i.e. < 0.1 and >3."3 For intermediate values of y and 8, where most measurement are
performed, FRET efficiency contrast between species does not play a major role, as it was
experimentally observed in earlier study.*?

Analogously to previous method, cross-validation of obtained y and B parameters is performed
by monitoring if after the correction all DA populations lie on the S = 0.5 line and static E-t

FRET-line (Figure 8c-d).
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Figure 8. Step 3.6: y and P determination via linear regression on population means (M-2). (a) 1D
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¢) (M-3) Linear regression on photon counts, N}glli)2 =f (Néllg, N}gfg)

Instead of using ratiometric quantities S,p,, and E,,,, one can directly use underlying photon

counts, as described previously.*? The underlying equation of this method is obtained from the

definition of stoichiometry:

@ (2)
g— YNgig + NRrjg
= 1 (39)

D) (2) 1)
YNgig + Nrig t ENR|R

by rewriting it as follows

S 40
1 _ ¢)) ©) (40)
1— SNR|R =VBNg g + BNyg

It can be recognized that this represents equation of a plane in 3D space, defined by
[Né|1c);' N}glzc);, N}g|1})z]- However, in the next step, assumption about the stoichiometry of the sample

has to be made. For D:A =1:1, this equation reduces to
O _ (1 (2
Npir = ¥BNg g + BNgjg (41)

where multiplication factors y and B are determined using plane fit (Figure 9a).
Although eq. (41) can be mathematically reformulated as Néll(); =f (nglz()}, ng|1})z) or Nf({lz(); =

f (Né|1c);' N}g|1})z)= that way we add another dependency in addition to the one we want to extract,

since Néll(); and ngf(); are correlated due to FRET. Therefore, for determination of y and P

parameters we recommend to use eq. (41), with ng|1})z on z-axis.

Potential drawback of this method is that it requires to know the donor.acceptor labelling
stoichiometry of the sample in advance. However, for the constructs used for intramolecular
FRET experiments, this information is in general known. Otherwise, separate construct with
known stoichiometry has to be measured, with the same FRET pair, and with the same setup

conditions. Cross-validation of obtained y and B parameters is given in Figure 9b-c.
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Figure 9. Step 3.6: v and p determination via linear regression on photon counts (M-3). (a) Plane fit in 3D
space of photon counts [Néil();, N}glz();, Néll}%] according to (41). (b) and (c) Control of obtained y and jj parameters, by
monitoring whether the DA populations are centered at S=0.5 and if they lie on static FRET-line. For the derivation
of static FRET-line and used parameters, see Supplemental Note 5 and Supplemental Table S5.
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Assessment of the extent of user bias in calibration workflow

To assess the user bias when determining correction parameters, we performed a blind
challenge amongst seven lab members. Participants were provided with a set of DNA
measurements for a global calibration (i.e. HF-, MF- and LF-sample), and calibration protocol,
presented in this work. Distribution of reported values for calibration parameters is shown in
Figure 10. Even though that somewhat bigger spread of ALEX-2CDE threshold values were
obtained, in all cases threshold was properly selected, and DA sub-populations were cleaned-
up from single-labelled species and species with brightness fluctuations. However, due to
different ALEX-2CDE thresholds applied, we observe inconsistencies in determination of y
and f parameters using the method M-2 of Linear regression between 1/("S,,.) and

(i”Eapp) of population means ((36)). ALEX-2CDE filter directly affects the mean of the DA

population, and on top of that users were inconsistent in the decision of how many Gaussians
should be fitted to the DA sub-population, as well in the assignment of the main population.
Especially troublesome is fitting of stoichiometry distribution, where asymmetry of the
distribution is often observed. Other than ALEX-2CDE filter value, and y and f calibration

method M-2, in other cases we found rather consistent results.
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Figure 10. Results of a blind calibration challenge. Reported values of correction parameters by lab members
(N=7). Blue circle in the distribution plot denotes mean of the distribution, while whiskers span a range of one
standard deviation. Background count rates are reported in kHz. Superscript for y and B denotes different
calibration method: M-1: Non-linear regression of burst-wise “iS, ,, versus “'E,,, values; M-2: Linear regression

between 1/ (”iSapp) and (mEapp) of population means; M-3: linear regression on photon counts, ng|1l)1 =
f (Néllé, Nélz();) Results of blind calibration challenge revealed that method of linear regression between

1/(%S,pp) and (*“E, ;) of population means (M-2) should be applied with caution, since we observed high user
bias when determining the mean of the DA populations.
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Evaluation of calibration parameters accuracy

a) Static FRET-line

When all levels of correction are performed (background, a, 3, y and B) no displacement of
the DA population from the static FRET-line should be observed, considering dsDNA molecule
to be static and provided photophysical stability of the fluorophores and absence of dye sticking.
For detailed description and derivation of equation underlying static FRET-line see
Supplemental Note 5. In this work, we use static FRET-line to evaluate the accuracy of
different calibration methods. We determined apparent dynamic shift of the DA population
from the static FRET-line, ds,p,, for each of the calibration methods, as described previously'?
and in Supplemental Note 6. In Figure 11 illustrated is determination of ds,,, values for a set
of DNA rulers labelled with AF488-Atto647N using method M-1. In Figure 12a provided are
ds,pp box plots for all three dye combinations and three methods for y and B determination.
Determined ds,p, values comply with the static nature of the measured system.

Lastly, it is worth to mention that such evaluation of calibration methods accuracy carries
assumption of op, = 6 A linker-induced broadening of inter-dye distance distribution. Ideally,
width of Rp, distribution when computing static FRET-line should be determined individually
for each system under the study, by performing Gaussian fit of ensemble-TCSPC decays, with
variance of the p(Rpp) distribution being the fit parameter (see Supplemental Note 5).
However, such approach typically overestimates broadening of the inter-dye distance
distribution, due to the donor-only contribution. Alternative would be to use sub-ensemble

TCSPC decays of DA sub-population to restrain the fitting.
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Figure 11. Apparent dynamic shift for different methods of y and p determination. Displacement of DA sub-
populations from static FRET-line was determined for HF (left column), MF (middle column) and LF sample
(right column) labelled with AF488-Atto 647N, and for different methods of y and B determination, namely: M-1:
Non-linear regression of burst-wise S, ,, versus “E,,, values; M-2: Linear regression between 1/("S,,;) and

(”iEapp) of population means; M-3: linear regression on photon counts, ng|1r)< =f (Néll();, N}glzé) For the derivation

of static FRET-line and used parameters, see Supplemental Note S and Supplemental Table S5.
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b) Structural models

In order to assess how well the experimentally determined FRET observables agree with
structural model of dsSDNA used in this study, we simulated Accessible Volume (AV)!® of the
fluorophores using Olga software.** See Supplemental Note 7 for detailed description of AV
simulations and used parameters. In Figure 12b plotted are experimental versus modelled E-
averaged inter-dye distances, R(y. Consistent distances are obtained using independent
measurements with three different dye pairs, and using different calibration methods. RMSD =
3.31 A between experimental and modelled R g, distances agrees with what was reported earlier
for dsDNA molecules (RMSD = 3.34 A for static DNA model and RMSD =2.74 A for dynamic
DNA model'?).
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Figure 12. Assessing the accuracy of calibration parameters. (a) Box plots of dynamic shift values determined
for HF, MF and LF samples with three different dye combinations and for different calibration methods. Box
length denotes interquartile range, horizontal line inside a box is median, while blue square is the mean of
distribution. Whiskers spread from minimum to maximum observed value. (b) Agreement between measured and
modelled FRET-efficiency averaged inter-dye distances, showing that the same distances are recovered
irrespective of dye pair or calibration method used.
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5. Conclusions

In this study we presented robust and unbiased workflow for estimation of calibration
parameters, allowing for determination of accurate FRET efficiency and stoichiometry. As
estimation of each of correction parameters is preceded with selection of D-only, A-only or DA
sub-population, and neither of the existing calibration methods gives clear guidelines on the
robust selection of those, we refined existing approaches, such that for each of the steps in
calibration, proposed are clear, unambiguous instructions. As a benchmark system we used a
set of dSDNA rulers with varying FRET efficiencies, such that position of acceptor dye is fixed,
and the one of donor is varied. This allowed global y correction, since donor dye has uniform
properties even in distinct environments. We primarily focused on determination of y and S
parameters, and for that we put on a test three commonly used methods: (M-1) Non-linear

regression of burst-wise values of "'S,,, versus "™E (M-2) Linear regression between

app»
1/("S,pp) and (“IE,,,) of the population means, (M-3) Linear regression on photon counts.
We presented their theoretical foundations, application versatility and assessed their
performance in the blind calibration challenge.

When applicable, users should evaluate different methods and check for their consistency,
rather than to exclusively use one of the methods. Method of non-linear regression of burst-
iii

wise values of iiiSapp versus “'Ej,,, (M-1) and method of linear regression of 1/ (iiiSapp) Versus

(iiiEapp) (M-2) depend on ratiometric quantities of unknown statistics, and are sensitive to
shoulders in the distribution. Furthermore, through the blind calibration challenge, we identified
that method M-2, is particularly prone to user bias. We found that this method is the most
sensitive on the way DA sub-population is selected, since ALEX-2CDE filter directly shifts the
mean of DA species in S, ,, - "E,,, histogram. Furthermore, users were inconsistent with
the fit model and at assigning the main population. On contrary, methods M-1 and M-3 give
more narrow distribution of y and £ values.

After evaluating the extent of the user bias, in the next step we assessed the accuracy of the
calibration methods: (i) by using static FRET-line as a reference and by calculating the
displacement of DA sub-populations from the static FRET-line via apparent dynamic shift,
ds,pp (i) by comparing derived and modelled FRET efficiency averaged inter-dye distances.
For these two criteria, we did not observe any significant distinction between the calibration
methods, i.e. they all give consistent inter-dye distances irrespective of the dye-pair used, and
they comply with the static nature of the system, since obtained ds,p, values are in all cases
negligibly small.
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However, even though that the method of linear regression on photon counts (M-3) seems to
tick all boxes, its pitfall is that it requires stoichiometry of a FRET construct to be known. If
stoichiometry is to be determined from the experiment, then calibration has to be performed on
independent FRET construct of known stoichiometry, measured with the same fluorophore pair
and under the same setup conditions.

Finally, we devoted particular attention to setup alignment and calibration, with
elaborate instructions for handling entire setup configuration. As ultimate control of optimal
setup performance, we proposed framework for regularized optimization of instrument
detection profile, using a set of dyes emitting in both spectral windows, which are measured
free in solution. We identify this approach as practical way of evaluating setup performance,

1.e. for identifying potential degradation of optical components or setup misalignment.
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Supplemental Notes

Supplemental Note 1: Experimental setup and burst analysis

All sample solutions were measured in NUNC chambers (Lab-Tek, Thermo Scientific) with
500 uLL sample volume at a concentration of ~10 pM. Single-molecule MFD measurements
were performed at a room temperature on a homebuilt, dual-color and dual-polarization
confocal setup, as described previously.! Donor molecules (AlexaFluor488) were excited by a
pulsed diode laser (LDH-D-C 485, PicoQuant) at 485 nm, operated with repetition frequency
of 32 MHz (16 MHz for samples with Atto647N as acceptor dye due to its longer fluorescence
lifetime). Acceptor molecules (AlexaFluor647/Cy5/Atto647N) were excited with pulsed diode
laser (LDH-D-C 640, PicoQuant) at 635 nm. Laser powers were measured at the sample and
were 60 uW for donor excitation laser and 10 uW for acceptor excitation laser (20 uW for
samples with Atto647N due to the smaller extinction coefficient compared to other acceptor
dyes). Laser pulses were delayed with respect to each other by ~15 ns (~31 ns for samples with
Atto647N as acceptor dye). Laser light is guided into the epi-illuminated confocal microscope
(Olympus IX71, Hamburg, Germany) by a dichroic beamsplitter FF500/646-Di01 (Semrock,
USA), and focused on the sample by a water immersion objective (UPlanSApo 60x/1.2 NA,
Olympus Hamburg, Germany). The emitted fluorescence is collected through the objective and
focused on a 100 um pinhole. Using a polarizing beam splitter cube, emitted light is divided
into its parallel and perpendicular components, followed by splitting into two spectral windows,
“green” and “red”, using long pass beamsplitter Q595 LPXR (AHF, Germany), and then again
using non-polarizing 50/50 beam splitters resulting in a total of eight detection channels.
Additionally, bandpass filters are placed in front of the detectors (FF01-530/43-25; AHF,
Tiibingen, Germany for donor molecules and HQ 720/150 nm; AHF, Tiibingen, Germany for
acceptor molecules). Detection is performed using eight avalanche photodiodes (4 green
detectors (z-SPAD, PicoQuant, Germany) and 4 red detectors (SPCM-AQR-14, Perkin Elmer).
The detector outputs were recorded by a TCSPC module (HydraHarp 400, PicoQuant). Burst
search was performed using home-written LabView-based software based on the inter-photon
times. Before the burst selection, the trace of inter-photon times is smoothed using Lee-filter?
with sliding window of the size 5 (m=2) and standard deviation of the background inter-photon
times of a,=10 *. Bursts were selected using inter-photon time threshold of 100 us. Minimum
required number of photons in a burst is 60. Such settings correspond to approximately 10 kHz

threshold in count-rate.
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Supplemental Note 2: Benchmark samples

For the evaluation of correction procedures, we used a set of DNA rulers with varying base-
pair separation between donor and acceptor dye, yielding a range of FRET efficiencies. The
base-pair separation of the donor and acceptor labelling sites is as follows: 19 bp for low-FRET
(LF), 14 bp for medium-FRET (MF) and 10 bp for high-FRET (HF) sample. These constructs
cover distances of ~50-70 A. The set of DNA rulers was measured with following three dye
combinations, with labelling modification and linker length specified in bracket:
AlexaFluor488 (TFP ester/C6 linker) — Atto647N (NHS ester/C2 linker); AlexaFluor488 (TFP
ester/C6 linker) — Cy5 (NHS ester/C2 linker); AlexaFluor488 (TFP ester/C6 linker) —
AlexaFluor647 (NHS ester/C2 linker). AlexaFluor488 and AlexaFluor647 are abbreviated as
AF488 and AF647 throughout this work. Our choice of dyes was driven by many reports where
these dyes were used and evaluated as suitable dye choice for burst-wise single-molecule
experiments 4. Measurements of DNA rulers were performed in buffer containing 5 mM MgCla,
150 mM NaCl, and 50 mM TRIS at pH 7.9. Labelling sites and DNA sequences are given in
Table S1.
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Supplemental Note 3: Regularized optimization of instrument spectral

response.

Observed signal of j-th dye in detection window A = {G, R} is defined as follows:

1% = fos [ 9 Qom0
J (s1)

fp]-O\) =1

where f ; is the total radiative intensity of the j-th dye, p;(4) is the unit area normalized

fluorescence emission spectrum of the j-th dye and g‘» (1) is the instrument spectral response

of a given spectral window A = {G, R} . This formulation can be discretized and given in a form

of a matrix
na
A A S2
fj():FOJZgi()pij (52)
i=1
FO =, pg® (S3)
where Fj is a diagonal matrix with diagonal elements being radiative intensities fp ;.
g® is a column vector, whose elements are integrals over the i™ A — bin
g = f 9P WA (84)

AA;

and P is a matrix with sum in rows being equal to one, and whose elements are analogously

integrals over the i 1 — bin

py= [ mAd (S5)
y?

For two detection windows, e.g. green (G) and red (R), we can write the system of matrix
equations:
(@ = F, p@ g (S6)
FR® = F, p® g®) (S7)
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Quantities f, ; are unknown, but can be easily removed by dividing the observed signals f (@

and f®. Such ratio of observed signal of j-th dye we denote as §;:

@)
f.
6 ="m (S8)
j
This can be rewritten as
f}(G) — S;jfj(R) (S9)
F@ =5 f® (S10)

where Z is the diagonal matrix of the fj(G) / fj(R) ratios. Using the definitions of f(© and f®)

from above (see eq. (S6) and eq. (S7)), we can rewrite previous equation as follows:

After multiplying each side of the equation with inverted matrix F; 1 one obtains

P© @ =5 p® g® (S12)
One can rewrite this equation as
PER) g(GR) = (S13)
PGR) = (p@, o®) — (0@, & p®) = (P©, —5 p®) (S14)
§GR = g (S15)
g®

where P(@R) is row block matrix with size (n; +ng) xj and g(@® is column block vector
with size ng + ng.

As elements of matrix P(¢®) are measured with some accuracy, the equation P(&R) g(G:R) =
0 is never fulfilled in practice. Therefore, instead of looking for exact solution, we are looking
for such g(@R that minimizes the norm of the vector P(@R) g(GR) (optimization problem). The

arising ambiguity of the solution can be dealt with by requiring certain properties of the vector
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@R such that only positive values are allowed. In that case the optimization problem can be

defined as follows:

min (|| g@R|[*) (S16)
subject to I1g(GR >0

Smoothness regularized optimization
One can impose further restrictions on the g(é®)(1) solution. For instance, we can require

that the shape of g(®®) (1) does not have sharp changes, i.e. is smooth. This is achieved by

searching the minimum norm of the derivative vector for each wavelength window A = {G, R}:

min (Jorg @ @DI), A = (6,R) s17)

where the derivative 3, g™ (1) is defined as

dg™W ) S18
9™ =L G
or in a case of finite-difference approximation
(@Y
5g® = A0 (S19)
¢ A,

where A gl-(A) can be defined as forward difference

gV =gty - gt (820)

as a backward difference

A)— A A
agV" = 9" -9y (S21)
or as a central difference
1
o _ (@) (03]
Ag;" = E(gi+1 —9Yi1 (522)
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Therefore, the vector of g™ differences can be expressed as

Ag(A) =D g(A) (823)
0 0 0
-1 0 1 0
10 -1 0
D=z E (S24)
0 10
0 -1 0 1
0 00

where D is first-order, central-difference differentiation operator with 1’s on upper diagonal, -

1’s on lower diagonal and 0’s on main diagonal. First and last row elements are treated
specially, i.e. set to zero. Dg®) represents a measure of the variation or a measure of
“smoothness” of g,

The squared norm of vector dg™ is:
19g@|]* = ag@WTag® = gWT 5 g (S25)

where § is a “smoothness” matrix/operator

1
S = WDTD (526)

A sharp change of derivative on the border of two spectral windows, G and R, is allowed.

Therefore, we build the final smoothing operator as block matrix:

p@GTH(G) 0
§GR) — AA(6)2 (S27)

1
R)T (R
VIGE p®TpR)

Matrices D@ and D® are of sizes (ng X ng) and (ngp X ng) respectively. Finally, the

smoothness regularized optimization problem can be formulated as:
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min(g@RT(u SER 4 PGRITPER) g(GR) (528)
subject to I1g(GR) >0

where u is regularization term, penalizing sharp changes of the g(¢®) solution.

In our workflow, we multiply the spectra of dyes, P(©and P®®, with the spectra of dichroic,
filters and detector, and the optimized g(®®) solution in that case is not the detection profile,
but the correction to it. Smoothness regularized optimization of the g(©® solution was

performed using in-house Python script, based on quadratic programming module of CVXOPT
library.
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Supplemental Note 4: Goodness-of-fit landscape for methods M-1 and M-3

Here we show y and f goodness-of-fit landscape, where as a goodness of fit statistics we
used sum of weighted squared residuals, here denoted as sse (“sum of squared errors”).
Furthermore, we examined how is fit landscape affected by limited data availability, i.e. when
only one sample is available for the calibration. We considered two scenarios: global calibration
of three populations (“global y”), and calibration of a single population (“local y”). In both
cases, we evaluate following two methods: “Non-linear regression of burst-wise iiiSapp versus
"E pp " (M-1), and “Linear regression on photon counts” (M-3). In the first step generated is
a search space of all possible combinations of y and B values for which we would like to evaluate
goodness of a fit. In the next step, for each of the y and f combinations, computed is a curve
(M-1) or a plane (M-3), and estimated is the goodness of a given fit model, as a sum of a
weighted squared residuals, sse. As weights, used are robust weights, calculated according to
bisquare weight function.’ Finally, we normalize sse with the minimum observed sse,,;,, to
ensure equal scaling of the z-axis for different calibration methods. Contour lines are displayed
in range from 1 X sse/ssep,n to 1.1 X sse/ssen,. It can be seen in Figure SN1 that in both
scenarios, quite broad range of y and f values satisfy the data. Lastly, we demonstrate that when
using a single population in a fit ambiguity of the optimal solution visibly increases, as well the

discrepancy between methods M-1 and M-3.

a global y determination of three populations b local y determination of a single population
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Figure SN4.1. y and B goodness-of-fit landscape using methods M-1 and M-3. (a) global calibration of three
samples (HF, MF and LF) and (b) local calibration of a single sample (HF) for a dye combination AF488-
Atto647N.
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Supplemental Note 5: Static FRET-line.

If one assumes a fixed distance between donor and acceptor, then only a single FRET rate is

expected from single donor lifetime, Tp(a). With that being the case, static FRET-line can be

described using two following simple equations:

F=1_20® (S29)
Tp(0)
-1
Fgig _ ®ED ) (TD(O) _ 1) (S30)
Fric ®ra \Tp@)

In such approximation, to obtain static FRET-line, FRET rate, kgggr, 1S varied, giving us a

relation between all possible E or Z(ﬁ values and all possible Tp4) values. Unfortunately, this
R|G

simple scenario does not explain experimental data. However, even for the structurally static
systems, DA sub-population is not lying on a static FRET-line defined as in (S29) and (S30).
This displacement largely is caused by the approximation of dyes being fixed in space, while
in experiment dyes are coupled to the biomolecules via ~20 A long chemical linkers. This
means that there is a spatial distribution of donor and acceptor positions, leading to the
distribution of lifetimes, p(kprgr), Which then translates into distribution of interdye distances,
p(Rpa) 6. For dye positions being normally distributed around the mean dye position, p(Rp)
is given as non-central y-distribution, with non-centrality parameter being distance between
mean dye positions, Ry, and width parameter ap,. However, for long interdye distances and
small variance, y-distribution converges to the normal distribution. As in experiments only the
distances > 35A are measured, and the linker mobility induced distribution broadening is in the

range of 5-10 A, we can then express p(Rp,) as follows:

_ 2
_%(RDAJD(II:DA>) (83 1)

1
P(Rpa) = P e
To correct static FRET-line for dye linker mobility, we vary (Rp, ), and for each of them p(Rp,)
is calculated, using a fixed value of 6A for standard deviation, as this is found to be in agreement
with series of benchmark experiments.” Using computed probabilities, p(Rp,), we can further
calculate species-weighted average fluorescence lifetime, (Tp(ay)x = X P(Rpa)Tpca). Static
FRET-line corrected for linker mobility, can be then expressed as follows:
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2. p(Rpa)Tpea) (S32)

E=1-
Tb(0)
-1
Foie _ ¢ep < Tp(0) B 1> (S33)
Fric  ¢ra \XP(Rpa)Tp(a)

For different values of op,, shape of static FRET-line changes for the short lifetimes, i.e. high
FRET efficiencies. Finally, it is important to note that all the static FRET-line derivations above
assumed single donor-only lifetime, 7p(gy. This condition is often not met, and if donor
possesses multiple lifetimes due to, for instance, multiple isomeric states, then such
approximated static FRET-line will not properly describe the system.

Parameters used to generate static FRET-lines for different dye combinations are given in Table

SS.

Supplemental Note 6: Apparent dynamic shift determination

To assess the accuracy of procedures for determination of correction parameters, determined is
displacement of DA sub-populations from a static FRET-line. We refer to this displacement to
as apparent dynamic shift, ds,p,. In the first step, ensured is equal scaling in the range 0-1 for
both axes in the E' — (Tp(a))r plot, by normalizing x-axis with 7p ). In the next step, performed
is a fit of the DA population using a superposition of N bivariate normal distributions. In a case
that a mixture of Gaussians is needed to describe the population, mean of the Gaussian with
maximum amplitude is taken. Next, computed are distances of the mean point to all points in
the static FRET-line. Finally, the shortest distance is taken as a value for ds,,p. Due to the
curvature of the static FRET-line that accounts for linker broadening, the shortest distance is
not necessarily the orthogonal one. Lastly, dynamic shift is assigned a positive or negative sign

if the population is above or below the static FRET-line.
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Supplemental Note 7: AV simulations

AV represents sterically allowed space of the dye coupled to biomolecule. In the AV method,
fluorophore moiety is modelled as a sphere with radius Rgy, or as an ellipsoid with radii Ryye (1,
Ryye 2)» Raye (3)- Model with three radii is generally recommended for sterically complex dye
environments. Chemical linker that couples dye to the biomolecule is modelled as a cylinder
with length Ljcnoq, and width Ly The AV algorithm searches for the dye positions from
attachment point and within the linker length, and this way a 3D grid is built around the
attachment point, with the resolution of 0.9 A. However, only those positions that do not cause
steric clashes with the biomolecule are taken. To allow that linker actually can move around its
attachment point, there is certain tolerance for linker clashes, such that all positions within
0.5 X L4 are allowed.

All sterically allowed points in the AV cloud are equally weighted when calculating FRET
observables. Such approach provided accurate inter-dye distances when host molecule for dyes
are nucleic acids.”8

Here we used Rgy. = 3.5 A, Lyign = 4.5 A, Liengm = 21 A for AF488 and Liengm = 22.5 A for
acceptor dyes.

AV simulations were performed using open-source software Olga’ available at
github.com/Fluorescence-Tools/Olga.
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Supplemental Tables

Table S1. Sequence of dsSDNA molecules and labelling sites. Labelling sites for the donor and
acceptor are denoted in green and red. In the sample name, abbreviations LF, MF and HF
indicate low-, medium- and high-FRET efficiency.

Name | Labelling position Sequence and labelling sites

T28 5’-GAG CTG AAA GTG TCG AGT TTG TTT GAG TGT TTG TCT GG-3’
LF

T 31 3’-CTC GAC TTT CAC AGC TCA AAC AAA CTC ACA AAC AGA CC-5’

T 23 5’- GAG CTG AAA GTG TCG AGT TTG TTT GAG TGT TTG TCT GG-3’
MF

T 31 3’-CTC GAC TTT CAC AGC TCA AAC AAA CTC ACA AAC AGA CC-5’

T19 5’-GAG CTG AAA GTG TCG AGT TTG TTT GAG TGT TTG TCT GG-3’
HF

T 31 3’-CTC GAC TTT CAC AGC TCA AAC AAA CTC ACA AAC AGA CC-5’
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Table S2. Documentation of sample properties, experimental design and parameters used in
data processing and analysis

A. Sample specification
Double-stranded DNA rulers:

e LF: sample with low-FRET efficiency; 19 bp

separation

Samples e MF: sgmple with medium-FRET efficiency; 14 bp
separation

e HF: sample with high-FRET efficiency; 10 bp
separation

For sequence information see main text Table S1.

Donor dye:
Dyes and labelling o Alexa Fluf)r 488 (TFP ester/C6 linker)
modification/linkage Acceptor dye: .
length e Atto647N (NHS ester/C2 linker)
e Alexa Fluor 647 (NHS ester/C2 linker)
e CyS5 (NHS ester/C2 linker)
LF sample: T28 (D-strand); T31 (A-strand)
Labelling positions MF sample: T23 (D-strand); T31 (A-strand)
HF sample: T19 (D-strand); T31 (A-strand)
Buffer 5 mM MgCly, 150 mM NaCl, and 50 mM TRIS at pH 7.9
Additives n.a.

B. Measurement specification
confocal smFRET measurements of freely diffusing molecules
using Pulsed Interleaved excitation (PIE)
Donor excitation laser: LDH-D-C 485 (PicoQuant, Germany)
Laser Acceptor excitation laser: LDH-D-C 640 (PicoQuant,
Germany)
Laser power at the sample | Donor excitation laser: 60 pW
(measured on a dry | Acceptor excitation laser: 10uW (20 uW for samples with
objective) Atto647N)

Measurement modality

Laser repetition rate 32 MHz (16 MHz for samples with Atto647N)
Laser repetition time 31.25 ns (62.5 ns for samples with Atto647N)
Delay between the lasers ~ 15 ns (~ 31 ns for samples with Atto647N)
Time resolution 1 ps (2 ps for samples with Atto647N)
Confocal microscope Olympus 1X71 (Hamburg, Germany)

Dichroic beamsplitter FF500/646-Di01 (Semrock, USA)

water immersion objective UPlanSApo 60x/1.2 NA (Olympus
Hamburg, Germany)

Observation volume size ~6 fLL

Pinhole size 100 um

Fluorescence beamsplitter | longpass beamsplitter Q595 LP DCXR (AHF, Germany),
donor detection channels: FF01-530/43-25 (AHF, Tiibingen,
Germany)

acceptor detection channels: and HQ 720/150 nm (AHF,
Tiibingen, Germany)

Objective

Bandpass filters
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4 donor detection channels: -SPAD (PicoQuant, Germany):
e #0, #4 — perpendicular signal detectors
o #1, #5 — parallel signal detectors

Detectors 4 acceptor detection channels: SPCM-AQR-14 (Perkin
Elmer):
o #2, #6 — perpendicular signal detectors
o #3 #7 — parallel signal detectors
Data acquisition | TCSPC and Time Tagging Electronics HydraHarp 400
electronics (PicoQuant, Germany)

Raw data format

HydraHarp 400 time-tagged time-resolved (TTTR) file (*.ht3)

Sample chamber

8 well NUNC chambers with #1.5 borosilicate glass bottom
(Lab-Tek, Thermo Scientific);
sample volume: 0.5 mL

Temperature 20°C
C. Data processing/ parameters and software
MFD Spectroscopy and Imaging
Software package for confocal fluorescence spectroscopy and
imaging experiments using Multiparameter Fluorescence
Software Detection (MFD) data includs various analysis tools (FCS,
fFCS, PDA, seTCSPC, trace analysis, 2D simulation of MFD
diagrams and  Multiparameter ~ Fluorescence = Image
Spectroscopy (MFIS)).

Burst search method

Inter-photon time- based burst selection with Lee filter
smoothing of inter-photon time trace

Selection method All photons
Lee filter parameters m=2; 5,=10
Inter-photon time | 100 ps
threshold

Minimum  number of 60

photons in a burst

Japanese correction factors
for polarization mixing

I, =0.0175, L,= 0.0526

Time window for
computation of ALEX-
2CDE filter

100 ps

dsDNA-Alexa Fluor 488- Atto647N

donor detection channels: 1.12

Gvnyov acceptor detection channels: 1.06

Sglaé}) =0.7617 kcps

Background count-rate Slglgg )= 0.4131 kcps
Stis. = 0.4192 keps

‘Sapp — 'Eapp selection of | -0.017 < 'E,,, <0.074

DO population 0.955 < 1S,,,< 1.002

Donor crosstalk, o 0.0145

iSapp - iEapp selection of iEapp >0.478

A0 population 0.017 <'S,,,<0.117
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selection of DA population

Direct excitation of 0.0043
acceptor, 0
ALEX-2CDE threshold for 155

B and y parameters

Non-linear regression of burst-wise iiiSapp Versus
i app Values (M-1)
v =0.9046; B =0.6617
Linear regression between 1/ (i”Sapp) and (iiiEapp) of
the population means (M-2)

v =0.8967; B =0.6075
Linear regression on photon counts (M-3)

vy =0.8887; B =0.6215

selection of DA population

dsDNA-Alexa Fluor 488- Alexa Fluor 647
G donor detection channels: 1.25
VH/VV acceptor detection channels: 1.11
BG
Ssis. = 0.7901 keps
Background countrate Slglag ) = 0.4866 keps
BG
Sur. = 0.3519 keps
'Sapp — "Eapp selection of | -0.002 < 'E,,,< 0.058
DO population 0.968 < iSapp <1.012
Donor crosstalk, a 0.0118
'Sapp — "Eapp selection of | 'E,,, >0.478
A0 population 0.028 < iSapp <0.139
Direct excitation of 0.0321
acceptor, o
ALEX-2CDE threshold for 205

B and y parameters

e Non-linear regression of burst-wise “.S,,, versus

b app values (M-1)
v =0.5449; B = 0.5849
Linear regression between 1/('S, ) and (“'E, ) of
the population means (M-2)
vy =0.5454; B = 0.5476
Linear regression on photon counts (M-3)
y =0.5066; = 0.5631

dsDNA-Alexa Fluor 488- Cy5S

donor detection channels: 1.14

Gvnyov acceptor detection channels: 1.14
SSie) = 0.7095 keps
Background count-rate Sr({llaé} ) = 0.4274 keps
Stin. = 0.3658 keps
*Sapp — 'Eapp selection of | -0.001 <'E,p,, <0.058
DO population 0.966 < 'Spp <1
Donor crosstalk, o 0.0134
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iSapp — iEapp selection of

i
Eapp

>0.478

A0 population 0.028 < 'Sppp <0.139
Direct excitation of 0.0384

acceptor,

ALEX-2CDE threshold for 185

selection of DA population

B and y parameters

Non-linear regression of burst-wise S, versus
iiiEapp values (M-1)

v =0.5045; p=0.5107
Linear regression between 1/(*S,,,) and ("“'E, ;) of
the population means (M-2)

v=0.5034; B = 0.4757
Linear regression on photon counts (M-3)

v = 0.4644; p = 0.4814
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Table S3. List of dyes used for regularized optimization of instrument detection profile. Dyes
are selected such that they emit in both detection channels. All measurements are performed in
Milli-Q water (18 MQ-cm), with exception of Rhodamine B, where triethylamine (Fluka) was
added in traces to the measurement solution to ensure formation of Rhodamine B- zwitterion.
Background signal was recorded for each sample separately. This is especially crucial for
reproducibility of smaller intensity ratios.

Dye Producer Stock solution
solvent

Alexq Fluor 488 free acid, 5 — isomer/ Molecular Probes water
experimental sample
Atto 488 — COOH ATTO-TEC water

. : ) . ethanol
Rhodamine 110 — chloride Sigma Aldrich (Merck Supelco)
Otegon' Green 514 carboxylic acid, Molecular Probes N, N - DMF
mixed isomers (Merck Supelco)

. . . ethanol
Rhodamine 123 Sigma Aldrich (Merck Supelco)

. ethanol
Rhodamine 19 — perchlorate Fluka (Merck Supelco)
Atto 532 — COOH ATTO-TEC water
Rhodamine 6G Lambda Physik water
Atto 542 — COOH ATTO-TEC water
Rhodamine B Fluka water
Al'exa Fluot 546 free acid (isomer Molecular Probes water
mix?/experimental sample)
5 — carboxy tetramethylrhodamine (5- Biosearch methanol
TAMRA) (Acros Organics)

DMSO

Atto 550 — COOH ATTO-TEC (Fisher Scientific)
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Table S4. Measured, predicted and optimized ratios of green to red fluorescence intensity.

$jpredicted | $joptimized
Dye Ej,measured Ej,predicted Ej,optimized JRTE JopumE
fj,measured Ej,measured
Alexa Fluor 488 free
acid, 5 — isomer/ 93.2809 93.1178 91.6162 0.9983 0.9822
experimental sample
Atto 488 — COOH 69.7432 72.2228 73.3419 1.0356 1.0516
Rhodamine 110 - 605077 | 61.1656 | 617754 | 1.0109 1.0210
chloride
Oregon Green 514
carboxylic acid, 48.8029 45.7916 45.2581 0.9383 0.9274
mixed isomers
Rhodamine 123 40.8533 43.4413 44.7400 1.0633 1.0951
Rhodamine 19 — 162032 | 154369 | 168769 | 09527 1.0416
perchlorate
Atto 532 — COOH 9.4590 8.7309 9.5257 0.9230 1.0070
Rhodamine 6G 8.5998 7.7937 8.5223 0.9063 0.9910
Atto 542 — COOH 2.8493 2.5236 2.7775 0.8857 0.9748
Rhodamine B 0.5932 0.5742 0.5929 0.9680 0.9996
Alexa Fluor 546 free
acid (isomer 0.4879 0.4268 0.4667 0.8747 0.9565
mix?/experimental
sample)
5-carboxy
tetramethylrhodamine 0.3532 0.3015 0.3283 0.8537 0.9297
(5-TAMRA)
Atto 550 — COOH 0.2755 0.2560 0.2806 0.9291 1.0182
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Table S5. Parameters of static FRET-line for different dye combinations used in this study.

Dye pair Tp(o) [ns] opa [A] R, [A]
AlexaFluor488-Atto647N 3.94 6 49
AlexaFluor488-AlexaFluor647 3.94 6 52
AlexaFluor488-Cy5 3.94 6 52
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Supplemental Figures
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Figure S1. Spectra of free dyes used for regularized optimization of instrument spectral
response.
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Figure S2. Discrepancy between measured and predicted/optimized ratios of green to red
fluorescence intensity.
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