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Abstract

Peptides have emerged as a highly promising class of therapeutics, offering unique ad-
vantages such as high specificity, versatility, and low toxicity. Experimental advances in
modification strategies have addressed key limitations of poor proteolytic stability and
rapid clearance, facilitating the clinical translation of peptide-based therapeutics. However,
computational peptide design remains challenging despite rapidly developing computa-
tional methods, including artificial intelligence tools such as AlphaFold. The intrinsic
flexibility of peptides complicates reliable prediction of peptide–protein structures and
interactions, which is essential for structure-based drug design.
To address this challenge, we developed computational workflows combining diverse
strategies, including docking and molecular dynamics (MD) simulations, to accurately
model and design peptide-based therapeutics. We focused on the following target systems:
the main protease (Mpro) and papain-like protease (PLpro) of severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2), modeled with natural substrates and peptide
inhibitors, and the prostate specific membrane antigen (PSMA) in complex with peptide-
based radiopharmaceuticals.
We developed the computational dynamic saturation mutagenesis (CDSM) protocol for
automated saturation mutagenesis at each peptide position using MD simulation snapshots
to capture the flexibility of peptide–protein interactions. The resulting binding free energy
deviations from parent residues served as design suggestions, enabling the generation of
an 8-amino acid peptide inhibitor with high binding affinity for Mpro, validated by in vitro
inhibition assays (IC50 = 4.8±0.5 µM).
To elucidate the structure–activity relationship of PSMA radioligands, we investigated the
binding modes of eight clinically relevant radioligands using a workflow that combines
docking at varying hydration levels, re-scoring of docking poses, and MD simulations to
generate accurate and stable ligand poses. To date, this represents the most comprehensive
computational modeling study of PSMA radioligands.
The computational modeling and design strategies presented in this thesis—especially the
CDSM protocol, which is broadly applicable to various peptide–protein systems, as well
as the workflows for elucidating PSMA–radioligand interactions—lay the groundwork for
future development of peptide-based therapeutics.
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1. Introduction

The following sections are partly adapted from Publication III (Section A.4):

Innovative strategies for modeling peptide–protein interactions and rational
peptide drug design
Lara Scharbert and Birgit Strodel
Current Opinion in Structural Biology, 2025, DOI:10.1016/j.sbi.2025.103083

1.1. Peptides as Therapeutic Agents

Peptides play central roles in a wide range of cellular processes, particularly within
signaling pathways. They function as hormones, growth factors, neurotransmitters, or
antimicrobial agents[1–3], and most of these activities are mediated through peptide–protein
interactions (pepPIs). Because they must enable rapid cellular responses to stimuli, pepPIs
are typically transient, allowing them to be formed and disrupted easily while maintaining
high specificity[4]. Owing to their essential roles in physiological processes, combined
with high specificity and low toxicity, peptides have emerged as a highly promising class
of therapeutics[5,6]. Although therapeutic peptides currently represent only 7.1 % of the
global pharmaceutical market, their revenues have doubled over the past decade and are
projected to grow at a compound annual growth rate (CAGR) of 10.8 % from 2025 to
2030[7,8], exceeding that of small molecules (5.1 %[9]) and biologics (8.5 %[10]).
Small molecules still dominate the global pharmaceutical market, accounting for 54.7 % of
revenues in 2024[8], as they offer several advantages, including low production costs, oral
bioavailability, and good membrane permeability. Their small size, however, limits their
ability to disrupt interactions involving large protein surfaces, such as protein–protein inter-
actions (PPIs). While biologics can overcome this limitation, they are often associated with
high production costs and potential immunogenicity[5]. Therapeutic peptides are able to
bridge the gap between these two classes: they are generally less immunogenic and easier
to produce than biologics, while—unlike small molecules—their larger size and intrinsic
flexibility allow them to target PPIs that have long been considered ‘undruggable’[11].
Currently, therapeutic peptides are primarily used in the treatment of metabolic disorders
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and cancer. The largest share of the peptide drug market is represented by insulin and its
analogues[12], followed by glucagon-like peptide-1 receptor agonists (GLP-1-RA) such as
dulaglutide, liraglutide, and semaglutide[5,13]. Historically, insulin also marks the begin-
ning of peptide drug research, which dates back to the early 20th century with its discovery
and first clinical use. At that time, scientists were restricted to isolating peptides from
natural sources, most commonly animal tissues. This approach was limited by low yields,
inconsistent purity, and the risk of adverse immune responses, including allergic reactions.
With the discovery of recombinant technology in the 1980s, it became possible to produce
larger quantities of peptides, including longer sequences, under controlled and clean condi-
tions[14]. Another significant advance in peptide drug discovery was the development of
target-based screening strategies. Among these, phage display enables the construction
of large peptide libraries through genetic engineering of bacteriophages—ranging from
millions to billions of variants—each displaying different peptides for selection against
specific protein targets[15].
However, therapeutic peptides intrinsically exhibit two main limitations: their membrane
impermeability, which restricts access to intracellular targets, and their short metabolic
half-lives due to rapid proteolytic degradation and renal clearance[5,6]. To overcome
these limitations, numerous strategies have been developed to enhance peptide stability,
including chemical modifications (e.g., acetylation/amidation and the incorporation of non-
natural or D-amino acids), conjugation strategies (e.g., lipidation, PEGylation, and fusion
proteins), and structural stabilization (e.g., stapling or cross-linking)[16]. When peptides
are chemically modified, they are generally referred to as peptidomimetics. According to
Grossmann[17], they can be grouped into four main classes: (A) modified peptides with
only limited side-chain or backbone alterations; (B) peptides and foldamers incorporating
more extensive modifications, such as unnatural amino acids, small-molecule fragments,
or major backbone changes; (C) structural mimetics in which the peptide backbone is fully
replaced by a small-molecule scaffold, while substituents preserve the orientation of key
native side chains; and (D) mechanistic mimetics that share little structural similarity with
the parent peptide but reproduce its mode of action. Peptidomimetics investigated in this
thesis include all-D-enantiomeric peptides and amino acid-based radiopharmaceuticals,
which can be grouped into categories B and C, respectively.
Rational design has been greatly aided by improvements in computational algorithms and
processing power, together with the growing availability of structural information, which
have established computer-aided drug design (CADD) as an invaluable tool in modern
drug discovery and development. These capabilities enable rapid virtual screening of vast
compound libraries and provide detailed insights into protein–ligand interactions, offering
an efficient alternative to the time- and resource-intensive experimental high-throughput
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Figure 1.1.: Differences in protein binding site structures. Representative examples of different
protein binding sites occupied by (A) a small molecule inhibitor (PDB: 3ERT), (B) an extended
linear peptide (PDB: 7T70), (C) a cyclic peptide (PDB: 6XIB), and (D) a stapled helical peptide
(PDB: 3MK8). The proteins are shown as gray surface and the ligands as sticks, with green for the
small molecule, blue for the peptides, purple for peptide modifications, and a blue cartoon for the
helix. Reproduced with permission from Scharbert and Strodel[18].

screening[19]. Successful CADD requires a detailed molecular understanding of the pepPIs,
which depends on reliable structural information. While over 200,000 protein structures
have been experimentally resolved and are available in the Protein Data Bank (PDB)
through high-resolution techniques such as X-ray crystallography and nuclear magnetic
resonance (NMR) spectroscopy, these methods are often labor-intensive, costly, and can
produce non-native conformations[20]. In 2021, AlphaFold marked a turning point in
structural biology, using artificial intelligence (AI) to predict protein structures from amino
acid sequences with remarkable accuracy. Today, the AlphaFold server allows anyone to
generate high-quality models within minutes[21,22].
While target protein structures are often available in databases, elucidating peptide–protein
complexes remains a particular challenge. Because of their intrinsic flexibility, peptides
can adopt a multitude of conformations, challenging both experimental characterization
and computational modeling of pepPIs. This challenge is exacerbated by the distinct
binding mode of peptides. Whereas small molecules typically occupy well-defined, deeply
buried pockets, peptides often engage broad and less ordered regions on protein surfaces
(Fig. 1.1A vs. B–D). To capture their conformational complexity, modeling techniques
such as molecular dynamics (MD) simulations can be employed to explore the dynamic
nature of pepPIs, setting an important basis for computer-aided peptide inhibitor design
(CAPID) studies[19,23].

1.2. Computer-aided Peptide Drug Design

CADD integrates computational techniques to facilitate the discovery and optimization of
lead compounds, by improving their affinity, specificity, and pharmacokinetic properties.
It utilizes structural knowledge of either the biological target (structure-based drug design
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(SBDD)) or known bioactive ligands (ligand-based drug design (LBDD)) to identify and
prioritize promising candidate drugs[24]. Common ligand-based design techniques include
quantitative structure-activity relationship (QSAR) and pharmacophore-based methods.
QSAR studies are based on the principle that a compound’s bioactivity correlates with
its structural and molecular properties, enabling the generation of statistical models to
predict the biological activity of novel compounds[25]. Pharmacophore models represent
the three-dimensional arrangement of chemical features responsible for a small molecule’s
activity. Screening these models allows the identification of structurally diverse compounds
that maintain the same key interactions with the target[26]. In the following, we focus
on SBDD of peptide inhibitors, presenting a workflow that generates poses by molecular
docking, evaluates them through MD simulations, and applies the resulting data to guide
rational design of potent candidates (Fig. 1.2).

1.2.1. Pose Generation

In SBDD, access to a high-resolution structure of the therapeutic target protein is essen-
tial. Such structures can often be obtained from the PDB, typically as X-ray crystal or
NMR models. If no experimental structure is available, computational prediction methods
provide an alternative. For many years, homology modeling—based on the principle
that evolutionarily related proteins adopt similar folds—was the standard approach. This
changed with the introduction of AlphaFold[21], which employs deep learning models
trained on large-scale databases of experimentally determined protein structures to produce
highly accurate structural predictions[20].
To predict the structure of protein–ligand complexes, molecular docking is the standard
approach. It models ligand binding by sampling conformations and orientations within the
protein and ranking them with a scoring function to identify the most probable binding
modes. When the binding site is known, local docking restricts sampling to that region,
offering higher efficiency due to the reduced search space. In contrast, global docking
explores the entire protein surface to identify potential binding sites, enabling predictions
without prior knowledge of the binding pocket. Peptides, however, present a particular chal-
lenge for conventional docking programs due to their large number of rotatable bonds and
high conformational flexibility, which distinguish them from both rigid small molecules
and folded proteins[23].
In the work of Weng et al. (2020), they compared 14 docking programs with regard to
their performance to predict the structure of pepPIs. Three protein–protein (ZDOCK[27],
FRODOCK[28], and HawkDock[29]), three small molecule–protein (GOLD[30], Surflex-
Dock[31], and AutoDock Vina (Vina)[32]) and eight peptide–protein docking programs
(GalaxyPepDock[33], MDockPeP[34], HPEPDOCK[35], CABS-dock[36], pepATTRACT[37],
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1.2 Computer-aided Peptide Drug Design

Figure 1.2.: Workflow of a typical computer-aided peptide inhibitor design study. The
process begins with the selection of a drug target, including binding site identification, followed
by complex generation via molecular docking. In a consensus approach, physics-based docking
is combined with AI-driven pepPIs prediction. The resulting peptide poses are evaluated through
MD simulations, which investigate the peptide flexibility at the binding site and enable statistical
estimation of binding free energies. Finally, insights from pepPIs modeling guide the rational
design of peptide candidates to improve affinity, structural stability, and pharmacological activity.
Reproduced with permission from Scharbert and Strodel[18].

DINC[38], AutoDock CrankPep (ADCP)[39], and HADDOCK[40] peptide docking) were
evaluated based on their performance on a set of 185 peptide–protein complexes with pep-
tides consisting of 5-20 residues[41]. They found that peptide–protein docking algorithms,
overall, performed better than protein–protein or small molecule docking algorithms. In
global docking, the web server HPEPDOCK, which uses fast peptide conformation sam-
pling and ensemble docking techniques, generated the best predictions for the entire data
set.
In local docking, ADCP presented the best overall results. ADCP is a peptide docking
program specifically designed to model flexible peptides binding to protein receptors. It
integrates CRANKITE, which efficiently samples the conformational space of peptides
and proteins[42,43], with AutoDock’s grid-based representation of a rigid receptor[44], al-
lowing simultaneous optimization of peptide conformations and their interactions with the
receptor[39]. The conformational space is explored using a Metropolis Monte Carlo (MC)
search protocol adapted from CRANKITE, which folds the peptide de novo within the
receptor affinity grid while generating docking poses that capture both peptide flexibility
and receptor binding[39].
In recent years, AI-based approaches have transformed protein structure prediction, with
AlphaFold[21] setting the benchmark for state-of-the-art performance. The introduction
of AlphaFold-Multimer (AF2multi)[45], an extension of AlphaFold 2, expanded its capa-
bilities to predict protein–protein complexes. Although primarily developed for protein–
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protein complex prediction, AF2multi has also demonstrated good performance in peptide–
protein docking tasks[46,47]. Shanker and Sanner compared AF2multi with OmegaFold,
AlphaFold 2 Monomer, and their peptide-docking software ADCP. AF2multi achieved
the highest performance with a 53 % success rate for top-ranked solutions, while ADCP
reached only 23 %. Considering all generated poses, however, ADCP’s success increased
to 62 %, which may point to limitations in its scoring function. The authors found that the
two methods performed complementarily, each succeeding on different peptide–protein
complexes. By combining them into a consensus docking strategy with an efficient selec-
tion mechanism, the authors achieved 60 % success for top-ranked and 66 % for the top
five predictions[47]. With the release of the AlphaFold Server powered by AlphaFold 3
(AF3), peptide–protein complex prediction has become fast and easily accessible[22].
Recent benchmark studies indicate that AF3 achieves a performance comparable to the
best-performing AF2multi in peptide–protein docking[48]. Docking approaches, however,
are limited to static snapshots of peptide–protein interactions, neglecting their dynamic
nature and especially the intrinsic flexibility of peptides, which can be addressed by MD
simulations.

1.2.2. Pose Evaluation

MD simulations are a standard tool for studying the dynamic behavior of biological macro-
molecules, providing atomistic insight into flexibility and interaction mechanisms, which
cannot be captured by static models. They calculate atomic trajectories by numerically
solving Newton’s equations of motion, with forces and potential energies being described
by molecular mechanics force fields[49]. Widely used platforms such as NAMD[50], GRO-
MACS[51], and AMBER[52] enable the realization of MD simulations. MD simulations
provide a means to assess docking predictions by exploring the stability and conforma-
tional dynamics of peptide–protein complexes over time. This dynamic insight is essential
for characterizing interaction modes and affinities of pepPIs and serves as a basis for
subsequent drug design studies[19]. Recent applications of combined docking and MD sim-
ulations in therapeutic peptide development include designing peptides targeting multiple
overexpressed receptors in tumor cells[53], generating peptide inhibitors of the Omicron se-
vere acute respiratory syndrome coronavirus 2 (SARS-CoV-2) spike–ACE2 interaction[54],
and optimizing a potent macrocyclic peptide to disrupt the PD-1/PD-L1 protein–protein
interaction through rational design[55].
While docking methods usually rely on fast empirical or force-field-based scoring functions
to estimate peptide–protein affinity, MD-based free energy calculations provide a more
accurate assessment of binding affinities[56]. The most commonly used free energy calcula-
tion methods include molecular mechanics Poisson–Boltzmann surface area (MM/PBSA),
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molecular mechanics generalized Born surface area (MM/GBSA), free energy perturba-
tion (FEP), and thermodynamic integration (TI). End-point methods like MM/PBSA and
MM/GBSA, are computationally efficient, requiring only a single trajectory, whereas
pathway-based methods such as FEP and TI offer higher accuracy at the cost of greatly
increased computational expense. As a result, MM/PB(GB)SA has become a widely used
approach for estimating the binding free energy (DGbind) between proteins and ligands[57].
Among the tools available for MM/PB(GB)SA calculations, Amber provides the widely
used MMPBSA.py script within the AmberTools package, allowing free energy estima-
tions based on MD snapshots[58]. To make MM/PB(GB)SA calculations more accessible
to GROMACS users, Valdés-Tresanco developed gmx_MMPBSA[59], an adaptation of
MMPBSA.py for trajectories and topology files generated with GROMACS. Compared
to other GROMACS implementations, such as g_mmpbsa[60] and GMXPBSA2.1[61],
gmx_MMPBSA offers broad compatibility across GROMACS versions and enhanced fea-
tures, including DGbind calculations with multiple solvation models, stability assessments,
computational alanine scanning, DGbind decomposition, and entropy corrections. It also
supports Amber, OPLS, and CHARMM force fields and can be easily installed via Conda
or AmberTools[59]. These features have led to the growing adoption of gmx_MMPBSA
for analyzing pepPIs sampled by MD simulations in peptide drug discovery studies[62–65]

1.2.3. Rational Design

After identifying promising binding peptides, their affinity and stability need to be further
optimized, which requires reliable and efficient computational tools. Computational alanine
scanning (CAS) is a DGbind-based approach that systematically substitutes amino acids
with alanine to identify residues critical for the affinity and stability of pepPIs. Beyond
identifying these ’hot spot’ residues, CAS has provided insights into the structure–activity
relationship (SAR) of peptide drug candidates, revealing which residues are essential
for activity and which can be modified to improve affinity, specificity, or stability[66–68].
Per-residue DGbind decomposition is another widely applied technique in computational
peptide design, providing detailed insight into the energetic contributions of each amino
acid within a peptide–protein complex. Residues that contribute little to binding can be tar-
geted for modification, and the impact of these substitutions is assessed through subsequent
DGbind calculations. This approach has successfully guided the rational design of peptide
variants with enhanced binding affinity[69,70]. Several tools are available for performing
residue-level DGbind analyses of pepPIs. The BAlaS web application offers a fast and
user-friendly platform for conducting CAS, requiring only a PDB structure as input[71].
For analyses based on MD trajectories with MM/PB(GB)SA calculations, options include
CompASM[72]—an Amber-based VMD[73] plug-in for CAS—and gmx_MMPBSA[59],
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which supports both per-residue DGbind decomposition and CAS. Although these meth-
ods can highlight positions suitable for modification, they do not directly indicate which
substitutions will enhance activity. In a peptide design study based on prior modeling of
SARS-CoV-2 main protease (Mpro) in complex with its substrates, Chan et al. (2021)[74]

employed the computational saturation mutagenesis tool BUDE_SM[75] from the Bristol
University Docking Engine (BUDE)[76] to systematically substitute each peptide residue
with all 19 alternative proteinogenic amino acids. Subsequent in vitro inhibition assays
confirmed the predictions, yielding potent peptide inhibitors against Mpro.
The inherent flexibility of peptides can compromise their binding affinity. To maintain an
optimal binding pose, stabilization strategies such as cyclization are commonly employed.
Cyclization further enhances stability by protecting against enzymatic degradation, hydrol-
ysis, and immunogenicity, and can be achieved head to tail, side chain to side chain, or
head to side chain, often with nonpeptidic linkers (Fig. 1.1C)[77,78]. Peptide cyclization is
frequently applied to so-called ’hot segments’, an extension of the ’hot spots’ concept that
defines continuous binding regions essential for PPIs[11]. Secondary structures like helices
can also be stabilized by stapling, which cross-links two or more side chains, most often
through disulfide bonds but also via synthetic linkers or chemical groups (Fig. 1.1D). Simi-
lar to cyclic peptides, stapled peptides often offer additional benefits, including improved
cell penetration and increased resistance to proteolytic degradation[79,80].
A major challenge in peptide drug development has always been their short metabolic half-
lives due to proteolytic cleavage and renal clearance[13,81]. A popular approach to enhance
the proteolytic stability of peptide drugs is the incorporation of non-natural amino acids,
such as D-amino acids. However, converting L-peptide inhibitors into all-D-isomers often
reduces biological activity due to disrupted stereospecific pepPIs. A promising approach
to preserve the binding mode of L-peptides is the design of retro-inverso D-enantiomeric
(Dri) peptides, which consist of D-amino acids arranged in reverse order, maintaining
side-chain orientation while inverting amide bonds and terminal groups (Fig. 1.3)[82]. This
technique has led to the development of several peptide inhibitors with high activity and
stability[65,83,84].
Early studies recognized renal clearance as a size-dependent mechanism, which can be
overcome by increasing the molecular weight of a drug using conjugation techniques[16,85].
One prominent example is the design of GLP-1-RA, where attaching a fatty acid chain
to the peptide enabled reversible binding to albumin. This modification prolonged the
half-lives of drugs such as liraglutide and semaglutide by reducing enzymatic degradation
and slowing renal clearance[86].
The development of effective and safe drugs requires careful evaluation of their absorption,
distribution, metabolism, excretion and toxicity (ADMET) properties, thus in silico AD-
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Figure 1.3.: Mechanism for the conversion of L-peptides into retro-inverso D-peptides. From
left to right: A mirror image of the original L-peptide is first generated by flipping its structure
along a chiral axis. The amino acid sequence of the resulting all-D-enantiomeric peptide is then
reversed to obtain the Dri-peptide with inverted N/C termini (blue/red balls) and amide bonds.
Orange arrows indicate the change in side chain orientation, either pointing away (full arrow) or
toward the viewer (empty arrow), as exemplified by the Leu residue shown as yellow sticks. This
demonstrates that Dri-peptides adopt the same side chain orientation as the original L-peptides.

MET prediction has become a critical component of pharmaceutical research[87]. Several
web servers allow prediction of a wide range of ADMET properties, including solubility,
bioavailability, blood-brain barrier penetration, and toxicity, and some can further assist in
toxicity risk assessment and candidate selection[88,89]. However, most ADMET prediction
tools are tailored to small molecules, and a dedicated platform addressing the specific
ADMET challenges of peptide drugs is still lacking.

1.3. Therapeutic Targets

The selection of an appropriate biomolecular target in CADD is essential for successful
drug development. According to the latest data from the ChEMBL database[90], the
main classes of protein targets for bioactive compounds include enzymes, ion channels,
and membrane receptors. However, the selection of a drug target is inherently context-
dependent and varies based on the disease and the specific goal of the pharmaceutical,
whether therapeutic or diagnostic. In general, a drug target can be selected based on its (i)
druggability: the ability to bind drug-like molecules effectively, (ii) essentiality: its critical
role in the survival or pathogenicity of the organism, and (iii) specificity: minimized
off-target effects by being unique or sufficiently different from (other) host proteins[91]. In
the following, we present the therapeutic targets used in this work: the two SARS-CoV-2
proteases, main protease (Mpro) and papain-like protease (PLpro), and prostate specific
membrane antigen (PSMA), a theranostic target in prostate cancer.
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1.3.1. Coronavirus Disease 2019

Coronaviruses as part of the Coronaviridae are large, enveloped, single-stranded ribonu-
cleic acid (RNA) viruses that infect humans, other mammals, and avian species, causing
mainly respiratory and enteric diseases[92]. Human coronaviruses (HCoVs) such as HCoV-
229E, HCoV-OC43, HCoV-NL63, and HCoV-HKU1 generally cause mild, seasonal respi-
ratory infections. In contrast, severe acute respiratory syndrome coronavirus (SARS-CoV),
middle east respiratory syndrome-related coronavirus (MERS-CoV), and SARS-CoV-2,
which have emerged over the past two decades, can induce severe, life-threatening respira-
tory disease by infecting bronchial epithelial cells, pneumocytes, and upper respiratory
tract cells in humans[93,94].
The outbreak of SARS-CoV-2 in December 2019 led to a global pandemic—known as
coronavirus disease 2019 (COVID-19)—which had caused over 6.9 million deaths by the
time the World Health Organization (WHO) declared the end of the emergency phase in
May 2023[95,96]. Beyond the severe health crisis, the pandemic also had a profound impact
on the global economy, including income loss, rising unemployment, and disruption across
key industrial sectors[97]. This emergency situation led scientists from various disciplines
to shift their focus to COVID-19 research and work together to achieve rapid advances in
diagnostics, treatments, and vaccine development[98].
In this context, significant attention has been directed toward the trimeric spike protein,
which decorates the surface of the virion and facilitates viral entry into human cells through
the interaction between its receptor-binding domain (RBD) and the human angiotensin-
converting enzyme 2 (ACE2)[99]. Neutralizing monoclonal antibodies—primarily targeting
epitopes located at this critical interface—were among the first therapeutics used against
SARS-CoV-2, aiming to prevent disease progression and reduce hospitalization[100]. The
spike protein also played a major role in the development of most common anti-SARS-
CoV-2 vaccines. The Pfizer–BioNTech messenger ribonucleic acid (mRNA) BNT162b2
(Comirnaty) and Moderna mRNA 1273 vaccines both use lipid nanoparticles to deliver
mRNA encoding the full-length SARS-CoV-2 spike protein[101]. Compared to vector
vaccines that use a modified, replication-deficient adenovirus for displaying the spike
protein (e.g. Astra-Zeneca ChAdOx1-S or Janssen by Johnson & Johnson), the mRNA
vaccines showed the highest efficacies in preventing COVID-19, with reported rates of
95 %/87.5 % (Pfizer–BioNTech) and 94.5 %/100 % (Moderna), for symptomatic and severe
disease, respectively[102].
However, mutations in critical regions of the spike protein have been associated with altered
transmissibility, infectivity, and reduced therapeutic efficacy of vaccines and antibody-
based immunotherapies among emerging SARS-CoV-2 variants[103]. Thus, there remains
the need for pharmaceuticals that effectively target also new variants with minimal side
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effects[104]. To develop broadly effective therapeutics against current and emerging SARS-
CoV-2 variants—and potentially other coronaviruses—the inhibitors need to target essential
viral protein binding sites with conserved sequences and structures. Notable SARS-CoV-2
proteins that exhibit these features and present strong drug-target potential include the Mpro,
also known as 3-chymotrypsin-like protease (3CLpro), the PLpro and the RNA-dependent
RNA polymerase (RdRp)[105–107]. Following entry of the virion into the host cell and
release of the viral genome, the open reading frames ORF1a and ORF1b, which encode
16 non-structural proteins (nsp1–nsp16), are translated into the shorter polyprotein pp1a
and, via a ribosomal frameshift, into the longer polyprotein pp1ab. PLpro and Mpro prote-
olytically process pp1a and pp1ab at three and eleven cleavage sites, respectively, yielding
nsp1–11 from pp1a, as well as nsp1–10 and nsp12–16 from pp1ab (Fig. 1.4A). Since PLpro

and Mpro are encoded within nsp3 and nsp5, respectively, they undergo autoproteolytic
cleavage to liberate themselves. Nsp2–16 assemble into the viral replication and transcrip-
tion complex (RTC), which is directed to defined subcellular sites and exploits host cell
membranes and resources for viral RNA synthesis. While nsp12 (contains RdRp domain),
nsp13, nsp14 and nsp16 comprise the core enzymatic machinery for replication, proof-
reading, and RNA modification, nsp2–11 provide supporting functions such as membrane
remodeling, immune evasion, and cofactor activity[94,108].
With the COVID-19 outbreak, numerous drug-repurposing studies were launched in

Figure 1.4.: Cleavage sites of SARS-CoV-2 Mpro and PLpro within the viral polypeptides pp1a
and pp1ab. The polypeptides pp1a and pp1ab are cleaved by PLpro and Mpro at three and eleven
sites, respectively. (B) SARS-CoV-2 Mpro and (C) SARS-CoV-2 PLpro cleavage site sequence
logo plotted with WebLogo Version 3.7.9[109]. The data was obtained from the Uniprot database
(accession code: P0DTD1) by extracting the eleven and three cleavage sites, respectively, from the
polyprotein 1ab ranging from P6–P60 position. The height of symbols indicates the frequency of
each amino acid at a given substrate position.
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hopes of rapidly identifying effective COVID-19 therapies among already approved drugs.
Remdesivir, which had previously demonstrated antiviral activity against RNA viruses
such as Ebola, was among the first treatments for COVID-19 to receive emergency use au-
thorization from the Food and Drug Administration (FDA) in May 2020. As an adenosine
triphosphate (ATP) analogue, it competes with natural ATP substrates for incorporation
into nascent viral RNA chains, resulting in delayed chain termination[110]. In December
2021, two further oral antiviral therapies, Paxlovid and Molnupiravir, have been authorized
by the FDA to reduce the risk of hospitalization or death in patients with mild-to-moderate
COVID-19. Paxlovid combines Nirmatrelvir, a potent inhibitor of SARS-CoV-2 Mpro

developed by Pfizer[111], and Ritonavir, which is used to enhances the effectiveness and
bioavailability of Nirmatrelvir by slowing hepatic metabolism[112]. Similar to Remdesivir,
Molnupiravir targets the viral RdRp; however, instead of causing chain termination, it
functions as a nucleoside analogue that introduces mutagenic base substitutions, resulting
in an ’error catastrophe’[113,114].
Although currently available COVID-19 antivirals have markedly reduced the risk of
hospitalization and death[115,116], there remains a critical need for inexpensive and easily
administered therapies to address emerging drug resistance and to ensure preparedness
against future pathogenic coronavirus outbreaks.

1.3.1.1. The Main Protease

Due to its essential role in viral replication and its unique substrate recognition motif,
characterized by a single conserved glutamine, Mpro is considered one of the most promis-
ing drug targets against SARS-CoV-2. Mpro catalyzes proteolytic processing of the viral
polyproteins pp1a and pp1ab at a total of eleven cleavage sites, which can be collectively
represented as a sequence logo summarizing the cleavage site consensus, as illustrated
in Fig. 1.4B. According to the enzyme-substrate interaction nomenclature introduced by
Schechter and Berger[117], substrate recognition by Mpro is mainly driven by the amino acid
residues at positions P4–P10. In addition to the conserved P1 residue, the adjacent positions
P2 and P10 contribute mostly to substrate specificity. P2 usually contains hydrophobic
residues (Leu/Phe/Val), whereas P10 prefers small residues (Ser/Ala/Asn) [106,118].
Mpro is highly conserved across coronaviruses. In the case of HCoVs, sequence identities
range between approximately 40 % and 96 %—with the highest identity observed between
SARS-CoV-2 and SARS-CoV Mpro—while the structural fold of the protease is highly
conserved[119,120], especially in the active site region (RMSD  1.02 Å))[121].
Mpro can be structurally divided into three distinct domains (Fig. 1.5A). The N-terminal
domains I (residues 8–101) and II (residues 102–184) exhibit a b -sheet-rich chymotrypsin-
like fold, with the substrate-binding site located at the interface between the two domains.

12



1.3 Therapeutic Targets

Figure 1.5.: Structural features of SARS-CoV-2 Mpro, including domain organization, dimer-
ization, and substrate recognition. (A) Cartoon representation of Mpro (PDB ID: 7T70), showing
the three domains, the interdomain loop connecting domains II and III, and the catalytic dyad (His41
and C145) between domains I and II. Mpro is active only as a homodimer, with the dimerization
guided through domain III interactions between two protomers. (B) Surface representation of Mpro

with substrate nsp4/5 bound at the active site (PDB ID: 7T70). Subsites S4–S10, which are primarily
responsible for substrate recognition, are indicated.

The C-terminal domain III (residues 201–303), which is connected to domain II via
a long interdomain loop (residues 185–200), is primarily composed of a-helices and
plays a crucial role in the dimerization of Mpro into its catalytically active homodimeric
form[120,122,123].
Proteolytic cleavage of polypeptide substrates by Mpro is mediated through the catalytic
dyad, comprising His41 in domain I and Cys145 in domain II. Analogous to the substrate
positions P4–P10, the most structurally well-defined subsites within the substrate-binding
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region correspond to S4–S10. These subsites are adapted to the residue-specific preferences
of the substrate, with the shallow S10 subsite that can only accommodate residues with
short side chains at P10, and the highly hydrophobic S2 favoring hydrophobic residues at
P2 (Fig. 1.5B)[124,125].
Numerous drug repurposing virtual screening studies targeting Mpro, sometimes using
libraries of millions to billions of compounds, have been reported[126–133]. However,
many of these studies employed simplified docking-only approaches without experimental
validation and showed limited consistency across results[134]. Nonetheless, owing to the
extensive global efforts, the COVID Moonshot project—an open-science drug discov-
ery campaign to identify, synthesize, and test inhibitors against SARS-CoV-2 Mpro—has
identified over 2,000 compounds, mainly small molecules, with confirmed biological
activity[135,136].
To date, the only FDA-approved Mpro inhibitor is nirmatrelvir (Paxlovid), a covalent
peptidomimetic inhibitor developed by Pfizer through rational drug design[111]. While
nirmatrelvir shows sufficient efficacy, its poor pharmacokinetic properties require coad-
ministration with ritonavir. Moreover, the clinical benefit of Paxlovid strongly depends
on treatment timing: delayed administration reduces its impact on peak viral shedding,
whereas very early treatment increases the likelihood of viral rebound without lowering
infectiousness[137]. Thus, the development of inhibitors with enhanced efficacy and phar-
macological properties remains an urgent challenge in antiviral drug design, particularly in
preparing for future COVID-19 variants.

1.3.1.2. The Papain-like Protease

Another promising target for SARS-CoV-2 drug development is PLpro, which represents
one of eight domains within the membrane-anchored, multi-domain protein nsp3. It
cleaves the polyprotein pp1a at three sites, between nsp1/nsp2, nsp2/nsp3 and nsp3/nsp4,
releasing proteins that are essential for viral replication[107,138]. The three cleavage sites
are summarized as a sequence logo in Fig. 1.4C.
In addition to its role in viral polyprotein processing, PLpro functions as a deubiquitylating
and de-ISGylating enzyme, preferentially hydrolyzing interferon-induced gene 15 (ISG15)
and K48-linked polyubiquitin chains from proteins. By reversing these post-translational
modifications, PLpro suppresses specific antiviral signaling pathways, thereby promoting
immune evasion and enhancing viral replication[139–141]. Substrate recognition by PLpro

for proteolytic cleavage, de-ubiquitination and de-ISGylation is governed by the LXGG
motif, corresponding to the P4–P1 positions of the substrate[107,140,142].
Similar to Mpro, PLpro is conserved across coronaviruses. While SARS-CoV-2 PLpro

shares 83 % sequence identity with that of SARS-CoV—with the highest conservation
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observed within the active site—and only 29 % identity with MERS-CoV, their overall
structures are highly conserved (RMSD  1.11 Å)[107,143]. The secondary structure of
SARS-CoV-2 PLpro can be divided into four subdomains: the N-terminal Ubl domain
(residues 1–61), the a-helical thumb domain (residues 62–178), the b -stranded finger
domain (residues 179–240), and the palm domain (residues 241–315), comprising six
b -strands (Fig. 1.6A). The catalytic triad, comprising Cys111, His272, and Asp286, is
located at the interface between the thumb and palm domains. Within the finger domain,

Figure 1.6.: Structural features of SARS-CoV-2 PLpro. (A) Cartoon representation of the four
domains—ubiquitin-like (Ubl), thumb, palm, and fingers—of PLpro (PDB ID: 6WX4). The catalytic
triad (Cys111, His272, Asp286), the Zn-binding site (coordinated by Cys189, Cys192, Cys224,
and Cys226), and the BL2 loop are indicated. (B) Surface representation of PLpro in complex with
the covalent peptide inhibitor VIR251 (PDB ID: 6WX4). The subsites S4–S10 are indicated, among
these, S4–S1 mediate recognition of the LXGG motif.
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four conserved cysteine residues (Cys189, Cys192, Cys224, and Cys226) coordinate a Zn
ion[107,143], which is essential for catalytic activity[144]. A flexible b -turn, the BL2 loop
(residues Gly266–Gly271), is located near the active site and plays a key role in substrate
binding. By closing over the active site, it stabilizes the protease–substrate complex[138,143].
Recognition of the LXGG motif is mediated by subsites S4–S1, as illustrated in Fig. 1.6B
with the peptidomimetic inhibitor VIR251 bound to PLpro.
Beyond Mpro, PLpro has also drawn considerable attention in high-throughput virtual
screening campaigns[133,145–148]. Among the inhibitors identified, GRL0617—a nonco-
valent naphthalene compound—and its analogs represent some of the earliest and most
thoroughly characterized PLpro inhibitors[149,150]. However, to date, there are no FDA-
approved inhibitors targeting PLpro, nor are there any PLpro inhibitors currently in clinical
trials.

1.3.2. Prostate Cancer

Prostate cancer is the second most common cancer and the fifth leading cause of cancer
deaths in men globally, with over 1.46 million new cases and 396,000 deaths in 2022[151].
While the highest incidence rates are observed in predominantly high-income regions,
including Australia, the United States, and Northern Europe, the highest mortality rates
occur in sub-Saharan Africa and the Caribbean, mainly due to limited access to early
detection methods and effective treatment. As the global population continues to grow and
age, the number of prostate cancer cases and related deaths is expected to rise significantly
in the coming decades[152,153].
In patients with localized prostate cancer, i.e. the cancer is confined to the prostate
gland, therapeutic approaches including active surveillance, radical prostatectomy, and
radiotherapy are associated with excellent long-term prostate cancer-specific survival
outcomes.[154,155]. However, once prostate cancer has metastasized—most commonly
to bones and lymph nodes—the treatment becomes more complex. In advanced and
metastatic prostate cancer, systemic therapies such as androgen deprivation therapy (ADT)
or chemotherapy are typically employed. As the current mainstay of treatment, ADT
controls disease progression by suppressing androgen receptor signaling, thereby depriving
prostate cancer cells of critical growth and survival stimuli. Although most patients ini-
tially respond to ADT, therapeutic resistance usually develops within 2–3 years, resulting
in disease progression despite continuous hormonal suppression, a stage referred to as
castration-resistant prostate cancer (CRPC)[156,157]. At this point, chemotherapy becomes
the main treatment; however, improvements in survival are modest relative to the risk of
significant toxicity, and resistance to chemotherapy inevitably develops[157,158]. Overall,
patients with metastatic CRPC have a median survival of approximately 16 months[159].
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Thus, accurate and sensitive detection of metastatic lesions is essential for optimizing
targeted treatment strategies[160].
Over the past decades, the diagnostic pathway for prostate cancer has evolved into a
multimodal approach. Initial assessment typically involves a combination of prostate-
specific antigen (PSA) testing and digital rectal examination. This is commonly followed
by multiparametric magnetic resonance imaging (mpMRI), which, in accordance with
European Association of Urology (EAU) guidelines, is used to improve lesion localization
and guide targeted prostate tissue biopsy. To determine disease stage and, accordingly,
select the optimal treatment strategy, distinguishing localized from advanced prostate
cancer is critical. While conventional imaging modalities such as computed tomography
(CT) and bone scintigraphy remain widely used, their sensitivity for detecting small or
early metastatic lesions is limited[161–163]. In contrast, PSMA-targeted positron emission
tomography (PET) offers a more accurate alternative. PSMA, a transmembrane protein
commonly overexpressed in prostate cancer cells, provides an excellent molecular target
for imaging with radiolabeled ligands (Fig. 1.7)[164]. PSMA–PET is most often performed
in combination with CT in a hybrid PET/CT system, combining the high molecular speci-
ficity of PSMA-targeted detection with the precise anatomical imaging by CT[165,166].
This enables accurate detection of lymph node and bone metastases, with clinical trials
confirming superior sensitivity and specificity over conventional imaging[167–169]. In ad-

Figure 1.7.: PSMA-targeted radioligand therapy and diagnostic. (A) Radioligands targeting
and binding specifically to PSMA on the surface of prostate cancer cells, enabling either diagnostic
imaging or cancer therapy through radioactivity. (B) The structure of PSMA-targeted radioligands
is exemplified by the theranostic ligand PSMA-617: the DOTA chelator, which allows the incorpo-
ration of a radiometal (e.g., 68Ga for imaging or 177Lu for therapy), is connected via a naphthyl-
and cyclohexyl-containing linker to the PSMA-targeting vector, a Glu-urea-Lys binding motif.
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dition to PET, single-photon emission computed tomography (SPECT) can be employed
for PSMA-targeted imaging, using radiopharmaceuticals labeled with photon-emitting
radionuclides such as 99mTc. By contrast, PET utilizes positron-emitting radionuclides,
for example 68Ga or 18F, conjugated to PSMA ligands. While PET provides superior
spatial resolution and higher sensitivity, SPECT tracers are more widely available and
cost-effective, making SPECT a practical alternative when PET access is limited[170–172].
By improving the detection and localization of small metastatic lesions, PSMA-targeted
imaging has facilitated the implementation of metastasis-directed therapies (MDT) ap-
proaches such as stereotactic body radiotherapy, a high-precision technique in which large
doses of radiation are carefully delivered to metastases over only a few sessions, and which
has been shown to be both effective and well-tolerated. MDT can postpone the initiation
of systemic therapy, thereby reducing exposure to the side effects of hormonal therapy, and
prolong progression-free survival in patients with oligometastatic prostate cancer[173–175].
MDT is primarily employed in cases of oligometastatic or oligorecurrent disease, where
the number of metastatic lesions is limited and approachable for local treatment. However,
in patients with metastatic CRPC involving multiple tumor sites throughout the body,
PSMA-targeted radioligand therapy (RLT) has emerged as an effective therapeutic option.
RLT employs targeted radionuclides, such as the b -emitter 177Lu or the a-emitter 223Ra,
to deliver cytotoxic radiation directly to cancer cells and their microenvironment, while
largely sparing healthy tissue in contrast to external beam radiotherapy[176,177].

1.3.2.1. The Prostate Specific Membrane Antigen

PSMA is a type II transmembrane glycoprotein encoded by the FOLH1 gene, exhibiting
dual enzymatic activities as a folate hydrolase and a carboxypeptidase. It is expressed
in multiple tissues, including the prostate, kidney, small intestine, and central nervous
system. Depending on its tissue localization and function, it is also referred to as glutamate
carboxypeptidase II (GCPII)—due to its ability to hydrolyze poly-glutamated folates and
thereby release glutamate—or as N-acetyl-L-aspartyl-L-glutamate peptidase I (NAAL-
ADase I), referring to its role in metabolizing the neuropeptide N-acetyl-aspartyl-glutamate
(NAAG) in the brain.
From a clinical perspective, PSMA has gained attention due to its increased expression
in prostate cancer cells compared to benign prostate tissue, which increases with disease
progression, making it an attractive target for both diagnostic and therapeutic applica-
tions[178,179]. The role of PSMA in the metabolism of folates has been associated with
tumor growth and progression, however its exact function in prostate cancer remains
unclear[180].
The native conformation of PSMA is a homodimer (Fig. 1.8A), and homodimerization
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is essential for its enzymatic activity[181]. Each protomer is organized into three distinct
structural regions: a short N-terminal intracellular segment (residues 1–19), a single-pass
transmembrane helix (residues 20–43), and an extensive C-terminal extracellular domain
(residues 44–750). The extracellular domain can be further subdivided into a protease
domain (residues 56–116 and 352–591), an apical domain (residues 117–351), and a
helical C-terminal domain (residues 592–750)[178,182].
The substrate-binding site is located at the interface of these three domains and consists of
a large cavity containing a deeply buried catalytic site defined by two Zn2+ ions. Each Zn
ion is coordinated by three residues: a histidine (His553 or His377), an aspartate (Asp453)
or glutamate (Glu425), and a bridging aspartate (Asp387). Both Zn ions are additionally
coordinated by a bridging water molecule, which serves as a nucleophile in the cleavage of
the peptide bond in a bound substrate. Within the substrate-binding cavity, the arginine
patch at the S1 site is formed by three arginines (Arg463, Arg534, and Arg536), which
interact with the residue immediately N-terminal to the scissile bond, such as the aspartate
in NAAG. A fourth arginine (Arg210) is positioned on the opposite side of the cavity at the
S10 glutamate pocket, which accommodates the negatively charged C-terminal glutamate
residue of the substrate[183,184].

Figure 1.8.: Schematic representation of the homodimeric PSMA transmembrane protein
and its binding cavity. (A) The extracellular domain of the PSMA homodimer, including its
domains and active site, is shown based on the biological assembly of the PDB structure 5o5t.
The transmembrane and intracellular regions are added schematically to illustrate the complete
transmembrane protein. (B) Binding funnel of PSMA co-crystallized with the inhibitor PSMA-1007,
highlighting key protein–inhibitor interaction subsites (PDB ID: 5o5t).
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Additional subsites of the PSMA binding funnel, including the S1 accessory lipophilic
region[185] and a remote arene-binding site[186], have been characterized. Both subsites
are engaged by the inhibitor PSMA-1007: its ligand’s naphthyl group occupies the S1
lipophilic region, while its fluoronicotinic acid moiety is accommodated within the arene-
binding site (Fig. 1.8B)[187–189].

1.3.2.2. PSMA Radioligands

In general, PSMA radiotracers consist of three components: a vector (or binding motif),
a radionuclide—coordinated by a chelator or prosthetic group—and a linker inbetween
(Fig. 1.7B). PSMA targeting vectors typically contain a Glu-ureido–based moiety that
exhibits high affinity towards the binding site[190,191]. The chelator determines which
radionuclides can be stably incorporated, enabling either diagnostic imaging (e.g. 111In
and 99mTc for SPECT or 68Ga and 18F for PET) or targeted RLT (e.g. 177Lu and 90Y
for b -therapy or 225Ac for a-therapy). The linker connects the chelator and vector, and
can also include modifications that enhance binding affinity by engaging specific PSMA
binding pockets[187,192].
[18F]FDG and capromab pendetide (ProstaScint) were among the first molecular imaging
agents approved for prostate cancer imaging. [18F]FDG enables the detection of many
cancers through uptake by tumor cells with high metabolic activity. However, its utility in
prostate cancer is limited due to the disease’s low glycolytic rate[193]. Capromab pendetide
is an 111In-labeled antibody targeting PSMA that binds the intracellular domain. As it
cannot be internalized by viable cells, detection is largely limited to necrotic tumor regions,
with markedly reduced sensitivity for bone and lymph node metastases[194].
The first small-molecule PSMA inhibitors for prostate cancer imaging, [123I]MIP-1072
and [123]MIP-1095, entered clinical trials in 2008. They are based on a Glu-urea-Lys
binding motif and incorporate aromatic moieties that enable stable labeling with 123I, a
single-photon emitter suitable for both imaging and RLT[195–197].
A selection of clinically relevant Glu-ureido-based PSMA radioligands for PET/SPECT
diagnostics and RLT are summarized in Fig. 1.9. The first widely used PET tracer, in-
troduced in 2012, was [68Ga]Ga-PSMA-11[198,199], a Glu-ureido–based peptidomimetic
PSMA inhibitor labeled with 68Ga via the chelator N,N0-Bis[2-hydroxy-5-(ethylene-b -
carboxy)benzyl]ethylenediamine-N,N0-diacetic acid (HBED-CC). However, HBED-CC
cannot complex clinically relevant therapeutic radiometals such as 177Lu, 90Y or 225Ac.
To address this limitation, PSMA-617 was developed and introduced in 2015[200,201]. It re-
tains the Glu-urea-Lys binding motif while incorporating a 1,4,7,10-tetraazacyclododecane-
1,4,7,10-tetraacetic acid (DOTA) chelator, which enables labeling with both diagnostic
and therapeutic radionuclides, and a naphthyl linker group to optimize binding. Several
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clinical studies of [177Lu]Lu-PSMA-617 in metastatic CRPC indicated improved survival
outcomes and higher response rates compared to standard treatments, with fewer severe
adverse events[202–205]. Based on the phase 3 VISION trial (NCT03511664), demon-
strating the efficacy and safety of [177Lu]Lu-PSMA-617[206], the FDA granted approval
of Pluvicto (lutetium Lu 177 vipivotide tetraxetan) for the treatment of adult patients

Figure 1.9.: Clinically relevant Glu-ureido-based PSMA radioligands. Chemical structures
of clinically relevant PSMA-targeted radioligands. Below each structure, their classification—
diagnostic (PET or SPECT), therapeutic, or theranostic—and radionuclides used for labeling are
indicated.
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with PSMA-positive metastatic CRPC[207]. PSMA-617 has been shown to exhibit signifi-
cantly faster renal clearance than PSMA-11, which is important for minimizing potential
radiation-induced kidney toxicity and reducing the risk of long-term side effects[200].
While [68Ga] Ga-PSMA-11 and 177Lu or 225Ac-labeled PSMA-617 were able to cover
the diagnostic and therapeutic aspects of clinical prostate cancer care, the limited avail-
ability and short half-life of 68Ga restrict large-scale production and routine use. This
created a strong demand for 18F-labeled PSMA ligands, leading to the development of
[18F]PSMA-1007. PSMA-1007 was derived from PSMA-617, sharing the Glu-ureido-
based binding motif and a similar linker structure featuring a naphthyl group. The key
difference lies in their radiolabel: PSMA-617 is labeled via its DOTA chelator (e.g., with
68Ga), whereas PSMA-1007 is labeled with a covalently bound 18F at the 6-fluoronicotinic
acid (FNA) group, which engages the arene-binding site of PSMA. To counterbalance the
loss of hydrophilicity caused by replacing DOTA with FNA, two glutamic acid residues
were added to the linker of PSMA-1007[187,189,208].
Clinical studies have demonstrated that [18F]PSMA-1007 performs comparably to
68Ga-PSMA-11 and other 18F-labeled PET tracers, such as [18F]DCFPyL, which was
introduced in 2011, and is based on a 18F-fluoropyridyl-substituted Glu-urea-Lys mo-
tif[209,210]. However, [18F]PSMA-1007 offers distinct advantages, including its longer
half-life, which enables large-scale production, reducing the need for multiple daily synthe-
ses, and its low urinary excretion together with high tumor-to-background ratios allowing
highly sensitive detection of even small lesions in the body[211,212].
Another theranostic PSMA radioligand, PSMA-I&T (imaging and therapy), incorporates a
1,4,7,10-tetraazacyclododececane,1-(glutaric acid)-4,7,10-triacetic acid (DOTAGA) chela-
tor, a Glu-urea-Lys binding motif, and a D-amino acid-substituted peptidyl spacer[213,214].
In early clinical studies, [177Lu]Lu-PSMA-I&T achieved promising outcomes in heavily
pretreated patients with metastatic CRPC, with 68 % demonstrating stable disease or com-
plete remission[215]. In addition to PSMA-targeted therapy, the 111In-labeled PSMA-I&T
has been used for radioguided surgery (RGS), enabling intraoperative detection and resec-
tion of even small or atypically PSMA-positive lymph node metastases[216]. However, its
suboptimal nuclear properties, high cost, and limited availability restrict clinical use. To
develop a more practical alternative, [111In]In-PSMA-I&T was adapted to 99mTc-labeling
by replacing the DOTAGA chelator with mercaptoacetyl tri-D-serine (MAS3), yielding
PSMA-I&S (imaging and surgery). This SPECT radioligand has shown promising initial
clinical results, with early data indicating comparable or even superior performance for
PSMA-targeted RGS[217].
[99mTc]Tc-EDDA/HYNIC-iPSMA, a SPECT radioligand developed primarily for di-
agnostics, proved effective in clinical studies comparing it with the performance of
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[68Ga]Ga-PSMA-11[218] or [68Ga]Ga-PSMA-617[219]. However, since HYNIC is un-
suitable for coordination with 188Re—a therapeutic nuclide that can serve as a theranostic
tandem with 99mTc—it was replaced by the 188Re-compatible MAS3 chelator, yielding
PSMA-GCK01[220]. The theranostic tracer [99mTc]Tc/[188Re]Re-PSMA-GCK01 showed
similar imaging characteristics compared to [99mTc]Tc-EDDA/HYNIC-iPSMA in a clini-
cal study of patients with metastatic CRPC[221].
A novel class of PSMA-targeted radiotracers are radiohybrid (rh) ligands, which integrate
a silicon–fluoride–acceptor (SiFA) moiety and a chelator within a single molecule. These
ligands can be radiolabeled either with 18F via isotopic exchange at the SiFA site or with ra-
diometals such as 68Ga or 177Lu at the chelator[222]. An example is [18F,natGa]rhPSMA-7,
which has shown high detection rates in PET imaging of primary and metastatic CRPC[223].
Over the past two decades, a diverse array of clinically relevant PSMA-targeting radioli-
gands has been developed. However, important challenges such as high renal uptake and
unresolved pharmacological questions remain to be addressed.

1.4. Aim of the Thesis

Therapeutic peptides are emerging as a promising class of drugs, distinguished by their
versatility, target specificity, and adjustable pharmacokinetics. Despite rapid advance-
ments in computational techniques, including AI models like AlphaFold, the intrinsic
conformational flexibility of peptides still poses a challenge for the prediction of peptide–
protein complex structures. As reliable structural information on pepPIs is essential for
structure-based peptide design, this thesis aims to develop optimized modeling workflows
that serve as basis for subsequent computer-aided design of peptide-based therapeutics. By
exploring different strategies adapted to the intrinsic flexibility of peptides, we further aim
to establish computational techniques for the accurate design of peptide inhibitors.
To achieve this, we model natural substrates and Dri-peptides in complex with the critical
SARS-CoV-2 proteases Mpro and PLpro. We employ docking and MD simulations to study
peptide–protein interactions, forming the basis for various design strategies, which are
validated through in vitro inhibition assays of the predicted peptide designs.
To advance PSMA-targeted radiopharmaceutical design for prostate cancer diagnostics
and therapy, we aim to develop an optimized computational workflow for the accurate
prediction of PSMA–radioligand interactions. By performing docking under varying
conditions and employing a re-scoring process, we generate promising starting structures
for subsequent MD simulations. These simulations aim to elucidate the structure–activity
relationships governing PSMA–radioligand binding, with the resulting insights establishing
a foundation for future computer-aided radiopharmaceutical design (CARD) studies.
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2. Methods

In the following, the methods and algorithms employed in this work are outlined. The
workflow begins with molecular docking followed by a rescoring approach to reevaluate the
docking solutions. Starting from the docked poses, molecular dynamics (MD) simulations
are performed, with binding affinities assessed using free energy calculations. Next, the
computational dynamic saturation mutagenesis (CDSM) protocol developed in this study
is presented. Finally, experimental methods for evaluating the inhibitory activity of the
peptide designs predicted through the computer-aided peptide inhibitor design (CAPID)
workflow are described.

2.1. Modeling Peptide–Protein Interactions

To predict and analyze peptide–protein interactions (pepPIs), we applied a combination
of molecular docking and MD simulations. Docking was used to generate initial peptide
binding poses within the receptor binding site, while MD simulations were performed
to explore the conformational space of the peptide–protein complex and to refine the
predicted binding modes. In the following, we describe the theoretical background and
specific methodologies used for modeling pepPIs through docking and MD simulations.

2.1.1. Protein Preparation

All protein structures obtained from the Protein Data Bank (PDB), including the X-ray
crystal structures of the main protease (Mpro) (PDB: 6M2N, 7T70), papain-like protease
(PLpro) (PDB: 6WX4) and PSMA (PDB: 8BOW, 5O5T), were processed using the protein
preparation wizard in Maestro (Schrödinger)[224]. Default settings (pH 7.4 and OPLS_2005
as force field) were applied for adding hydrogens to protein, ligand and water molecules,
reconstructing missing side chains and loops, and optimizing hydrogen bonds and water
orientations.
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2.1.2. Molecular Docking

Docking is widely used to predict the predominant binding modes of a ligand in protein–
ligand complex structures. In this study, we employed four different docking tools:
AutoDock Vina (Vina)[32], AutoDockFR (ADFR)[225], AutoDock CrankPep (ADCP)[39],
and AlphaFold3[22]. Vina is a fast docking engine—suitable especially to screen large
databases—which combines knowledge-based and empirical scoring functions, whereas
ADFR and ADCP, which are both part of the ADFR software suite, use the AutoDock4
(AD4)[226] scoring function that is based on a semi-empirical free energy force field. ADFR
extends the docking capabilities of AD4 and Vina by introducing selective receptor flexibil-
ity, support for covalent docking, and a custom Genetic Algorithm optimized for handling
ligands with a large number of rotatable bonds. ADCP is specifically designed for docking
flexible peptides to protein receptors. It combines CRANKITE[43]—a software that can
efficiently sample the conformational space of peptides and proteins—with AutoDock’s
grid-based representation of a rigid receptor, enabling the simultaneous optimization of
peptide conformations and their interactions with the receptor. AlphaFold 3 (AF3), devel-
oped by DeepMind, enables structure prediction of various complexes, including proteins,
nucleic acids, small molecules, ions and modified residues, through a machine learning
(ML)-based framework.

2.1.2.1. Scoring Functions

Scoring functions in molecular docking estimate the binding affinity between a ligand
and its receptor, allowing the predicted binding poses to be ranked accordingly. They can
be classified into four major classes: (i) physics-based (or force field-based), (ii) empiri-
cal (or regression-based), (iii) knowledge-based (or potential of mean force-based), and
(iv) machine learning-based (or descriptor-based)[227]. However, the boundaries between
these categories are often indistinct, as many approaches integrate elements from multiple
strategies[228].

Force Field-based. The AD4 scoring function—shared by ADFR and ADCP—is
based on a semi-empirical force field that estimates the binding free energy (DGbind) of a
protein–ligand interaction in two steps: (i) the intramolecular energy required for both the
ligand (L–L) and the protein receptor (P–P) to adopt their bound conformations, and (ii) the
change in intermolecular energy upon complex formation (P–L), which also accounts for
the conformational entropy loss (DSconf):

DGbind =
�
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bound�UL�L
unbound

�
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�
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bound�UP�P
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Each of the energetic terms (U) comprises estimates of dispersion/repulsion, hydrogen
bonding, electrostatics, and desolvation:
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The first term represents van der Waals (vdW) interactions by a 6/12 potential for disper-
sion/repulsion based on the Amber force field. Hydrogen bonds are described by a 10/12
potential and the E(t) function, which provides directionality using the angle t from an
ideal H-bonding geometry. The Coulomb potential represents electrostatic interactions
using partial point charges q of atoms i and j, and the distance ri j between them.
The last term is a desolvation potential that involves a volume of solvent shielding atoms
(V ), a solvation parameter (S), and an exponential distance factor (s = 3.5 Å)[226]. The
weighting constants W were optimized using experimentally determined binding constants
to calibrate the empirical free energy function.
ADCP builds upon the AD4 scoring function by integrating additional conformational
energy terms specifically tailored for peptides[39]. Its scoring function consists of two
components: an internal score, which evaluates the conformational quality of the peptide,
and an interaction score, which assesses the peptide–protein affinity based on the AD4
scoring function. Given that ADCP employs a coarse-grained peptide model, in which
each side chain is represented by a single bead, the internal score is based on CRANKITE’s
Go-type potentials to approximate side-chain interactions within the peptide[42,43]. In
addition, the internal scoring function incorporates backbone torsion biases derived from
Ramachandran propensities for the f and y dihedral angles, which are converted into
energetic penalties using the Boltzmann distribution.

Knowledge/Empirical-based. Vina uses a scoring function that combines knowledge-
based potentials with empirical terms to estimate the binding affinity of protein–ligand
complexes[32]. Unlike force field-based methods, Vina does not explicitly compute elec-
trostatics or solvation energies, but instead relies on statistically derived potentials and
parameterization through regression against empirical data.
The binding affinity is estimated as the sum over atom-pair interactions, each defined as a
function of the surface distance d = ri j �Ri �R j (with the interatomic distance ri j and the
vdW radius R of the atoms i and j):

E = Âepair(d) (2.3)
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Each pairwise term includes steric and, depending on the atom type, hydrophobic and
non-directional H-bonding interactions. More specifically, the binding score is a weighted
sum of two Gaussian functions G(d), a repulsion term f rep(d), a hydrophobic term f h(d),
and a directional hydrogen bond potential f hbond(d):

epair(d) = w1 ·G1(d)+w2 ·G2(d)+w3 · f rep(d)+w4 · f h(d)+w5 · f hbond(d) (2.4)

where wi are the respective weights. The combination of the Gaussian terms and the
repulsive parabolic function approximates the shape of a Lennard-Jones (LJ) potential,
capturing both attraction, moderate distances and strong repulsion at short ranges. These
steric interaction terms are defined as:

G1(d) = e�(d/0.5)2

G2(d) = e�((d�3)/2)2

f rep(d) =

8
<

:
d2, if d < 0

0, if d � 0

The hydrophobic and hydrogen bonding terms are modeled by:

f h(d) =

8
>>><

>>>:

1, if d < 0.5

1.5�d, if 0.5  d  1.5

0, if d � 1.5

f hbond(d) =

8
>>><

>>>:

1, if d �0.7

�d/0.7, if �0.7  d  0

0, if d � 0

All interaction functions are cut off at an interatomic distance of r = 8 Å.

Machine Learning-based. ML-based, or descriptor-based, scoring functions have
evolved from early ligand-based quantitative structure-activity relationship (QSAR) models
to more advanced ML algorithms to learn non-linear relationships between structural
descriptors and binding affinities[48,229]. Instead of predicting binding affinities from
predefined descriptors, AF3 employs a deep neural network trained end-to-end to directly
predict the three-dimensional structure of molecular complexes from sequence inputs[22].
To assess the reliability of its structural predictions, AF3 uses a dedicated confidence head,
which produces internal scoring metrics:
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• The predicted Local Distance Difference Test (pLDDT)—trained to predict a
version of LDDT[230]—provides an estimate of the reliability of each atom’s position
in the predicted structure

• The Predicted Aligned Error (PAE) estimates the positional uncertainty of any
token (group of atoms, e.g. amino acids) when aligned according to the frame of
another token, and is primarily used to assess the confidence of interfaces.

• The Predicted Distance Error (PDE) evaluates the overall structure accuracy by
determing the deviation between predicted and true absolute interatomic distances
for all atom pairs.

• The experimentally resolved prediction indicates whether an atom would be
experimentally resolved (e.g. by X-ray crystallography), thereby distinguishing
between confidently predicted and potentially disordered or flexible regions.

For the ranking of predicted complex structures, AF3 employs a specialized confidence
metric that builds on the scoring strategy introduced in AlphaFold-Multimer[45], which
combines two predictors of the Template Modeling score (TM-score)[231]. The predicted
TM (pTM) is an alignment-based measure of global structural accuracy that includes
all tokens in the complex, whereas the interface pTM (ipTM) is computed exclusively
from residue pairs belonging to different chains, capturing the confidence of inter-chain
interfaces. In addition, AF3 incorporated penalty terms to account for steric clashes and
structural disorder, resulting in an overall model confidence score calculated as:

model confidence = 0.8 · ipTM+0.2 ·pTM+0.5 ·disorder�100 ·has_clash

A structure is marked as having a clash (has_clash), if the total number of inter-chain
clashes—atom pairs with a distance less than 1.1 Å—exceeds 100, or if the number of
clashes divided by the atom count of the smaller chain exceeds 0.5. The disorder term is
based on the relative solvent accessible surface area (rSASA), where atoms with an rSASA
value above 0.581 are considered disordered.

2.1.2.2. Docking Box Preparation

In local docking approaches, prior knowledge about the binding site is used to restrict
the conformational search to a specific region of the receptor—the docking box—to
improve both computational efficiency and prediction accuracy. In this work, local docking
was performed using the AutoDock-based programs ADFR, ADCP, and Vina, all of
which require receptor and ligand structures in the PDBQT format. This AutoDock-
specific extension of the standard PDB format contains additional information such as
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atomic partial charges, atom types, and torsional degrees of freedom for rotatable bonds.
Conversion from PDB to PDBQT format was carried out using the AutoDock scripts
prepare_receptor4.py and prepare_ligand4.py. To define the docking box, the center
coordinates (usually the geometric center of the binding site) and box dimensions along
each axis are specified. These parameters are sufficient for docking with Vina and were set
using AutoDockTools as part of the MGLTools suite[32]. In contrast, ADFR and ADCP
require pre-computed grid maps containing affinity potentials for each atom type present
in the ligand, generated using AutoGridFR (AGFR)[232], which is built on AutoGrid4[233].
Here, the receptor is embedded within a three-dimensional grid (default spacing: 0.375 Å),
and at each grid point, the interaction energy between a probe atom and each receptor
atom is calculated (Fig. 2.1). These pre-calculated grid maps allow for rapid estimation of
the ligand–receptor interaction energies during docking by trilinear interpolation of the
stored grid values[44,226]. In addition, AGFR integrates AutoSite[234] to identify potential
binding pockets by clustering high-affinity grid points from carbon, oxygen, and hydrogen
affinity maps using predefined energy thresholds. Spatially contiguous clusters of favorable
points, referred to as fills, are generated to obtain well-defined binding pocket descriptions.
Version 1.1 of AGFR further improves this process by varying energy cutoffs, allowing
smaller fills to merge into larger clusters, which is especially useful for larger ligands such
as peptides.

Figure 2.1.: Representation of the AutoDock docking grid. The receptor is embedded within
a three-dimensional grid, where grid points are typically spaced at 0.375 Å. At each grid point,
a probe atom is placed, and its interaction energy with each receptor atom is computed using
AutoGrid. Adapted from Morris et al. (2010)[233].
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2.1.2.3. Search Methods

A critical component of molecular docking is the search algorithm, which explores the
conformational space to determine the optimal binding pose of a ligand within its receptor.
In the following, we highlight four representative approaches: genetic algorithm (GA), an
evolutionary algorithm employed in ADFR; iterated local search, a metaheuristic strategy
integrated in Vina; a Monte Carlo (MC)-based search algorithm, used in ADCP; and
diffusion-based structure prediction, as implemented in AF3.

Genetic Algorithm. The GA is a stochastic optimization technique inspired by the
principles of evolution and natural selection. This method represents the initial ligand con-
formation as a vector of structural parameters—referred to as a chromosome (Fig. 2.2A).
A population of such chromosomes is then randomly generated to broadly explore the
conformational and energetic landscape. Each member of the population is evaluated
by the scoring function, and the best-performing individuals with the lowest energies
are selected to produce the next generation. New offspring generations are generated
through genetic operators such as crossover by recombining parent chromosomes and
mutation by introducing random changes (Fig. 2.2B). This process progressively lowers
the average energy of successive generations by preserving favorable structural features,
thereby narrowing the conformational space that needs to be explored. Through repeated
cycles of conformational sampling and evaluation, the genetic algorithm ideally converges
to a conformation corresponding to the global energy minimum[30,235]. ADFR extends
the traditional GA framework with several additions, including clustering of top-ranking
individuals based on structural similarity (RMSD < 2Å) to maintain diversity by removing
duplicate solutions, support adaptive elitism through automatic retention of the best struc-

Figure 2.2.: Mechanisms of the genetic algorithm. (A) Representation of a chromosome. The
ligand conformation is encoded as a vector of translational, rotational, and torsional parameters,
defining its position, orientation, and internal flexibility in the three-dimensional space. (B)
Offspring generations are generated by crossover of parent generations and mutation.
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tures from each cluster, and monitor convergence to enable a robust termination criterion.
The best individual from each cluster is automatically transferred to the next generation
(adaptive elitism), while the GA selects parents for crossover, mutation, and subsequent
minimization to generate offspring, which then compete with their parents for inclusion
in the next generation population. If the cluster solutions remain unchanged for three
consecutive generations, the entire population undergoes an additional minimization step.
If no changes are observed for five consecutive generations, the docking run is considered
converged and the search is terminated.

Iterated Local Search. Vina is based on the Iterated Local Search (ILS) algorithm,
which performs iterations of mutation followed by local optimization[32]. After each step,
the resulting pose is accepted or rejected according to the Metropolis criterion[236] with
propability pacc:

pacc = min[1, exp(�bDE) ] (2.5)

where DE = Enew �Eold is the difference in the total energy between the proposed (Enew)
and previous (Eold) pose, and b is a scaling factor that can be used to adjust the probability
of acceptance. The local optimization is performed using the Broyden-Fletcher-Goldfarb-
Shanno (BFGS) method, a quasi-Newton algorithm commonly applied to solve uncon-
strained nonlinear optimization problems[237,238]. The BFGS minimization relies on the
first- and second-order derivatives of the scoring function (Section 2.1.2.1) with respect to
all optimization variables, including translation, rotation and torsion values of the ligand.
The second-order derivatives, which are also known as the Hessian, are approximated in
BFGS due to their high computational cost. Thus, Vina applies BFGS by evaluating the
gradients of the scoring function to determine the search direction and updating the Hessian
approximation at each iteration until the method converges to a local optimum, indicated
by gradients approaching zero in all directions. Multiple independent runs are performed
from random starting conformations, with the number of steps adjusted adaptively based
on the problem complexity.

Monte Carlo Search. ADCP uses a Metropolis MC search protocol, adapted from the
polypeptide backbone conformation sampler CRANKITE[42,43], that folds the peptide de
novo within the receptor affinity grid while simultaneously optimizing peptide-receptor
interactions[39]. At each step, a new peptide conformation is proposed via an MC move,
and the updated structure is evaluated using the force field-based scoring function (Sec-
tion 2.1.2.1). The move is then accepted or rejected according to a modified MC criterion.
ADCP incorporates two backbone perturbation strategies from CRANKITE: (i) crankshaft
motions between two randomly selected Ca atoms and (ii) rotations near the peptide ter-
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mini (Fig. 2.3A). These were extended with two additional moves: (iii) a local translation
to perturb the peptide’s position, and (iv) a translational jump that repositions the peptide’s
central atom to a new translational point—a high-affinity position within the docking box
identified by AGFR. As the peptide is modeled in a coarse-grained representation, side
chains are reconstructed after each move using a rotamer library[239], allowing for an
accurate interaction energy evaluation between peptide and receptor. The probability (pacc)
of accepting a proposed move is determined by the Metropolis-like MC criterion

pacc =

8
<

:
1, if exp

⇣
� kT DE · f HC(DE)

⌘
> r

0 otherwise

with DE = Enew � Eold being the energy difference between the proposed (Enew) and
previous (Eold) pose, kT is the temperature scaling factor, and r 2 [0,1] is a random number

Figure 2.3.: Docking algorithm of AutoDock CrankPep (ADCP). (A) Two types of MC moves
are adopted by CRANKITE: crankshaft motion along two selected Ca atoms or rotation near the
peptides termini. Adapted from Podtelezhnikov and Wild[43].(B) The workflow of a ADCP docking
simulation starts with an MC move, followed by an energy evaluation of the proposed configuration.
Depending on the MC criterion, the move is either rejected or accepted. If the MC move is accepted,
the new pose is checked against the pose cache. A new cycle begins, if the termination criterion is
not met. Adapted from Zhang and Sanner[39].
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drawn from a uniform distribution. The HillClimb term f HC(DE) is defined as:

f HC(DE) =

8
<

:
0.05, if DE > 5.9kcal/mol

1 otherwise

This approach introduces a controlled bias toward low-energy solutions while still per-
mitting uphill moves, which improves conformational exploration (e.g., moves with a
5.9 kcal/mol score increase have a 60.6 % chance of acceptance, compared to a 36.8 %
chance at 11.8 kcal/mol score increase). If the MC move is accepted, the resulting pose
is compared to a pose cache and may either be added or replace a similar entry with
higher energy. If the search stagnates, it is restarted from a cached pose. The docking run
terminates when the maximum number of steps is reached or if no improvement in the
best score is observed for 10 million steps. A workflow of a ADCP docking simulation is
shown in Fig. 2.3B.

Diffusion-Based Structure Prediction. Instead of explicitly sampling conforma-
tional space using traditional search algorithms (e.g., MC or GA), AF3 employs a deep
learning approach based on a diffusion model architecture. The AF3 model can be divided
into three main sections:

1. Input preparation: In the first stage, the model processes the input data—e.g. the
sequences of a peptide–protein complex—which are converted into two separate
multi-dimensional arrays, referred to as tensors, storing atom-level single (atom
identifiers) or pair (atom pair distances) representations. The model further uses
Hidden Markov Model (HMM) based methods to scan protein databases for similar
sequences, which are aligned and collected into an multiple sequence alignment
(MSA). Based on the constructed MSA, the PDB is screened for resembling struc-
tures, of which up to four with the highest quality are included in the model as
structure templates. The atom-level embeddings are then converted into token-level
tensors, while integrating evolutionary information from the MSA.

2. Representation learning: The goal of this section is to learn improved representa-
tions of the token-level single (TLS) and pair (TLP) tensors. It contains (i) a template
module to update TLP based on the structure templates, (ii) an MSA module, which
first updates the MSA and then includes it to the TLP and (iii) the Pairformer, in
which TLS and TLP are updated in a reciprocal manner using geometry-based (tri-
angle) operations. Each block is repeated multiple times, and the whole section is
"recycled" by feeding its output back as input for further refinement.
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3. Structure prediction: In the final stage, a conditional diffusion model predicts the
complex structure guided by the post-Pairformer TLS and TLP embeddings and the
original input embeddings. The diffusion model was trained to predict noise that
has been iteratively and randomly added to real data during the training phase. At
inference time, starting with a matrix of random coordinates, the model removes
the predicted noise step-by-step, ultimately generating a fully de-noised 3D atomic
structure of the complex.

To promote the generation of multiple conformationally diverse structures, a small amount
of noise is added within the diffusion process. The resulting models of the complex
structure are then ranked using a global confidence metric that incorporates the pTM and
ipTM scores as described in Section 2.1.2.1.

2.1.2.4. Re-Scoring of the Docking Solutions

To filter docking results for ligand poses adopting the desired binding mode, we developed
a Python-based re-scoring script. The script evaluates the top-10 ranked solutions from
triplicate docking runs based on predefined distance criteria between receptor and ligand
atoms. These criteria were selected to capture key interactions observed in reference
structures (e.g. X-ray crystal structures of a protein–ligand complex). For each pose,
the script loads the corresponding PDB file using the PyMOL (Schrödinger)[240] module
and measures specific intermolecular distances between certain ligand atoms and residues
within the receptor binding site. Poses exceeding a predefined distance cutoff are excluded
from further analysis, while the remaining solutions are re-ranked according to specific
criteria, such as their original docking scores.

2.1.3. Molecular Dynamics Simulations

MD simulations enable the study of molecular systems by capturing their dynamical
behavior at atomic resolution. This approach is based on the numerical integration of
Newton’s second law, the fundamental equation of motion in classical mechanics. The
motion of each atom i is described by its mass mi, its acceleration ai, and the force fi

acting upon it. The force is obtained from the gradient of the potential energy function
U(R), where R = (r1,r2, . . . ,rN) represents the complete set of 3N atomic coordinates for
a system comprising N atoms[241]:

fi = miai , fi =�∂U(R)
∂ ri

(2.6)
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The potential energy function U(R) is determined by the selected force field, which defines
the mathematical form and parameterization of interatomic interactions.

2.1.3.1. The Force Field

In MD simulations, the motion of atoms is determined by calculating the forces acting on
each atom. These forces are derived from a molecular mechanics force field, a mathematical
model that defines the system’s potential energy U(R), which is typically divided into
bonded and nonbonded contributions (Fig. 2.4)[242]:

U(R) =Ubonded(R)+Unonbonded(R) (2.7)

Bonded interactions include harmonic potentials for bond stretching and angle bending,
and periodic functions for dihedral (torsional) rotations:

Ubonded(R) =
1
2 Â

bonds
kb(b�b0)

2 + 1
2 Â

angles
kq (q �q0)

2 + Â
dihedrals

kf [1+ cos(nf �d )]

(2.8)
Bond stretching and angle bending introduce energetic penalties for deviations from the
equilibrium values b0 and q0, scaled by the respective force constants kb and kq . Torsional
rotations around bonds are described by a periodic cosine function with force constant kf ,
periodicity n, and phase offset d . The dihedral angle f is defined by the relative positions
of four atoms connected by three covalent bonds[241,243]. Nonbonded interactions include
van der Waals forces modeled by the LJ potential and electrostatic forces modeled by
Coulomb’s law:

Unonbonded(R) = Â
LJ

4ei j

"✓
si j

ri j

◆12
�
✓

si j

ri j

◆6
#
+ Â

Coulomb

qiq j

ri j
(2.9)

The LJ potential captures short-range repulsion (r�12) and long-range dispersion (r�6)
effects, with ei j controlling the well depth and si j the interatomic distance at which the
potential reaches its minimum. Electrostatic interactions are described by Coulomb’s
law, where qi and q j are the atomic charges and ri j is the distance between atoms i and j.
The strength of electrostatic interactions increases with the magnitude of the charges,
with opposite charges attracting, and atoms with the same type of charge repelling each
other[241,244].

Periodic Boundary Conditions. In MD simulations, the finite size of the simulation
box can introduce artificial boundary effects that may bias the physical behavior of the sys-
tem. To avoid these effects, periodic boundary conditions (PBC) are applied, surrounding
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Figure 2.4.: Bonded and nonbonded interactions represented by the force-field potential
functions.

the simulation box by identical copies of itself in all directions to create a continuously
repeating structure. When a particle moves across the boundary of the primary cell, it
re-enters from the opposite side, ensuring conservation of particle number and continuity
of the system. As a result, however, each particle can interact with an infinite number of
periodic images.

Cutoff Methods. To reduce the computational cost of computing non-bonded interac-
tions (Eq. 2.9), cutoff distances are typically applied. Lennard-Jones interactions, which
decay rapidly with distance (1/r6), can be truncated safely using a simple cutoff. In con-
trast, electrostatic interactions decay slowly (1/r) and require a more accurate treatment
to avoid artifacts. The particle mesh Ewald (PME) method is widely used to compute
long-range electrostatics efficiently in PBC[245,246]. Instead of calculating all pairwise
Coulomb interactions explicitly—which would scale as O(N2)—PME splits the interaction
into real space and reciprocal space components:

UCoulomb =Ureal +Urec �Uself (2.10)

While the potential Ureal is calculated in real space by explicitly summing all short-range
interactions within a defined cutoff distance, long-range interactions (Urec) are computed in
reciprocal space using a Fourier transformation. The term Uself corrects for self-interactions.
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For the calculation of the long-range interactions, particle charges are interpolated onto
a three-dimensional mesh. This charge grid is then transformed into reciprocal space
using the fast fourier transform (FFT) algorithm. The electrostatic potential is computed
efficiently in Fourier space and subsequently transformed back to real space. Finally, forces
on individual atoms are recovered by interpolating the potential values from the mesh
back to the particle positions. This approach reduces the computational cost to O(N logN),
making PME significantly more efficient than traditional Ewald summation, which scales
as approximately O(N3/2) [242,247].

The AMBER Force Field. The selection of a force field in an MD simulation depends
on the specific application and molecular system. Among the most widely used are
the assisted model building with energy refinement (AMBER)[52], chemistry at Harvard
macromolecular mechanics (CHARMM)[248,249] and Groningen molecular simulation
(GROMOS)[250,251] force field families. In this study, we used the AMBER ff14SB
force field[252]. The force field family of the molecular modeling program AMBER,
originally developed by Kollman and colleagues in the early 1980s[52], has undergone
continuous refinement over the years. Updates such as ff94[253] improved parameter
accuracy and laid the foundation for subsequent versions. Later, ff99SB[254] enhanced
backbone torsion parameters to better capture protein secondary structure balance. The
ff14SB force field further refined both backbone and side-chain torsions based on high-
level quantum mechanical calculations and extensive benchmarking, making it particularly
well-suited for protein simulations[252].

2.1.3.2. Numerical Integration of the Equations of Motion

The forces computed from the force field serve as the basis for determining atomic
trajectories, which are obtained by numerically integrating Newton’s equations of motion
(Eq. 2.6). Here, the general idea is to estimate the positions, velocities and other factors
at the time t +Dt based on the previous step at time t. This happens in a step-by-step
manner, using a discrete time step Dt, which must be small enough to accurately resolve
atomic motions[255,256]. There are several techniques to solve the equation of motion. The
Verlet algorithm, introduced by Verlet in 1967[257], and its variants are the most commonly
used methods in MD programs[255]. The original Verlet algorithm is based on a Taylor
expansion with the positions r(t), the velocities v(t) and accelerations a(t):

r(t +Dt) = r(t)+Dtv(t)+ 1
2Dt2a(t)+ ... (2.11)

r(t �Dt) = r(t)�Dtv(t)+ 1
2Dt2a(t)+ ... (2.12)

38



2.1 Modeling Peptide–Protein Interactions

By combining both equations we obtain the following function:

r(t +Dt) = 2r(t)+Dt2a(t)� r(t �Dt) (2.13)

The Verlet algorithm is time-reversible because it calculates new positions using both the
current and previous positions, r(t) and r(t �Dt) [255]. Although velocities are essential
for calculating the system’s kinetic and total energy, they are not explicitly required to
propagate the trajectory. A related method is the Leapfrog algorithm[258], which evaluates
velocities at half-integer time steps, such as v(t + 1

2Dt), effectively causing them to "leap
over" the positions during integration:

v(t + 1
2Dt) = v(t + 1

2Dt)+Dta(t) (2.14)

r(t +Dt) = r(t)+Dtv(t + 1
2Dt) (2.15)

The Leapfrog algorithm enhances stability and accuracy by updating positions and ve-
locities in a temporally offset manner. However, this decoupling complicates the direct
calculation of total energy, since kinetic and potential energies are determined at separate
times[256]. To overcome this limitation, the Velocity Verlet algorithm[259] was introduced,
which updates both positions and velocities at each full time step:

r(t +Dt) = r(t)+Dtv(t)+ 1
2Dt2a(t) (2.16)

v(t +Dt) = v(t)+ 1
2Dt [a(t)+a(t +Dt)] (2.17)

In this scheme, the new velocities can only be computed after the updated positions r(t+Dt)
and the resulting accelerations a(t +Dt), with a = f/m, have been calculated[255,256].
The Velocity Verlet algorithm maintains the numerical stability and simplicity of the
original Verlet method, while enabling direct computation of total energy and improving
its practicality for MD simulations.
The choice of the time step has a significant impact on the computational efficiency.
Although larger time steps reduce the total number of integration cycles, their size is
limited by the motions with the highest frequency in the system like bond vibrations
involving hydrogen atoms. These fast vibrations typically occur on the femtosecond
timescale and can therefore restrict the time step to approximately 1 fs. However, when
such vibrations are not critical to the simulated process, they can be effectively constrained
using specialized algorithms. SHAKE[260] and LINCS[261] are widely used methods
that impose rigid constraints on bond lengths. SHAKE applies an iterative correction
scheme, while LINCS employs a non-iterative, matrix-based projection approach that
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is especially efficient for large and complex biomolecular systems. By applying these
constraints, simulations can safely use time steps of up to 2 fs without impairing physical
accuracy[242,255].

2.1.3.3. MD Simulation Protocol

The protocol of a typical MD simulation performed in this study using GROMACS (version
2021 or 2023)[51,262] is outlined below.

System Setup. The AMBER ff14SB force field[252] was employed for all simulations.
Protonation states of ionizable residues were assigned under standard conditions at neutral
pH (Lys and Arg protonated; Asp and Glu deprotonated; His neutral). Each structure was
placed in a dodecahedral simulation box with a minimum distance of 1 nm from the solute
to the boundaries and solvated using the TIP3P water model[263]. The system was then
neutralized, and a physiological salt concentration of 150 mM NaCl was established by
randomly replacing water molecules with sodium and chloride ions.

Energy Minimization. To remove initial atom clashes, the system was energy-minimized
using the steepest descent algorithm[264] until the maximum force on any atom was below
1 000 kJ mol-1 nm-1.

Equilibration. Prior to the production run, the system was equilibrated in two sequential
stages. First, a 100 ps MD simulation in the canonical ensemble (NVT) was used to
equilibrate the solvent around the position-restrained protein and to establish the target
temperature of 310 K (37 °C), using the velocity-rescaling thermostat[265]. Second, a
1 ns simulation in the isothermal-isobaric ensemble (NPT) was conducted to stabilize the
pressure at 1 bar, applying the Berendsen barostat[266]. Bond constraints were handled
using the LINCS algorithm[261], and long-range electrostatics were computed using the
PME method[245,246] under PBC.

Production Simulations. Production simulations were performed at 310 K and 1 bar
using the Nosé–Hoover thermostat[267,268] and Parrinello–Rahman barostat[269–271], re-
spectively. A cutoff of 12 Å was applied for van der Waals and short-range Coulombic
interactions. Electrostatics were treated with PME, and all bonds were constrained using
LINCS.
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2.1.4. Binding Free Energy Calculations

The DGbind of a protein–ligand complex provides a quantitative measure of the affinity
between the ligand and its target protein. A widely used approach to estimate DGbind

is the molecular mechanics Poisson–Boltzmann surface area (MM/PBSA) or molecular
mechanics generalized Born surface area (MM/GBSA) method[272,273]. Here, DGbind of
the ligand (LIG) and the protein receptor (REC) forming a complex (COM),

DGbind = GCOM �GREC �GLIG (2.18)

can also be described as

DGbind = DH �T DS = DEMM +DGsolv �T DS (2.19)

where the enthalpy DH is decomposed into the molecular mechanics energy DEMM, typi-
cally consisting of internal DEint (bond, angle and dihedral), electrostatic DEele, and van
der Waals DEvdW interactions,

DEMM = DEint +DEele +DEvdW (2.20)

and the solvation free energy DGsolv which includes polar terms, generally calculated with
MM/PBSA or MM/GBSA, and non-polar contributions, which are usually estimated using
the molecules’ total solvent-accessible surface area (SASA):

DGsolv = DGpolar +DGnon-polar (2.21)

The entropic contribution T DS is often neglected, as its evaluation is computationally
demanding and highly sensitive. The remaining effective free energy is generally sufficient
for comparing the relative binding affinities of similar ligands.
In this study, binding free energy calculations were performed using the gmx_MMPBSA
tool[59], which automates MM/PB(GB)SA calculations from GROMACS simulation tra-
jectories. For each protein–ligand system, snapshots from the production MD trajectories
were extracted and evaluated using the single-trajectory approach.
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2.2. Computational Dynamic Saturation
Mutagenesis

We developed and implemented an automated workflow, referred to as CDSM, to provide
peptide design suggestions based on differences in DGbind after systematically substituting
each peptide residue using structural information derived from a peptide–protein complex
MD simulation. The protocol begins by extracting a user-defined number of snapshots
from the MD trajectory of the peptide–protein complex. For each snapshot, every residue
of the peptide is systematically mutated to all other 19 standard proteinogenic amino acids
using PyMOLs[240] mutagenesis wizard. Following each mutation, the system undergoes
a three-step relaxation procedure using GROMACS: (i) energy minimization, (ii) a 10 ps
equilibration under NPT conditions, and (iii) a 100 ps production MD simulation, all under
the conditions described in Section 2.1.3.3. After relaxation, the final structures from
each snapshot simulation are combined and used for per-residue DGbind decomposition
calculations with the gmx_MMPBSA tool[59]. The change in binding free energy (DDG)
upon mutation is calculated for residue i as the difference in DGbind between the mutant
and the parent (pt):

DDGi = DGmut,i �DGpt,i (2.22)

Finally, the DDG values are visualized as a color-coded heat map, providing an overview
of favorable and unfavorable mutations at each peptide position.

2.3. Experimental Evaluation of Peptide Inhibitors

The peptide designs obtained from the computer-aided drug design (CADD) study are
evaluated in vitro for their inhibitory activity against the Mpro and PLpro. The experimental
work comprises protein expression and purification of both proteases, followed by protease
inhibition assays. All chemicals used in this study were purchased from Carl Roth GmbH
& Co. KG. (Germany, Karlsruhe), ThermoFisher Scientific (USA, MA, Waltham), Merck
KGaA (Germany, Darmstadt) and Th. Geyer GmbH & Co. KG (Germany, Renningen).

2.3.1. Protein Production and Purification

2.3.1.1. Plasmid Generation

Codon-optimized genes encoding Mpro (Genbank entry: MT039874, virus strain: SARS-
CoV-2/human/CHN/IME-HZ01/2020, ORF1ab 3264-3568 aa) and PLpro (Genbank entry:
MN908947.3, virus strain: Wuhan-Hu-1, ORF1ab 1564-1876 aa) were synthesized and
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cloned into Novagen pET22b(+) expression vectors by GenScript (Netherlands, Rijswijk).
The pET22b–PLpro–His6 construct includes a C-terminal hexahistidine tag (His-tag) to
facilitate purification (Fig. A1a). In contrast, the pET22b–His6–TEV-site–Mpro plasmid
encodes an N-terminal His-tag followed by a Tobacco Etch Virus (TEV) protease cleavage
site (TEV-site), enabling production of Mpro with an authentic N-terminus after cleavage
(Fig. A1b). The sequence ENLYSQS was selected as TEV-site based on findings by Zhao
et al. (2024)[274], who identified it as the most efficient for processing in similar systems.
To ensure an authentic C-terminus, a termination codon was introduced immediately after
the Mpro sequence.

2.3.1.2. Recombinant Protein Production

The Mpro and PLpro genes were heterologously expressed in Escherichia coli (E. coli)
BL21(DE3) (Genotype: E. coli B F� dcm ompT hsdS(rB� mB�) gal l (DE3)). It carries
the gene for the T7 RNA polymerase under control of the lacUV5 promoter, which can be
induced by lactose or lactose analogs such as IPTG, thereby driving expression of target
genes cloned downstream of a T7 promoter.

Transformation. Chemically competent E. coli BL21(DE3) cells were transformed
using the standard heat shock method[275]. Typically, concentrations of 50–100 ng of either
the pET22b–PLpro–His6 or pET22b–His6–TEV-site–Mpro plasmid was added to an aliquot
of competent cells. After incubation on ice for 30 min, a 30 sec heat shock was performed
at 42 °C. Subsequently, 700 µL of lysogeny broth (LB) medium supplemented with 0.5 %
glucose was added, and the cells were incubated at 37 °C for 10 min to allow recovery
and expression of the ampicillin resistance gene. In order to prepare pre-cultures, the
transformed cells were then cultured overnight at 37 °C in LB medium containing 0.5 %
glucose and 100 µg/ml ampicillin (Amp100).

Gene Expression. Protein production was carried out in LB medium supplemented
with the auto-induction solution (0.6 % (v/v) glycerol, 0.2 % (w/v) lactose, 0.05 % (w/v)
glucose)[276].
Initially, pre-cultures were prepared in Erlenmeyer flasks filled to one-tenth of their volume
with LB medium supplemented with 0.5 % glucose and Amp100, and inoculated with
transformed E. coli cells. For large-scale production, 500 mL of auto-induction LB medium
containing Amp100 was inoculated with the pre-culture to an initial optical density (OD)
of 0.05 (l = 580 nm). Cultures were grown in 5 L Erlenmeyer flasks, filled to one-tenth of
their volume for adequate aeration, and shaken at 160 rpm. The incubation was conducted
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at 30 °C for 4 h, followed by further incubation at reduced temperatures depending on the
target protein: 18 h at 18 °C for PLpro and 16 h at 16 °C for Mpro.

Harvest. Cells were harvested by centrifugation at 6 000⇥ g for 30 min at 4 °C The
resulting pellets were either processed immediately or stored at �20 °C.

2.3.1.3. Protein Purification

The proteins were purified by immobilized metal ion affinity chromatography (IMAC)
using nickel nitrilotriacetic acid (Ni-NTA) agarose. Cell pellets were resuspended in lysis
buffer (20 mM Na2HPO4, 500 mM NaCl, 10 mM imidazole, pH 7.4), resulting in a 10–15 %
(w/v) suspension. The cells were lysed using a Sonopuls UW 2070 ultrasonic sonotrode
(BANDELIN, Germany, Berlin), applying ultrasonic waves twice for 5 min at 30 % power
and 50 % cycle. Cell debris and insoluble material were removed by centrifugation (30 min,
4 °C, 36 000⇥ g).
The Ni-NTA agarose (ThermoFisher Scientific, USA, MA, Waltham) was washed with
water and equilibrated with lysis buffer before use. For binding, 6 mL of Ni-NTA matrix
per liter of culture (i.e. 3 mL Ni-NTA matrix for 500 mL culture) were added to the
supernatant comprising the soluble proteins and incubated for 30 min at 4 °C. The mixture
was transferred to a gravity flow column and washed with at least 10 column volumes (CV)
of lysis buffer. Bound proteins were eluted with 3 CV of elution buffer (20 mM Na2HPO4,
500 mM NaCl, 500 mM imidazole, pH 7.4).
Eluted proteins were concentrated to approximately 2.5 mL by centrifugal ultrafiltration
at 3 600 rpm and 4 °Cusing Vivaspin 20 tubes (10,000 MWCO; Sartorius AG, Germany,
Göttingen). Buffer exchange was performed using PD-10 columns (GE Healthcare GmbH,
Germany, Düsseldorf) following the manufacturer’s protocol. Proteins were rebuffered into
either Mpro buffer (20 mM Tris-HCl, 200 mM NaCl, 1 mM ethylenediaminetetraacetic acid
(EDTA), 1 mM tris(2-carboxyethyl)phosphine (TCEP), pH 7.2) or PLpro buffer (50 mM
4-(2-hydroxyethyl)-1-piperazineethanesulfonic acid (HEPES), 5 mM Dithiothreitol (DTT),
0.01 % 2-[4-(2,4,4-trimethylpentan-2-yl)phenoxy]ethanol (Triton X-100), pH 7.5), and
stored at �20 °C.

2.3.1.4. Production of Natural Mpro

In order to produce natural Mpro (natMpro), 1 mg of purified His-tagged Mpro with an
N-terminal TEV cleavage site was incubated with 1000 IU of TEV protease (GenScript,
Rijswijk, Netherlands) for 48 h at 15 °C in Mpro buffer. Subsequently, non-cleaved Mpro

and the His-tagged TEV protease were separated from the natMpro by IMAC. The entire
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1 mL digestion mixture was incubated with 1 mL of Ni-NTA agarose (ThermoFisher
Scientific, USA, MA, Waltham) for 30 min at 4 °C.
After transferring the matrix to a gravity flow column, the through-flow containing the
unbound natMpro was collected. The column was then washed with 2.5 CV of Mpro buffer
(20 mM Tris-HCl, 200 mM NaCl, 1 mM EDTA, 1 mM TCEP, pH 7.2), and the bound
fraction was finally eluted with 3 CV of elution buffer (20 mM Na2HPO4, 500 mM NaCl,
500 mM imidazole, pH 7.4).

2.3.1.5. Measurement of Protein Concentration

Protein concentrations were determined using the NanoDrop Spectrophotometer (Ther-
moFisher Scientific, USA, MA, Waltham). The ProtParam web service[277] was used
to compute the molecular weight (natMpro: 33797 Da, PLpro–His6: 36455 Da) and the
extinction coefficient (natMpro: 32890 M�1 cm�1, PLpro–His6: 45270 M�1 cm�1) which
are required to determine the protein concentration with the Protein A280 method.

2.3.1.6. Evaluation of Protein Purification

Protein purity was assessed by sodium dodecyl sulfate polyacrylamide gel electrophoresis
(SDS-PAGE) following the protocol of Laemmli[278]. Samples from various purification
steps were mixed with SDS sample buffer (50 mM Tris-HCl, 100 mM DTT, 2 % (w/v)
SDS, 0.1 % (w/v) bromophenol blue, 8 % (v/v) glycerol) and denatured by boiling for
10 min at 98 °C. The PageRuler Prestained Protein Ladder (ThermoFisher Scientific, USA,
MA, Waltham) and prepared samples were loaded onto NuPAGE Bis-Tris 4–12 % gradient
gels (ThermoFisher Scientific, USA, MA, Waltham).
Electrophoresis was performed using the XCell SureLock Mini-Cell system (ThermoFisher
Scientific, USA, MA, Waltham) with 2-(N-morpholino)ethanesulfonic acid (MES) running
buffer (50 mM MES, 50 mM Tris-HCl, 0.1 % SDS, 1 mM EDTA, pH 7.3) at 100 V for
15 min, followed by 200 V for 40 min. Finally, gels were stained with a Coomassie Brilliant
Blue R-250 solution (0.1 % Coomassie Brilliant Blue R-250, 10 % (w/v) ammonium sulfate,
1.2 % (v/v) phosphoric acid (85 %)) to visualize protein bands.

2.3.2. Determination of Peptide Inhibitory Activity

The proteolytic activities of natMpro and PLpro were determined using in vitro fluorogenic
assays. The respective reaction was performed in 96-well microplates with flat bottom in
black (Greiner Bio-One GmbH, Österreich, Kremsmünster) and fluorescence intensities
(excitation wavelength: 360 nm, emission wavelength: 460 nm) were measured at 30 s
intervals over 20 min with the infinite M1000 Pro microplate reader (Tecan Group Ltd.,

45



2 Methods

Switzerland, Männedorf) at 30 °C.
The reaction mixtures were prepared with Mpro buffer (20 mM Tris-HCl, 200 mM NaCl,
1 mM EDTA, 1 mM TCEP, pH 7.2) or PLpro buffer (50 mM HEPES, 5 mM DTT, 0.01 %
Triton X-100, pH 7.5) containing 0.5 µM of natMpro or PLpro-His6, respectively. The
fluorogenic substrate Dabcyl-KTSAVLQ#SGFRKME-Edans (GenScript, Netherlands,
Rijswijk) or Dabcyl-FTLKGG#APTKVTE-Edans was added in a final concentration of
10 µM to initiate the proteolytic reaction by natMpro or PLpro, respectively.
Inhibitory activity was assessed by adding the peptide designs to the reaction mixture,
incubating for 15 min at 30 °C, and initiating the reaction with the substrate as described
above.
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3. Binding Mode of SARS-CoV-2
Mpro Retro-Inverso D-Peptide
Inhibitors

The emergence of the coronavirus disease 2019 (COVID-19) pandemic created an urgent
need for therapeutics targeting severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2), with the main protease (Mpro) identified as a critical drug target[106].
Eberle and colleagues used phage display to identify L-enantiomeric peptides binding to
Mpro, and inhibitory assays highlighted three promising candidates: 3CVL-2, 3CVL-4,
and 3CVL-7[65]. Among these, 3CVL-2 and 3CVL-7 act as competitive inhibitors, while
3CVL-4 functions as an allosteric inhibitor. To enhance the peptides’ proteolytic sta-
bility without losing affinity or binding specificity, retro-inverso D-enantiomeric (Dri)
versions (Fig. 1.3), 3CVLri-2, 3CVLri-4, and 3CVLri-7, were synthesized. Their amino
acid sequences and inhibitory potential, as estimated by their half-maximal inhibitory
concentration (IC50), are summarized in Table 3.1.
Using molecular docking and molecular dynamics (MD) simulations, we aim to elucidate
the interaction patterns between the protease and peptide to promote the rational design of
optimized peptide inhibitors with improved binding affinity.

Table 3.1.: Peptide inhibitors targeting SARS-CoV-2 Mpro. For each peptide inhibitor the amino
acid sequences are shown, with upper case letters indicating L-enantiomeric and lower case letters
indicating D-enantiomeric amino acids. The table includes IC50 values from experimental inhibitory
assays and the inhibition mode (competitive or non-competitive).

name sequence IC50 (µM) inhibition mode

3CVL-2 SPHGWPSQSIEVQPQW 4.9 ± 0.8 competitive
3CVL-4 AHEGWTWDWTPQYSWK 2.4 ± 0.6 non-competitive
3CVL-7 TVAPLHAHYWDVEERH 1.0 ± 0.2 competitive

3CVLri-2 wqpqveisqspwahpsr 9.1 ± 0.5 competitive
3CVLri-4 kwsyqptwdwtwaehar 5.4 ± 1.7 non-competitive
3CVLri-7 hreevdwyhahlpavtr 1.6 ± 0.2 competitive

47



3 Binding Mode of SARS-CoV-2 Mpro Retro-Inverso D-Peptide Inhibitors

The results of this study have been published in Publication I (Section A.2):

Discovery of All-D-Peptide Inhibitors of SARS-CoV-2 3C-like Protease
Raphael J. Eberle, Marc Sevenich, Ian Gering, Lara Scharbert, Birgit Strodel, Nils A.
Lakomek, Karoline Santur, Jeannine Mohrlüder, Mônika A. Coronado, and Dieter
Willbold
ACS Chemical Biology, 2023, DOI:10.1021/acschembio.2c00735.

My contribution to this publication involves all computational simulations and analy-
ses, as described in the following sections.

3.1. Methods

A comprehensive description of the general methods used in this project is provided in
Section 2.1. In the following, we outline the project-specific procedures in detail.
All MD simulations and analyses were performed with GROMACS version 2021[51].

Structure Preparation. The peptide models (Table 3.1) were constructed as linear
chains using the Python module PeptideBuilder[279]. To obtain Dri peptides, the peptides
were first generated as L-enantiomeric molecules with reversed sequence, followed by
the inversion of their stereochemical configuration by flipping the PDB files along the x
axis as described by Garton et al. (2018)[280] (Fig. 1.3). The crystal structure of Mpro was
obtained from the protein data bank (PDB: 6M2N). The Mpro was modeled as a dimer
using chain A and chain C as protomers.

Peptide Simulations. All peptides were centered in a dodecahedron box with a vol-
ume of 240.8 nm3 - 370.5 nm3, solvated with water and neutralised with Na+ and Cl– ions
resulting in a system size of ⇠23,500-36,000 atoms. The system setup, energy minimiza-
tion, equilibration in NVT and NPT ensemble, and the production run was conducted as
described in Section 2.1.3.3. We performed 1 µs MD simulations of each peptide at 310 K.
Secondary structure analysis of the trajectories was performed using the dictionary of
protein secondary structures (DSSP) program[281,282]. To identify the peptide structures
with the most populated conformation, we applied the clustering algorithm as described by
Daura et al. (1999)[283] using a 3.5 Å root mean square deviation (RMSD) cutoff. The 10
most populated clusters were then used for individual docking runs against Mpro.
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Docking. First, a 200 ns MD simulation of the Mpro dimer (PDB: 6M2N) without ligand
was conducted to study the behavior of the protomers and detect a potential collapse of one
active site. The pocket volume of both active sites was monitored using the VMD plugin
Epock version 1.0.5[284].
Prior to docking, the crystal structure of the Mpro dimer (PDB: 6M2N) and the peptide
structures were prepared with AutoDockTools[44] from the MGLTools software suite[285].
After adding hydrogen atoms to the Mpro dimer and the peptides, Gasteiger partial charges
were computed to obtain structure files in PDBQT format. Docking grids were generated
around the active site (His41, Met49, Tyr54, Phe140, Leu141, Asn142, Gly143, Ser144,
Cys145, His163, His164, Met165, Glu166, Leu167, Asp187,Arg188, Gln189, Thr190, and
Gln192; box dimensions: 40 Å⇥ 40 Å⇥ 40 Å) and a potential allosteric binding site[286]

(Lys12, Lys97, Lys100, Tyr101, Lys102, Phe103, Val104 and Arg105; box dimensions:
60 Å⇥ 50 Å⇥ 80 Å) of chain A. The competitive peptides, 3CVL-2, 3CVL-7, 3CVLri-2
and 3CVLri-7, were then docked against the active site, and the non-competitive 3CVL-4
and 3CVLri-4 against the potential allosteric binding site using AutoDock Vina (Vina)[32]

for flexible ligands and rigid receptor docking.

Complex Simulations. The system setup, energy minimization, equilibration in NVT
and NPT ensemble, and the production run was conducted as described in Section 2.1.3.3.
Each Mpro–peptide system (⇠86,000 atoms) was simulated for 100 ns at 310 K. Per peptide,
one simulation was selected to be extended to 200 ns and performed in triplicate.
The MD trajectories were analyzed by calculating the RMSD and the root mean square
fluctuation (RMSF) of the peptides, using the backbone atoms (Ca , C, N), to examine their
flexibility within the binding site and to identify the flexible and rigid areas of the peptide.
The binding affinity was estimated by computing the binding free energy (DGbind) between
the protein and the peptide with gmx_MMPBSA[59] using the molecular mechanics
Poisson–Boltzmann surface area (MM/PBSA) method. The temperature was set to 310 K
and the ionic strength to 150 mM.
After clustering the peptide conformations within the binding site, we determined the
minimum distance between the residues of protein and ligand for the three largest clusters
in order to define the binding site and to identify interacting residues.
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3.2. Results

In vitro assays indicated inhibitory activity of L-enantiomeric peptides, 3CVL-2, 3CVL-4
and 3CVL-7, and their Dri counterparts, 3CVLri-2, 3CVLri-4 and 3CVLri-7, against the
SARS-CoV-2 Mpro. To elucidate their molecular interaction pattern with the protease,
we performed peptide–protein docking and subsequent MD simulations with the L- and
Dri-peptides, and the Mpro dimer.

3.2.1. Sampling Peptide Conformations

To investigate their conformational landscape, we performed 1 µs MD simulations of the
unbound L- and Dri-peptides starting from a fully extended form. Secondary structure
analysis of the trajectories revealed that the peptides predominantly exhibit random coil,
bend, and turn structures (>70 %), while b -strands are almost never observed (Fig. 3.1A).
Helices are most often found in the non-competitively inhibiting 3CVL-4, in both L- and
Dri-enantiomeric versions (⇠30 %). The competitive inhibitors 3CVL-2 and 3CVL-7
sample more helices in their Dri- (⇠20 %) than in their L-configuration (< 6 %). Circular
dichroism (CD) spectroscopy analyses could confirm a predominant random coil structure
within all 3CVL and 3CVLri peptides[65].
To obtain a set of peptide structures that represent the most populated conformations
sampled during the simulations, we conducted cluster analysis using a 3.5 Å RMSD cutoff.
This cutoff was applied to ensure that the first ten clusters represent >75 % of all sampled

Figure 3.1.: Secondary structure analysis of the MD simulations with unbound inhibitory L-
and Dri-peptides. (A) The trajectories of the peptides 3CVL(ri)-2, 3CVL(ri)-4 and 3CVL(ri)-7
were analyzed using the DSSP program to identify the percentage of secondary structure elements,
summed over the trajectory and peptide residues. The secondary structure elements include
random coil (irregular), bend, turn, helix (a-helix, 310-helix and p-helix) or b -strand (b -bridge
and extended strand) structures. (B) The secondary structure of the peptides is shown for the three
most populated conformations (cl01–cl03) obtained through cluster analysis.
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conformations. The representative structures of the first ten clusters comprise a balanced
mixture of folded and extended conformations, including some structures with short helices.
Peptide conformations representing the first three clusters (>46 %) are shown in Fig. 3.1B.
This variety of peptide structures within this set will be used as starting structures for
docking against Mpro in the following steps.

3.2.2. M
pro

–Peptide Complex Generation

The Mpro is catalytically active only in its homodimeric form[122]. It has been hypothesized
that only one protomer of the dimer is active at a time[287], while the active site of the other
protomer collapses[286].
To investigate the dynamic behavior of the active sites in the Mpro dimer, we performed a
200 ns MD simulation of the crystal structure (PDB: 6M2N) without any bound ligand.
Active site volume measurements of the trajectory revealed no differences between the two
protomers (Fig. A15).
Therefore, we randomly selected the active site of chain A for docking. The ten different
structures obtained through clustering of the unbound peptide simulations in the previous
section were docked against the active site (3CVL(ri)-2 and 3CVL(ri)-7) or a potential
allosteric site[286] of Mpro in individual docking runs using Vina. The docking solutions
for the 3CVL and 3CVLri peptides all exhibit binding affinities in the range of �9.7
to �5.6 kcal/mol (Fig. A16). The best affinities were obtained for the non-competitive
peptides, 3CVL-4 and 3CVLri-4, which exhibit two distinct binding modes to the Mpro

dimer near the potential allosteric site (Fig. 3.2). In some docking solutions, the peptides
are bound to a cleft between domain II and domain III of chain A. The best performing
complexes, however, are associated with extended peptide conformations, binding along
the interface of both Mpro protomers, as observed for the cluster 8 3CVL-4 (�9.7 kcal/mol)
and cluster 4 3CVLri-4 (cl04: �9.2 kcal/mol) docking poses. Docking solutions of the
competitive inhibitors 3CVL(ri)-2 and 3CVL(ri)-7 demonstrate a clear preference for the
S-subpocket of the Mpro active site, where the peptides exploit the more accessible binding
cavities, in contrast to the sterically constrained S0-subsite. The competitive inhibitors are
also frequently observed interacting with the other protomer (chain B).
To effectively inhibit protein activity, competitive inhibitors are required to block substrate
access to the catalytic site. Thus, we introduced an additional criterion beyond predicted
binding affinity, defined as low minimum distances between the peptide inhibitors and the
catalytic dyad residues (Cys145 and His41). For non-competitive peptides, the distance
criterion was adapted to residues belonging to the proposed allosteric binding site (Lys12,
Lys97, Lys100, Tyr101, Lys102, Phe103, Val104 and Arg105).
After ranking the docking poses based on these selection criteria (Table A16), three
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Figure 3.2.: Docking solutions and starting structures for MD simulations in complex with
Mpro. The 3CVL and 3CVLri inhibitors were docked to Mpro using peptide conformations derived
from cluster analysis of unbound peptide MD trajectories (cl01–10). From the resulting top-ranked
Mpro–peptide models, three were selected for further MD simulations (runs 1–3, colored red, blue,
and green). The superimposed docking poses are shown as stick representations. The Mpro dimer
surface is illustrated with chain A in white and chain B in grey, while the catalytic dyad and
allosteric binding site are highlighted in pink and yellow, respectively.

different peptide poses of each 3CVL and 3CVLri in complex with Mpro were submitted
to MD simulations to investigate the stability and interaction modes of the generated
complexes in detail. This includes one pose with the highest binding affinity (run 1), one
pose with the lowest minimum distance to the binding site (run 2), and one pose that
optimally combined both criteria (run 3). Their structures are shown in Fig. 3.2.

3.2.3. Simulation of M
pro

–Peptide Complexes

For each 3CVL and 3CVLri peptide, the three different Mpro–peptide models, obtained
from the docking approach, were submitted to 100 ns MD simulations. To estimate the
stability and affinity of the Mpro–3CVL(ri) complexes, the trajectories were analyzed using
RMSD and DGbind calculations, respectively.
While all peptides remained bound to Mpro throughout the simulation, they deviated from
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their initial structures to varying degrees due to internal conformational rearrangements.
RMSD analyses show that the poses selected based on binding affinity (run1) generally
exhibit higher stability and deviate less from the initial conformation (Fig. A17). Except for
3CVL-2 and 3CVLri-2, complexes in run1 also exhibit the most favorable DGbind estimates
(Fig. A18), supporting the binding affinity predictions from the docking approach.
In addition to assessing stability and binding affinity, we also investigated the peptides’
potential to effectively block or disrupt the active sites of the Mpro dimer. This ability
can be estimated by identifying the peptides predominant poses within the binding sites
through conformational cluster analysis. In Fig. A19 the competitive inhibitors, 3CVL(ri)-2
and 3CVL(ri)-7, bound to the active site of chain A are illustrated. This visualization
facilitates the evaluation of their ability to block the catalytic site, which is highlighted
in pink. In contrast, the binding poses of the non-competitive inhibitor 3CVL(ri)-4
(Fig. A20) do not allow for an extrapolation of their potential effect on the Mpro activity.
To elucidate the extent of occupation by the competitive peptides and the effect of the
non-competitive peptides on the active sites, we computed the volume of the active sites of
both protomers (chain A and chain B) throughout the simulations using Epock[284]. The
changes in active site volume upon peptide inhibitor binding are shown for the complex
MD runs 1–3 in Fig. 3.3. With the exception of 3CVL-7 in run3, which binds remotely
from the catalytic site (Fig. A19), the competitive peptides effectively occupy the chain A
active site, decreasing its volume by up to ⇠600 Å2. Interestingly, they also often show a
reducing effect on the active site volume of the other protomer (chain B), which would
support the hypothesis of a single active protomer with a collapsing active site in the other
protomer[286,287].
The MD simulation runs of the non-competitive inhibitors in complex with Mpro reveal
mixed effects on the active sites. Reduced active site volumes in both protomers are
observed only for 3CVL-4 in run 3 and for 3CVLri-4 in run 1. In these runs, the peptides
interact with both protomers, as they bind at the interface of chain A and chain B. However,
when the peptides interact solely with chain A—as in run 2 of 3CVL-4 and runs 2 and 3 of
3CVLri-4—the active site volume of chain A may be reduced, however, that of chain B is
even increased. To investigate the Mpro–peptide interactions in more detail, we selected
the most promising simulation run—based on the combined criteria of affinity, stability
and the effect on active site volume—to be extended to 200 ns and performed in triplicate.

3.2.4. Extensive Analysis of 3CVL and 3CVLri Binding Modes

We performed more extensive MD simulations of the most promising structures to gain
deeper insights into the interaction patterns between Mpro and the 3CVL/3CVLri peptides.
Each Mpro–peptide complex remained stable with larger conformational rearrangements
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Figure 3.3.: Change of the active site volume of Mpro in complex with 3CVL and 3CVLri
peptides. The active site volume of chain A and chain B was calculated for the MD trajectories of
Mpro in complex with 3CVL(ri)-2, 3CVL(ri)-7, and 3CVL(ri)-4, for each run (1-3). The barplot
shows the change of the active site volume upon inhibitor binding as the deviation of the averaged
volume of the complex trajectory from that of the unbound (apo) Mpro simulation in percent:
(Volcomplex �Volapo)/Volapo ⇥100 %. For the competitive inhibitors (3CVL(ri)-2 and 3CVL(ri)-7),
the chain A bar includes the volume displaced by the peptide to compare their occupation potential.
The black dots indicate runs that were selected for extended triplicate simulations.

restricted to the first 50 ns of the 200 ns MD simulations (Fig. A21). By identifying the
most popular peptide poses using cluster analysis, valuable information on the binding
mode of 3CVL and 3CVLri peptides was obtained.
Fig. 3.4A illustrates the distinct interaction patterns of the competitive inhibitors with the
substrate-binding site. While 3CVL-2 extends between the S1 and S3 subpockets toward
the S2 subsite, 3CVLri-2 spans the S10, S1, S2, and S3 subsites.
The interaction areas of 3CVL-7 and 3CVLri-7 both involve residues of the S10–S3 subsites.
However, while 3CVL-7 engages this region through its N-terminal segment, 3CVLri-7
primarily interacts via its C-terminal region. The minimum distance between each Mpro

binding site and peptide residue was calculated to create a contact map representing the
interaction mode of each peptide with the Mpro binding site. The graphs in Fig. 3.4B
reveal that all competitive peptides contain residues in close proximity to the catalytic dyad
(His41 and Cys145), suggesting their potential to block substrate binding.
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We computed the per-residue DGbind decomposed per peptide residue and plotted it along-
side the RMSF in Fig. 3.5. This representation enables the identification of peptide residues
that contribute most significantly to the affinity and stability of the peptide–protein complex.
For the competitive peptides, residues that bind closely to the Mpro active site—within the
S10–S3 region—predominantly exhibit lower DGbind and RMSF values, indicating more
favorable interactions and greater stability. Higher flexibility is primarily observed at the

Figure 3.4.: Binding modes of the competitive 3CVL(ri)-2 and 3CVL(ri)-7 peptide inhibitors
and their interactions with Mpro active site residues. (A) The most populated pose of the
3CVL(ri)-2 and 3CVL(ri)-7 peptides at the Mpro active site was computed by cluster analysis of the
triplicate 200 ns MD simulations. The structure of the Mpro dimer is represented as surface in white
(chain A) and grey (chain B). The 3CVL and 3CVLri peptides are shown as sticks. The individual
subsites of the active site are marked by different colors (S10: yellow; S1: blue; S2: red; S3: green).
The catalytic dyad residues (H41 and C145) are shown as sticks (pink) in the cartoon representation
of Mpro below. (B) The minimum distance between each peptide and Mpro binding site residue
is represented as a color map, with H41 and C145 marked by a pink frame. Adapted figure from
Eberle et al. (2023)[65]
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peptide termini, which often correlates with less favorable DGbind values compared to the
tightly bound regions. An interesting observation is that a Pro residue is positioned at the
active site for each competitive inhibitor, predominantly occupying the S10 subsite, as seen
for 3CVLri-2, 3CVL-7, and 3CVLri-7. In contrast, 3CVL-2 does not interact with the
S10 subsite, instead its strongest contacts are with the S1 and S2 subsites through Val12,
Pro14, and Gln15. The most favorable interaction in 3CVLri-2 arises from one of its D-Gln
residues occupying the S1 subsite, showing similarities to the Mpro-substrate interaction
pattern, which is characterized by the highly conserved Gln at the P1 position. While
3CVL-2 and 3CVLri-2 exhibit strong interactions with the S1 subsite through occupation

Figure 3.5.: Per-residue binding free energy decomposition of the 3CVL and 3CVLri peptides
simulated in complex with Mpro. The binding free energy was calculated for each Mpro–3CVL(ri)
complex. The per-residue DGbind decomposition (grey bars) and RMSF (blue line) are shown
for each peptide as the average (±SEM) of triplicate 200 ns MD simulations. Residues of the
competitive peptides that are bound closely to the active site (S10-S3) of chain A, and residues of
non-competitive peptides interacting with Lys12 or Lys97 of chains A and B are indicated by black
and pink dashed frames, respectively. The most favorable residues (< �2 kcal/mol) within the active
site frame are marked by a yellow (S10), blue (S1), red (S2), or green (S3) circle, corresponding to
the subsite they occupy.
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by Val12 and D-Gln9, respectively, 3CVL-7 and 3CVLri-7 have minimal interactions
with this pocket. Instead, their binding affinity to the active site primarily stems from
interactions with the S2 subsite. Interestingly, the most favorable DGbind contribution for
3CVL-7 results from W10 binding outside the active site, in a pocket between chains A
and B of the Mpro dimer.
Total DGbind calculations revealed that 3CVLri-2 exhibits the highest affinity for Mpro

among all competitive peptides (Fig. A22A). Furthermore, analysis of the active site
volume of chain A shows that 3CVLri-2 displaces the largest volume, indicating a high
occupancy potential (Fig. A22B). This superior binding may be attributed to favorable
active site interactions, particularly through D-Gln at the S1 subsite, as well as its high
stability across all replica simulations, as indicated by the lowest RMSD values throughout
the simulations. Unlike the other competitive peptides, which interact with the active site
primarily through their terminal regions, 3CVLri-2 engages via its central segment, likely
contributing to its enhanced stability.
Fig. 3.6A depicts the non-competitive inhibitors 3CVL-4 and 3CVLri-4 bound in a fully
extended conformation within a cleft between both Mpro protomers, with their side chains
occupying cavities in chains A and B. Minimum distance analysis reveals that two residues,
Lys12 and Lys97, in both chains A and B play a critical role in interacting with 3CVL-4 and
3CVLri-4, forming hydrogen bonds with their backbones and side chains (Fig. 3.6B). Per-
residue DGbind decomposition and RMSF analysis (Fig. 3.5) further suggest that residues
of the non-competitive peptides interacting with Lys12 and Lys97 (pink frame) contribute
very favorably to DGbind. In particular, aromatic residues such as Trp and Tyr exhibit high
affinities for the Mpro dimer. Notably, their strategic positioning within the 3CVL(ri)-4
peptides, particularly in an alternating arrangement, appears to facilitate their occupation
of specific pockets in the opposing protomers. At the same time, their backbones remain
extended within the cleft, stabilized by hydrogen bonds with Lys12 and Lys97, as demon-
strated by 3CVLri-4 in Fig. 3.6C.
Despite Asp8 (3CVL-4) and D-Asp9 (3CVLri-4) appear to form hydrogen bonds with
Lys97 (chain B), their DGbind values are highly unfavorable. In general, negatively charged
residues across all peptides exhibit less favorable interactions combined with higher uncer-
tainties in DGbind.
Both 3CVL-4 and 3CVLri-4 reduce the active site volume of chain A by 18 % and 24 %,
respectively, with minimal uncertainty across all replicas, while the other protomer remains
largely unaffected (Fig. A22). Furthermore, both peptides exhibit high total DGbind values
and highly stable conformations, as indicated by low RMSD and RMSF values. These
characteristics support the proposed binding modes and identify the 3CVL(ri)-4 binding
site as a high-potential allosteric site.
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Figure 3.6.: Binding modes of the non-competitive 3CVL(ri)-4 peptide inhibitors and their
interactions with Mpro residues of a supposed allosteric binding site. The most populated pose
of the (A) 3CVL-4 and (C) 3CVLri-4 peptides bound to the cleft between both Mpro protomers was
computed by cluster analysis of the triplicate 200 ns MD simulations. The structure of the Mpro

dimer is shown as surface (left, center) or cartoon (right) representation, with chain A in white and
chain B in grey. The peptides are depicted as sticks. In the right figure, two residues (K12 and K97)
of chain A and chain B that are involved in interactions with both peptides, are highlighted in pink
and depicted as sticks in the cartoon representation of Mpro below. Hydrogen bonds between these
residues and the peptide are depicted as dashed lines (cyan). The minimum distance between each
peptide and Mpro binding site residue is represented for (B) 3CVL-4 and (D) 3CVLri-4 as a color
map, with K12 and K97 marked by a pink frame. Adapted figure from Eberle et al. (2023)[65]
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3.3. Discussion

The aim of this work was to elucidate the molecular interaction patterns between the
SARS-CoV-2 Mpro and three peptide inhibitors, 3CVL-2, 3CVL-4, and 3CVL-7, as well
as their retro-inverso D-enantiomeric counterparts, 3CVLri-2, 3CVLri-4, and 3CVLri-7.
The computational workflow for each peptide involved sampling different peptide confor-
mations using MD simulations, which were then docked to the active site (for competitive
inhibitors) or a potential allosteric binding site (for non-competitive inhibitors) of the Mpro

dimer. Based on affinity and binding site distance criteria, three docking structures were se-
lected for further evaluation by MD simulations. The most promising simulation—showing
a good combination of binding affinity, complex stability, and inhibition potential—was
extended to 200 ns and performed in triplicates to thoroughly investigate the binding mode
and affinity.
The docking solutions for 3CVL(ri)-2 and 3CVL(ri)-7 showed predominant positioning at
the S-subsite of the substrate binding area, with rare extension to the S0-subsites and very
diverse poses. In contrast, the non-competitive peptides 3CVL-4 and 3CVLri-4 exhibit two
binding modes, both characterized by primarily extended conformations: either binding to
the interface of both protomers or to the cleft between domain I and II of chain A. MD
simulations of the complex structures revealed that peptides binding to the interface of
both protomers exhibit the most favorable DGbind and have the ability to reduce the volume
of both active sites in the Mpro dimer, potentially inhibiting substrate binding.
MD simulations of the competitive L- and Dri-peptide inhibitors revealed multiple stable
binding modes, indicating diverse interaction possibilities between these large peptides
and the Mpro active site. We also did not observe similarities in the interaction patterns in
the most promising poses of the L- and Dri-versions of the same peptide. This contradicts
expectations, as the Dri-peptides were specifically designed to enhance proteolytic stability
while preserving the binding characteristics of their L-counterparts. However, analysis of
binding modes and affinity of the extensive simulations showed some recurring patterns,
such as the positioning of Pro near the active site, especially at the P10 site. In both 3CVL-2
and 3CVLri-2, Gln residues were positioned close to the active site. In 3CVLri-2, one
D-Gln9 occupied the P1 subpocket with high affinity, showing similarities to the Mpro

substrates that have Gln conserved at position P1.
For the non-competitive peptides 3CVL-4 and 3CVLri-4, we observed that Lys12 and
Lys97, located at the protomer interface, form key interactions with both the backbone and
side chains of the inhibitors. With four Trp and one Tyr residues, the 3CVL(ri)-4 peptides
contain the highest number of aromatic residues compared to 3CVL(ri)-2 and 3CVL(ri)-7,
which each possess only two. The opposing protomers provide multiple cavities that are
effectively occupied by these aromatic residues, which contribute most favorably to DGbind.
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Moreover, both 3CVL-4 and 3CVLri-4 demonstrated the ability to reduce the active site
volume of chain A by 18 % and 24 %, respectively. Elucidating the molecular mechanism
underlying this reduction, as well as its potential to disrupt substrate binding or protease
activity, would require further investigation in future studies. However, our results strongly
suggest that the allosteric binding site is located at the interface of the two protomers.
The high affinity and stability of the non-competitive peptides at this binding site further
support their proposed binding mode.
The computationally determined DGbind values for the competitive peptides show no corre-
lation with experimental IC50 values, suggesting that the predicted binding modes may be
suboptimal and that workflow adjustments are needed. The complex generation step offers
the greatest potential for improvement. In our approach, we first sampled conformations
of the unbound peptides and used the ten most prominent as starting structures for docking
with Vina. However, while these conformations may dominate in unbound peptides, they
might not be optimal for interacting with the Mpro active site. Furthermore, Vina may
not be the most effective tool for exploring the peptides conformational landscape within
the binding site. Peptide-docking specialized programs, such as AutoDock CrankPep
(ADCP)[39], have been demonstrated to outperform small-molecule docking tools like
Vina, especially for peptides with more than 10 amino acids[41].
Our findings further suggest a potential correlation between peptides that bind to the active
site via their terminal regions and reduced overall stability and affinity. Thus, another
criterion for evaluating docking poses could be the specific region of the peptide that
interacts with the active site of Mpro.
Nonetheless, our findings provide valuable insights for the rational design of peptide
inhibitors targeting Mpro. For competitive inhibitors, we observed that Pro is frequently
positioned at the S10 subsite, showing potential for favorable occupancy. Unlike the con-
served Gln interactions with the S1 subpocket, as observed to be highly favorable for
3CVLri-2, Pro is not known to be present at the S10 subsite in any Mpro substrate sequence,
offering new perspectives. For non-competitive inhibitors, the presence of multiple aro-
matic residues at specific positions, such as every other residue in the 3CVLri-4 peptides,
appears to enhance binding affinity by facilitating the occupation of certain subpockets at
the interface of both protomers. Additionally, our MD simulations generally suggest that
negatively charged residues should be avoided in both competitive and non-competitive
peptide inhibitors.
In summary, the insights obtained from modeling the different interaction modes of Mpro

in complex with the L- and Dri-peptide inhibitors via MD simulations provide a strong
starting point for the rational design of optimized peptide inhibitors.
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4. Computer-Aided Peptide
Inhibitor Design against
SARS-CoV-2 Proteases

The main protease (Mpro) and papain-like protease (PLpro) are essential to severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2), as they process the non-structural
proteins nsp1–nsp16, which mediate critical processes in viral replication, making them
promising drug targets for our computer-aided peptide inhibitor design (CAPID) study[94].
In our previous work, we investigated the interactions between Mpro and peptides with
experimentally validated inhibitory activity against the protease (Chapter 3)[65]. Our
simulations of the Mpro–peptide complexes revealed a high diversity of potential binding
modes, complicating the prediction of reliable peptide design strategies.
To address this, we return to first principles by modeling both proteases with their natural
substrates, using this information as a foundation for the design of optimized and effective
peptide inhibitors. From the polypeptide cleavage site sequences of PLpro and Mpro, three
and eleven substrate peptides, respectively, can be extracted (Fig. 4.1). Modeling these
substrate peptides in complex with their respective proteases provides the basis for the
following in silico peptide inhibitor design strategies employed in this study:

• Strategy I: Conversion of the substrates into their retro-inverso D-enantiomeric
(Dri) counterparts to enhance proteolytic stability while preserving binding affinity.

• Strategy II: Utilization of a library of Mpro–peptide molecular dynamics (MD)
simulations with computed binding affinities to guide the design of peptides with
optimized binding properties.

• Strategy III: Application of computational saturation mutagenesis for efficient
screening of potential design candidates.

By exploring these strategies, we aim to establish a CAPID workflow that enables the
development of optimized peptide inhibitors targeting SARS-CoV-2 proteases, while also
being adaptable to other biological targets.

61



4 Computer-Aided Peptide Inhibitor Design against SARS-CoV-2 Proteases

4.1. Methods

A comprehensive description of the general methods used in this project is provided in
Section 2.1. In the following, we outline the project-specific procedures in detail.

Structure Preparation. The crystal structures of Mpro (PDB: 7T70) and PLpro (PDB:
6WX4) were prepared using the Protein Preparation Wizard in Maestro (Schrödinger)[224].
Prior to preparation, the Mpro structure—a C145A mutant used to stabilize the complex
with the nsp4-5 substrate—was reverted to the wild-type C145. The Mpro was prepared as
homodimer. The substrate sequences were derived from the UniProt database (accession
code: P0DTD1) by extracting the cleavage sites from polyprotein 1ab for the non-structural
proteins (nsp1–nsp16).

Pose Generation. Peptide–protein complexes were generated using the docking pro-
gram AutoDock CrankPep (ADCP)[39]. The docking grid was prepared with AutoGridFR
(AGFR)[232], which used the co-crystallized ligands’ position to set the docking box at the
active site of the proteases.
Since ADCP uses peptide sequences rather than structures as ligand input and does not
support docking of D-enantiomeric peptides, we addressed this limitation by converting
the protein structure to its D-enantiomeric form instead. The D-protein was generated by
flipping the coordinate file along the x axis to create a mirror structure as described by
Garton et al. (2018)[280]. After docking L-peptides to the D-protein, the resulting complex
coordinates were flipped again to obtain the desired L-protein–D-peptide complex.
The substrate peptides of Mpro and PLpro, and their Dri-versions, were docked to the
active site of the respective receptor using 250 parallel searches, all starting from a coil
conformation, and 5 million evaluations per peptide residue. The same settings were
applied for the Mpro peptide inhibitor docking in Section 4.3. All docking runs, for Mpro

and PLpro, were performed in triplicate, using different seeds for each replica.
In a consensus docking approach—combining force field-based docking using ADCP, as
described above, with artificial intelligence (AI)-based structure prediction—PLpro was
predicted in complex with the three L-substrates (p01–p03) of different lengths (6–12 aa)
using the AlphaFold 3 (AF3) server[22].
Peptide designs were generated with the mutagenesis wizard of PyMOL (Schrödinger)[240]

to incorporate L- and D-residues using a protease–substrate (m01 or p02) complex structure
as template. Prior to MD simulations, acetyl (ACE) and N-methyl amide (NME) caps were
added to the peptides N- and C-termini, respectively.
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Re-scoring. The top-10 Mpro–peptide and PLpro–peptide docking solutions from each
triplicate ADCP run were re-scored based on distance cutoffs primarily based on the
hydrogen bond pattern between the binding site and the substrate (Figs. 4.5A and 4.8A).
To ensure correct peptide orientation within the binding site, we defined dori as the average
distance between main-chain atoms of binding-site residues and peptide positions: for
Mpro, S3/P3 and S20/P20, including binding site residues Glu166 and Thr26; for PLpro,
S3/P3, S2/P2, and S1/P1, including Gly163, Gly271 and Tyr268.
Additionally, docc was defined to ensure occupancy of specific binding subsites. For Mpro,
docc is the average distance between the side chains of S1 residues (Phe140, His163) and
P1-Gln; for PLpro, doccis the average distance between the side chains of S4 residues
(Pro248, Thr301, Tyr264, and Tyr273) and P4-Leu. Docking solutions with dori < 5.5Å
(Mpro) or dori < 4.0Å (PLpro) were re-ranked: A new pose was accepted as the best
pose if the docking score improved and docc,new < cutoff, or if docc,new < docc,best and
docc,best � cutoff. The cutoff values were 3Å (Mpro) and 5Å (PLpro).

MD Simulations. All MD simulations and analyses were performed with GROMACS
version 2021[51]. The system setup, energy minimization, equilibration in NVT and NPT
ensemble, and the production run was conducted as described in Section 2.1.3.3. Each
peptide–protein system (Mpro: ⇠84,000 atoms or PLpro: ⇠110,000 atoms) was simulated
for 100 ns.
All statistical analyses were conducted starting from 20 ns to consider mostly converged
peptide binding modes. To estimate peptide stability and flexibility within the binding site
during the simulations, root mean square deviation (RMSD) and root mean square fluctua-
tion (RMSF) were computed using all heavy atoms to account also for side-chain flexibility.
Conformational clustering was performed as described by Daura et al. (1999)[283] to obtain
the predominant peptide conformations. The binding free energy (DGbind) between the
protein and peptide was calculated for 10 % of the trajectory snapshots (500 frames of a
100 ns MD simulation) using the molecular mechanics Poisson–Boltzmann surface area
(MM/PBSA) method as implemented in gmx_MMPBSA[59]. The temperature was set to
310 K and the ionic strength to 150 mM.
Structural visualization was performed using PyMOL[240]. For computing the electrostatic
potential surface (EPS) of the proteases, the adaptive Poisson-Boltzmann solver (APBS)
Electrostatics Plugin[288] implemented in PyMOL version 2.5 was employed.

Computational Dynamic Saturation Mutagenesis. The computational dynamic
saturation mutagenesis (CDSM) was performed as described in Section 2.2 with the
Mpro–m01 and PLpro–substrates (p01–p03) complex MD trajectories.
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Table 4.1.: Peptide designs purchased for testing against SARS-CoV-2 PLpro and Mpro. Lower-
case letters denote D-amino acids. Asterisks indicate issues encountered during peptide synthesis.

Mpro Sequence Solvent PLpro Sequence Solvent

Dri-m01 rfGsqlva DMSO Dri-p02 paGGkltf* water
a05 PRWQPKWY water z07 PFRLIGWL DMSO
a06 IHLQVRVF DMSO z08 PFRLGGWL DMSO
a10 LRWQIVYI DMSO
a21 PRWQPQWY water
b06 PRWQpKWY water
b07 PRWQpQWY water
c04 MRLYIWFW DMSO
c05 MRLQIWFW DMSO
c07 MRLQIVFW DMSO

* L-Thr was incorporated instead of the intended D-Thr.

In vitro Inhibition Assay. Protein expression and purification of Mpro and PLpro were
conducted as described in Section 2.3.1. All peptides (Table 4.1) were purchased from
GenScript (Rijswijk, Netherlands) as lyophilized powders with >90 % purity. All peptides
feature amidated C-termini and acetylated N-termini. Peptide purity was confirmed by
supplier-performed Reverse-phase high-performance liquid chromatography (RP-HPLC)
and electrospray ionization mass spectrometry (ESI-MS) analyses (Fig. A2–A14). Peptides
were dissolved in water or dimethyl sulfoxide (DMSO) based on solubility. The inhibitory
assays were conducted as described in Section 2.3.2. For the initial screening, 50 or
100 µM of the peptides were used. Following initial screening, we selected the most
promising peptides and determined their half-maximal inhibitory concentration (IC50)
values in inhibition assays across concentration ranges of 0–400 µM and 0–100 µM for a10
and c04, respectively. As a positive control for Mpro inhibition, Disulfiram (GenScript,
Netherlands, Rijswijk) was used in concentrations of 0–100 µM. All measurements were
performed in biological duplicates. The IC50 values were computed by fitting a dose-
response curve to the initial velocities plotted against the peptide concentrations. In detail,
a 4-parameter logistic (4PL) dose-response model—also known as the Hill equation—was
fitted to the data using nonlinear least-squares regression (Levenberg-Marquardt algorithm)
implemented in SciPy (scipy.optimize.curve_fit)[289]. The model is described by:

f (x) = bottom+
top�bottom
1+(x/IC50)n

where x is the inhibitor concentration, bottom and top are the lower and upper plateaus of
the response, IC50 is the half-maximal inhibitory concentration, and n is the Hill coefficient,
defining the steepness of the curve.

64



4.2 Strategy I: All-D Retro-Inverso Versions of Substrate Peptides

4.2. Strategy I: All-D Retro-Inverso Versions of
Substrate Peptides

From the PLpro and Mpro cleavage site sequences of non-structural polypeptides nsp1–
nsp16, we extracted three (p01–p03) and eleven (m01–m11) substrate peptides, respectively.
Each peptide comprises twelve amino acids with the LXGG or Q recognition motifs at
the center for cleavage by PLpro and Mpro, respectively. The peptide length of 12 amino
acids was selected as it is short enough to be efficiently processed by the docking engine
ADCP[41], while still providing sufficient coverage of the binding site to yield meaningful
insights for the design process.
We used the retro-inverso method to generate Dri substrate versions and investigate their
binding modes relative to their natural L-counterparts (Fig. 1.3). The amino acid sequences
of the L-and Dri-peptides are shown in Fig. 4.1.

Figure 4.1.: Substrate peptides of PLpro and Mpro extracted from polypeptide cleavage se-
quences. The cleavage site sequences of PLpro and Mpro in the polypeptides pp1a and pp1ab
were converted into the substrate peptides p01–p03 and m01–m11. Each of these 12-amino-acid
peptides contains the respective recognition motif, LXGG for PLpro (green) and Q for Mpro (orange),
centered within the sequence. Cleavage sites are indicated by vertical arrows. Through chiral
inversion and sequence flip (switching N- and C-termini), Dri-versions of the L-substrate peptides
of Mpro and PLpro are obtained. The data was derived from the UniProt database (accession code:
P0DTD1) by extracting the cleavage sites from polyprotein 1ab.
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4.2.1. Main Protease

Complex Generation. The L- and Dri-versions of substrates m01–m11, (L)m01–m11
and (Dri)m01–m11, were docked to the active site of one protomer in the Mpro dimer
(PDB: 7T70) using ADCP. In this context, the flipped sequence and stereochemistry of
the Dri-peptides had to be accounted for. To ensure that their binding mode at the Mpro

active site matched that of the natural L-substrate peptides, the N- and C-termini of the
Dri-peptides needed to align with the P0 and P positions, respectively, rather than with the
P and P0 positions as in the L-peptides. Thus, we applied a re-scoring strategy to the top-10
docking solutions from triplicate runs to ensure correct peptide orientation within the
binding site and proper positioning of the conserved Gln side chain in the S1 pocket. The
correct orientation was defined by distance cutoffs between specific peptide positions and
binding subsite residues (P3–S3 and P20–S20). Prior to re-scoring, all top-ranked docking
structures of the L-substrates already exhibited the correct orientation and positioning
of the P1 side chain. In this case, re-scoring merely served to select the best top-ranked
structure across triplicates. In contrast, none of the Dri-peptides exhibited top-ranked
structures that met the criteria, thus re-scoring was essential.
Figures 4.2A and B show the re-scored docking poses of the L- and Dri-peptides. Su-
perimposed structures of (L)m01–m11 reveal a consistent binding mode for positions
P4–P10, which are docked to the respective S4–S10 subpockets. The remaining peptide
positions, P6–P5 and P20–P60, exhibit considerably higher flexibility in their positioning

Figure 4.2.: Re-scored docking solutions of L- and Dri-peptides in complex with Mpro. The
docking poses obtained after re-scoring are shown for (A) L- and (B) Dri-peptides (m01–m11)
docked to the active site of Mpro. The superimposed peptide poses are displayed as sticks (white),
with positions P4 (violet), P3 (green), P2 (red), P1 (blue), and P10 (yellow) highlighted. In Dri-
peptides, the N- and C-termini (blue and red circles) are flipped, extending from the P0 to the P site,
whereas in L-peptides, they extend from the P to the P0 site. The Mpro dimer surface is illustrated
with chain A in white and chain B in grey.
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around the active site. This correlates with results from co-crystallization of the substrates
(Fig. A23)[290], where these positions exhibit higher conformational variety. These regions
are also often not fully resolved by X-ray crystallography, which may indicate high internal
structural flexibility. The higher consistency of P4–P10 poses may be attributed to favorable
interactions with the S4–S10 region, which features more defined cavities compared to
the rest of the binding subsites. This is further associated with higher conservation of
residues with specific features, such as size and hydrophobicity, to optimally accommodate
these S4–S10 subsites (Fig. 1.5B)[124,125]. In contrast to the L-peptides, the (Dri)m01–m11
poses exhibit significant variability in the positioning of their P4–P10 region. They further
exhibit generally less favorable affinities, with an average of �22.6 kcal/mol compared to
�25.6 kcal/mol for (L)m01–m11 (Fig. A24A). This suggests that the docked Dri-peptides
may lack favorable interactions critical for the optimal occupation of the binding subsites
by the P4–P10 region.
However, since the receptor was kept rigid during docking, Mpro was unable to adapt
to the Dri-peptide structures. Thus, to dynamically investigate the interactions between
the protease and the peptides, the generated complex models were submitted to MD
simulations.

MD Simulations. We performed 100 ns MD simulations with the re-scored (L)m01–
m11 and (Dri)m01–m11 docking poses bound to the active site of Mpro. Prior to the
simulations, the peptide termini were capped with ACE and NME groups to neutralize
terminal charges, avoid potential interactions between oppositely charged termini, and
better mimic the environment of the native polypeptides from which the sequences were
derived.
To estimate the stability and flexibility of the peptides within the binding site, we computed
their RMSD and RMSF. The RMSD values observed for the L- and Dri-peptides over the
entire trajectory generally indicate greater stability for the L-peptides compared to the
Dri-peptides (Fig. 4.3). One Dri-peptide, Dri-m08, even completely dissociates from the
binding site after approximately 50 ns. However, most L- and Dri-peptides stabilize their
conformations after the initial 20 ns.
RMSF analysis indicates that the primary structural changes occur at the N- and C-termini.
While the L-peptides exhibit generally low flexibility, with RMSF values consistently below
2 Å in the P4–P20 region, the Dri-peptides display significant variability in RMSF across
all peptides. Their reduced conformational stability suggests less favorable interactions
between Dri-peptides and the binding site, which aligns with the observations from their
docking results.
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Figure 4.3.: Stability and flexibility of L- and Dri-peptides in complex with Mpro during MD
simulations. The (A) RMSD and (B) RMSF was computed for heavy atoms of the L- and Dri-
substrate peptides (m01–m11), simulated for 100 ns in complex with Mpro. (A) The vertical dashed
line indicates the time (20 ns), after which most peptide conformations exhibit stable RMSD values.
(B) The RMSF is displayed for the peptide positions P6–P60 with the horizontal dashed line at 2 Å
indicating the most rigid P4–P20 region in the L-peptides.

Hydrogen Bonding. Previous studies have demonstrated that hydrogen bonds play a
critical role in substrate binding to the Mpro active site, often mediated by the peptides’
backbone[74,290]. To elucidate how the L- and Dri-peptides form hydrogen bonds with
the protease, we analyzed the occurrence of hydrogen bonds for each peptide residue,
distinguishing between mainchain amide nitrogen (MCN), mainchain carboxy oxygen
(MCO), and variable sidechain groups (Fig. 4.4). For the L-substrate peptides, a distinct
hydrogen bonding pattern emerges, with notable interactions at positions P3, P1, P20, and
P40. Generally, the peptides exhibit frequent hydrogen bonds formed by residues P3, P1,
P20, and P40 via MCN, while MCO-mediated hydrogen bonds are consistently formed at
P3, P1, and P20 throughout the simulation. Furthermore, the only persistent hydrogen
bonds formed via sidechains across all peptides are observed for the Gln residue at P1,
underscoring its uniquely high conservation in the cleavage site sequences.
In contrast, none of the Dri-peptides fully reproduce the hydrogen bonding pattern observed
for the L-peptides. While some Dri-peptides exhibit hydrogen bonds involving MCO at
both P1 and P20, these interactions never occur concurrently with P3. The most consistent
hydrogen bonds are typically formed by the P1 Gln residue, particularly through its
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Figure 4.4.: Hydrogen bond existence for L- and Dri-peptides simulated in complex with
Mpro. The hydrogen bond (H-bond) existence between each (A) L- and (B) Dri-peptides (m01–
m11) and Mpro is shown for each peptide position (P6-P60), and is further divided into mainchain
(MC) hydrogen donor (nitrogen, N), hydrogen acceptor (oxygen, O) and variable sidechain (SC)
hydrogen donors/acceptors. From left to right, the amino acid sequence of each L- and Dri-peptide
is displayed from N- to C-terminus and from C- to N-terminus, respectively. The existence is
considered 100 % if at least one H-bond was detected for the respective peptide group in all analyzed
frames of the MD simulation.

sidechain, whereas hydrogen bonds via MCN are rarely observed.
To investigate the hydrogen-bond network structurally, we first visualized the hydrogen
bonds present in the crystal structure of Mpro bound to the co-crystallized nsp4/5 substrate
(Fig. 4.5A). The crystal structure reveals typical main-chain hydrogen bonds between the
protease and peptide positions P3, P1, P20, and P40 (Glu166: P3; His164, Cys145, Gly143:
P1; Thr25: P20; Thr24: P40), with an additional side-chain interaction between Thr24 and
P40 MCO. The P1 Gln side chain forms hydrogen bonds with MCO of Phe140 and the
side chains of Glu166 and His163. Additional hydrogen bonds involve Gln69 (side chain:
P40 Arg side chain), Gln189 (side chain: P2 MCN, MCO: P5 Ser side chain), Thr190
(MCO: P4 MCH), and Gln192 (MCH: P6 MCO). However, as residues other than Gln at P1
vary across Mpro substrates, hydrogen bonds involving peptide side chains (e.g., P5 Ser
and P40 Arg) are not considered conserved. To compare hydrogen bonds formed in the
MD simulations of L-m01 and Dri-m01 with the co-crystallized substrate, we performed
cluster analysis for peptide positions P4–P40 (excluding flexible terminal residues) using
an RMSD cutoff of 2.0 Å. The most populated binding poses of L-m01 and Dri-m01,
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Figure 4.5.: Comparison between co-crystallized substrate peptide nsp4/5, L-m01 and Dri-
m01 forming hydrogen bonds with Mpro. The structure of (A) the co-crystallized nsp4/5 (PDB:
7T70) and the most populated conformations of the simulations with (B) L-m01 (83 % sampled)
and (C) Dri-m01 (74 % sampled) are shown in complex with Mpro. The peptide structures are
displayed as sticks in yellow (A), salmon (B) and green (C). Mpro residues forming hydrogen bonds
with the peptides are shown as white sticks, with hydrogen bonds shown as cyan dotted lines. Pink
arrows in (C) indicate main-chain hydrogen bond acceptors and donors of P3, P1, P20 and P30 that
are usually involved in Mpro substrate binding. (D) Superposition of the crystal structures of nsp4/5,
L-m01, and Dri-m01 with green arrows indicating the structural deviation of Dri-m01 from the
L-peptide structures.

with 83 % and 74 % probability, are presented in Fig. 4.5B and C. L-m01 reproduces the
hydrogen-bonding pattern of the co-crystallized nsp4/5 peptide, with the same protease
residues interacting with the respective main-chain atoms of peptide positions P3, P1, P20,
and P40. Stabilization of Gln at P1 is similarly achieved, with an additional side-chain
interaction from S144. The side-chain hydrogen bonds involving Thr24 and Gln189 are
missing in L-m01, likely due to the generally higher flexibility of side chains compared to
the protein backbone.
In contrast, most hydrogen bonds with the main chains at positions P3, P1, P20, and P40

in Dri-m01 are missing or mediated by different binding site residues. For example, the
P3 main chain interacts with the Gln189 side chain instead of the Glu166 main chain.
Fig. 4.5D shows that a shift of P4 (green arrow) allows Glu166 to form a hydrogen bond
with P4 MCN, replacing its interaction with P3 MCN. In contrast, the large backbone
shift in the P2–P20 region failed to restore hydrogen bonding, as evidenced by the rare
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occurrence of main-chain hydrogen bonds in this region (Fig. 4.4). Instead, this peptide
region moved away from the binding site, likely due to unfavorable interactions from
the amide bond flip. The P1-Gln side chain is also shifted, which resulted in the loss of
hydrogen bonds with Phe140 and Glu166, however, it remained consistent interactions with
Gly143, Ser144, and His163 instead. Thus, the distinct behavior of L- and Dri-peptides can
be explained by the reversed N- and C-termini and amide bond orientations in Dri-peptides.
Flipped positions of the MCN and MCO atoms in the Dri-peptides lead to unfavorable
interactions with the binding site and disrupt the conserved hydrogen-bonding network
that stabilizes the substrate binding to Mpro.

Binding Affinity. To assess the impact of Dri-conversion on individual peptide residues
contributing to the binding affinity of Mpro–peptide complexes, we performed per-residue
DGbind decomposition using the MM/PBSA method. As shown in Fig. 4.6A, the P4–P1
positions, particularly P1, contribute most favorably to the DGbind across all L-peptides,
while the P0 site exhibits less favorable or even unfavorable interactions. This underscores
the critical role of the P4–P1 region, including the highly conserved Gln at P1, in substrate
binding to the Mpro active site. In contrast, although the Dri-peptides also display mostly
favorable DGbind values at their P2 and P1 positions, their overall per-residue DGbind

decomposition profile lacks the clear pattern observed for the L-peptides and instead shows
high variability (Fig. 4.6B). This discrepancy is further reflected in their total DGbind

values, which range from �28.7 to �64.2 kcal/mol for Dri-peptides, compared to �62.5
to �77.5 kcal/mol for L-peptides (Fig. A24B). The superior binding affinity of L-peptides

Figure 4.6.: Per-residue binding free energy decomposition of L- and Dri-peptides simulated
in complex with Mpro. Per-residue decomposition of the binding free energy (DGbind) for each
position (P6–P60) of the (A) L- and (B) Dri-peptides (m01–m11) MD simulations in complex with
Mpro. From left to right, the amino acid sequence of each L- and Dri-peptide is displayed from
N- to C-terminus and from C- to N-terminus, respectively. Vertical dashed lines mark the most
favorably binding peptide region P4–P1.
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is likely due to stronger interactions with Mpro facilitated by the stable hydrogen bonding
via the mainchain of the L-peptides.
To summarize, our MD simulations of Mpro in complex with substrate peptides and their
Dri-versions suggest that the Dri-peptides interact less favourably, potentially due to a
disrupted hydrogen bond pattern caused by the inverted backbone of these peptides. For
this reason, we will continue our peptide inhibitor design process using the L-peptides as a
basis rather than the Dri-peptides. Nonetheless, Dri-m01 will be assayed for inhibitory
activity against Mpro in Section 4.5.1 to evaluate the Dri-method and our computational
predictions.

4.2.2. Papain-like Protease

Complex Generation. For structure-based docking using the ADCP software, the target
structure must be selected carefully. For example, Fig. A26 shows two crystal structures of
PLpro: one co-crystallized with the inhibitor XR8-89 (PDB: 7LBR) and the other bound to
the covalent inhibitor VIR251 (PDB: 6WX4). VIR251 is a peptidomimetic containing the
GG part of the recognition motif LXGG from the natural substrates. Thus, it binds to the
respective tunnel near the catalytic site, as indicated by a cyan arrow in Fig. A26B. This
tunnel is closed in the other crystal structure because inhibitor XR8-89 does not engage
this tunnel subsite. To enable successful docking of the L- and Dri-peptides, this tunnel
must be accessible. Therefore, the PLpro structure in complex with inhibitor VIR251 (PDB:
6WX4) was chosen for subsequent docking.
Docking of the 12 amino acid substrate peptides to the PLpro active site (PDB: 6WX4)
using ADCP yielded ambiguous solutions, with some top-ranked structures showing a
solvent-exposed Leu residue at P4. This is contrary to expectations, as this residue is
highly conserved in the LXGG binding motif and is expected to form specific interactions
with the protease. Therefore, we decided to involve an additional tool, AF3, combining the
physics-based docking method of ADCP with an AI-based structure prediction method to
improve reliability of the results.
The amino acid sequences of PLpro and each substrate peptide, (L)p01–p03, were submitted
to AF3. We tested different lengths of the substrates, ranging from six to twelve amino
acids, with each having the LXGG motif at the center. The predicted complex structures
were assessed by confidence metrics such as the interface predicted Template Modeling
score (ipTM). The highest-confidence pose was obtained for the 8 amino acid L-p02, with
an ipTM of 0.95 (Fig. A27C), showing Leu at P4 occupying a hollow of the substrate
binding site. Based on these insights, we installed a re-scoring procedure for docking with
ADCP, to ensure the positioning of the P4-Leu residue at the binding subsite S4, as well as
the correct orientation of L- and Dri-peptides within the tunnel via distance cutoffs for the
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positions P1, P2 and P3. All re-scored docking solutions for L- and Dri-peptides against
PLpro using ADCP, as well as the solutions for the PLpro–substrate complexes predicted
by AF3 are presented in Fig. A27.
During ADCP docking, top-ranked poses frequently placed the N-terminus in a negatively
charged cavity of the substrate binding site (Fig. A25B)—an unrealistic pose that also
complicates the addition of terminal capping groups. Given the high confidence in the AF3
prediction of the PLpro–p02 complex, we used it as a template to manually generate the
L-p01 and L-p03 complexes with PLpro. This issue did not arise for Dri-peptides, likely
because their swapped N- and C-termini would result in unfavorable C-terminal interaction
with this negatively charged cavity. Instead, we observed that the conserved Leu at P4 of
the Dri-peptides is projecting into this pocket (Fig. A27D). To enable direct comparison
with the 8-residue L-peptides, we also selected 8-residue Dri-peptide docking poses after
re-scoring for subsequent MD simulations.

MD Simulations. We performed 100 ns MD simulations with the (L)p01–p03 and
(Dri)p01–p03 bound to the active site of PLpro. Prior to the simulations, the peptide termini
were capped with ACE and NME groups.
To assess peptide stability and flexibility during the MD simulations, we computed the
RMSD and RMSF. The Dri-peptides deviated more from the starting structure at the
beginning of the simulation, reaching RMSD values of 4–8 Å, whereas the L-peptides
reached RMSD values of 2–5 Å (Fig. A28A). After approximately 20 ns, all simulations
converged, indicating stable binding for both L- and Dri-peptides. The RMSF values
further support this observation, showing high rigidity (<2 Å) for positions P4–P20 in all
L-peptides. Similarly, the Dri-peptides exhibit low flexibility at positions P4–P1, corre-
sponding to the LXGG binding motif.
To analyze the hydrogen bond pattern of the L- and Dri-peptides with the protease, we
calculated hydrogen bond existence for each peptide residue, distinguishing contributions
from main-chain amide nitrogen (MCN), main-chain carboxy oxygen (MCO), and variable
side chain groups. Fig. 4.7A reveals that in the L-peptides, consistent interactions are
mediated primarily by the main chain at positions P3–P10, while side-chain interactions
are rare and less consistent. In the Dri-peptides, this main-chain mediated hydrogen bond
pattern is disrupted, resulting in a loss of interaction consistency in the P3–P10 region;
however, hydrogen bond persistence increases at other positions, as seen for MCN of P5
across (Dri)p01–p03.
To visualize hydrogen bonding between the peptides and PLpro, we performed cluster
analysis using an RMSD cutoff of 2.5 Å. The representative structures of the most pop-
ulated binding poses of L-p02 (75 % sampled) and Dri-p02 (53 % sampled) are shown
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Figure 4.7.: Hydrogen bond analysis and binding free energy calculations of L- and Dri-
peptides simulated in complex with PLpro. The 100 ns MD simulations of L- and Dri-peptides
(p01–p03) in complex with PLpro were analyzed for hydrogen bonding patterns and binding free
energy (DGbind). (A) The hydrogen bond (H-bond) existence is shown for each peptide position (P6-
P20), and is further divided into mainchain (MC) hydrogen donor (nitrogen, N), hydrogen acceptor
(oxygen, O) and variable sidechain (SC) hydrogen donors/acceptors. The existence is considered
100 % if at least one H-bond was detected for the respective peptide group in all analyzed frames of
the MD simulation. (B) The per-residue DGbind decomposition is displayed for P6–P20. Vertical
dashed lines mark the binding motif LXGG (P4–P1). All amino acid sequences are presented
from left to right, with L-peptides oriented from N- to C-terminus and Dri-peptides from C- to
N-terminus. (C) The total DGbind was calculated for each PLpro–peptide complex simulation.

in Fig. 4.8A and B, respectively. At positions P3–P10 of L-p02, both MCN and MCO

form hydrogen bonds with PLpro binding site residues. Most binding site residues form
backbone-mediated hydrogen bonds, including Tyr268 with MCN of P3, Gly163 with both
MCN and MCO of P2, and Gly271 with MCO of P3, MCN of P1, and MCN of P10. Addi-
tionally, MCO of P3 interacts with the side chain of Tyr264. Further side-chain-mediated
hydrogen bonds are formed by MCO of P1 with Trp106, which has been described as
an oxyanion hole-stabilizing residue in SARS-CoV PLpro [291], indicating a productive
substrate peptide pose. MCO of P10 also interacts with the side chain of Trp106 and His272,
a member of the catalytic triad. Substrate peptides p01 and p03 exhibit the same hydrogen
bond pattern (Fig. A29), although p03 deviates slightly at P10, likely due to the Lys residue
at this position instead of Ala present in p01 and p02.
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Fig. 4.5C shows that Dri-p02 is shifted towards the P-site, such that MCN of positions
P3–P10 in Dri-peptides aligns with those of the L-peptides. This enables Dri-peptides to
retain some hydrogen bonds present in the L-peptides, including MCN-mediated interac-
tions between P3, P2, and P1 with Tyr268, Gly163, and Gly271, respectively. However,
the flipped amide bonds in Dri-peptides disrupt the formation of other hydrogen bonds,
such as MCO-mediated interactions at P3 and P2 due to the shifted and reoriented carbonyl
groups.
To assess the contribution of individual peptide residues to the binding affinity of PLpro–
peptide complexes, we performed per-residue DGbind decomposition with the MM/PBSA
method. Fig. 4.7B shows that in both L- and Dri-peptides, Leu at P4 contributes sub-
stantially to the DGbind. In contrast to Dri-peptides, the L-peptides exhibit also highly
favorable DGbind values at P3 and P1, and—in the case of p01 and p02—for Ala at P10.
Interestingly, although the LXGG binding motif (spanning P4–P1) is conserved, the Gly
at P2 in L-peptides exhibits relatively modest affinity (DGbind >�3 kcal/mol) compared
to other residues in P4–P1 (<�4 kcal/mol). This suggests that the conservation of the
GG motif occupying the narrow tunnel binding subsite of PLpro may rather reflect steric

Figure 4.8.: Comparison between L- and Dri-peptide p02 forming hydrogen bonds with PLpro.
The structure of the most populated conformation of the simulations with (A) L-p02 (75 % sampled)
and (B) Dri-p02 (53 % sampled) are shown in complex with PLpro. The peptide structures are
displayed as sticks in (A) salmon and (B) green. PLpro residues forming hydrogen bonds with
the peptides are shown as white sticks, with hydrogen bonds displayed as cyan dotted lines. (C)
Superposition of L-p02 and Dri-p02 with green arrows indicating the structural deviation of Dri-p02
from the L-peptide structure.
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selectivity than binding affinity.
The total DGbind values for the PLpro–peptide complexes (Fig. 4.7C) show that L-peptides
exhibit affinities >10 kcal/mol more favorable than those of Dri-peptides, with L-p02 ex-
hibiting the highest affinity overall (�60.0±0.3 kcal/mol). Although Dri-peptides exhibit
lower affinities than L-substrates, Dri-p02 will be tested for inhibitory activity against
PLpro in Section 4.5.3 to validate our computational predictions.

4.3. Strategy II: Peptide–Protease Complex Library

In Section 4.2, we simulated all substrates of Mpro extracted from the pp1a and pp1ab
cleavage sites. To further expand the library of Mpro–peptide MD simulations, the next step
is to include peptides that have been experimentally validated as Mpro inhibitors, providing
additional insights to guide the design of effective peptide inhibitors against Mpro.

4.3.1. Expanding the Library with M
pro

Peptide Inhibitors

Inhibitors p12–p16. In a computational peptide design approach against the Mpro,
Chan et al. (2021)[74] have developed the inhibitors p12–p16 inspired by Mpro–substrate
MD simulations. Their study demonstrated inhibitory activity against Mpro for p12, p13,
p15, and p16.
We docked the peptides p12–p16 against Mpro using ADCP, followed by re-scoring based
on the distance cutoffs described in Section 4.1, and performed 100 ns MD simulations of
the top-ranked complex models.
The peptides display stable RMSD and RMSF values, indicating stable binding modes with
Mpro (Fig. A30). Per-residue DGbind decomposition was computed using the MM/PBSA
method, and the results for p12–p16 are displayed as a color map in Fig. 4.9A. The results
indicate improved binding affinities for the peptides P0 region compared to the substrates
m01–m11. However, the presence of Lys in p15 and p16 appears to be unfavorable based
on our simulations. This contradicts the authors design predictions, which were based
on computational saturation mutagenesis analysis of the Mpro–substrate models using the
BUDE_SM algorithm[75]. However, their study does not mention any MD simulations of
Mpro in complex with p15 or p16. Therefore, a direct comparison of these results is not
possible.

Competitive 3CVL and 3CVLri. In Chapter 3, we modeled Mpro with the peptides
3CVL and their Dri-variants, 3CVLri, whose inhibitory activity was validated in in vitro
assays (Table 3.1)[65]. The simulations indicated that the peptides adopted various binding
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modes that were, however, rarely similar to those of the substrate peptides. Given that
ADCP has proven to be an effective docking engine also for larger peptides[41], we used
this program to repeat the docking process for the competitive 3CVL(ri) peptides against
the active site of Mpro. Subsequently, the top-3 ranked structures (run1–run3) of 3CVL-2,
3CVL-7, 3CVLri-2, and 3CVLri-7 in complex with Mpro were simulated for 200 ns.
Fig. A31 illustrates the per-residue DGbind decomposition alongside the RMSF for each
peptide residue, with the P and P0 positions shown to the left and right side of the pink line.
For the L-peptides, we expect the P-region to be positioned at the N-terminus (left) and
the P0-region at the C-terminus (right). To adopt the same binding mode as the L-peptides,
the orientation of the Dri-peptides must be reversed, with the P0 and P sites at the N- and
C-termini, respectively.
The peptides 3CVL-2, 3CVL-7, and 3CVLri-7 demonstrated binding to the subsites of the
Mpro active site in the expected orientation in at least one run. However, during docking,
the peptides were often positioned in the reversed orientation or exhibited binding modes
that completely deviated from the typical substrate binding pattern extending from S to S0

subsites. Only 3CVL-7 consistently displayed expected orientations across all three MD
runs. Furthermore, three neighbouring residues of 3CVL-7 were found to bind to the S1
site each in one of the three MD runs. Notably, all three runs exhibited relatively low RMSF
values for positions surrounding the P1 site, indicating stable binding to the active site of
Mpro. Interestingly, the binding mode of 3CVL-7 in run 3 matches that of its Dri-version
in run 1. Both also indicate low total DGbind values of �73.5 and �67.0 kcal/mol.
In contrast, 3CVLri-2 does not adopt the binding mode of its L-enantiomeric counterpart.
In a single MD trajectory where its conformation resembles the substrate binding pattern,
the N-terminus occupies the P-region, resulting in binding as a conventional D-peptide
rather than the expected retro-inverso mode. However, with the D-enantiomeric Ile ex-
hibiting highly favorable DGbind values at the P1 position, this binding mode could be
interesting for peptide design.
Overall, finding an optimal binding pose for the 3CVL(ri) peptides proved again challeng-
ing due to their long length of 16–17 amino acids, which allows for numerous binding
possibilities to Mpro. However, using ADCP as the docking program, we were able to
find binding poses that resemble those of the substrates, making these peptides a valuable
addition to our Mpro–peptide library for peptide inhibitor design. The best-performing MD
simulations, with the 3CVL(ri)-peptide poses occupying the subsites S6–S60 of the Mpro

active site, were considered for the peptide design process, with their per-residue DGbind

decomposition shown in Fig. 4.9A.
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4.3.2. Design of Novel M
pro

Peptide Inhibitors

Based on the DGbind values obtained for each P and P0 position of the peptide–protein
simulation library, comprising the Mpro substrates, the peptide inhibitors p12–p16, and
the most promising 3CVL(ri) binding modes, we designed a total of 21 L-peptides (a-
designs) and 7 L/D-mixed peptides (b-designs). The peptide designs were generated by
combining residues with the most favorable DGbind values from the library, occasionally
incorporating random modifications, such as D-amino acids in the b-designs, and reducing
the peptide length to eight amino acids spanning P4–P40. The structures of the peptide
designs were obtained through modification of the m01 substrate peptide, followed by
100 ns MD simulations of the Mpro–design complexes. The a-designs remain generally
stable during the 100 ns simulations, whereas the b-designs are more flexible, indicating
that individual D-amino acids may introduce unstable interactions A32.
The per-residue DGbind decomposition was computed for all a- and b-designs using the
MM/PBSA method. The a-designs generally indicate a considerable enhancement in
binding affinity, particularly in the P0 region (Fig. 4.9B). The amino acids that proved most
favorable at certain peptide positions include Leu and Ile at P4, Arg at P3, Trp and Leu at
P2, Trp and Gln at P1, and Pro at P10. It appears that excluding charged residues (e.g. Lys,
Glu and Asp) from positions near the catalytic site, while generally introducing mostly non-
polar residues, yields highly favorable interactions. This aligns with the EPS of the Mpro

substrate binding site, revealing a minimally charged surface with only a slight negative
charge, which explains the unfavorable binding affinity of negatively charged peptide
residues (Fig. A25A). In contrast, the spacious, moderately more negatively charged S3
subsite explains the favorable DGbind values for Arg at peptide position P3.
The b-designs are mostly derived from the a-designs, while incorporating up to four D-
enantiomeric amino acids. Notably, an increasing number of D-residues in the peptide
design correlates with progressively more unfavorable DGbind values at the respective
peptide positions (Fig. 4.9B).
Although the total DGbind values exhibit some variability across both peptide design
types, the majority demonstrate binding affinities comparable to or exceeding those of
the substrate peptides m01–m11 and the peptide inhibitors p12–p16 (Fig. 4.9D). This
observation is particularly notable given the reduced length of the designed peptides.
For in vitro validation of inhibitory activity against Mpro (Section 4.5.1), the most promising
candidates were selected. This involves the designs a05 (DGbind =�86.5±0.5 kcal/mol),
a06 (�81.1±0.4), a10 (�86.0±0.3), and a21 (�77.7±0.4), which exhibit exceptional
binding affinities. Additionally, b06 (�68.3±0.7) and b07 (�81.4±0.4) were included
due to their structural identity to the a05 and a21 designs, with the sole modification of a
D-amino acid at position P10.
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Figure 4.9.: Peptide design process based on binding affinities of Mpro–peptide library MD
simulations. The per-residue binding free energy decomposition was computed for each peptide
position (P6–P60) of Mpro simulated in complex with: (A) the peptide library, including the
substrates (L)m01–m11, the inhibitors p12–p16[74], and the L- and Dri-peptides, L-2 (3CVL-2,
run1), L-7 (3CVL-7, run3), Dri-2 (3CVLri-2, run1), and Dri-7 (3CVLri-7, run1)[65]; (B) L-peptide
designs (a-designs); and (C) mixed designs containing L- and D-amino acids (b-designs). The
vertical dashed lines in (A) mark the P4–P40 region, corresponding to the 8-residue peptide designs
(B, C). All amino acid sequences are displayed from N- to C-terminus, except for Dri-7, which
is displayed from C- to N-terminus. In all color plots, the DGbind values range from �12 (red) to
+12 kcal/mol (blue). (D) The total DGbind values are shown for comparison between complexes of
Mpro with the peptide library (left) and peptide designs (right). Designs in (B) and (C) selected for
inhibitory assays in the wet lab are marked by colored dots and are also highlighted in the same
color in plot (D).
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4.4. Strategy III: Computational Dynamic
Saturation Mutagenesis

To optimize the peptide design process by reducing the computational time associated
with large peptide–protein simulation libraries while simultaneously maximizing the
information obtained per peptide position, we developed an automated protocol for in silico
saturation mutagenesis. Here, we aimed to provide peptide design suggestions based on
differences in binding affinity following systematic substitution of each residue in a peptide
bound to a receptor. To ensure applicability to peptide design, we designed the protocol
to account for the flexibility of peptide–protein interactions. Therefore, the protocol was
implemented to be compatible with GROMACS, using a structural ensemble extracted
directly from an input trajectory. Fig. 4.10 illustrates the procedure of the Computational
Dynamic Saturation Mutagenesis (CDSM) program. First, the user specifies the number
of frames (n) to be extracted from the input trajectory of a peptide–protein complex MD
simulation. Each peptide residue is then individually mutated to each of the other 19
standard proteinogenic amino acids (excluding the parent amino acid), while the rest of
the peptide sequence remains unchanged. Following mutation, a short MD simulation is
performed to allow both the protein and peptide to adapt to the substitution and resolve
potential steric clashes, as exemplarily shown in Fig. 4.10 for the mutation from alanine to
the bulkier tryptophan. Finally, the change in binding affinity between parent and mutant
peptides is calculated as the difference in per-residue DGbind decomposition using the
molecular mechanics generalized Born surface area (MM/GBSA) method for each peptide
residue and visualized as a color map.

4.4.1. M
pro

Inhibitor Design.

For peptide inhibitor design against Mpro, we employed CDSM on the 100 ns MD simula-
tion of Mpro in complex with the substrate peptide m01, randomly selected from Section 4.2.
To assess reproducibility, we performed the protocol in triplicates, each using five snap-
shots from the trajectory. Fig. 4.11A shows the DDG values for each peptide residue and
substitution as the mean of triplicates, alongside color maps displaying the respective
standard error of the mean (SEM) derived via error propagation and the standard deviation
(SD) across replicates. Given that SD values are predominantly below 0.8 kcal/mol—
exhibiting only occasional outliers with up to 1.2 kcal/mol—the results can be considered
reproducible, thereby underscoring the stability of the CDSM protocol (Fig. 4.11C).
To evaluate the reliability of the DDG predictions, the SEM was determined across all
snapshot simulations and replica runs via error propagation (Fig. 4.11B). This represen-
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Figure 4.10.: Computational Dynamic Saturation Mutagenesis protocol for peptide design
involving peptide–protein MD simulations. A user-defined number (n) of snapshots is extracted
from the MD trajectory of a peptide–protein complex. Each peptide position (i) is then systemati-
cally mutated to all other 19 standard proteinogenic amino acids (aa) for each snapshot, followed by
a short MD simulation to relax the peptide–protein complex. In each frame, the amino acid types are
indicated by their one-letter code in the bottom-right corner, and the snapshot number is displayed
in the top-right corner. The complete process is exemplified for the substitution of the parent Ala
residue with Trp in snapshot number 1. The final structures from all snapshot simulations are then
combined and used for per-residue DGbind decomposition. The change in per-residue binding free
energy decomposition upon mutation (DDGi) for each position i is calculated as the difference
between the mutant (mut) and parent (pt) DGbind values (DDGi = DGmut,i �DGpt,i). Finally, the
DDG values are visualized in a color map to highlight favorable (green) and unfavorable (pink)
mutations at each peptide position i. In total, peptide length⇥n frames⇥19 aa MD simulations
are performed. The structures of peptide and protein are represented as cartoon and surface view,
respectively. Peptide residue i is shown as sticks.

tation informs the reader about the relative trustworthiness of the predictions. The SEM
plot reveals high uncertainty, particularly for charged residues such as Arg, Asp, Glu, and
Lys. High SEM values indicate that the corresponding DDG values must be interpreted
carefully.
With this in mind, the DDG results can now be analyzed and transformed into new peptide
designs. The plot reveals a trend already observed in the simulation of the peptide–protein
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Figure 4.11.: Computational Dynamic Saturation Mutagenesis of the Mpro–m01 complex MD
simulation. The 100 ns MD simulation of Mpro in complex with the substrate peptide m01 was
used as input for the CDSM, performed in triplicate using five snapshots each. (A) The DDG values
for each peptide residue and substitution are shown as the mean of the triplicates, with favorable
and unfavorable mutations in green and pink, respectively. (B) The respective standard error of the
mean (SEM) was determined across the five snapshot simulations and replica runs through error
propagation. (C) The standard deviation (SD) was computed for the triplicate means. The peptide
sequence on the y-axis is further separated into P and P0 peptide positions. The mutated amino
acids on the x-axis are classified based on their side chain properties: non-polar (yellow), polar
(green), basic (blue), and acidic (red). Aromatic residues are additionally marked by a purple dot.
When the parent residue matches the mutated amino acid, the field is marked by a black frame.

complex library in Section 4.2: mutations to negatively charged residues (Asp and Glu)
as well as the positively charged Lys lead to highly unfavorable interactions, particularly
in the most conserved peptide region P4–P10. Together with the basic Arg, these mutated
amino acids are further associated with high uncertainties, making them unsuitable for
peptide design.
In contrast, the most favorable mutations involve non-polar and aromatic residues, par-
ticularly at the peptide position P4 (Ala), the highly conserved P1 (Gln) and the P0 site.
This aligns with the results from Section 4.2, where the most favorable peptide designs
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predominantly feature non-polar residues at all positions, except for Arg at P3.
Interestingly, mutations of Val at P3, Leu at P2, and Phe at P30, resulted in the most
unfavorable DGbind values, with no substitution yielding distinct improvement, indicating
that the parent amino acids are already optimal for their respective positions.
To obtain c-designs with a length of eight amino acids, we combined the most favorable
predictions for the P4–P40 positions. All designs were generated by modifying the m01
substrate peptide, followed by 100 ns MD simulations of the Mpro–design complexes. All
c-designs remained bound to Mpro, with the majority (except c02 and c06) exhibiting
considerably high stability throughout the simulation, as shown by RMSD and RMSF
analysis (Fig. A33).
Fig. 4.12A shows the per-residue DGbind decomposition for the c01–c03 designs, com-
puted using the MM/PBSA method. The peptides c01–c03 were generated based solely
on insights obtained from CDSM of substrate m01. While Trp was predicted to be highly
favorable at multiple positions, we intentionally introduced sequence variability by select-
ing other favorable amino acids at these sites to avoid over-representation of this large
aromatic residue. Among the c01–c03 designs, c01 exhibited the best total DGbind with
�74.6 kcal/mol (Fig. 4.12D), which is already in a good range compared to the substrate

Figure 4.12.: CDSM-guided rational peptide inhibitor design against Mpro. The per-residue
binding free energy decomposition (DGbind) was computed for each peptide position (P6–P60) of
Mpro simulated for 100 ns in complex with the peptide designs (A) c01–c03 and (B) c04–c07. By
introducing Arg at peptide position P3 (marked by a yellow arrow) in c01, c04 was obtained through
rational design. All amino acid sequences are displayed from N- to C-terminus. In all color plots,
the DGbind values range from �12 (red) to +12 kcal/mol (blue). (C) The total DGbind values are
summarized for all c-designs. Designs selected for inhibitory assays in the wet lab are marked by
colored dots.
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and peptide inhibitors in Section 4.3. However, we identified potential for improvement,
particularly at position P3. While the CDSM did not suggest any mutation that would
significantly improve binding affinity over Val at P3, our design simulations in Section 4.3
indicated that Arg would be a highly favorable residue at this position. Furthermore, c01 is
a highly hydrophobic peptide, which could lead to solubility issues. Thus, introducing Arg
at P3 not only greatly improved the total DGbind to �88.0 kcal/mol—thereby surpassing
the binding affinity of all peptide inhibitors and designs in Section 4.3—but also introduced
charges into the peptide, enhancing its pharmacokinetic properties.
Alongside c04, we selected the promising designs c05 and c07, with DGbind values of
�86.1 kcal/mol and �87.2 kcal/mol, for in vitro testing of inhibitory activity against Mpro

in Section 4.5.1. The designs c05 and c07 differ from c04 by a Gln at P1, and in the case
of c07, also by a Val at P20. The introduction of Gln in c05 increases polarity, thereby
improving solubility, whereas c07 was designed to study the effect of reducing the number
of aromatic residues on binding affinity.

4.4.2. PL
pro

Inhibitor Design.

In Section 4.2, we performed 100 ns MD simulations of PLpro in complex with the L-
peptides p01–p03 (Fig. 4.7). We used these simulations for CDSM to obtain design
suggestions for the generation of novel PLpro peptide inhibitors. Fig. 4.13A presents the
computed DDG values and their respective SEM for each parent peptide position and muta-
tion, averaged across all three CDSM runs with p01–p03 (Fig. A34). The plot reveals that
mutations to negatively charged residues (Asp and Glu) at all peptide positions (P6–P20)
and to bulky aromatic amino acids (Phe, Trp, and Tyr) at P2 lead to highly unfavorable
interactions, which are associated with high uncertainties. Increased uncertainties were
observed at positions P6 and P5 across all mutations due to the parent residues Arg and Glu
in p01 (Fig. A34A). Mutation of the conserved Leu at P4 generally results in unfavorable
DGbind values, with Arg as the exception. The most favorable mutations involve non-polar
and aromatic residues, especially at positions P3–P10, with P2 showing the greatest poten-
tial for improved binding affinity upon mutation to Ile, Leu, or Met.
We combined promising design suggestions for positions P6–P20 from CDSM to create
z-designs, which were generated by modifying the p02 substrate peptide. The designs
were then submitted to 100 ns MD simulations in complex with PLpro. Fig. 4.13B presents
the per-residue DGbind decomposition, computed using the MM/PBSA method, for the
z04–z08 designs and the reference peptide p02 for comparison.
The designs with the most favorable total DGbind values (Fig. 4.13B) are z07 (�83.0±
0.2 kcal/mol) and z08 (�83.3±0.3 kcal/mol), which exceed the DGbind of p02 by 23 kcal/mol.
They both feature an Arg at P4, which exhibits considerably improved affinity compared
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Figure 4.13.: CDSM-guided rational peptide inhibitor design against PLpro. (A) The 100 ns
MD simulations of PLpro in complex with the substrate peptides p01, p02 and p03 were used as
input for CDSM using five snapshots each. The DDG values for each peptide position of P6–P20 and
substitution are shown as the mean of p01–p03. The respective standard error of the mean (SEM)
was determined across the three runs and the five snapshot simulations through error propagation.
The mutated amino acids on the x-axis are classified based on their side chain properties: non-polar
(yellow), polar (green), basic (blue), and acidic (red). Aromatic residues are additionally marked by
a purple dot. (B) The per-residue DGbind decomposition was computed for each peptide position
(P6–P20) of PLpro simulated for 100 ns in complex with the peptide designs z04–c08. (C) The total
DGbind values are summarized for all z-designs. The p02 substrate peptide is included as reference.
Designs selected for inhibitory assays in the wet lab are marked by colored dots.

to the parent Leu residue, which is conserved at this position across PLpro substrates. The
improved affinity can be attributed to a negatively charged cavity in the PLpro substrate
binding site that is occupied by Arg, as shown in Figures 4.14B and C for z07 and z08,
respectively. Arg interacts with this cavity primarily through hydrogen bonding with the
binding site residues Asp164, Ala246 (backbone-mediated), Asp302, Tyr273, and Thr301.
Fig. 4.14A shows that this cavity is small when p02 is bound but expands upon Arg binding.
The Ile substitution at P2 in z07 improves binding affinity compared to the conserved Gly
in the parent peptide and also seems to influence the DGbind of other positions, particularly
Leu at P3 and Phe at P5. This is evident from a comparison of z07 and z08, which differ
only at P2 (Ile vs. Gly). Because Ile is bulkier than Gly occupying the narrow S2 subsite, it
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Figure 4.14.: Electrostatic interactions of the peptide designs z07 and z08 with PLpro. The most
populated conformations of the peptides simulated in complex with PLpro are shown for (A) p02
(75 % sampled, reference), (B) z07 (98 % sampled), and (C) z08, with the first and second clusters
each representing 32 % of the peptide poses. The EPS was computed for the PLpro structures and is
shown at 30 % transparency, with red and blue indicating negatively and positively charged areas
on the PLpro surface, respectively. The peptide structures are displayed as sticks, with positions
P6–P2 marked.

opens the tunnel that usually harbors the conserved GG substrate motif, increasing solvent
exposure of Leu at P3 in z07 (Fig. 4.14B) compared to z08 (Fig. 4.14C), explaining the
reduced binding affinity of z08. Additionally, a slight backbone shift in z07 may enable
stable binding of Phe at P5 to a subsite above the negatively charged cavity. In contrast
to z07, P5 and P6 in z08 are highly flexible, while Arg at P4 remains very rigid in both
designs (Fig. A35). To assess how these structural differences affect inhibitory potency,
we evaluated both z07 and z08 against PLpro in in vitro assays (Section 4.5.3).

4.5. Experimental Validation of the Peptide Designs

4.5.1. Inhibitory Activity of Peptide Designs against M
pro

Production of Natural Mpro. To obtain reliable inhibition results for the designed
peptides, Mpro had to be produced with high purity and activity. However, Mpro presents a
special case, as both its N- and C-termini are close to its substrate binding site. It was shown
that the presence of excess residues at the protease termini impedes its activity[292,293].
Thus, the preparation of natural Mpro (natMpro) with authentic N- and C-termini is required.
Zhao et al. (2024) presented a method in which the His-tag is located at the N-terminus,
followed by a Tobacco Etch Virus (TEV) protease recognition sequence (TEV-site)[274].
The optimum recognition site of TEV protease is ENLYFQ#G/S, with cleavage occurring
between the Gln and Gly or Ser[294]. To obtain a natural N-terminus in Mpro, a Ser must
occupy the P10 position, as seen in the cleavage site sequence of nsp4/5 (Fig. 4.1). To
optimally avoid auto-cleavage by Mpro, Zhao et al. tested various amino acids at the P2
position of the TEV-site, with Ser proving to be the most efficient. Thus, to yield natMpro,
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we used the sequence ENLYSQS as the TEV-site at the N-terminus and introduced a
termination codon after the last Mpro residue to also ensure an authentic C-terminus.
Successful recombinant expression of His6-tagged Mpro in Escherichia coli (E. coli),
followed by His-tag cleavage to produce natMpro, including multiple purification steps
using immobilized metal ion affinity chromatography (IMAC), was verified by sodium
dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE) (Fig. A36A and B).

Initial Inhibition Assays. The inhibitory activity of the peptide designs against
Mpro was determined using an in vitro assay with the fluorogenic substrate Dabcyl-
KTSAVLQ#SGFRKME-Edans. First, an initial screen was performed with all selected
peptide designs from Strategy I–III: Dri-m01 (Section 4.2); a05, a06, a10, a21, b06 and
b07 (Section 4.3); and c04, c05 and c07 (Section 4.4). Mpro was incubated with 100 µM
of each peptide for 15 min, after which its activity was measured. The results are shown
in Fig. 4.15. Peptide designs Dri-m01, a05, a06, a21, b06, and b07 showed no or only
minimal inhibitory activity against Mpro. In contrast, designs c05 and c07 inhibited Mpro

by approximately 90 %. Designs a10 and c04, which achieved complete inhibition, were
selected for subsequent IC50 estimation.

Figure 4.15.: Mpro inhibition after incubation with peptide designs. The activity of Mpro

was measured using an in vitro fluorogenic assay following incubation with 100 µM of each
peptide design. The assay conditions were 0.5 µM natMpro, 10 µM substrate in 20 mM Tris-
HCl, pH 7.2 and 200 mM NaCl, 1 mM ethylenediaminetetraacetic acid (EDTA) and 1 mM tris(2-
carboxyethyl)phosphine (TCEP). Measurements were performed in biological duplicates. (A) The
Mpro inhibition data relative to the control (no inhibitor) are presented as a barplot, and (B) the
amino acid sequences of the peptide designs are summarized. Peptide designs that inhibited Mpro

to 100 % were selected for IC50 estimation and are marked with colored dots.
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IC50 Estimation. As the standard metric for drug potency, the IC50 enables direct
comparison of inhibitors within this study and with literature. IC50 values can be deter-
mined by constructing dose-response curves that evaluate the effect of varying inhibitor
concentrations on protein activity. In this manner, peptides a10 and c04 were assayed
across concentration ranges of 0–400 µM and 0–100 µM, respectively, using the in vitro
fluorogenic assay with natMpro (Fig. 4.16A,B). Disulfiram was used as a standard, assayed
across a 0–100 µM concentration range (Fig. 4.16C).
The a10 and c04 peptide designs demonstrate different potencies with IC50 values of
22.3 ± 4.7 and 4.8 ± 0.5 µM, respectively. Compared to Disulfiram with an IC50 of
4.6±0.7 µM, c04 presents a promising drug candidate.

Figure 4.16.: Estimation of IC50 for the designs a10 and c05. The inhibition (%) of Mpro was
determined using an in vitro fluorogenic assay across a range of concentrations for peptide designs
(A) a10, (B) c04, and, (C) as a standard, the inhibitor Disulfiram. The assay conditions were 0.5 µM
natMpro, 10 µM substrate in 20 mM Tris-HCl, pH 7.2 and 200 mM NaCl, 1 mM EDTA and 1 mM
TCEP. Measurements were performed in biological duplicates. IC50 values were estimated through
dose-response fitting curve data to estimate IC50 values for each measurement, (D) summarized in
atable.

88



4.5 Experimental Validation of the Peptide Designs

4.5.2. Correlations between In Vitro and In Silico

To evaluate our design predictions, we assessed the correlation between DGbind values from
100 ns MD simulations of peptide–Mpro complexes (Sections 4.2–4.4) and experimental
inhibition potency against Mpro from initial screening assays (Fig. 4.17A).
Peptide designs with moderate (> 90 %) or even complete inhibition also exhibited the most
favorable DGbind values (<�85 kcal/mol), with a05 being the only outlier. Consistently,
peptides with low or negligible inhibition (< 20 %) showed less favorable predicted
binding affinities. Most interestingly, for c04, the peptide design with the highest predicted
binding affinity (DGbind = �88.0±0.4 kcal/mol), the highest inhibitory potency (IC50 =
4.8±0.5 µM) was determined. Despite the limitations of single-concentration inhibition
data and insufficient points for linear regression, the results demonstrate correlations
between in vitro and in silico findings supporting our CAPID methods.
Comparison of amino acid sequences of the designs, sorted by inhibition potency, reveals
specific amino acids and features at defined peptide positions that are unique to designs
with moderate to high inhibition potency (Fig. 4.17B). For example, the top-four designs
all include an Ile at P10, a non-polar residue at P20, and predominantly non-polar and

Figure 4.17.: Correlation between in silico DGbind estimation, in vitro inhibition potency
and peptide design features. (A) Inhibition (%) of Mpro from initial in vitro fluorogenic assays
using 100 µM peptide plotted against DGbind from 100 ns MD simulations in complex with Mpro.
(B) Peptide designs sorted by inhibition potency at 100 µM inhibitor concentration: c04 and a10
(complete inhibition, with IC50 determined), c07 and c05 (moderate, > 90 % inhibition), and
the remainder (none or negligible, < 20 % inhibition). Amino acid sequences are shown with
backgrounds colored by side chain properties: non-polar (yellow), polar (green), basic (blue), and
acidic (red). Aromatic residues are additionally indicated with purple characters. All sequences
are displayed from N- to C-terminus, except for Dri-m01, which is shown from C- to N-terminus.
Peptide positions P4–P40 are indicated. Amino acid types or features unique to the peptides with
moderate to high inhibiton potency are highlighted in bold or with a stronger background.
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aromatic amino acids at P20–P40.
We designed c07 based on c05 to assess the effect of reducing aromatic residues in the
designs. The similar moderate inhibitory potency of both peptides shows that changing P20

from aromatic Trp to aliphatic Val had no effect on activity towards Mpro, aligning with
our computational DGbind values for Trp and Val at this position.
Notably, the most potent design, c04, is distinguished from all others by a Tyr residue
at P1. This is also the only feature that distinguishes it from the less potent design c05,
highlighting its importance for enhanced binding affinity.
Fig. 4.18 shows a representative structure of the most popular conformations from 100 ns
MD simulations of Mpro with peptide designs a10 and c04. Interestingly, the structure of
c04 looks more stretched than that of a10, assuming a more relaxed conformation of c04.
However, both peptide designs exhibit the conserved main-chain mediated hydrogen bonds
at P3, P1, P20 and P40.
The Gln at P1 in a10 forms many hydrogen bonds with the side chains of Glu166 and
His163 and the main chain of Phe140, as observed for the m01 substrate. In contrast,
no hydrogen bond formation is observed for Tyr at P1 in c04. However, hydrogen bond
existence analysis shows that the side chain of Tyr forms hydrogen bonds to the same
percent (⇠75 %) as the Gln in a10 (Fig. A37). Analysis of the trajectory of the Mpro–c04
complex shows that Tyr forms hydrogen bonds via its hydroxy group either with the
side chains of Glu166 or His172, or sometimes even both. The hydrogen bond existence
analysis further shows that the P2 Trp side chain in a10 forms highly consistent hydrogen

Figure 4.18.: Interaction pattern of peptide designs a10 and c04 with Mpro. The most populated
conformations of the simulations with (A) a10 (84 % sampled) and (C) c04 (99 % sampled) are
shown in complex with Mpro. The peptide structures are displayed as sticks in green (A) and
blue (B). Mpro residues forming hydrogen bonds with the peptides are shown as white sticks, with
hydrogen bonds shown as cyan dotted lines.
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bonds with the main chain of Asp187, as displayed in Fig. 4.18A. Both peptide designs
contain an Arg at P3, which forms moderately consistent hydrogen bonds, usually with the
side chains of Glu166 and Asn142.

4.5.3. Inhibitory Activity of Peptide Designs against PL
pro

Unlike Mpro, where excess terminal residues considerably impair catalytic activity[292,293],
previous studies have shown that a terminal His6-tag has only a minimal effect on the
catalytic efficiency of PLpro [143,295]. Thus, PLpro was expressed with a C-terminal His6-tag
in E. coli and purified by IMAC (Fig. A36C).
We tested the peptide designs Dri-p02 (Section 4.2), z03 and z04 (Section 4.4) against
PLpro, using an in vitro assay with the fluorogenic substrate Dabcyl-FTLKGG#APTKVTE-
Edans. Fig. 4.19 shows the inhibition of PLpro with 50 µM of each peptide after incubation
for 10 min or direct measurement (0 min).
No inhibitory activity was observed for the peptide designs after 10 min incubation. How-
ever, direct measurement upon peptide addition revealed inhibition of up to 30 % (Dri-p02),
20 % (z07), and 11 % (z08). These findings suggest that the peptides initially interact with
the protease to some extent, but their potency decreases over time. This loss of potency
could result from peptide cleavage by PLpro or—particularly for the hydrophobic designs
z07 and z08—from aggregation over time. Given the negligible inhibitory activity, these
designs exhibit insufficient potency for lead compound consideration. Thus, no further
IC50 determination assays were performed.

Figure 4.19.: PLpro inhibition after incubation with peptide designs. (A) The activity of PLpro

was measured using an in vitro fluorogenic assay following addition of 50 µM of each peptide
design (with 0 min or 10 min incubation). The Mpro inhibition data relative to the control (no
inhibitor) are presented as a barplot. The assay conditions were 0.5 µM PLpro-His6, 10 µM substrate
in 50 mM HEPES, 5 mM DTT, 0.01 % Triton X-100, pH 7.5. Measurements were performed in
biological duplicates. (B) The amino acid sequences of the peptide designs are summarized.
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4.6. Discussion

We explored three strategies for computer-aided peptide inhibitor design (CAPID) against
two proteases of SARS-CoV-2, Mpro and PLpro, all based on MD simulations of the pro-
teases with their natural substrates. In strategy I, we investigated whether the retro-inverso
method could be applied to the substrate peptides to yield inhibitors with similar affinity
but improved proteolytic stability. To accomplish this, we first prepared models of the
proteases in complex with the L- and Dri-peptides, which served as starting structures for
MD simulations.
For Mpro, available crystal structures of the protease in complex with its substrates—though
not fully resolved—enabled validation of our L-substrate docking results using ADCP. The
L-substrates exhibited highly stable binding at peptide positions P4–P10, consistent with the
co-crystallized substrates. In contrast, the Dri-peptides showed reduced binding stability
and low binding affinities. This instability was attributed to the switched termini and amide
bonds in the Dri-peptides, which likely disrupt the conserved hydrogen bonds essential for
Mpro–substrate binding. Most of these hydrogen bonds are backbone-mediated in both the
peptide and the protein. MD simulations showed that protein adaptation to these peptides
is complicated by the intrinsic rigidity of backbone-mediated hydrogen bonds compared to
side-chain-mediated interactions. Consequently, the Dri-peptides were expected to lack
inhibitory potential against Mpro, which was confirmed by in vitro inhibition assays with
Dri-m01 exhibiting no inhibition of Mpro.
To generate PLpro complexes with L- and Dri-peptides p01–p03, we used a consensus
docking approach, combining physics-based docking (ADCP) with AI-based structure
prediction (AF3) to improve reliability, as no experimentally resolved PLpro–substrate com-
plex structures are available. We obtained a highly confident AF3 pose for the 8-residue
L-p02, which we used as a template for distance cutoffs in re-scoring ADCP docking
solutions to generate Dri-peptide poses. MD simulations of L- and Dri-peptides in complex
with PLpro revealed reduced affinity for Dri-peptides, although they were able to adapt
to the binding site environment. A shift towards the P-site enabled retention of specific
backbone-mediated hydrogen bonds, and the peptides exhibited relatively high stability
and rigidity throughout the simulations and across all peptide positions compared to the
L-peptides. Nevertheless, Dri-p02 exhibited low inhibitory potency in in vitro assays
against PLpro. These results raise the question of why the Dri-method succeeded for the
competitively inhibiting peptides 3CVL and 3CVLri, whose binding modes with the active
site of Mpro we had previously characterized in Chapter 3[65].
In Strategy II, we repeated docking and modeling of the peptides 3CVL-2, 3CVLri-2,
3CVL-7, and 3CVLri-7, aiming to identify a binding mode analogous to that of the sub-
strate peptides to obtain valuable information for peptide design. Therefore, we employed
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the docking tool ADCP[39], which was specifically designed for peptide docking. However,
the results remained ambiguous, often showing higher binding affinities for peptide confor-
mations that deviated from the substrate binding mode, thereby binding either in the wrong
orientation or completely randomly. In addition, given that our computational and experi-
mental findings indicate that the retro-inverso method is ineffective for Mpro substrates,
one could conclude that the 3CVLri peptides—and possibly their L-counterparts—do not
bind in the same manner as the substrate peptides. Our modeling results from Chapter 3
and this work further suggest that these peptides may also interact with Mpro in multiple,
yet individually stable, binding modes. For example, 3CVL-7 contains two His residues
in close proximity and exhibits favorable binding affinities for both conformations, with
either residue occupying the P1 position.
Indeed, multiple stable binding modes of peptides have been reported. For example, the
short LPATG sorting signal has been shown to adopt multiple metastable states in complex
with a sortase enzyme, as verified by nuclear magnetic resonance (NMR) spectroscopy
and X-ray crystallization[296].
However, as the 3CVL(ri) peptides are relatively large (16–17 amino acids) and linear,
they possess a high number of degrees of freedom, which makes it challenging for docking
programs to identify the optimal binding pose. In comparison to other peptide docking
engines, ADCP performs optimally for peptides of 5–10 amino acids and remains effective
for peptides of 11–20 amino acids but with decreased success rates[41]. Furthermore,
standard MD simulations often struggle to efficiently sample transitions between confor-
mational states in peptide–protein complexes, associated with high energy barriers.
To address this, enhanced MD sampling techniques, such as replica exchange MD (REMD),
accelerated MD (aMD), and Gaussian accelerated MD (GaMD), have been developed to
improve the sampling efficiency of MD simulations and have been successfully applied
to peptide–protein modeling[297,298]. Wang et al. (2020) introduced Peptide Gaussian
Accelerated Molecular Dynamics (Pep-GaMD), a GaMD variant specifically tailored for
modeling the high flexibility of peptides in peptide–protein interactions (pepPIs) using a
dual-boost algorithm that applies two distinct boost potentials on the potential energy of
the peptide and the remaining system[299]. Their PepBinding workflow, which combines
peptide docking, enhanced sampling using Pep-GaMD, and structural clustering, could
be a valuable tool for predicting the optimal binding poses of the 3CVL and 3CVLri
peptides[300]. For experimental verification, NMR or X-ray crystallization would be the
methods of choice.
Our Strategy II, using a library of Mpro–peptide MD simulations that includes natural sub-
strates and inhibitors, has shown potential for developing peptides with improved binding
affinities. Additionally, it identified a peptide design, a10, with inhibitory activity against
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Mpro, exhibiting an IC50 value of 22.3±4.7 µM. However, the Mpro–peptide library lacks
exhaustive coverage, limiting peptide design efficiency. Thus, we employ Strategy III,
using computational saturation mutagenesis to systematically evaluate all possible amino
acids at each peptide position. Several computational saturation mutagenesis methods have
already been developed, each with distinct advantages and limitations. For example, Muta-
teX[301] uses the FoldX energy function[302] and provides an automated pipeline for DDG
calculations over protein ensembles from MD simulations. However, as it does not relax
the protein backbone upon mutation, steric clashes may occur when replacing a residue
with a larger side chain, potentially resulting in artificially inflated DDG values. To avoid
these artifacts, the predictive saturation variation scanning (PreSaVS) method[75] employs
the Bristol University Docking Engine (BUDE) force field[76], which avoids penalizing
small geometric overlaps in the modeled structures, enabling faster computations but at the
cost of reduced accuracy.
The Rosetta software package includes a protocol for site saturation mutagenesis through
point mutation evaluation[303]. After mutation, its FastRelax tool performs a minimiza-
tion step that allows side-chain and backbone movement for residues near the mutation
site, enabling more realistic structural adaptation and more accurate energy predictions.
However, this protocol was specifically designed to predict stabilizing mutations in single
proteins to enhance thermodynamic stability, not for peptide–protein interactions. Instead,
Rosetta provides another tool, FlexxDDG[304], which models changes in protein–protein
or peptide–protein interactions upon mutation and computes the resulting interface DDG
values. However, this program lacks automated tools for saturation mutagenesis.
The advantage of our CDSM approach is its compatibility with the widely used MD
simulation program GROMACS, while enabling DGbind calculations with the MM/GBSA
method using the gmx_MMPBSA software, which supports Amber[52], OPLS[305], and
CHARMM[248] force fields, allowing users to adapt the protocol to their specific MD
simulation system.
Unlike other protocols, our approach allows both the protein and the peptide to adopt their
conformations without constraints on the mutated side chains. This is achieved through a
short MD simulation (100 ps) following energy minimization and equilibration. Although
this method may be computationally more expensive, the required resources scale with
peptide length and the number of snapshots. For example, a CDSM calculation for a
10-amino acid peptide using 5 snapshots, as in our work, requires computational resources
comparable to a 100 ns simulation (10 positions⇥ 5 frames⇥ 20 aa⇥ 100 ps = 100 ns).
This corresponds to a single trajectory of our 20 peptide–protein MD simulations for
library generation (Section 4.3), while providing more holistic design suggestions for each
peptide position.
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We have applied CDSM to the Mpro–m01 complex MD simulation. Reasonable standard
deviations across triplicates validated the protocol’s reproducibility. The results for m01
revealed a clear preference for non-polar and aromatic residues, whereas charged residues
such as Asp, Glu, and Lys were highly unfavorable, especially at the more conserved posi-
tions P4–P10. These findings aligned with those from Strategy II and previous studies[65,74].
However, our CDSM protocol failed to predict Arg as a more favorable residue than Val at
position P3, whereas 100 ns simulations of peptides with this substitution clearly demon-
strated an improvement in DGbind. Observation of the CDSM MD simulation snapshots
after mutation to Arg at P3 revealed that the residue rarely adopted a conformation required
for favorable interactions with the Glu166 side chain. This suggests that the simulation
time may be insufficient for larger substitutions such as Arg. The simulation time could be
adapted according to the size and flexibility of the side chains, thus maintaining moderate
computational costs by retaining shorter simulation times for smaller, more rigid residues
that require less sampling to adapt.
For PLpro, CDSM was able to identify Arg as the only mutation at P4 that improved DGbind,
a position that typically contains the conserved Leu of the LXGG binding motif. 100 ns
MD simulations of the peptide designs with Arg at P4 validated the enormous improvement
in DGbind compared to Leu in substrate p02, by binding to a negatively charged cavity
within the PLpro substrate binding site. Combined with other favorable mutations suggested
by CDSM, this yielded a 20 kcal/mol improvement in total DGbind for peptide designs z07
and z08. However, these designs exhibited negligible inhibitory activity against PLpro in
in vitro assays. Nonetheless, our CDSM approach provided valuable mutation suggestions
that, in combination with rational design, resulted in our most potent Mpro peptide inhibitor,
c04, as verified by in vitro fluorescence-based inhibition assays.
Our experimental setup had some limitations, as measurements were performed in du-
plicate rather than in triplicate, reducing statistical robustness. However, this approach
was primarily adopted due to the high cost of the fluorogenic substrate and the limited
amount of natMpro produced. Mpro further exhibits inherent instability due to its tendency
to interconvert between its active dimeric form and an inactive monomeric form through
redox modifications of its cysteine residues[306]. Oxidative stress can induce dissociation
into monomers, leading to a loss of enzymatic activity. Although TCEP was included
in the buffer to maintain a reducing environment and multiple aliquots were prepared to
minimize exposure to air, the loss of Mpro activity could not be entirely avoided.
To validate our experimental setup, we used disulfiram as a standard. Disulfiram is a
cysteine protease inhibitor and an alcohol-aversive drug approved by the Food and Drug
Administration (FDA). Previous studies suggested that disulfiram targets and conjugates
to Cys44, located at the edge of the Mpro substrate binding pocket, thereby interfering
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with substrate binding to the active site[307]. In the same study, the IC50 was determined
to be 3.79± 0.23 µM for SARS-CoV-2 in a fluorescence-based peptide cleavage assay,
comparable to our result of 4.6± 0.7 µM for disulfiram, supporting the validity of our
experimental methods and results.
In initial inhibitory tests with Mpro, we identified two peptide designs, c04 and a10, that
completely inhibited Mpro at 100 µM inhibitor concentration. Subsequent IC50 determina-
tion yielded values of 4.8±0.5 µM for c04 and 22.3±4.7 µM for a10. The IC50 value of
c04 is comparable to those of other Mpro-targeted peptide inhibitors, such as p12, p13, p15,
and p16, presented by Chan et al. (2021)[74], which range from 3.11 to 5.36 µM. Notably,
our c04 peptide, containing eight amino acids, is shorter than these eleven-amino-acid
peptides. A shorter length while exhibiting similar inhibition potency indicates improved
affinity and may also impact pharmacokinetics; for example, reducing peptide size can
increase cell permeability[308].
Peptide designs Dri-p02, z07, and z08 showed no inhibitory activity against PLpro at
50 µM after 10 min incubation. However, without incubation (0 min)—i.e., direct measure-
ment after peptide addition—low inhibition (up to 30 % for Dri-p02) was observed. This
suggests that the peptides can interact with PLpro to some extent but lose potency over
time, potentially due to cleavage by the protease. The Dri-method was used to prevent
peptide cleavage; however, the Dri-peptides of PLpro still contain two Gly residues, which
lack chiral centers and thus cannot be converted to D-amino acids. Our MD simulations
suggested that the Dri-peptides are shifted, thereby disrupting important interactions with
active site residues, including the oxyanion hole-stabilizing Trp106[291], suggesting that
catalytic cleavage of these peptides is not possible. However, to investigate this question,
specific cleavage experiments with PLpro, followed by analysis via RP-HPLC for example,
would be needed.
Another explanation for the loss of potency could be peptide aggregation, particularly
for the hydrophobic designs z07 (PFRLIGWL) and z08 (PFRLGGWL). Tools for pre-
dicting peptide aggregation have been introduced, including the widely used algorithm
TANGO[309] and a recently developed machine learning (ML)-based tool PALM[310],
which enables the identification of aggregation-promoting mutations in Ab peptides. Ex-
perimental validation of this hypothesis could be done using aggregation assays, such as
a Thioflavin T fluorescence assay[311] or other spectroscopic methods like dynamic light
scattering[312].
Substrate library screening studies of SARS-CoV and SARS-CoV-2 PLpro for peptide
positions P4–P1 revealed that Gly is required at positions P1 and P2 for protease activity.
While P3 accepts a variety of amino acids, including positively charged and hydrophobic
residues, P4 only tolerates hydrophobic residues, with Leu being the sole natural amino
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acid accepted[313]. Peptide z07 contains Ile at P2, and both z07 and z08 contain the
positively charged Arg at P4. Although MD simulations predicted high binding affinity for
these substitutions, the substrate library screening studies suggest that such modifications
may hinder effective binding to the PLpro binding site. However, these studies assessed
only catalytic activity, not binding affinity, and thus could not detect modifications that
bind with high affinity while inhibiting protease activity. Nevertheless, our computational
strategy failed to produce effective PLpro peptide inhibitors. The specific reasons why the
high predicted affinities for z07 and z08 were not reflected in in vitro experiments require
further computational and experimental investigation.
Comparison of the experimental and computational results for the Mpro peptide designs
suggests a correlation between the determined inhibition and predicted binding affinity,
supporting our CAPID strategies, which are based on DGbind-guided design suggestions
using the gmx_MMPBSA program for MM/PBSA and MM/GBSA calculations. These
findings suggest that peptide designs with a DGbind value below �85 kcal/mol are likely
to be potent in in vitro inhibition assays against Mpro, providing a useful benchmark for
future designs targeting this protease. However, these binding free energies should be
interpreted as relative values rather than absolute binding free energies and are therefore
not universally applicable. This is because we computed the effective free energy, an
approximation of the binding free energy that omits the entropic term, which allows com-
parison of similar peptides while being computationally efficient[59]. Comparing the more
potent peptide designs with the less potent designs further reveals notable distinctions, such
as the enrichment of non-polar and aromatic amino acids, particularly at peptide positions
P20–P40. However, the most interesting distinction is the Tyr residue at P1 in c04. In Mpro

substrates, this position is usually occupied by the conserved Gln. As it is the only residue
differing from the design c05, which has reduced inhibition potency, this substitution
highlights the superior binding affinity of Tyr compared to Gln. This substitution was
also strongly suggested by CDSM, and its enhanced binding affinity over Gln was further
validated in subsequent 100 ns simulations of the c-designs through per-residue DGbind

decomposition.
Several publications describe peptide inhibitors designed against Mpro with experimen-
tally determined activities, however binding mode investigations typically show that they
retain the conserved Gln residue at P1[74,314,315]. The peptide inhibitor p14 from the Mpro–
peptide library in Strategy II contains the aromatic Trp at P1—which showed promising
binding affinities, superior to the conserved Gln—however, this peptide was not tested for
its inhibitory activity against Mpro in experimental assays[74]. Peptidomimetics with high
inhibitory potency against Mpro often contain a 5-membered lactam at P1, thereby resem-
bling the Glu residue at P1 while also enabling hydrophobic interactions[316,317]. One such
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example is nirmatrelvir (Paxlovid, Pfizer), a reversible covalent inhibitor carrying a nitrile
warhead, which is the only currently approved drug targeting Mpro with a reported IC50 of
0.022±0.004 µM[318]. However, there are some peptidomimetics that contain an aromatic
residue at P1. The inhibitor ML188 possesses a pyridine ring at P1 that interacts with
His163. Originally designed to inhibit the SARS-CoV Mpro, ML188 was reported to have
inhibitory activity against SARS-CoV-2 Mpro (IC50 = 2.5±0.3 µM)[319]. Based on ML188,
Kitamura et al. (2022) designed and synthesized the non-covalent inhibitor 23R[320]. While
maintaining the pyridine ring at P1, they introduced additional aromatic substitutions at
P2 and P3, leading to a highly potent Mpro inhibitor (IC50 = 0.20±0.01 µM), underlining
the preference of Mpro for hydrophobic and aromatic groups. While most Mpro inhibitors
focus on engaging the S3–S10 subsites of the active site[317], our approach has shown that
the S0 site also has potential for inhibitor design.
Finally, the pharmacokinetic aspects of our peptide designs should be discussed. The
two main limitations of therapeutic peptides are membrane impermeability and short
half-lives due to degradation and rapid clearance. In Strategy I, we attempted to address
the proteolytic instability of natural peptides using the Dri-method, but this approach was
unsuccessful. Some of our designs also include single D-amino acids at the P0 position
(b06 and b07). However, as these designs and their L-counterparts (a05 and a21) showed
no significant inhibition against Mpro, their effect was not further investigated. If drugs
are administered orally, their stability needs to be investigated in metabolic stability ex-
periments, for example, using solutions simulating gastric and intestinal fluids, followed
by analysis via RP-HPLC to detect potential cleaved peptide fragments[65]. Similarly,
hydrolysis by Mpro itself would need to be assessed to estimate the inhibitor’s stability.
Since c04 contains only L-amino acids, it is probably vulnerable to proteolytic cleavage,
and such tests would be required.
To improve its proteolytic stability, modifications such as D-amino acids or other non-
natural amino acids could be introduced. Holden et al. (2022) have proposed a computa-
tional site saturation mutagenesis protocol that includes non-natural amino acids using the
Rosetta platform[321]. Incorporating this approach into our CDSM protocol could provide
valuable additional insights to complement our successful findings. To increase proteolytic
stability, cyclization of promising linear peptides is a popular approach. Several macrocy-
cles with inhibitory activity against Mpro have been reported[314,315]. Macrocyclization not
only provides greater proteolytic stability but also improves membrane permeability[322].
Johansen-Leete et al. (2022) designed a cyclic peptide inhibitor whose cellular uptake
was further improved by conjugating it to a 6-amino-acid cell-penetrating peptide, result-
ing in improved antiviral activity against Mpro in cell tests (EC50 = 6.6± 0.4 µM)[315].
Our linear c04 peptide is highly hydrophobic, with its Arg at P3 conferring a positive
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charge. Positively charged peptides can enter cells through clathrin-mediated endocytosis
or clathrin-independent pathways. While a certain degree of hydrophobicity improves
peptide membrane permeability, excessive hydrophobicity can lead to aggregation and
cellular toxicity[308,323]. Therefore, it would be advisable to consider macrocyclization
and other methods to improve both proteolytic stability and cell penetration.
In addition to these potential pharmacokinetic limitations, protease inhibitors with high
potency typically exhibit IC50 values in the nanomolar to low micromolar range[324]. Thus,
although c04 appears to be a promising candidate, further modifications are required to
enhance its drug potency and pharmacokinetics. Beyond that, our proposed strategies,
particularly the CDSM protocol, have demonstrated great potential for CAPID and broad
applicability to diverse peptide–protein complexes.
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5. A Modeling Workflow for
PSMA-targeted
Radiopharmaceuticals

The prostate specific membrane antigen (PSMA), which is generally overexpressed in
prostate cancer cells, represents an attractive target for radiopharmaceuticals[178]. Rational
design of PSMA-targeted radioligands requires understanding the structure–activity rela-
tionship. We therefore aim to develop a computational workflow that accurately predicts
PSMA–ligand interactions and elucidates correlations between ligand structural features,
their binding affinity and pharmacokinetic properties. This workflow builds upon our
initial docking studies of two PSMA radioligands, [99mTc]Tc-EDDA/HYNIC-iPSMA and
[99mTc]Tc-PSMA-GCK01, published in Publication II (Section A.3):

The Theranostic Optimization of PSMA-GCK01 Does Not Compromise the Imag-
ing Characteristics of [99mTc]Tc-PSMA-GCK01 Compared to Dedicated Diagnostic
[99mTc]Tc-EDDA/HYNIC-iPSMA in Prostate Cancer
Eduards Mamlins, Lara Scharbert, Jens Cardinale, Maria Krotov, Erik Winter, Hendrik
Rathke, Birgit Strodel, Alfred O. Ankrah, Mike Sathekge, Uwe Haberkorn, Clemens
Kratochwil, and Frederik L. Giesel
Molecular Imaging and Biology, 2023, DOI:10.1007/s11307-023-01881-y.

Our computational workflow involves docking a selection of clinically relevant PSMA
ligands into the PSMA binding site, followed by molecular dynamics (MD) simulations to
verify and evaluate ligand poses and their interactions with the binding site. One limita-
tion of PSMA radiopharmaceuticals is their relatively high kidney uptake, driven by the
abundant expression of PSMA in this non-target organ[325]. By comparing the binding
modes of fast-, slow-, and practically non-clearing PSMA ligands, we seek to identify the
chemical and structural properties underlying these distinct behaviors. The findings of this
work will serve as the foundation for future computer-aided radiopharmaceutical design
(CARD) studies.
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5.1. Methods

A comprehensive description of the general methods used in this project is provided in
Section 2.1. In the following, we outline the project-specific procedures in detail.

Structure Preparation. The PSMA crystal structures were prepared with the co-
crystallized ligands PSMA-1007 (PDB: 5O5T) and PSMA-617 (PDB: 8BOW) present, us-
ing the protein preparation wizard in Maestro (Schrödinger)[224]. The structures of the resid-
ual PSMA ligands, PSMA-GCK01, DCFPyL, PSMA-11, PSMA-I&T, PSMA-I&S and
rhPSMA-7 and PSMA-BB, were either derived from the PubChem database[326] or gener-
ated manually using the Schrödinger 2D Sketching tool implemented in Maestro (Fig. 5.5).
To ensure optimal bond lengths and angles within the three-dimensional metal-coordinating
chelator, we obtained the crystal structures of gallium(III) 1,4,7,10-tetraazacyclododecane-
1,4,7,10-tetraacetic acid (DOTA)[327] (CSD entry: DEVHIW) and technetium(V) mer-
captoacetyl triglycine (MAG3)[328] (CSD entry: YOMMUI01), and the nuclear mag-
netic resonance (NMR) structure of iron(III) N,N0-Bis(2-hydroxybenzyl)ethylenediamine-
N,N0-diacetic acid (HBED-) (CSD entry: KEKVOL)[329] from the Cambridge Struc-
tural Database (CSD)[330]. The MAG3 structure was manually modified to mercap-
toacetyl tri-D-serine (MAS3) by substituting all glycine residues with D-serine. The
DOTA and HBED- structures were used as basis for 1,4,7,10-tetraazacyclododececane,1-
(glutaric acid)-4,7,10-triacetic acid (DOTAGA) and N,N0-Bis[2-hydroxy-5-(ethylene-b -
carboxy)benzyl]ethylenediamine-N,N0-diacetic acid (HBED-CC), respectively.

Pose Generation. The selection of water molecules to be maintained in the PSMA
binding pocket during docking was based on their conservation across different crystal
structures. The PSMA structures in complex with urea-based inhibitors (PDB: 5O5T,
8BOW, 5O5U, and 5O5R) were first prepared with Maestro[224] and then superimposed.
Only water molecules consistently observed at the same positions were retained, as shown
for the PSMA–PSMA-1007 complex in Fig. 5.1A.
Different hydration levels were generated by progressively adding conserved water molecules
to the binding site of each protein structure (PDB: 5O5T and 8BOW). Level 0 includes only
the Zn2+-coordinating water molecule. In level 1, the area surrounding the vector—the
catalytic chamber—is solvated. Level 2 adds water molecules to the hollow cavity between
the S1 glutamate pocket and the S1 accessory lipophilic region. Level 3 further includes
water molecules between the S1 lipophilic pocket and the arene-binding site, and level 4
incorporates multiple water molecules at the entrance of the binding funnel.
Since the AutoDock4 (AD4) force field does not support elements such as Ga (Gallium) and
Tc (Technetium), they were substituted with Fe (iron) and Mn (Manganese), respectively,
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before preparing the structures for docking. The protein structures at varying hydration
levels and the ligand structures were converted to the PDBQT format using the AutoDock
’prepare_receptor’ and ’prepare_ligand’ tools, respectively. For affinity map generation
using AutoGridFR (AGFR), the docking box was centered on the co-crystallized ligand
with a 4 Å padding. Docking was performed with AutoDockFR (ADFR) in triplicate,
conducting 120 independent searches per replicate, each involving 5⇥106 evaluations of
the scoring function.

Re-scoring. The top-10 docking solutions from each triplicate run were re-scored using
seven key distances dvec,i (i = 1� 7), measured between selected atoms of the ligands’
vector and specific binding-site residues in the PSMA crystal structures (Fig. 5.1B). Based
on the mean distance hdveci= 4.5 Å, observed for both co-crystallized ligands, PSMA-617
(PDB: 8BOW) and PSMA-1007 (PDB: 5O5T), a cutoff of 5.5 Å was applied for the
re-scoring process. Docking solutions with hdveci< 5.5 were then re-ranked according to
their docking scores.

Parameterization. We performed different parameterization procedures for ligands
with and without metals, and for the binuclear Zn2+ active site of PSMA. All quantum me-
chanical (QM) simulations were performed with Gaussian 09[331]. For the ligands without
metal sites, we performed Merz-Kollman restrained electrostatic potential (RESP) charge
calculations at the HF/6-31G* level of theory. For metal center parameterization we used

Figure 5.1.: Docking conditions and re-scoring parameters for PSMA: binding site water
molecules and vector-to-residue distances. (A) Representative hydrogen bond network of binding
site water molecules (spheres representaion) in the PSMA crystal structure (PDB: 5O5T) in complex
with PSMA-1007 (line representaion), illustrating interactions with other water molecules, binding-
site residues, and the ligand. (B) The seven distances dvec,i (grey dashed lines) used for re-scoring
are shown at the example of PSMA-1007 and PSMA binding-site residues (PDB: 5O5T), shown as
yellow and white sticks, respectively.
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Figure 5.2.: Bonded and non-bonded modeling of the metal sites. The coordination of the metal
centers are displayed for the binuclear Zn2+ active site of PSMA and chelators either labeled with
Tc (MAS3) or Ga (DOTAGA and HBED-CC). For the parameterization, we employed bonded
(violet) and non-bonded (yellow) model approaches to describe the interactions between the metal
ions and their ligands.

the MCPB.py[332] tool of AmberTools 23[333]. We employed the bonded model approach
to describe the metal site in ligands labeled with Ga or Tc. For the parameterization of the
binuclear Zn2+ active site in PSMA, we utilized a hybrid modeling strategy. Specifically,
the interactions between the Zn ions and the coordinating PSMA residues (H377, D387,
E425, D453 and H553) were treated as bonded, whereas the interactions involving the
water molecule and the Zn ions were modeled as nonbonded (Fig. 5.2). Oxidation states of
+5 for Tc, +3 for Ga, and +2 for each Zn ion were employed. QM geometry optimizations,
force constant calculations, and Merz-Kollman RESP charge derivations were carried out at
the B3LYP/6-31G* level of theory for all atoms, including Ga and Zn ions, with Tc as the
sole exception using the LANL2DZ basis set. Finally, AMBER topology and coordinate
files were generated using the LEaP module from AmberTools and subsequently converted
into GROMACS-compatible input files with ACPYPE[334].

MD Simulations. The system setup, energy minimization, equilibration in NVT and
NPT ensemble, and the production run was conducted as described in Section 2.1.3.3.
Each PSMA–ligand system (⇠97,000 atoms) was simulated for 100 ns using GROMACS
version 2023[51,262]. Conformational clustering was applied with an root mean square
deviation (RMSD) cutoff of 2 Å using the algorithm described by Daura et al. (1999)[283]

to obtain the predominant ligand structure within the PSMA binding site. The binding free
energy (DGbind) between the ligands and PSMA (including Zn2+ ions) was calculated for
500 trajectory snapshots using the molecular mechanics Poisson–Boltzmann surface area
(MM/PBSA) method as implemented in gmx_MMPBSA[59]. The temperature was set to
310 K and the ionic strength to 150 mM. Visualization and distance measurements of static
structures, like crystal structures, were performed using PyMOL (Schrödinger)[240].
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5.2. Results

5.2.1. Conformational Differences of Two PSMA Crystal

Structures

A critical step of our modeling workflow is the selection of an appropriate target struc-
ture. Among our selection of clinically relevant PSMA radioligands, high-resolution
crystal structures in complex with PSMA are available for PSMA-617 (PDB: 8BOW)
and PSMA-1007 (PDB: 5O5T). Superposition of the three-dimensional structures re-
veals that the overall protein conformation is nearly identical between the two complexes
(RMSD = 0.105 Å, aligned by Ca atoms), with the exception of a single loop region
(residues Trp541–Gly548) that adopts a different orientation (Fig. 5.3).
The co-crystallized ligands PSMA-1007 and PSMA-617 share a similar structure, both
featuring a Glu-ureido-based binding motif and a naphthyl linker group. The primary
difference between them lies in their radiolabel, resulting in distinct interaction patterns
with PSMA. While PSMA-1007 engages Trp541 within the arene-binding site (ABS) of
PSMA through p-p stacking interactions via its FNA moiety, this binding site remains un-
occupied in the case of PSMA-617, which features a DOTA chelator. The conformational
rearrangement of the loop region spanning residues Trp541–Gly548, which leads to the
opening of the ABS upon binding of an aromatic, p-p stacking-capable ligand such as
PSMA-1007, has been described previously[186]. Since subsequent docking experiments

Figure 5.3.: Loop rearrangement in PSMA induced by PSMA-1007 opening the arene-binding
site. The loop region (residues Trp541–Gly548) is shown for PSMA structures in complex with
PSMA-617 (PDB: 8bow) and with the inhibitor PSMA-1007 (PDB: 5o5t). Arrows indicate the
conformational shift of representative residues (Trp541, Asn544, and Phe546) in the superimposed
PSMA structures. In the PSMA-1007 complex, the repositioned Trp541 enables p-p stacking with
the 6-fluoronicotinic acid (FNA) moiety of the inhibitor.

105



5 A Modeling Workflow for PSMA-targeted Radiopharmaceuticals

will be carried out using a rigid receptor model, this structural difference in the loop region
is important to take into account when evaluating the binding modes of PSMA ligands.

5.2.2. The Effect of PSMA Binding Site Hydration on Docking

In our primary studies, we used docking to identify the binding poses of two PSMA radi-
oligands, [99mTc]Tc-EDDA/HYNIC-iPSMA and [99mTc]Tc-PSMA-GCK01. We found
that retaining water molecules within the binding site of PSMA facilitated the correct
integration of the binding motif and linker group, resulting in relative docking scores that
correlated well with empirical binding affinities[221].
The binding site of PSMA contains several water molecules that mediate hydrogen bonds,
either bridging interactions between the ligand and protein residues or stabilizing in-
tramolecular interactions within the protein (Fig. 5.1A). To further investigate the role of
water molecules in ligand binding, evaluate the performance of the docking engine, and
establish an optimized docking protocol for subsequent studies, we performed redocking
experiments at varying hydration levels within the binding site of PSMA using the ADFR
docking engine.
Two PSMA crystal structures in complex with PSMA-617 (PDB: 8BOW), with a non-
labeled chelator, and PSMA-1007 (PDB: 5O5T) were used for the redocking approach.
The co-crystallized ligands were prepared within their respective receptors, assigning
protonation states as shown in the chemical structures in Fig. 5.5. To generate hydration
levels 0 to 4, the PSMA binding site was systematically hydrated through the step-by-step
addition of conserved water molecules. Level 0 contains no water molecules except for
the Zn-coordinating water, while in level 1 the vector-accommodating site—the catalytic
chamber—was filled. This procedure was continued up to level 4, in which nearly the
entire binding funnel was filled with conserved water molecules.
The results of redocking PSMA-617 and PSMA-1007 at hydration levels 0 to 4 are shown
in Fig. 5.4. In the following analysis, we focus on three regions of the ligand that are
particularly relevant to their positioning within the PSMA binding site: (i) the Glu-ureido-
based vector, which interacts with the catalytic chamber, comprising the S10 glutamate
pocket, the binuclear Zn2+ active site, and the S1 subsite with the arginine patch; (ii) the
naphthyl linker group that occupies the S1 lipophilic region; and (iii) the chelator located
at the entrance of the binding funnel or in the case of PSMA-1007, the FNA moiety, which
interacts with the ABS.

The Vector. The majority of the top-ranked docking poses in Fig. 5.4 resemble the
reference crystal structures, with the vector accommodating the catalytic chamber and the
glutamic moiety of the Glu-urea-Lys motif positioned close to the S10 glutamate pocket.
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Figure 5.4.: Redocking of PSMA-617 and PSMA-1007 to the crystal structure of PSMA
with different levels of hydration in the binding pocket. The non-labeled PSMA-617 (PDB:
8BOW) and PSMA-1007 (PDB: 5O5T) were redocked to the respective PSMA crystal structures.
Top-ranked docking poses are shown, with binding site hydration levels indicated by numbers 0–4.
For reference, the co-crystallized ligand structures are shown on the left, with labeled subsites:
S10 glutamate pocket (S10), Zn2+ active site including residues interacting with the urea moiety
(active), S1 subsite including arginine patch (S1), S1 accessory lipophilic region (lipo), hollow
cavity between S10 and lipo (cav), arene-binding site (ABS), and inner (in) and outer (out) area of
the binding funnel entrance. Docking scores and RMSD values relative to the reference structures
are provided below the docking models.

Solely PSMA-1007 at level 2 represents an exception: the vector is shifted toward the S1
region, and the glutamic moiety is positioned closer to the Zn ions. Otherwise, only minor
variations within the binding motif are observed, including slight rotations of the carboxyl
groups or the urea moiety, with the most pronounced rotation shown in PSMA-1007 at
level 0, where the entire urea group is rotated by 180°.

The Naphthyl Group. For both PSMA-617 and PSMA-1007, we observed an influence
of the hydration level on the positioning of the naphthyl group. At higher levels, the
naphthyl group occupies the S1 lipophilic region, consistent with the reference structures.
At lower hydration levels, however, it shifts toward the hollow cavity or the binding
funnel entrance. When these alternative binding sites are occupied by water molecules,
the naphthyl group is effectively forced into the vacant S1 lipophilic pocket. Moreover,
PSMA-617 adopts a more extended conformation—similar to the reference structure—
when the naphthyl group occupies the correct pocket, such as at levels 2–4.
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The Radiolabel. In contrast to PSMA-1007, which occupies the well-defined ABS
via its FNA moiety, the DOTA chelator of PSMA-617 is largely solvent-exposed at the
spacious entrance of the binding funnel. Furthermore, the DOTA moiety could not be
resolved in the crystal structure, indicating distinct flexibility[335]. This flexibility in the
chelator region is reflected in the redocking results, which exhibit a high degree of pose
variability. However, a consistent trend is observed across all water-content levels, with the
top-ranked poses placing the chelator’s aspartate moieties oriented in the same direction as
in the crystal structure. This can be explained by the presence of three basic residues (K514,
R511, and K610), which cause the surface of this PSMA region to be positively charged
and enable the formation of hydrogen bonds with the DOTA chelator via its aspartate
moieties.
Across all redocking solutions of PSMA-1007, the correct binding pose, with the FNA
moiety engaging the ABS, was observed only once at level 3. The other poses show
the FNA moiety adopting various orientations outside the binding funnel. The spacious
entrance, offering numerous alternative poses of PSMA-1007, may explain why the correct
positioning was generated so rarely.
Overall, the docking strategy using varying levels of hydration in the binding site of PSMA
allowed the identification of at least one top-ranked structure that closely resemble the
co-crystallized ligand pose. In particular, the positioning of the naphthyl linker group
of both PSMA ligands was strongly influenced by the hydration levels. For PSMA-617,
the vector and naphthyl group were both accurately positioned at the higher levels 2, 3,
and 4, with the highest predicted affinity observed at level 4. For PSMA-1007, close
alignment of the vector, naphthyl group, and chelator region with the reference structure
was achieved exclusively at level 3. Notably, even though the difference in docking
scores is minimal (0.4 kcal/mol), level 3 only has the second-highest predicted affinity,
after level 1. Moreover, since the linker of clinically relevant PSMA ligands varies, and
not all include a naphthyl group, the hydration level could affect each ligand differently.
Thus, selecting a promising pose for subsequent MD simulations will require critical
reassessment of the models when applying this docking strategy to the PSMA ligands
discussed in the following section.

5.2.3. Pose Generation of Clinically Relevant PSMA Ligands

Following the successful redocking of PSMA-617 and PSMA-1007, we applied the same
docking strategy to a selection of clinically relevant PSMA ligands with unknown exper-
imental structures: PSMA-GCK01, DCFPyL, PSMA-11, PSMA-I&T, PSMA-I&S and
rhPSMA-7. We also included PSMA-BB, a ligand with low inhibitory activity against
PSMA (IC50=108 nM), for comparison. Their chemical structures are shown in Fig. 5.5.
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The ligands were docked in triplicates to both PSMA structures—co-crystallized with
PSMA-617 (PDB: 8BOW) or PSMA-1007 (PDB: 5O5T)—at hydration levels 0–4 using
the docking software ADFR.

The Re-scoring Strategy. During the redocking of PSMA-617 and PSMA-1007, the
majority of top-ranked ligand poses positioned the binding motif correctly—resembling
the crystal structure pose—within the catalytic chamber (Fig. 5.4). However, when docking

Figure 5.5.: Chemical structures of modeled PSMA ligands. The two-dimensional chemical
structures of each modeled PSMA ligand are illustrated. The Glu-ureido based vectors, Glu-urea-
Lys (KuE) or Glu-urea-Glu (EuE), are framed by a dashed line. The Ga-binding chelators are
highlighted in pink (DOTA), blue (HBED-CC) and red (DOTAGA). The Tc-labeled chelator, MAS3,
and the F-labeled prosthetic group, FNA, are marked in green and yellow, respectively.
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the other PSMA ligands, a correctly positioned vector was not consistently represented
among the highest-scoring poses.
Therefore, the top-10 docking solutions from each run of the triplicate docking approach
were subjected to a re-scoring procedure to determine the overall highest-ranked poses in
which the Glu-ureido-based motif was correctly positioned within the catalytic chamber.
To identify the desired binding pose, we defined seven distances between selected atoms of
the binding motif and key binding-site residues of PSMA (Fig. 5.1B). During re-scoring,
only poses with distances below a predefined cutoff were considered for re-ranking based
on their docking scores.

The Docking Results. An overview of the top-ranked docking solutions after rescor-
ing is shown in Fig. 5.6, with the corresponding docking poses displayed in Figs. 5.7–5.8
and A38–A43. The affinities for each PSMA ligand docked against both PSMA struc-
tures (PDB: 8BOW and 5O5T) at different hydration levels (L0–L4) are represented
as a color map, including the redocking solutions from Section 5.2.2 for comparison.
White tiles indicate conditions for which no pose within the top-10 solutions correctly
positioned the binding motif in the catalytic chamber of PSMA. Comparing the results
between both PSMA structures showed that the ligands docked against the PSMA structure
co-crystallized with PSMA-617 tend to obtain slightly higher affinities compared to the
structure that was co-crystallized with PSMA-1007 (Fig. 5.6).
The loop rearrangement that forms the ABS in PSMA (PDB: 5O5T) presents a dual effect:
it may enhance affinity for specific aromatic moieties engaging this subsite, yet it also
displaces Phe546, potentially reducing the hydrophobicity of the binding funnel entrance
(Fig. 5.3). This observation may explain why larger ligands with aromatic moieties distant
from the binding motif—such as PSMA-11, PSMA-I&T, PSMA-I&S, and rhPSMA-7—
exhibit slightly improved docking performance in the PSMA structure lacking the ABS
(PDB: 8BOW). In contrast, the smallest ligand, DCFPyL, which does not interact with the
entrance region, demonstrates comparable performance in both structures.
The docking scores further indicate no discernible pattern between binding site hydration
and ligand affinity; variations in water content—whether lower or higher—do not correlate
with improved or reduced affinities.
With values ranging from �14.1 to �21.2 kcal/mol (for 8BOW), the highest affinities
across all hydration levels were observed for the redocked ligands, PSMA-617 and
PSMA-1007, PSMA-BB, PSMA-GCK01 and DCFPyL. Given that DCFPyL is the smallest
ligand and the other ligands share a naphthyl-containing linker structure analogous to the
co-crystallized ligands in the receptor, suggests that these ’favorable ligands’ were able to
effectively utilized the pre-formed binding pockets. Despite its structural differences from
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Figure 5.6.: Top-ranked docking scores of PSMA ligands. A selection of PSMA ligands (Fig. 5.5)
were docked to the PSMA crystal structure, co-crystallized with PSMA-617 (PDB: 8BOW) and
PSMA-1007 (PDB: 5O5T), using ADFR. The top-ranked docking scores after re-scoring are shown
for each PSMA ligand and hydration level (L0–L4) as a color map. The results of the redocking
(redock) of the co-crystallized ligands are shown for comparison. White fills indicate that no
docking pose was found after re-scoring.

the ’favorable ligands’, the minimalistic linker design of PSMA-11—composed of a single
6-aminohexanoic acid spacer, connecting the HBED-CC chelator to the Glu-urea-Lys
motif—may explain the moderate affinities (from �13.9 to �7.3 kcal/mol for 8BOW).
The ligands PSMA-I&T, PSMA-I&S, and rhPSMA-7 yielded the poorest docking scores
ranging from �7.6 to +1.8 kcal/mol (for 8BOW). For some hydration levels, not even
a single docking pose in the top-10 solutions correctly positioned the Glu-ureido-based
moiety within the catalytic chamber. These ’larger ligands’ feature considerably longer
and more complex linkers compared to the co-crystallized inhibitors. The expanded con-
formational search space, resulting from the greater degree of freedom in rotatable bonds,
combined with an increased susceptibility to steric clashes, likely challenges the docking
algorithm’s ability to identify favorable binding poses. Optimal accommodation of these
ligands may also require conformational rearrangements of the protein, which cannot be
modeled in rigid-receptor docking.
In the following, we further discuss the conformational aspects of the docking results,
focusing on the ligands interactions with distinct subsites, as part of the process to select
the most promising ligand poses for subsequent MD simulations.
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5.2.4. Evaluation of Ligand Poses for Subsequent MD

Simulations

The selection of a docking pose as starting structure for MD simulations is a critical step.
Starting structures that are already near the global free energy minimum enhance complex
stability throughout the simulation, thereby facilitating accurate analysis of protein–ligand
interactions. Moreover, standard MD simulations often struggle to overcome high energy
barriers associated with larger conformational changes that may be required to refine
unfavorable poses.
In order to find a favorable starting structure, we first performed docking at various
hydration levels in the PSMA binding site to enhance the chances of producing the
optimal ligand pose, while re-scoring of all docking poses ensured that only those with
the vector correctly positioned within the catalytic chamber remained. The final selection
process is now primarily guided by the docking score, prioritizing ligand poses with the
highest predicted binding affinity, while also incorporating a rational assessment of ligand
conformations.
A general observation of the docking poses reveal that the radiolabel—with the exception
of the smallest ligand, DCFPyL—is consistently positioned at the entrance of the binding
funnel (Fig. 5.7 & 5.8, Fig. A38–A43). This observation aligns with expectations, as the
linkers were intentionally designed to be sufficiently long, while the binding funnel is too
narrow to accommodate especially the larger chelators.
Having already confirmed through re-scoring that the catalytic chamber is occupied by the
ligands binding motif, we will focus on two accessory pockets that are regularly targeted by
PSMA ligands. Specifically, the S1 lipophilic region, which can for example be occupied
by a naphthyl linker group, and the ABS, which can be engaged by the FNA moiety of
PSMA-1007 (Fig. 5.4).

The S1 lipophilic pocket. Ligands sharing a linker structure similar to PSMA-617
and PSMA-1007, including the accessory naphthyl group adjacent to the binding motif,
are expected to interact with the S1 lipophilic pocket.
As a representative example, Fig. 5.7 illustrates the docking results of PSMA-GCK01 at
the PSMA binding site (PDB: 8BOW) across hydration levels 0–4. The highest predicted
affinity of �16.1 kcal/mol was obtained at level 0. However, consistent with the redocking
results in Section 5.2.2 and the docking poses of PSMA-BB (Fig. A39), positioning of the
naphthyl group within the S1 lipophilic pocket occurs with increasing hydration levels.
Among these poses, the level 2 structure exhibited the highest affinity (�15.3 kcal/mol)
and was thus selected (labeled with a ’B’), alongside the top-ranked level 0 pose (labeled
with an ’A’), as a starting structure for subsequent MD simulations.
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Figure 5.7.: Docking solutions of PSMA-GCK01. The ligand PSMA-GCK01 was docked into
the binding site of the PSMA crystal structure (PDB: 8BOW) using ADFR. Re-scored top-ranked
docking solutions are shown for each binding site hydration level ranging from 0–4. The docking
scores are provided below the docking poses for each level. For reference, the co-crystallized ligand
structure of PSMA-617 is displayed on the left including labeled binding subsites (Fig. 5.4). Poses
selected for subsequent MD simulations are marked in green by (A) the best affinity and (B) a
favorable conformation of the naphthyl group. The arrow indicates the naphthyl group occupying
the S1 lipophilic pocket.

As the smallest ligand, comprising only a hydrophobic FNA moiety linked directly to the a
Glu-urea-Lys binding motif, DCFPyL has the potential to interact with the S1 lipophilic
pocket. However, none of the docking poses, positioned the FNA moiety at this subsite
(Fig. A40). Instead, DCFPyL predominantly adopts an extended conformation within the
binding funnel.
An additional S1 hydrophobic accessory pocket was identified through X-ray crystallogra-
phy of PSMA in complex with the inhibitor DCIPzL (PDB: 3D7H)[185]. This ’R-patch
pocket’ is located within the S1 arginine patch, framed by residues Arg463, Arg536,
Arg534, and Asp465, and accommodates the iodobenzene moiety of DCIPzL. Given the
structural similarity between DCIBzL and DCFPyL, we hypothesize that DCFPyL may
also engage this pocket via its FNA moiety.
However, DCFPyL docking yielded only extended conformations, with no poses occu-
pying the R-patch pocket. This observation may be explained by structural alignment
of the PSMA–DCIPzL crystal structure (PDB: 3D7H) with the docking receptors (PDB:
8BOW, 5O5T) via their Ca atoms (Fig. A44). The 3D7H structure exhibits high sim-
ilarity to 8BOW (RMSD: 0.178 Å) and 5O5T (RMSD: 0.16 Å). The R-patch pocket is
inaccessible to DCFPyL during docking because it is closed in the receptors used. A minor
conformational shift of the Arg463 side chain appears sufficient to open the pocket and
accommodate an aromatic moiety.

The Arene-Binding Site. PSMA-BB not only shares the naphthyl linker group with
PSMA-1007 but also the FNA moiety, suggesting that it should occupy the ABS. However,
none of the docking poses in Fig. A39 reflect this expected behavior. The challenge of
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docking the FNA moiety within the ABS was previously observed during the redocking of
PSMA-1007 (Fig. 5.4). This difficulty may arise from the spacious entrance of the binding
site, which allows multiple ligand orientations. Another possible explanation lies in the
structural differences between the linkers of PSMA-1007 and PSMA-BB, particularly in
the region surrounding the piperidine moiety. These differences may prevent PSMA-BB
from adopting the optimal conformation required for the FNA moiety to effectively engage
the ABS.
The ligands PSMA-11, PSMA-I&T, PSMA-I&S, and rhPSMA-7 lack functional groups—
such as the naphthyl linker moiety—near the binding motif capable of engaging S1-site
proximal accessory pockets. Instead, they feature aromatic groups designed to interact
with the remote ABS.
For PSMA-11, its lipophilic HBED-CC chelator is proposed to engage this pocket via
its phenol rings[198,336]. However, the docking results of PSMA-11 exclusively showed
extended poses, with the chelator oriented away from the binding entrance. Notably, no
poses positioned the HBED-CC moiety within the ABS (Fig. A41).
We assume that the HBED-CC chelator, including its propionic acid moiety attached to
the outer phenol ring, requires more space than the pocket defined by the co-crystallized
PSMA-1007 structure offers (Fig. A45). The FNA moiety of PSMA-1007 is flanked by
Arg511 and Trp541 on opposite sides, while the fluoric site is constrained by a b -sheet
structure comprising residues 536–538 and 461–463. Accommodation of larger groups,
such as a HBED-CC chelator, would thus necessitate backbone adaptations of the receptor.
PSMA-I&T and PSMA-I&S both feature a long D-amino acid-substituted peptidyl spacer
linking the vector to a DOTAGA and MAS3 chelator, respectively. These aromatic residues
were introduced distal to the binding motif to enhance interaction with the ABS[337]. The
docking algorithm generally struggled to generate poses of PSMA-I&T with the vector
positioned within the catalytic chamber (Fig. A42), likely due to its bulky structure—
comprising a long spacer, two aromatic residues, and a large DOTAGA chelator. The
limited number of poses obtained after re-scoring further reduced the possibility to position
any aromatic residue of the ligands at the ABS.
In contrast, re-scoring yielded several poses for PSMA-I&S, including one in which the
D-Tyr residue extends into the ABS. The docking results for PSMA-I&S are presented
exemplarily in Fig. 5.8. The level 0 pose, featuring this promising conformation, was
selected for further analysis via MD simulations as run B, alongside the level 1 pose
(run A), which exhibited the highest docking affinity.
For rhPSMA-7, the silicon–fluoride–acceptor (SiFA) moiety was intended to engage the
ABS[338]. While the docking engine generated some poses with the ligands vector within
the catalytic chamber, the SiFA did not occupy the ABS (Fig. A43).
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Figure 5.8.: Docking solutions of PSMA-I&S. The ligand PSMA-I&S was docked into the
binding site of two different PSMA crystal structures (PDB: 8BOW (top row), 5O5T (bottom row))
using ADFR. Re-scored top-ranked docking solutions are shown for each binding site hydration
level ranging from 0–4. The docking scores are provided below the docking poses for each level.
For reference, the co-crystallized ligand structures of PSMA-617 and PSMA-1007 are displayed on
the left including labeled binding subsites (Fig. 5.4). Poses selected for subsequent MD simulations
are marked in green by (A) the best affinity and (B) a favorable conformation. The arrow indicates
the tyrosine residue at the arene-binding site.

We assume that larger aromatic residues in the ligands—such as the HBED-CC chelator in
PSMA-11, the iodine-substituted D-Tyr in PSMA-I&T, the naphthyl group in PSMA-I&S,
or the SiFA moiety with its voluminous dimethylsilyl fluoride group—may induce steric
clashes when positioned within the confined ABS (Fig. A45). Combined with the spacious
entrance of the binding funnel and the high rotational freedom of these bulky ligands, this
likely explains the rare occurrence of poses where the aromatic moieties occupy the ABS.
By docking PSMA with clinically relevant ligands at different hydration levels in the
binding site, we identified at least one pose for each ligand that met the criteria for a
correctly positioned binding motif. The smaller, ’favorable’ ligands, which share key
features with the co-crystallized ligands in the PSMA structures we used for docking,
showed particularly strong affinities. In contrast, re-scoring revealed that larger ligands
produced fewer poses that meet the criteria and generally exhibit lower affinities. This
suggests that the binding site of the PSMA crystal structures may be too narrow or not
well-adapted to accommodate them. In the following section, we address the limitations of
rigid receptor docking by employing MD simulations to study protein–ligand interactions
dynamically, providing insights into complex stability and affinity.
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5.2.5. Dynamic Investigation of PSMA–Ligand Interactions

To assess the previously generated PSMA–ligand complexes and investigate their molecular
interactions, MD simulations were employed. These simulations enable the evaluation
of ligand dynamics within the binding site, thereby providing critical insights into the
stability and affinity of the complexes. MD simulations of PSMA in complex with
radiopharmaceuticals present some unique challenges. Since the PSMA ligands bind
to the active site, the binuclear Zn2+ center must be modeled accurately. This involves
parameterization of the two Zn ions, each coordinated by a histidine (His553 or His377), an
aspartate (Asp453) or glutamate (Glu425), along with two bridging ligands—an aspartate
(Asp387) and a water molecule. Similarly, ligands containing chelators such as MAS3,
DOTA, DOTAGA, and HBED-CC also required parameterization. For the metal sites in
the ligands, we employed a bonded model approach, whereas a hybrid model was used
for the Zn2+ active site in PSMA. In the hybrid approach, interactions with coordinating
residues were treated as bonded, while interactions with the water molecule were described
as nonbonded (Fig. 5.2).

5.2.5.1. Evaluation of PSMA–Ligand Interactions

The co-crystallized structures of PSMA-617 (PDB: 8BOW) and PSMA-1007 (PDB: 5O5T),
as well as the most favorable ligand docking poses from the previous section were submitted
to 100 ns MD simulations (Table 5.1). The protonation states assigned to the ligand
structures prior to simulation are shown in Fig. 5.5.
To characterize PSMA–ligand interactions, we first identified residues located within 3.5 Å
of the ligand for at least 80 % of the simulation time. The residues collected across all MD
simulations were defined as the PSMA binding site. Further analysis of these binding-site
residues and their interaction with the ligand included per-residue decomposition of DGbind

using the MM/PBSA method, hydrogen bonding, and distance measurements. The results
for each PSMA–ligand complex are shown in Fig. 5.9.
The per-residue DGbind decomposition reveals that residue with basic side chains contribute
most favorably to binding affinity, whereas acidic residues are most unfavorable, with
values ranging from �100 to +100 kcal/mol, as shown in Fig. A52. This observation
aligns with expectations, as all ligands carry a net negative charge (Table 5.1), making
electrostatic interactions with positively charged PSMA residues energetically favorable.
Charged residues are mainly located in the catalytic chamber and at the outer entrance
of the binding funnel, with acidic residues in the majority. The S1 lipophilic pocket, the
hollow cavity and the inner entrance, in contrast, mostly contain polar and non-polar
residues, which contribute little to the binding energy and rarely form direct hydrogen
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Table 5.1.: Summary of PSMA–ligand MD simulations: Starting conditions and results of
binding free energy calculations.. For each MD simulation, the following details are provided:
ligand name, bound metal, PDB ID of the PSMA crystal structure, selected starting pose (co-
crystallized or docked at varying hydration levels), total ligand charge, and the binding free energy
(DGbind), including standard deviations, of the PSMA–ligand complex. MD runs of the same ligand
started from docking poses with (A) the best affinity and (B) a favorable ligand conformation. The
asterisk (*) denotes the modified co-crystallized PSMA-617 structure with the non-labeled (nl)
chelator replaced by Ga(III) DOTA. The final column references the figure displaying the MD
simulation results.

ligand PSMA ligand ligand DGbind
run name metal (PDB) pose charge (kcal/mol) Fig.

nl PSMA-617 none 8BOW crystal �4 �101.7 ± 4.6 A46
PSMA-617 Ga 8BOW crystal* �3 �103.8 ± 3.5 A46
PSMA-1007 5O5T crystal �5 �94.6 ± 4.4 A47
PSMA-BB 8BOW level 2 �5 �107.1 ± 2.4 A48

A PSMA-GCK01 Tc 8BOW level 0 �3 �115.1 ± 2.6 5.10
B PSMA-GCK01 Tc 8BOW level 2 �3 �100.7 ± 2.4 5.10

DCFPyL 8BOW level 3 �3 �66.7 ± 0.6 A49
PSMA-11 Ga 8BOW level 3 �5 �89.0 ± 0.9 A50
PSMA-I&T Ga 8BOW level 4 �5 �118.3 ± 5.4 A51

A PSMA-I&S Tc 8BOW level 1 �4 �119.0 ± 4.1 5.11
B PSMA-I&S Tc 5O5T level 0 �4 �111.7 ± 4.6 5.11

rhPSMA-7 Ga 8BOW level 2 �6 �145.3 ± 2.6 5.12

bonds with the ligand.
Across all PSMA–ligand complexes, residues within the vector region maintain a low
average minimum distance (< 4 Å) to the ligand, reflecting stable binding of the ligand’s
binding motif. This observation is further supported by the robust interactions these
residues establish with the ligand. With the exception of the Zn-binding residues Glu424,
Glu425, and Asp453, as well as the Arginine patch-stabilizing Glu457, the residues in this
region almost entirely contribute favorably to the DGbind. Most ligands consistently form
hydrogen bonds with residues in the S10 glutamate pocket (Arg210, Asn257, Lys699, and
Tyr700), the active site (Gly518 and Tyr552), and the S1 subsite (Arg534 and Arg536).
Specifically, the vectors’ Glu residue interacts with Asn257 and Lys699 through its side
chain, and with Arg210 and Tyr700 via its terminal carboxy group. The urea moiety adopts
a trans,trans conformation, here referred to as the conserved urea conformation due to
its recurrence in crystal structures of PSMA with Glu-ureido-based ligands[185,186,189,335].
This urea conformation is stabilized by hydrogen bonding through its carbonyl oxygen
with Tyr552 on one side, while its two nitrogen (NH) atoms form hydrogen bonds with the
amide carbonyl of Gly518 on the other side. The terminal carboxy group of the vectors’
Lys residue is stabilized at the S1 subsite by the residues Arg534, Arg536 and Asn519.
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Figure 5.9.: Interaction analysis of PSMA–ligand MD simulations. We performed 100 ns MD
simulations of PSMA in complex with several ligands: the co-crystallized structures of PSMA-617
(non-labeled (nl) and Ga-labeled) and PSMA-1007 (PDB: 5O5T), the docking-derived starting
poses of PSMA-BB, DCFPyL, PSMA-GCK01, PSMA-11, PSMA-I&T, PSMA-I&S and rhPSMA-7.
MD runs of the same ligand started from docking poses with (A) the best affinity and (B) a favorable
ligand conformation. Binding-site residues were defined as those within 3.5 Å of the PSMA ligands
for at least 80 % of the simulation time. These residues were categorized based on their location
within the binding site: the S10 glutamate pocket (S10), the active site including residues interacting
with the urea moiety (ACTIVE), the S1 subsite including the arginine patch (S1), the S1 subsite
including arginine patch (S1), the S1 accessory lipophilic region (LIPO), the hollow cavity between
S10 and LIPO (CAV), the arene-binding site (ABS), and the inner (IN) and outer (OUT) area
of the binding funnel entrance. Amino acid side chains are color-coded by property: non-polar
(yellow), polar (green), basic (blue), and acidic (red). Aromatic residues are highlighted with a
purple dot. For each PSMA–ligand complex, the per-residue decomposition of DGbind (kcal/mol)
was computed and is shown for the binding-site residues in the top color map. The central plot
displays the percentage of simulation time during which at least one hydrogen bond (h-bond) was
formed between each binding site residue and PSMA ligand. In the bottom color map the minimum
distance (Å) between PSMA ligands and binding-site residues is represented as an average over the
entire MD trajectory.
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While Arg534 and Arg536 are more persistently involved in interactions with the ligands,
the third member of the arginine patch, Arg463, and the adjacent Asn519 participate less
frequently in hydrogen bonding. Beyond acidic residues, the most consistent and favorable
contribution to DGbind across MD simulations arises from the polar aromatic residues
Tyr700 and Tyr552.

5.2.5.2. Conformational Analysis of the Binding Mode

Structural analysis of the MD trajectories involved RMSD-based clustering of the ligand
to identify its predominant pose, as well as calculation of the root mean square fluctuation
(RMSF) to assess its flexibility within the PSMA binding site.

The Catalytic Chamber. Simulations of the co-crystallized ligands PSMA-617
(Fig. A46) and PSMA-1007 (Fig. A47) demonstrate that the binding motif retains the
crystal structure conformation with minimal flexibility (< 1.5 Å). This conformational sta-
bility was also observed in simulations of other PSMA ligands, including PSMA-GCK01
(Fig. 5.10), DCFPyL (Fig. A49), and PSMA-BB (Fig. A48). Even when the vector was
initially suboptimally positioned within the binding site—such as with a twisted urea
moiety or a misoriented carboxy group—the simulations typically corrected the vector
conformation to resemble that of the co-crystallized ligands. This behavior was observed,
for example, in the simulations of PSMA-I&S (Fig. 5.11, runs A and B) and rhPSMA-7
(Fig. 5.12). In some cases, such as the PSMA-11 (Fig. A50) and PSMA-I&T (Fig. A51)
simulations, the vector adopted and maintained a conformation distinct from the co-
crystallized reference structures, resulting in reduced hydrogen bonding with binding-site
residues of the catalytic chamber. Gly518 usually stabilizes the urea moiety in its con-
served trans,trans conformation through hydrogen bonds between its backbone carbonyl
and both nitrogen (NH) atoms. However, this interaction is disrupted by PSMA-11 and
PSMA-I&T due to the altered trans,cis conformation of the urea moiety. The resulting
reduction in hydrogen bonding with Gly518 further leads to less favorable or even DGbind

contributions. This conformational variation in the urea moiety, especially the opposite
orientation of the carbonyl group, may explain the distinct behavior of PSMA-11, where
the ligand, including its vector, shifts toward the binding site entrance, thereby increasing
its separation from residues of the catalytic chamber.
A notable observation is that PSMA-1007 is the only ligand that does not establish hy-
drogen bonds with Tyr700, which may be associated with a less favorable binding free
energy (DGbind) contribution from this residue compared to the other co-crystallized ligand
PSMA-617. This absence of hydrogen bonding is linked to a displacement of Tyr700 away
from the ligand’s binding motif.
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This shift can be explained by the rigid, linear conformation of the aromatic linker in
PSMA-1007, where the benzene ring and adjacent amide bonds are oriented parallel to
the Tyr700 side chain, thereby generating a hydrophobic environment. Consequently, this
rearrangement disrupts the hydrogen bond between the benzoyl-adjacent carbonyl and
Asn698—a bond that remains stable in simulations of the non-labeled PSMA-617.
Such a distinct conformational change from the protein crystal structure—even involving
backbone movement—might suggest instability of the protein–ligand complex. Never-
theless, PSMA-1007 remains stably bound within the binding site, exhibiting minimal
flexibility across the entire ligand structure.

The S1 Accessory Lipophilic Pocket. The structural analysis of PSMA-GCK01 and
its interactions with binding-site residues starting from two different docking poses—the
top-ranked hydration level 0 (run A) and the level 2 pose with the correctly positioned
naphthyl group (run B)—are illustrated in Fig. 5.10. The predominant pose of run A
exhibits minimal deviation from the starting pose, with its stability confirmed by its per-
sistence for 99 % of the simulation and the low RMSF observed across the entire ligand.
In contrast, the ligand structure in run B demonstrates reduced stability, characterized by
high flexibility concentrated in the chelator, while the vector and linker remain more rigid.
Notably, the naphthyl group in run A shifts slightly toward the S1 lipophilic pocket but
never fully occupies it. However, when the naphthyl linker group is initially positioned
within this pocket, it maintains a stable conformation. This behavior was also observed in
simulations of the co-crystallized ligands PSMA-617 and PSMA-1007. The simulation of
PSMA-BB, however, reveals that a starting pose with a naphthyl linker group only partially
accommodated by the S1 lipophilic pocket can be unstable, resulting in the naphthyl group
vacating this subsite (Fig. A48).
The per-residue decomposition of DGbind, visualized by color mapping onto binding-site
residues depicted as sticks, highlights key residues involved in ligand interaction. This
representation underscores the dominant contribution of positively charged residues—
particularly those interacting with the vector (Arg210, Lys699, Arg534, and Arg536)—
to the overall binding affinity. The slight tilt observed in the predominant pose of
PSMA-GCK01 in run B may be encouraged by Arg463, which forms persistent hydrogen
bonds with the carbonyl group in the linker. The chelator in run A exhibits a considerably
more stable position, interacting strongly with the residues Lys514 and Lys610 at the
binding funnel entrance via hydrogen bonding.

The Arginine-Patch Pocket. MD simulations of an extended DCFPyL starting
pose (Fig. A49) resulted in minimal conformational change, preventing the ligand from
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Figure 5.10.: Flexibility and interaction pattern of PSMA-GCK01. The top-ranked docking
structure of PSMA-GCK01 from hydration level 2 (A) and the alternative pose from level 2
(B), with the naphthyl group binding to the S1 lipophilic pocket (arrow), were used as starting
structures for 100 ns MD simulations in complex with PSMA (PDB: 8BOW). The predominant
ligand conformations of the trajectories starting with the level 0 (99 %) or level 2 (45 % sampled)
pose were identified through RMSD-based clustering. Ligand flexibility, as assessed by RMSF, is
represented by a color shift ranging from rigid (green) to flexible (pink). The per-residue DGbind
decomposition is displayed for the PSMA binding-site residues defined by their presence of at least
80 % within 3.5 Å of all modeled PSMA ligands.

effectively engaging the R-patch pocket, as found for DCIPBzL (Fig. A44). We assume
that DCFPyL is trapped in a local minimum, preventing the structural change required for
binding the R-patch pocket. The Lys side chain of the vector would need to bend to allow
the FNA moiety to engage this subsite. The energy barrier for a conformational change
within the protein, however, is expected to be moderate, as it involves only a minor 2 Å
shift of the Arg463 side chain without backbone movement. Moreover, while the other
residues of the arginine patch (Arg534 and Arg536) consistently form hydrogen bonds
with the carboxy group of the Lys vector residue, Arg463 exhibits notable adaptability,
engaging different ligand regions across the PSMA–ligand MD simulations. Frequent
hydrogen bonding (occupancy > 50 %) was observed for the Ga-labeled DOTA chelator
in PSMA-617, as well as for the outer amide carbonyl of the suberic acid spacer (run A)
and the carboxy group of the Lys spacer (run B) in PSMA-I&S simulations. Permanent
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hydrogen bonds were also detected for the amide carbonyl adjacent to the cyclohexane
linker moiety of PSMA-GCK01 (run B) and, analogous to PSMA-I&S (run B), the carboxy
group of the Lys spacer in PSMA-I&T (Fig. 5.9).

The Arene-Binding Site. We performed MD simulations of PSMA-I&S in complex
with PSMA starting from two different docking poses, the top-ranked hydration level 1
(run A) and the level 0 pose (run B) with the D-Tyr residue projecting into the ABS
(Fig. 5.11). The RMSF analysis reveals pronounced flexibility throughout the linker,
suggesting conformational instability of the ligand. This instability likely explains its
inability to sustain stable interactions with the ABS. In run A, the ligand never engages
with the ABS at all. This lack of interaction with the ABS is consistent across MD

Figure 5.11.: Flexibility and interaction pattern of PSMA-I&S. The top-ranked docking pose of
PSMA-I&S in complex with PSMA from hydration level 1 (A; PDB: 8BOW) and the alternative
pose from level 0 (B; PDB: 5O5T), with its D-Tyr residue at the arene-binding site (arrow), were
used as starting structures for 100 ns MD simulations. The predominant ligand conformation (18 %
of the simulation) was identified through RMSD-based clustering. Ligand flexibility, as assessed by
RMSF, is represented by a color shift ranging from rigid (green) to flexible (pink). The per-residue
DGbind decomposition is displayed for the PSMA binding-site residues defined by their presence of
at least 80 % within 3.5 Å of all modeled PSMA ligands.
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simulations of PSMA-11, PSMA-I&T, and rhPSMA-7—ligands designed to engage this
pocket through their aromatic linker or chelator moieties[336–338]—as well as PSMA-BB,
which is assumed to interact via its FNA group. However, since they were simulated
with the PSMA crystal structure lacking the ABS (PDB: 8BOW), occupying it would
require a loop rearrangement, possibly associated with a high energy barrier. In contrast,
the co-crystallized ligand PSMA-1007 (PDB: 5O5T) binds the ABS with high stability
throughout the simulation. Only the linker glutamate moieties exhibit moderate flexibility,
which is in agreement with X-ray crystallographic results, where the second glutamate
residue from the FNA moiety remain unresolved[189].
PSMA-BB was included in our set of modeled PSMA ligands due to its known poor
affinity for PSMA (IC50=108 nM). It shares many structural features with PSMA-1007
(IC50=6.7 nM[208]), including the Glu-urea-Lys vector, the napthyl group and Glu residues
within the linker, and the FNA moiety. Surprisingly, the determined DGbind for PSMA-BB
(�107.1 kcal/mol) is more favorable than that of the PSMA-1007 (�94.6 kcal/mol), despite
the latters engagement with the defined ABS. Breakdown of the DGbind into its individual
energetic contributions reveals that the more favorable binding affinity of PSMA-BB is
driven solely by electrostatic interactions. The most pronounced differences between
PSMA-1007 and PSMA-BB are localized in the outer region of the binding site entrance.
Here, PSMA-BB exhibits highly favorable interactions with Lys610, whereas PSMA-1007
engages in a strongly unfavorable interaction with Glu542.

The Entrance of the Binding Funnel. The simulation of PSMA in complex with
rhPSMA-7 yields the most favorable total binding free energy (�145.3 kcal/mol) of all
modeled ligands (Table 5.1). Conformational analysis demonstrates that the entire ligand
adopts a highly stable pose (RMSF < 2 Å) throughout the simulation, with the predominant
pose sampled 97 % of the simulation (Fig. 5.12).
MD simulations did not enable the SiFA moiety to occupy the ABS. However, instead

it adopts a stable binding position within the inner entrance area. Here, Val208 and
Ala701 create a hydrophobic environment around the tert-butyl groups, while Asn698
simultaneously interacts with both the fluorine atom and the carbonyl groups of the succinic
acid spacer, upon which the SiFA moiety is staggered. The linker carboxy groups facilitate
additional hydrogen bonding, further stabilizing the ligand, while the free carboxy group of
the DOTAGA chelator forms extensive hydrogen bonds with Arg181. Notably, rhPSMA-7
carries the highest negative net charge (�6) among all ligands, which likely contributes
considerably to the electrostatic interaction energy.
With the exception of DCFPyL, all modeled ligands had their chelator or prosthetic group
positioned at the entrance of the binding funnel, exhibiting variable flexibility during MD
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Figure 5.12.: Flexibility and interaction pattern of rhPSMA-7. The top-ranked docking pose of
rhPSMA-7 from hydration level 2 served as starting structure for a 100 ns MD simulation in complex
with PSMA (PDB: 8BOW). The predominant ligand conformation (97 % of the simulation) was
identified through RMSD-based clustering. Ligand flexibility, as assessed by RMSF, is represented
by a color shift ranging from rigid (green) to flexible (pink). The per-residue DGbind decomposition
is displayed for the PSMA binding-site residues defined by their presence of at least 80 % within
3.5 Å of all modeled PSMA ligands.

simulations. For example, the MD simulation of the co-crystallized PSMA-617 structure
(PDB: 8BOW) reveals exceptionally high flexibility in the non-labeled DOTA chelator
located at the binding funnel entrance, while the rest of the ligand within the binding site
retains its starting conformation with high stability. This behavior correlates with the X-ray
crystallographic data, in which the chelator is mainly unresolved[335].
The MD simulation of the Ga-labeled PSMA-617 reveals reduced flexibility in the chelator
compared to its non-labeled analog. In the predominant pose (54 % sampled), the chelator
folds into the internal binding funnel, enabling an interaction with Arg463 through its sole
free carboxy group, which is not involved in Ga metal coordination. Since no experimental
structure of a metal-labeled PSMA-617 is available, this behavior cannot be verified.
However, a comparison of the total DGbind values for the non-labeled (�101.7 kcal/mol)
and Ga-labeled (�103.8 kcal/mol) PSMA-617 reveals only a minor difference, suggesting
limited impact from metal labeling.
While certain ligands, such as PSMA-1007, PSMA-GCK01 (run A), PSMA-I&S (run B),
and rhPSMA-7, exhibit greater rigidity in their radiolabel, others, including non-labeled
PSMA-617, PSMA-BB, PSMA-11, and PSMA-I&T, display increased flexibility. This
variability in flexibility correlates with their positioning: more flexible units tend to localize
at the outer entrance, in solvent-exposed regions, whereas rigid groups preferentially
interact with the inner entrance area and the ABS, where they are stabilized through
hydrophobic interactions or hydrogen bonding.
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The Hollow Cavity. A recurring pattern in linker conformation is observed for certain
larger ligands containing multiple spacer units. In simulations of PSMA-11, PSMA-I&S
(run A), and rhPSMA-7—each starting from random linker conformations—the linker
adopts a zig-zag-like conformation. Here, the vectors’ Lys or Glu side chain extends into
the hollow cavity, while the following spacer unit bends in the opposite direction, stacking
upon itself. This conformation is stabilized by hydrogen bonds involving the linkers amide
bonds at the bending sites.
For rhPSMA-7, the vectors’ Glu moiety projects the deepest into the cavity, allowing the
carboxy terminus of the Lys spacer to engage in hydrogen bonding with Arg210, Gln254,
and Tyr234. This interaction enhances the DGbind contributions of Gln254 and Tyr234
compared to the other ligands.
PSMA-I&T deviates from the pattern, as its vectors’ Lys sidechain does not extend into
the hollow cavity but instead projects upwards. Nevertheless, its linker retains high rigidity.
This stability may originate from the staggered linker formation, which effectively occu-
pies the hollow cavity—a feature similar to the observed pattern. In contrast, PSMA-I&S
(run B) does not adopt the observed linker conformation and fails to occupy the hollow
cavity, which might be associated with reduced stability, as reflected by increased RMSF
values.

To summarize, the MD simulations of PSMA–ligand complexes confirm that our dock-
ing procedure successfully generated stably bound ligand poses, with favorable binding
interactions predominantly mediated by the vector. The results also underscore the critical
importance of the starting structure. While the simulations effectively facilitated smaller
conformational adjustments, such as reorienting the vector to align with the crystal struc-
ture, they were unable to induce larger structural rearrangements of the ligand or protein.
This limitation is exemplified by DCFPyL, which failed to adopt a conformation capable
of binding the R-patch pocket at the S1 subsite of PSMA.
An interesting observation is the shared staggered linker conformation among larger PSMA
ligands, which effectively occupies the hollow cavity between the S10 glutamate pocket
and the S1 accessory lipophilic region.
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5.3. Discussion

In this work, we developed a computational workflow to elucidate the binding modes of a
set of clinically relevant PSMA-targeted radioligands. By investigating the relationships
between molecular PSMA–ligand interactions, inhibitory activity, and pharmacokinetic
properties, we aim to derive valuable insights for future CARD studies.
Our set of PSMA-targeted inhibitors included nine ligands, each exhibiting distinct in-
hibitory activity and clearance profiles. The computational workflow comprised the
following steps: (i) docking the ligands at various hydration levels within the PSMA
binding site; (ii) re-scoring the top-10 docking poses to ensure the vector was positioned
within the catalytic chamber; (iii) selecting a starting structure for MD simulations based
on binding affinity and a rational assessment of the ligand docking conformations; (iv)
parameterizing the metal centers in the PSMA protein structure (Zn2+ active site) and
the ligands chelators (Ga- or Tc-labeled); and (v) performing MD simulations of both
co-crystallized and selected ligand docking poses in complex with PSMA.

Pose Generation. Docking at varying hydration levels within the binding site com-
bined with the re-scoring procedure yielded at least one valid pose for each ligand with
the vector positioned within the catalytic chamber. Notably, higher hydration levels en-
abled the naphthyl linker group—present in PSMA-617, PSMA-1007, PSMA-BB, and
PSMA-GCK01—to adopt a conformation within the S1 accessory lipophilic region, mirror-
ing its placement in the crystal structure. However, no clear correlation emerged between
docking affinity and hydration levels, either generally or for specific ligands.
The docking solutions indicate that smaller ligands, or those sharing key structural features
with the co-crystallized ligands, exhibited particularly high affinities. In contrast, larger
ligands—specifically PSMA-I&T, PSMA-I&S, and rhPSMA-7—often failed to generate
valid poses and generally displayed lower affinities. We assume that the binding funnel of
the PSMA crystal structures used as docking receptors (PDB: 8BOW, 5O5T) is optimally
adapted to the co-crystallized ligands PSMA-617 and PSMA-1007, both of which feature
a similar naphthyl group-containing linker structure. Smaller or structurally analogous
ligands may benefit from these preformed adjustments, whereas larger ligands with com-
plex linker architectures might require additional or distinct conformational adaptations of
the receptor for optimal accommodation that cannot be accounted for using rigid receptor
docking.

Binding Mode Evaluation. To address the limitations encountered during docking,
we subjected promising docking poses to 100 ns MD simulations. These simulations aimed
to yield insights into protein–ligand stability and affinity, as assessed by RMSF and binding
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free energy (DGbind) calculations. The binding mode was further analyzed in detail for each
ligand and PSMA binding site residue by per-residue DGbind decomposition, hydrogen
bonding and minimum distance analyses.
Simulations of co-crystallized ligands demonstrated the validity of our derived force-field
parameters for both the ligands and the Zn2+ ions in the PSMA active site, which remained
stable throughout. The simulations preserved overall ligand conformations, with flexibility
confined to regions that were also unresolved in the experimental crystal structures. Overall,
the majority of the ligands demonstrated stable binding to PSMA. Analysis of ligand
interactions with individual binding-site residues indicates the importance of positively
charged PSMA residues for DGbind, as they contribute most favorably to electrostatic
interactions with the ligands, which are all negatively charged. We further found that the
vector served as the primary contributor to DGbind, characterized by the highest rigidity
and formation of the most consistent hydrogen bonds with catalytic chamber residues.
The critical role of the vector in stabilizing the PSMA–ligand complexes is demonstrated by
the simulation of PSMA-11. Here, an altered conformation of the urea moiety introduced
unfavorable interactions, especially with Gly518, likely leading to its detachment from the
active site and subsequent movement toward the binding funnel entrance.
However, in several cases where docked ligands exhibited vector conformations deviating
from the reference crystal structures, MD simulations successfully corrected them, for
example, by restoring the conserved trans,trans conformation of the urea moiety.
While such smaller conformational changes were readily achieved, MD simulations failed
to sample larger structural rearrangements in either the ligand or the protein. For example,
DCFPyL is likely to bind the S1 R-patch due to its similarities to DCIBzL[185]. However,
while docking could not generate such poses because this pocket is absent in both PSMA
crystal structures (PDB: 8BOW and 5O5T), MD simulations may have been too short to
capture the necessary structural adaptations.
Moreover, occupation of the ABS was proposed for several ligands, including PSMA-I&T
and PSMA-I&S through their aromatic linker groups, and PSMA-11 and rhPSMA-7 via
their HBED-CC chelator and SiFA moiety, respectively[336–338]. However, both docking
and MD simulations suggest that the architecture of these ligands may not be optimal
for binding this pocket. For instance, the PSMA-I&S structure, with its D-Tyr residue
initially projecting into the ABS, did not maintain this position during MD simulations.
Furthermore, it remains uncertain whether larger groups, like the HBED-CC chelator or
SiFA moiety, can effectively bind to the ABS, given the limited depth of the pocket due to
the b -sheet located at its rear.
The MD simulations revealed a shared staggered linker conformation among the ligands
PSMA-11, PSMA-I&T, PSMA-I&S, and rhPSMA-7. Although the long alkyl chains in
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the linker suggest intrinsic flexibility, they remain predominantly stable, while occupying
the hollow cavity between the S10 glutamate pocket and the S1 accessory lipophilic region.
X-ray crystallography data from Zhang et al. (2010)[186] have shown that the linker of
Glu-ureido-based antibody-recruiting molecules targeting prostate cancer engages this
cavity. The corresponding structures (e.g., PDB entries 2XEI, 2XEG, and 2XEF) indicate
that the linker pose is stabilized by interactions between its triazole ring and the Tyr700
side chain. In contrast, PSMA-11, PSMA-I&T, PSMA-I&S, and rhPSMA-7 feature fully
aliphatic linker structures in this region. We assume that their staggered conformation is
stabilized by two key factors: the lipophilic environment of the internal PSMA binding
funnel, abundant in non-polar residues, as well as intermolecular hydrogen bonds between
the linker amide groups at the bending sites and PSMA binding-site residues.

Workflow Improvements. To systematically evaluate the relationship between struc-
tural ligand properties and experimental affinity data, knowledge about the PSMA–ligand
interactions at the molecular level is required. The computational workflow developed
in this study offers a robust basis for analyzing such interactions. Nevertheless, further
refinements to the current approach could improve the efficiency and accuracy of the
modeling methods. For example, to prevent unfavorable vector interactions in PSMA–
ligand complexes, the docking protocol could incorporate constraints to maintain the
conserved trans,trans conformation of the urea moiety. An adapted re-scoring script could
further ensure the correct orientation of the urea moiety relative to critical residues such as
Gly518 and Tyr552. This combined approach would preserve a certain flexibility during
docking—compared to a fully rigid vector—while ensuring favorable interactions with the
urea moiety during MD simulations.
While using the PSMA structure co-crystallized with DCIBzL (PDB: 3D7H) as a receptor
may represent the most straightforward approach to generate DCFPyL poses that occupy
the R-patch pocket, flexible receptor docking offers an alternative by allowing flexibility
of selected binding-site residues. For instance, a shift in Arg463 could facilitate access
of the DCFPyL FNA group to the R-patch pocket. However, flexible receptor docking
typically restricts flexibility to a limited number of side chains and does not alter the protein
backbone[32,225,339,340]. Since rearrangement of the protein backbone may be necessary to
accommodate specific PSMA ligands, as demonstrated in the formation of the ABS[186],
ensemble docking provides an alternative approach. Here, MD simulations of the target
protein are usually performed to sample a range of binding site conformations. However,
ensemble docking success depends critically on selecting an appropriate ensemble of target
structures, as poor choices can compromise docking accuracy[341]. MD simulations offer
a powerful approach for sampling the dynamics of protein–ligand interactions, able to
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perform any structural change consistent with the underlying force field. However, in
the current conventional MD simulations structures sometimes got stuck in local minima,
limiting the exploration of potential binding modes within feasible simulation timescales.
Accelerated sampling methods, such as Hamiltonian replica exchange molecular dynamics
(HREMD), enhance the crossing of energy barriers, thereby enabling a more thorough
and efficient exploration of the conformational landscape[342]. This approach could be
applied to the PSMA–ligand complexes modeled in this study, particularly to address
challenges observed with ligands such as PSMA-I&S, which exhibited conformational
instability throughout run B. By implementing accelerated sampling in both runs A and B,
convergence toward a consistent binding mode would not only resolve these instabilities
but also serve as a robust validation of the resulting ligand pose. Furthermore, this method
could be employed to validate highly stable complexes, such as observed in the simulation
of PSMA in complex with rhPSMA-7. If the complex remains stable or dominates the
conformational ensemble during accelerated simulations, it would support the reliability
of the predicted binding mode.
To elucidate the distinct binding modes of the ligands, we analyzed their interactions with
PSMA from the perspective of specific binding-site residues. Understanding how individ-
ual ligand components contribute to binding affinity would provide valuable additional
insights for future radioligand design. This could be achieved by dividing the ligands into
subunits (e.g., vector, linker, and radiolabel) during parameterization, enabling per-residue
DGbind decomposition of the ligands using gmx_MMPBSA.

Experimental Validation. To bridge the gap between in silico predictions and prac-
tical applications, experimental validation is essential. In addition to the clinically rel-
evant PSMA tracers, we included PSMA-BB, a ligand with poor affinity for PSMA
(IC50 = 108 nM), which shares a similar structure with PSMA-1007 (IC50 = 6.7 nM)[208].
Surprisingly, our simulations reveal a more favorable DGbind for PSMA-BB, driven by
enhanced electrostatic interactions. This observed difference in DGbind may diminish upon
expanding the computational dataset, for instance, by performing triplicate simulations or
applying HREMD, to obtain more robust and statistically reliable results.
Our current approach for binding free energy estimation calculates the effective free energy,
which is an approximation of the binding free energy that neglects the entropic term. This
approach is considered sufficient for comparative studies of related ligands, while offering
computational efficiency[59]. However, with computational predictions deviating from
the experimental data, it may be necessary to reconsider or adapt this methodology. For
example, by explicitly including entropy estimations to the gmx_MMPBSA calculations,
the accuracy of our computational predictions could be further improved. An alternative
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approach to MM/PBSA is free energy perturbation (FEP), which explicitly samples the
transformation between bound and unbound states, thereby capturing both enthalpic and
entropic contributions with higher accuracy. However, both entropy estimations using
gmx_MMPBSA and, particularly, FEP are still computationally expensive, demanding
extensive sampling and significant computational resources[57,59,343].
While the literature provides experimental data on the clinically relevant PSMA ligands
modeled in this study, these data originate from diverse laboratory conditions. To ensure
consistency and comparability, affinity measurements for all ligands—using surface plas-
mon resonance (SPR) within a single laboratory setting—would be more appropriate. By
experimentally determining the equilibrium dissociation constant (Kd) and comparing it
with our computed binding free energies, we could validate our computational predictions.
Such measurements would enable refinement of our models, and ultimately guide the
development of more effective PSMA-targeted radiopharmaceuticals.
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In this thesis, we developed and applied computational workflows for the modeling and
design of peptide-based therapeutics. We focused our investigations on two viral proteases
from severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the main protease
(Mpro) and papain-like protease (PLpro), which play essential roles in viral replication, and
on the prostate specific membrane antigen (PSMA), a clinically validated target in prostate
cancer imaging and therapy. By addressing the intrinsic flexibility of peptides, which poses
a key challenge in the prediction of peptide–protein interactions, these workflows establish
a robust foundation for structure-based design and the optimization of peptide-based thera-
peutic candidates. The key findings of this work are summarized below.
In Chapter 3, we modeled the interactions of Mpro with previously experimentally validated
peptide inhibitors (3CVL-2, 3CVL-4, 3CVL-7) and their retro-inverso D-enantiomeric
(Dri) counterparts. Using molecular dynamics (MD) simulations and docking, we iden-
tified diverse binding modes, including competitive inhibition at the S-subsite and non-
competitive binding at the protomer interface. However, the lack of correlation between
predicted binding affinities and experimental IC50 values underscored the need for work-
flow refinements, such as specialized peptide-docking tools like AutoDock CrankPep
(ADCP).
In Chapter 4, we explored three strategies of computer-aided peptide inhibitor design
(CAPID) against Mpro and PLpro, based on modeling both proteases with their natural
substrates extracted from the SARS-CoV-2 polypeptide cleavage site sequences. In Strat-
egy I, we tested the retro-inverso method on the substrate peptides, revealing its limitations
when peptide binding relies heavily on backbone-mediated hydrogen bonds. In Strat-
egy II, a library of Mpro–peptide MD simulations, including validated Mpro inhibitors, was
created and used for design inspirations. The resulting peptide inhibitor a10 achieved a
half-maximal inhibitory concentration (IC50) of 22.3±4.7 µM.
Strategy III introduced the computational dynamic saturation mutagenesis (CDSM) proto-
col, which successfully predicted beneficial mutations, such as Tyr at P1 for Mpro inhibitors,
leading to the design of peptide c04 with an IC50 of 4.8±0.5 µM. However, the CDSM
protocol failed to predict the beneficial Arg substitution at P3 for Mpro peptide inhibitors,
suggesting that longer post-mutation MD simulations might be required for substitutions
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involving highly flexible side chains. Furthermore, CDSM identified designs z07 and
z08, which showed a 20 kcal/mol improvement in binding free energy compared to the
substrate peptides. However, in vitro inhibition assays revealed negligible activity against
PLpro. While our CAPID strategies successfully predicted potent Mpro inhibitor designs,
further refinements, including ADMET property considerations, are required for accurate
experimental validation against PLpro.
In Chapter 5, we developed a workflow combining hydrated docking, re-scoring, metal-site
parameterization and MD simulations to investigate the binding of clinically relevant
PSMA-targeted radioligands. The workflow generated stable ligand poses and elucidated
critical interactions, including the important role of the urea-based vector in stabilizing
PSMA–ligand complexes. MD simulations further revealed a predominant zig-zag-like
linker conformation in ligands with larger spacers (PSMA-11, PSMA-I&S, and rhPSMA-7),
which has not been previously reported. However, limitations in sampling larger con-
formational rearrangements suggested the need for accelerated sampling methods like
Hamiltonian replica exchange molecular dynamics (HREMD).
In conclusion, this thesis established computational workflows that enable accurate anal-
ysis of peptide–protein interactions, thereby laying a robust foundation for the design
of peptide-based therapeutics. The CDSM protocol, in particular, demonstrates great
potential due to its seamless integration into simulation studies using the widely adopted
GROMACS platform and its broad applicability across diverse peptide–protein systems.
Future work will focus on refining the CDSM protocol to enhance its accuracy through
validation with experimental data. To address current limitations in the modeling workflow
for PSMA radioligands, we will explore accelerated sampling techniques. The goal is to
develop a robust and universally applicable workflow that enables detailed elucidation
of PSMA–radioligand interactions. Combined with reliable experimental data, this will
allow the interpretation of structure–activity relationships and ultimately inform future
computer-aided radiopharmaceutical design (CARD) studies.

132



Bibliography

[1] Posner, B. I. and Laporte, S. A. (2010) Cellular Signalling: Peptide Hormones and
Growth Factors, pages 1–16. Elsevier. ISBN 9780444536174.

[2] Hökfelt, T., Bartfai, T., and Bloom, F. (2003) Neuropeptides: opportunities for drug
discovery. The Lancet Neurology, 2(8):463–472. ISSN 1474-4422.

[3] Lai, Y. and Gallo, R. L. (2009) AMPed up immunity: how antimicrobial peptides
have multiple roles in immune defense. Trends in Immunology, 30(3):131–141.
ISSN 1471-4906.

[4] Petsalaki, E. and Russell, R. B. (2008) Peptide-mediated interactions in biological
systems: new discoveries and applications. Current Opinion in Biotechnology, 19
(4):344–350. ISSN 0958-1669.

[5] Wang, L., Wang, N., Zhang, W., Cheng, X., Yan, Z., Shao, G., et al. (2022)
Therapeutic peptides: current applications and future directions. Signal Transduction
and Targeted Therapy, 7(1). ISSN 2059-3635.

[6] Henninot, A., Collins, J. C., and Nuss, J. M. (2018) The Current State of Peptide
Drug Discovery: Back to the Future? Journal of Medicinal Chemistry, 61(4):
1382–1414.

[7] Global Peptide Therapeutics Market Size (2025) https:
//www.grandviewresearch.com/industry-analysis/
peptide-therapeutics-market. Last checked: Thursday, 03. July 2025.

[8] Global Pharmaceutical Market Size (2025) https://www.grandviewresearch.
com/industry-analysis/pharmaceutical-market-report. Last checked:
Friday, 04. July 2025.

[9] Global Conventional Drugs (Small Molecules) Market Size (2025) https://www.
grandviewresearch.com/horizon/statistics/pharmaceutical-market/
molecule/conventional-drugs-small-molecules/global. Last checked:
Tuesday, 19. August 2025.

133



Bibliography

[10] Global Biologics Market Size (2025) https://www.grandviewresearch.com/
horizon/outlook/biologics-market-size/global. Last checked: Tuesday,
19. August 2025.

[11] London, N., Raveh, B., and Schueler-Furman, O. (2013) Druggable protein–protein
interactions – from hot spots to hot segments. Current Opinion in Chemical Biology,
17(6):952–959. ISSN 1367-5931. Synthetic biology * Synthetic biomolecules.

[12] Global Insulin Market Size (2025) https://www.grandviewresearch.com/
industry-analysis/insulin-market-report. Last checked: Friday, 04. July
2025.

[13] Muttenthaler, M., King, G. F., Adams, D. J., and Alewood, P. F. (2021) Trends in
peptide drug discovery. Nature Reviews Drug Discovery, 20(4):309–325. ISSN
1474-1784.

[14] Vecchio, I., Tornali, C., Bragazzi, N. L., and Martini, M. (2018) The Discovery
of Insulin: An Important Milestone in the History of Medicine. Frontiers in
Endocrinology, 9. ISSN 1664-2392.

[15] Smith, G. P. and Petrenko, V. A. (1997) Phage Display. Chemical Reviews, 97(2):
391–410.

[16] Akbarian, M. and Chen, S.-H. (2022) Instability Challenges and Stabilization
Strategies of Pharmaceutical Proteins. Pharmaceutics, 14(11):2533. ISSN 1999-
4923.

[17] Pelay-Gimeno, M., Glas, A., Koch, O., and Grossmann, T. N. (2015) Structure-
Based Design of Inhibitors of Protein–Protein Interactions: Mimicking Peptide
Binding Epitopes. Angewandte Chemie International Edition, 54(31):8896–8927.
ISSN 1521-3773.

[18] Scharbert, L. and Strodel, B. (2025) Innovative strategies for modeling peptide–
protein interactions and rational peptide drug design. Current Opinion in Structural
Biology, 93:103083.

[19] Sabe, V. T., Ntombela, T., Jhamba, L. A., Maguire, G. E., Govender, T., Naicker, T.,
et al. (2021) Current trends in computer aided drug design and a highlight of drugs
discovered via computational techniques: A review. European Journal of Medicinal
Chemistry, 224:113705. ISSN 0223-5234.

134



Bibliography

[20] Bertoline, L. M. F., Lima, A. N., Krieger, J. E., and Teixeira, S. K. (2023) Before
and after AlphaFold2: An overview of protein structure prediction. Frontiers in
Bioinformatics, 3. ISSN 2673-7647.

[21] Jumper, J., Evans, R., Pritzel, A., Green, T., Figurnov, M., Ronneberger, O., et al.
(2021) Highly accurate protein structure prediction with AlphaFold. Nature, 596
(7873):583–589. ISSN 1476-4687.

[22] Abramson, J., Adler, J., Dunger, J., Evans, R., Green, T., Pritzel, A., et al. (2024)
Accurate structure prediction of biomolecular interactions with AlphaFold 3. Nature,
630(8016):493–500. ISSN 1476-4687.

[23] Mondal, A., Chang, L., and Perez, A. (2022) Modelling peptide–protein complexes:
docking, simulations and machine learning. QRB Discovery, 3. ISSN 2633-2892.

[24] Macalino, S. J. Y., Gosu, V., Hong, S., and Choi, S. (2015) Role of computer-aided
drug design in modern drug discovery. Archives of Pharmacal Research, 38(9):
1686–1701. ISSN 1976-3786.

[25] Cherkasov, A., Muratov, E. N., Fourches, D., Varnek, A., Baskin, I. I., Cronin, M.,
et al. (2014) QSAR Modeling: Where Have You Been? Where Are You Going To?
Journal of Medicinal Chemistry, 57(12):4977–5010.

[26] Vuorinen, A. and Schuster, D. (2015) Methods for generating and applying pharma-
cophore models as virtual screening filters and for bioactivity profiling. Methods,
71:113–134. ISSN 1046-2023.

[27] Pierce, B. G., Wiehe, K., Hwang, H., Kim, B.-H., Vreven, T., and Weng, Z. (2014)
ZDOCK server: interactive docking prediction of protein–protein complexes and
symmetric multimers. Bioinformatics, 30(12):1771–1773.

[28] Ramírez-Aportela, E., López-Blanco, J. R., and Chacón, P. (2016) FRODOCK
2.0: fast protein–protein docking server. Bioinformatics, 32(15):2386–2388. ISSN
1367-4803.

[29] Weng, G., Wang, E., Wang, Z., Liu, H., Zhu, F., Li, D., et al. (2019) HawkDock: a
web server to predict and analyze the protein–protein complex based on computa-
tional docking and MM/GBSA. Nucleic acids research, 47(W1):W322–W330.

[30] Jones, G., Willett, P., Glen, R. C., Leach, A. R., and Taylor, R. (1997) Development
and validation of a genetic algorithm for flexible docking. Journal of molecular
biology, 267(3):727–748.

135



Bibliography

[31] Jain, A. N. (2007) Surflex-Dock 2.1: robust performance from ligand energetic
modeling, ring flexibility, and knowledge-based search. Journal of computer-aided
molecular design, 21:281–306.

[32] Trott, O. and Olson, A. J. (2009) AutoDock Vina: Improving the speed and accuracy
of docking with a new scoring function, efficient optimization, and multithreading.
Journal of Computational Chemistry, 31(2):455–461. ISSN 1096-987X.

[33] Lee, H., Heo, L., Lee, M. S., and Seok, C. (2015) GalaxyPepDock: a protein–peptide
docking tool based on interaction similarity and energy optimization. Nucleic acids
research, 43(W1):W431–W435.

[34] Xu, X., Yan, C., and Zou, X. (2018) MDockPeP: An ab-initio protein–peptide
docking server. Journal of computational chemistry, 39(28):2409–2413.

[35] Zhou, P., Jin, B., Li, H., and Huang, S.-Y. (2018) HPEPDOCK: a web server for
blind peptide–protein docking based on a hierarchical algorithm. Nucleic acids
research, 46(W1):W443–W450.

[36] Kurcinski, M., Jamroz, M., Blaszczyk, M., Kolinski, A., and Kmiecik, S. (2015)
CABS-dock web server for the flexible docking of peptides to proteins without prior
knowledge of the binding site. Nucleic acids research, 43(W1):W419–W424.

[37] de Vries, S. J., Rey, J., Schindler, C. E., Zacharias, M., and Tuffery, P. (2017) The
pepATTRACT web server for blind, large-scale peptide–protein docking. Nucleic
Acids Research, 45(W1):W361–W364.

[38] Antunes, D. A., Moll, M., Devaurs, D., Jackson, K. R., Lizée, G., and Kavraki, L. E.
(2017) DINC 2.0: a new protein–peptide docking webserver using an incremental
approach. Cancer research, 77(21):e55–e57.

[39] Zhang, Y. and Sanner, M. F. (2019) AutoDock CrankPep: combining folding and
docking to predict protein–peptide complexes. Bioinformatics, 35(24):5121–5127.
ISSN 1367-4811.

[40] Trellet, M., Melquiond, A. S., and Bonvin, A. M. (2013) A unified conformational
selection and induced fit approach to protein-peptide docking. PloS one, 8(3):
e58769.

[41] Weng, G., Gao, J., Wang, Z., Wang, E., Hu, X., Yao, X., et al. (2020) Comprehensive
Evaluation of Fourteen Docking Programs on Protein–Peptide Complexes. Journal
of Chemical Theory and Computation, 16(6):3959–3969. ISSN 1549-9626.

136



Bibliography

[42] Podtelezhnikov, A. A. and Wild, D. L. (2005) Exhaustive Metropolis Monte Carlo
sampling and analysis of polyalanine conformations adopted under the influence of
hydrogen bonds. Proteins: Structure, Function, and Bioinformatics, 61(1):94–104.
ISSN 1097-0134.

[43] Podtelezhnikov, A. A. and Wild, D. L. (2008) CRANKITE: A fast polypeptide
backbone conformation sampler. Source Code for Biology and Medicine, 3(1).
ISSN 1751-0473.

[44] Morris, G. M., Huey, R., Lindstrom, W., Sanner, M. F., Belew, R. K., Goodsell, D. S.,
et al. (2009) AutoDock4 and AutoDockTools4: Automated docking with selective
receptor flexibility. Journal of computational chemistry, 30(16):2785–2791.

[45] Evans, R., O’Neill, M., Pritzel, A., Antropova, N., Senior, A., Green, T., et al. (2021)
Protein complex prediction with AlphaFold-Multimer.

[46] Johansson-Åkhe, I. and Wallner, B. (2022) Improving peptide-protein docking with
AlphaFold-Multimer using forced sampling. Frontiers in Bioinformatics, 2. ISSN
2673-7647.

[47] Shanker, S. and Sanner, M. F. (2023) Predicting Protein–Peptide Interactions: Bench-
marking Deep Learning Techniques and a Comparison with Focused Docking.
Journal of Chemical Information and Modeling, 63(10):3158–3170.

[48] Manshour, N., Ren, J. Z., Esmaili, F., Bergstrom, E., and Xu, D. (2024) Comprehen-
sive Evaluation of AlphaFold-Multimer, AlphaFold3 and ColabFold, and Scoring
Functions in Predicting Protein-Peptide Complex Structures.

[49] Sinha, S., Tam, B., and Wang, S. M. (2022) Applications of Molecular Dynamics
Simulation in Protein Study. Membranes, 12(9):844. ISSN 2077-0375.

[50] Phillips, J. C., Braun, R., Wang, W., Gumbart, J., Tajkhorshid, E., Villa, E., et al.
(2005) Scalable molecular dynamics with NAMD. Journal of Computational
Chemistry, 26(16):1781–1802. ISSN 1096-987X.

[51] Abraham, M. J., Murtola, T., Schulz, R., Páll, S., Smith, J. C., Hess, B., et al.
(2015) GROMACS: High performance molecular simulations through multi-level
parallelism from laptops to supercomputers. SoftwareX, 1-2:19 – 25. ISSN 2352-
7110.

[52] Weiner, P. K. and Kollman, P. A. (1981) AMBER: Assisted model building with
energy refinement. A general program for modeling molecules and their interactions.
Journal of Computational Chemistry, 2(3):287–303.

137



Bibliography

[53] Rico, M. I., Lebedenko, C. G., Mitchell, S. M., and Banerjee, I. A. (2022) Molecular
dynamics simulations, docking and MMGBSA studies of newly designed peptide-
conjugated glucosyloxy stilbene derivatives with tumor cell receptors. Molecular
Diversity, 26(5):2717–2743. ISSN 1573-501X.

[54] Jin, J., Wang, N., Wang, S., Alsaikhan, F., and Ahmad, I. (2024) Targeting the
main SARS-Cov-2 pathways with peptide inhibitors by molecular docking and
molecular simulation approaches. Journal of Molecular Liquids, 398:124193. ISSN
0167-7322.

[55] Miao, Q., Zhang, W., Zhang, K., Li, H., Zhu, J., and Jiang, S. (2021) Rational design
of a potent macrocyclic peptide inhibitor targeting the PD-1/PD-L1 protein–protein
interaction. RSC Advances, 11(38):23270–23279. ISSN 2046-2069.

[56] Malmstrom, R. D., Lee, C. T., Van Wart, A. T., and Amaro, R. E. (2014) Application
of Molecular-Dynamics Based Markov State Models to Functional Proteins. Journal
of Chemical Theory and Computation, 10(7):2648–2657.

[57] Wang, S., Sun, X., Cui, W., and Yuan, S. (2022) MM/PB(GB)SA benchmarks on
soluble proteins and membrane proteins. Frontiers in Pharmacology, 13. ISSN
1663-9812.

[58] Miller, B. R., McGee, T. D., Swails, J. M., Homeyer, N., Gohlke, H., and Roitberg,
A. E. (2012) MMPBSA.py: An Efficient Program for End-State Free Energy Cal-
culations. Journal of Chemical Theory and Computation, 8(9):3314–3321. ISSN
1549-9626.

[59] Valdés-Tresanco, M. S., Valdés-Tresanco, M. E., Valiente, P. A., and Moreno, E.
(2021) gmx_MMPBSA: A New Tool to Perform End-State Free Energy Calculations
with GROMACS. Journal of Chemical Theory and Computation, 17(10):6281–6291.
ISSN 1549-9626.

[60] Kumari, R., Kumar, R., and Lynn, A. (2014) g_mmpbsa—A GROMACS Tool for
High-Throughput MM-PBSA Calculations. Journal of Chemical Information and
Modeling, 54(7):1951–1962.

[61] Paissoni, C., Spiliotopoulos, D., Musco, G., and Spitaleri, A. (2015) GMXPBSA
2.1: A GROMACS tool to perform MM/PBSA and computational alanine scanning.
Comput. Phys. Commun., 186(Supplement C):105–107.

138



Bibliography

[62] Chen, S., Lin, T., Basu, R., Ritchey, J., Wang, S., Luo, Y., et al. (2024) Design
of target specific peptide inhibitors using generative deep learning and molecular
dynamics simulations. Nature Communications, 15(1):1611.

[63] Wu, Y., Deng, S., Wang, X., Thunders, M., Qiu, J., and Li, Y. (2023) Discovery
and Mechanism of Action of a Novel Antimicrobial Peptide from an Earthworm.
Microbiology Spectrum, 11(1):e03206–22.

[64] Niu, P., Tao, Y., Meng, Q., Huang, Y., Li, S., Ding, K., et al. (2024) Discovery of
novel macrocyclic derivatives as potent and selective cyclin-dependent kinase 2
inhibitors. Bioorganic & Medicinal Chemistry, 104:117711. ISSN 0968-0896.

[65] Eberle, R. J., Sevenich, M., Gering, I., Scharbert, L., Strodel, B., Lakomek, N. A.,
et al. (2023) Discovery of all-d-peptide inhibitors of SARS-CoV-2 3C-like protease.
ACS chemical biology, 18(2):315–330.

[66] Valiente, P. A., Wen, H., Nim, S., Lee, J., Kim, H. J., Kim, J., et al. (2021)
Computational Design of Potent D-Peptide Inhibitors of SARS-CoV-2. Journal of
Medicinal Chemistry, 64(20):14955–14967.

[67] Amarasinghe, K. N., De Maria, L., Tyrchan, C., Eriksson, L. A., Sadowski, J., and
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A. Appendix

A.1. Supplementary Figures

(a) (b)

Figure A1.: Plasmid maps for recombinant protein expression in E. coli. (a) Plasmid map of
pET22b_PLpro_6His. (b) Plasmid map of pET22b_6His_TEV-site_Mpro.
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A Appendix

(a)

Sample Name :
Sample ID :
Time Processed :2:42:11
Month-Day-Year Processed :05/27/2025
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<Peak Table>
Detector A Channel 1 220nm

Peak#
 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 

Total

Ret. Time
 11.304 
 11.452 
 11.673 
 11.838 
 11.971 
 12.277 
 12.465 
 12.574 

Area
 101802 
 398124 
 333163 

 17701365 
 704411 
 303880 
 32579 
 20423 

 19595747 
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 11313 
 34761 
 56181 

 2638879 
 167307 
 34392 
 6110 
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 2953948 

Area%
 0.520 
 2.032 
 1.700 
 90.333 
 3.595 
 1.551 
 0.166 
 0.104 

 100.000 

Pump A : 0.065% trifluoroacetic in 100% water (v/v)
Pump B : 0.05% trifluoroacetic in 100% acetonitrile (v/v)
Total Flow:1 ml/min
Wavelength:220 nm
<<LC Time Program>>
  Time Module Command Value

0.01 Pumps B.Conc 5
25.00 Pumps B.Conc 65
25.01 Pumps B.Conc 95
27.00 Pumps B.Conc 95
27.01 Pumps B.Conc 5
35.00 Pumps B.Conc 5
35.01 Controller Stop

<<Column Performance>>
<Detector A>
Column :Inertsil ODS-SP 4.6 x 250 mm
Equipment: ZJ19010142

Pep7
U052J686G0-13

(b)
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466.9

477.9
618.3 703.4 830.4
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1455.9

Equipment                  :ZJ22010150
Interface Bias             : +4.5 kV
Drying Gas Flow        :5 L/min
T.Flow                      :0.2 ml/min
B.conc                      :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          05/25/25
Time Processed :                    21:29:58
Injection Volume :                   0.3
Sample Name :                        Pep7
Sample ID :                             U052J686G0-13
Theoretical MW :                  932.09
Observed MW :                     931.6

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+H]+

[M+2H]2+

Figure A2.: Evaluation of the purity of peptide Dri-m01. The purity of Dri-m01 (rfGsqlva)
was evaluated by GenScript using (a) reverse-phase high-performance liquid chromatography
(RP-HPLC) and (b) electrospray ionization mass spectrometry (ESI-MS) analyses.

(a)

Sample Name :Pep1
Sample ID                :U498XKLNG0-1
Time Processed :22:38:39
Month-Day-Year Processed :03/17/2024
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<Peak Table>
Detector A Channel 1 220nm

Peak#
 1 
 2 
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 4 

Total

Ret. Time
 6.708 
 11.725 
 12.208 
 21.233 

Area
 46546 
 32524 
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 43378 

 19147289 

Height
 6768 
 4411 

 1328908 
 3960 

 1344047 

Area%
 0.243 
 0.170 
 99.360 
 0.227 

 100.000 

Pump A : 0.065% trifluoroacetic in 100% water (v/v)
Pump B : 0.05% trifluoroacetic in 100% acetonitrile (v/v)
Total Flow:1 ml/min
Wavelength:220 nm
<<LC Time Program>>
  Time Module Command Value

0.01 Pumps B.Conc 5
25.00 Pumps B.Conc 65
25.01 Pumps B.Conc 95
27.00 Pumps B.Conc 95
27.01 Pumps B.Conc 5
35.00 Pumps B.Conc 5
35.01 Controller Stop

<<Column Performance>>
<Detector A>
Column :Inertsil ODS-SP 4.6 x 250 mm
Equipment: ZJ19010324 (b)
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Equipment                  :ZJ22010150
Interface Bias             : +4.5 kV
Drying Gas Flow        :5 L/min
T.Flow                      :0.2 ml/min
B.conc                      :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          03/17/24
Time Processed :                    7:45:36 PM
Injection Volume :                   0.3
Sample Name :                        Pep1
Sample ID :                             U498XKLNG0-1
Theoretical MW :                  1215.41
Observed MW :                     1215.6

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+2H]2+

[M+H]+

Figure A3.: Evaluation of the purity of peptide a05. The purity of a05 (PRWQPKWY) was
evaluated by GenScript using (a) RP-HPLC and (b) ESI-MS analyses.
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A.1 Supplementary Figures

(a)

Sample Name :Pep2
Sample ID :U498XKLNG0-3
Time Processed :0:11:55
Month-Day-Year Processed :03/18/2024
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<Peak Table>
Detector A Channel 1 220nm

Peak#
 1 
 2 
 3 
 4 
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 7 

Total

Ret. Time
 9.044 
 12.358 
 14.459 
 14.639 
 15.095 
 15.266 
 15.903 
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 83283 
 19785 
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 27231 
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Area%
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 95.669 
 0.508 
 0.900 
 0.497 

 100.000 

Pump A : 0.065% trifluoroacetic in 100% water (v/v)
Pump B : 0.05% trifluoroacetic in 100% acetonitrile (v/v)
Total Flow:1 ml/min
Wavelength:220 nm
<<LC Time Program>>
  Time Module Command Value

0.01 Pumps B.Conc 5
25.00 Pumps B.Conc 65
25.01 Pumps B.Conc 95
27.00 Pumps B.Conc 95
27.01 Pumps B.Conc 5
35.00 Pumps B.Conc 5
35.01 Controller Stop

<<Column Performance>>
<Detector A>
Column :Inertsil ODS-3 4.6 x 250 mm
Equipment: ZJ19010325

(b)
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Equipment                  :ZJ22010150
Interface Bias             : +4.5 kV
Drying Gas Flow        :5 L/min
T.Flow                      :0.2 ml/min
B.conc                      :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          03/17/24
Time Processed :                    8:04:25 PM
Injection Volume :                   0.3
Sample Name :                        Pep2
Sample ID :                             U498XKLNG0-3
Theoretical MW :                  1066.30
Observed MW :                     1066.4

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+2H]2+

[M+H]+

Figure A4.: Evaluation of the purity of peptide a06. The purity of a06 (IHLQVRVF) was
evaluated by GenScript using (a) RP-HPLC and (b) ESI-MS analyses.

(a)

Sample Name :Pep3
Sample ID                :U498XKLNG0-5
Time Processed :16:02:08
Month-Day-Year Processed :03/18/2024
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<Peak Table>
Detector A Channel 1 220nm

Peak#
 1 
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 4 

Total

Ret. Time
 10.883 
 15.933 
 16.058 
 17.417 
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 13886712 
 38847 
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Height
 5140 
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Area%
 0.426 
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 94.030 
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 100.000 

Pump A : 0.065% trifluoroacetic in 100% water (v/v)
Pump B : 0.05% trifluoroacetic in 100% acetonitrile (v/v)
Total Flow:1 ml/min
Wavelength:220 nm
<<LC Time Program>>
  Time Module Command Value

0.01 Pumps B.Conc 5
25.00 Pumps B.Conc 65
25.01 Pumps B.Conc 95
27.00 Pumps B.Conc 95
27.01 Pumps B.Conc 5
35.00 Pumps B.Conc 5
35.01 Controller Stop

<<Column Performance>>
<Detector A>
Column :Inertsil ODS-SP 4.6 x 250 mm
Equipment: ZJ19010324 (b)
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Equipment           : ZJ21010035
Interface Bias          : +4.5 kV
Drying Gas Flow     :5 L/min
T.Flow                  :0.2 ml/min
B.conc                  :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          03/18/24
Time Processed :                    15:14:02
Injection Volume :                   0.4
Sample Name :                        Pep3
Sample ID :                             U498XKLNG0-5
Theoretical MW :                  1145.40
Observed MW :                     1144.8

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+H]+

[M+Na+H]2+

[M+K+2H]3+

Figure A5.: Evaluation of the purity of peptide a10. The purity of a10 (LRWQIVYI) was
evaluated by GenScript using (a) RP-HPLC and (b) ESI-MS analyses.
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(a)

Sample Name :Pep4
Sample ID                :U498XKLNG0-7
Time Processed :15:58:58
Month-Day-Year Processed :03/18/2024
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<Peak Table>
Detector A Channel 1 220nm

Peak#
 1 
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Ret. Time
 16.142 
 16.767 
 17.067 
 17.342 
 17.583 
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 0.157 

 100.000 

Pump A : 0.065% trifluoroacetic in 100% water (v/v)
Pump B : 0.05% trifluoroacetic in 100% acetonitrile (v/v)
Total Flow:1 ml/min
Wavelength:220 nm
<<LC Time Program>>
  Time Module Command Value

0.01 Pumps B.Conc 5
25.00 Pumps B.Conc 65
25.01 Pumps B.Conc 95
27.00 Pumps B.Conc 95
27.01 Pumps B.Conc 5
35.00 Pumps B.Conc 5
35.01 Controller Stop

<<Column Performance>>
<Detector A>
Column :Inertsil ODS-SP 4.6 x 250 mm
Equipment: ZJ19010324

(b)
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Equipment           : ZJ21010035
Interface Bias          : +4.5 kV
Drying Gas Flow     :5 L/min
T.Flow                  :0.2 ml/min
B.conc                  :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          03/18/24
Time Processed :                    15:16:06
Injection Volume :                   0.4
Sample Name :                        Pep4
Sample ID :                             U498XKLNG0-7
Theoretical MW :                  1215.37
Observed MW :                     1214.8

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+H]+

[M+Na+H]2+

[M+K+2H]3+

Figure A6.: Evaluation of the purity of peptide a21. The purity of a21 (PRWQPQWY) was
evaluated by GenScript using (a) RP-HPLC and (b) ESI-MS analyses.

(a)

Sample Name :Pep5
Sample ID :U498XKLNG0-9
Time Processed :0:47:22
Month-Day-Year Processed :03/18/2024
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<Peak Table>
Detector A Channel 1 220nm

Peak#
 1 
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Ret. Time
 11.331 
 12.380 
 12.633 
 12.778 
 12.941 
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Pump A : 0.065% trifluoroacetic in 100% water (v/v)
Pump B : 0.05% trifluoroacetic in 100% acetonitrile (v/v)
Total Flow:1 ml/min
Wavelength:220 nm
<<LC Time Program>>
  Time Module Command Value

0.01 Pumps B.Conc 5
25.00 Pumps B.Conc 65
25.01 Pumps B.Conc 95
27.00 Pumps B.Conc 95
27.01 Pumps B.Conc 5
35.00 Pumps B.Conc 5
35.01 Controller Stop

<<Column Performance>>
<Detector A>
Column :Inertsil ODS-3 4.6 x 250 mm
Equipment: ZJ19010325

(b)
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Equipment                  :ZJ22010150
Interface Bias             : +4.5 kV
Drying Gas Flow        :5 L/min
T.Flow                      :0.2 ml/min
B.conc                      :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          03/17/24
Time Processed :                    8:04:22 PM
Injection Volume :                   0.3
Sample Name :                        Pep5
Sample ID :                             U498XKLNG0-9
Theoretical MW :                  1215.41
Observed MW :                     1215.6

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+2H]2+

[M+H]+

Figure A7.: Evaluation of the purity of peptide b06. The purity of b06 (PRWQpKWY) was
evaluated by GenScript using (a) RP-HPLC and (b) ESI-MS analyses.
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A.1 Supplementary Figures

(a)

Sample Name :Pep6
Sample ID :U498XKLNG0-11
Time Processed :23:01:00
Month-Day-Year Processed :03/17/2024
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<Peak Table>
Detector A Channel 1 220nm

Peak#
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 10.473 
 12.240 
 13.898 
 14.197 
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Pump A : 0.065% trifluoroacetic in 100% water (v/v)
Pump B : 0.05% trifluoroacetic in 100% acetonitrile (v/v)
Total Flow:1 ml/min
Wavelength:220 nm
<<LC Time Program>>
  Time Module Command Value

0.01 Pumps B.Conc 5
25.00 Pumps B.Conc 65
25.01 Pumps B.Conc 95
27.00 Pumps B.Conc 95
27.01 Pumps B.Conc 5
35.00 Pumps B.Conc 5
35.01 Controller Stop

<<Column Performance>>
<Detector A>
Column :Inertsil ODS-3 4.6 x 250 mm
Equipment: ZJ19010325
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Equipment                  :ZJ22010150
Interface Bias             : +4.5 kV
Drying Gas Flow        :5 L/min
T.Flow                      :0.2 ml/min
B.conc                      :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          03/17/24
Time Processed :                    8:04:31 PM
Injection Volume :                   0.3
Sample Name :                        Pep6
Sample ID :                             U498XKLNG0-11
Theoretical MW :                  1215.37
Observed MW :                     1214.9

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+H]+

[M+Na+H]2+

[M+K+2H]3+

Figure A8.: Evaluation of the purity of peptide b07. The purity of b07 (PRWQpQWY) was
evaluated by GenScript using (a) RP-HPLC and (b) ESI-MS analyses.
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<Peak Table>
Detector A 220nm

Peak#
 1 
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Ret. Time
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Equipment        : ZJ21010035
Interface Bias        : +4.5 kV
Drying Gas Flow   :5 L/min
T.Flow              :0.2 ml/min
B.conc            :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          05/29/25
Time Processed :                    16:43:46
Injection Volume :                   0.3
Sample Name :                        Pep5
Sample ID :                             U052J686G0-9
Theoretical MW :                  1269.58
Observed MW :                     1269.4

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+2H]2+

[M+H]+

[M+K+2H]3+

Figure A9.: Evaluation of the purity of peptide c04. The purity of c04 (MRLYIWFW) was
evaluated by GenScript using (a) RP-HPLC and (b) ESI-MS analyses.
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(a)

Sample Name :Pep6
Sample ID :U052J686G0-11
Time Processed :15:11:47
Month-Day-Year Processed :05/28/2025
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<Peak Table>
Detector A 220nm

Peak#
 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
 10 
Total

Ret. Time
 9.078 
 17.130 
 17.422 
 18.016 
 18.184 
 18.692 
 18.952 
 19.175 
 19.567 
 20.636 

Area
 23217 
 66006 
 31880 
 8591 
 28718 

 18553125 
 921899 
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 8868 
 44931 

 19880300 
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 674 
 9724 
 2129 
 1318 
 4600 
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 2009839 

Area%
 0.117 
 0.332 
 0.160 
 0.043 
 0.144 
 93.324 
 4.637 
 0.971 
 0.045 
 0.226 

 100.000 

Pump A : 0.065% trifluoroacetic in 100% water (v/v)
Pump B : 0.05% trifluoroacetic in 100% acetonitrile (v/v)
Total Flow:1 ml/min
Wavelength:220 nm
<<LC Time Program>>
  Time Module Command Value

0.01 Pumps B.Conc 5
25.00 Pumps B.Conc 65
25.01 Pumps B.Conc 95
27.00 Pumps B.Conc 95
27.01 Pumps B.Conc 5
35.00 Pumps B.Conc 5
35.01 Controller Stop

<<Column Performance>>
<Detector A>
Column :Inertsil ODS-3 4.6 x 250 mm
Equipment: ZJ19010325
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Equipment        : ZJ21010035
Interface Bias        : +4.5 kV
Drying Gas Flow   :5 L/min
T.Flow              :0.2 ml/min
B.conc            :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          05/29/25
Time Processed :                    9:34:32 AM
Injection Volume :                   0.3
Sample Name :                        Pep6
Sample ID :                             U052J686G0-11
Theoretical MW :                  1234.53
Observed MW :                     1233.7

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+H]+

[M+2H]2+

Figure A10.: Evaluation of the purity of peptide c05. The purity of c05 (MRLQIWFW) was
evaluated by GenScript using (a) RP-HPLC and (b) ESI-MS analyses.
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<Peak Table>
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Equipment        : ZJ21010035
Interface Bias        : +4.5 kV
Drying Gas Flow   :5 L/min
T.Flow              :0.2 ml/min
B.conc            :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          06/17/25
Time Processed :                    16:17:31
Injection Volume :                   0.8
Sample Name :                        Pep4
Sample ID :                             U052J686G0-7
Theoretical MW :                  1147.45
Observed MW :                     1146.7

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+H]+

Figure A11.: Evaluation of the purity of peptide c07. The purity of c07 (MRLQIVFW) was
evaluated by GenScript using (a) RP-HPLC and (b) ESI-MS analyses.
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<Peak Table>
Detector A Channel 1 220nm

Peak#
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Equipment                  :ZJ22010150
Interface Bias             : +4.5 kV
Drying Gas Flow        :5 L/min
T.Flow                      :0.2 ml/min
B.conc                      :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          05/17/25
Time Processed :                    12:57:09 PM
Injection Volume :                   0.2
Sample Name :                        Pep3
Sample ID :                             U052J686G0-5
Theoretical MW :                  845.01
Observed MW :                     844.9

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+H]+
[M+2H]2+

Figure A12.: Evaluation of the purity of peptide Dri-p02. The purity of Dri-p02 (paGGkltf) was
evaluated by GenScript using (a) RP-HPLC and (b) ESI-MS analyses.
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<Peak Table>
Detector A Channel 1 220nm

Peak#
 1 
 2 
 3 
 4 

Total

Ret. Time
 14.525 
 17.575 
 18.108 
 18.658 

Area
 34271 

 425526 
 25938475 

 37028 
 26435300 

Height
 4925 

 32806 
 1319809 

 2794 
 1360333 

Area%
 0.130 
 1.610 

 98.121 
 0.140 

 100.000 

(b)
Mass Spectrum

Positive

m/z

Intensity

10

20

30

40

50

60

70

80

90

100

400 500 600 700 800 900 1000 1100 1200 1300 1400 1500 1600 1700 1800 1900

529.1

605.0 669.4
912.5 1025.6

1056.6

1208.6 1322.7

Equipment                  :ZJ22010150
Interface Bias             : +4.5 kV
Drying Gas Flow        :5 L/min
T.Flow                      :0.2 ml/min
B.conc                      :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          05/15/25
Time Processed :                    22:44:21
Injection Volume :                   0.2
Sample Name :                        Pep1
Sample ID :                             U052J686G0-1
Theoretical MW :                  1056.32
Observed MW :                     1056.2

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+2H]2+

[M+H]+

Figure A13.: Evaluation of the purity of peptide z07. The purity of z07 (PFRLIGWL) was
evaluated by GenScript using (a) RP-HPLC and (b) ESI-MS analyses.
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(a)

Sample Name :Pep2
Sample ID :U052J686G0-3
Time Processed :1:21:43
Month-Day-Year Processed :05/16/2025
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Pump A : 0.065% trifluoroacetic in 100% water (v/v)
Pump B : 0.05% trifluoroacetic in 100% acetonitrile (v/v)
Total Flow:1 ml/min
Wavelength:220 nm
<<LC Time Program>>
  Time Module Command Value

0.01 Pumps B.Conc 5
25.00 Pumps B.Conc 65
25.01 Pumps B.Conc 95
27.00 Pumps B.Conc 95
27.01 Pumps B.Conc 5
35.00 Pumps B.Conc 5
35.01 Controller Stop

<<Column Performance>>
<Detector A>
Column :Inertsil ODS-SP 4.6 x 250 mm
Equipment: ZJ25010053
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Equipment        : ZJ21010035
Interface Bias        : +4.5 kV
Drying Gas Flow   :5 L/min
T.Flow              :0.2 ml/min
B.conc            :50%H2O/50%MeOH

Sample Information
Month-Day Processed :          05/15/25
Time Processed :                    21:31:46
Injection Volume :                   0.2
Sample Name :                        Pep2
Sample ID :                             U052J686G0-3
Theoretical MW :                  1000.22
Observed MW :                     999.5

Interface                    :ESI
Nebulizing Gas Flow  :1.5L/min
CDL Temp               :250
Block Temp             :200

[M+H]+

[M+2H]2+

Figure A14.: Evaluation of the purity of peptide z08. The purity of z08 (PFRLGGWL) was
evaluated by GenScript using (a) RP-HPLC and (b) ESI-MS analyses.
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Figure A15.: Volume of the active sites in the unbound Mpro dimer MD simulation. The
active site volume of both protomers—chain A and chain B—of the Mpro dimer (PDB: 6M2N) was
measured throughout the 200 ns simulation using the VMD plugin Epock[284].

Figure A16.: Docking solutions of the peptide structures (cl01–10) and selection criteria
for starting structures of MD runs 1–3 in complex with Mpro. The 3CVL (L) and 3CVLri
(Dri) inhibitors were docked to Mpro using peptide conformations derived from cluster analysis of
unbound peptide MD trajectories (clusters 01–10). In the selection process of starting structures for
subsequent MD simulations (marked by a dot), the docking solutions for each peptide were ranked
based on binding affinity (run 1), minimum distance to the binding site (run 2), and the normalized
average of both criteria (run 3).
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Figure A17.: Conformational changes of 3CVL(ri) peptides in complex with Mpro during
different MD runs. The root mean square deviation (RMSD) of the 3CVL(ri) peptides (backbone)
in complex with Mpro with reference to the starting structure was measured throughout the 100 ns
simulation for run1-3.

Figure A18.: Binding free energy estimation of the Mpro-3CVL(ri) complex MD simulations
The binding free energy (DGbind) was determined between the 3CVL(ri) peptides and Mpro for each
run (1-3) using gmx_mmpbsa[59]. Dots indicate runs that were selected for extended triplicate
simulations.
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Figure A19.: Binding modes from different MD runs of Mpro in complex with competitive
peptide inhibitors The trajectories of Mpro in complex with 3CVL(ri)-2 and 3CVL(ri)-7 were
subjected to cluster analysis. The most populated peptide conformations (sampling in %) within the
Mpro binding site are shown for each run (1-3), starting from different docking poses. The surface
of chain A (white) and chain B (grey) of Mpro is shown, with the peptide structures represented as
sticks. The catalytic dyad (His41, Cys145) is marked in pink. The black circles (ext) indicate runs
that were selected for extended triplicate simulations. Adapted from Eberle et al. [65]
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Figure A20.: Binding modes from different MD runs of Mpro in complex with non-competitive
peptide inhibitors The trajectories of Mpro in complex with 3CVL-4 and 3CVLri-4 were subjected
to cluster analysis. The most populated peptide conformations (sampling in %) within the Mpro

binding site are shown for each run (1-3), starting from different docking poses. The surface of
chain A (white) and chain B (grey) of Mpro is shown, with the peptide structures represented as
sticks. The black circles (ext) indicate runs that were selected for extended triplicate simulations.
Adapted from Eberle et al. [65]

Figure A21.: Conformational changes of 3CVL(ri) peptides in complex with Mpro during
extensive MD simulations. The RMSD of the 3CVL(ri) peptides (backbone) in complex with
Mpro with reference to the starting structure is shown as average (±SEM) of the triplicate 200 ns
simulations.
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Figure A22.: Total binding free energy and change in active site volume of Mpro-peptide
complex simulations. The triplicate 200 ns MD simulations of Mpro in complex with 3CVL(ri)-2,
3CVL(ri)-4, and 3CVL(ri)-7 were analyzed as follows: (A) The total binding free energy was
calculated for each Mpro-peptide complex and is shown as the average (±SEM) of all replicas.
(B) The barplot shows the change of the active site volume of both Mpro protomers (chain A
and chain B) upon inhibitor binding as the deviation of the averaged volume of each replica run
from that of the unbound (apo) Mpro simulation in percent ((Volcomplex–Volapo)/Volapo). For the
competitive inhibitors (3CVL(ri)-2 and 3CVL(ri)-7), the chain A bar includes the volume displaced
by the peptide to compare their occupation potential.

Figure A23.: Co-crystallized Mpro substrate peptides. Co-crystal structures of peptides corre-
sponding to the non-structural cleavage sites nsp4/5–nsp15/16 (m01–m11) bound to the active site
of Mpro, as reported by Shaqra et al. [290]. Superimposed peptide structures are displayed as sticks
in distinct colors. The Mpro structure is shown as a surface representation, with binding subsites
S4–S10 annotated. The one-letter amino acid sequence and PDB ID of each substrate are listed
on the right. Blue and grey letters indicate unresolved side chains or fully unresolved residues,
respectively. The missing m03 (nsp6/7) and m10 (nsp14/15) structures could not be resolved.
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Figure A24.: Binding affinities of L- and Dri-peptides m01–m11 with Mpro estimated by
Docking and MD simulations. (A) The L- and Dri-peptides (m01–m11) were docked against the
active site of Mpro using ADCP and the re-scored docking scores are shown for each individual
peptide. (B) The Mpro-peptide models derived from docking were simulated for 100 ns and DGbind
was computed using the molecular mechanics Poisson–Boltzmann surface area (MM/PBSA)
method. The horizontal black lines indicate the mean of all 11 substrate.
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Figure A25.: Electrostatic potential surface of Mpro and PLpro. The electrostatic potential
surface (EPS) was computed for (A) the crystal structure of Mpro bound to nsp4/5 (m01) and (B)
the AlphaFold 3 (AF3)-predicted PLpro structure in complex with p02 (8 amino acids). Red and
blue indicate negatively and positively charged areas on the protease surface, respectively. The
peptide structures are displayed as sticks, with peptide positions (P and P0) marked. The arrow
indicates the negatively charged cavity within the PLpro binding site.
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Figure A26.: Comparison of two PLpro crystal structures and their suitability as receptors for
peptide docking. PLpro in complex with inhibitors (A) XR8-89 (PDB: 7LBR) and (B) VIR251
(PDB: 6WX4). PLpro is shown as a white surface, with the catalytic site (Cys111, His272, and
Asp286) highlighted in pink. Inhibitors are shown as sticks. Cyan arrows indicate the tunnel subsite
that usually accommodates the GG part of the LXGG substrate binding motif.
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Figure A27.: Solutions for PLpro–peptide complex generation with L- and Dri-peptides via
a consensus docking approach. (A) Affinities (kcal/mol) of re-scored docking solutions for L-
and Dri-peptides of different lengths docked against PLpro using ADCP. (B) interface predicted
Template Modeling score (ipTM) values indicating the confidence of AF3 complex predictions for
PLpro with L-substrates p01–p03 at different peptide lengths. (C) AF3-predicted PLpro–peptide
complexes (8-residue L-peptides p01–p03) with the protease surface in white and peptides as sticks,
color-coded by predicted Local Distance Difference Test (pLDDT) from blue (low confidence) to
red (high confidence). (D) Re-scored docking poses of Dri-peptides with the protease surface in
white and peptides as sticks. Amino acid sequences of the peptides are shown above each complex
representation.
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Figure A28.: Stability and flexibility of L- and Dri-peptides in complex with PLpro during MD
simulations. The (A) RMSD and (B) root mean square fluctuation (RMSF) was computed for the
heavy atoms of the L- and Dri- substrate peptides (p01–p03), simulated for 100 ns in complex with
PLpro. (A) The vertical dashed line indicates the time (20 ns), after which the peptide conformations
exhibit mostly stable RMSD values. (B) The RMSF is displayed for the peptide positions P6–P20

with the horizontal dashed line at 2 Å and the vertical dashed lines marking the binding motif
LXGG (P4–P1).
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Figure A29.: Substrate peptides p01 and p03 forming hydrogen bonds with PLpro. The
structure of the most populated conformation of the simulations with (A) L-p01 (46 % sampled) and
(B) L-p02 (99 % sampled) are shown in complex with PLpro. The peptide structures are displayed
as sticks in (A) purple and (B) pink. PLpro residues forming hydrogen bonds with the peptides are
shown as white sticks, with hydrogen bonds displayed as cyan dotted lines.

Figure A30.: Stability and flexibility of peptide inhibitors p12–p16 in complex with Mpro

during MD simulations. The RMSD and RMSF was computed for the heavy atoms of the peptides
p12–p16, simulated for 100 ns in complex with Mpro. The per-residue RMSF is displayed for the
peptide positions P6–P60.
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Figure A31.: Binding free energy decomposition and structural flexibility of the Mpro in-
hibitors 3CVL(ri). The per-residue decomposition of the binding free energy (DG) is shown for
run1–3 (top to bottom) of the 3CVL(ri) inhibitors in complex with Mpro (grey bars). The RMSF of
each residue is depicted as the blue line on the secondary axis. From left to right, the sequences of
3CVL and 3CVLri peptides are displayed from N- to C-terminus. The pink vertical array marks the
peptide bond between P1/P10 or P10/P1 depending on the orientation of the peptide in the binding
site. Above the plots, the total DG of the peptide is indicated.
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Figure A32.: Stability of the peptide designs a01–a21 and b01–b07 from strategy II in complex
with Mpro during MD simulations. The RMSD was computed for the heavy atoms of (A) the
a-designs and (B) b-designs that were simulated 100 ns in complex with Mpro.

Figure A33.: Stability and flexibility of the peptide designs c01–c07 from strategy III in
complex with Mpro during MD simulations. The RMSD and RMSF was computed for the heavy
atoms of the peptide designs c01–c07, simulated for 100 ns in complex with Mpro. The per-residue
RMSF is displayed for the peptide positions P4–P40.
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Figure A34.: CDSM with MD simulations of PLpro in complex with p01–p03. The 100 ns MD
simulations of PLpro in complex with the substrate peptides (A) p01, (B) p02 and (C) p03 were used
as input for CDSM using five snapshots each. The DDG values for each peptide position of P6–P20

and substitution are shown. The respective standard error of the mean (SEM) was determined
across the five snapshot simulations. When the parent residue matches the mutated amino acid, the
field is marked by a black frame.

Figure A35.: Stability and flexibility of the peptide designs z04–z08 from strategy III in
complex with PLpro during MD simulations. The (A) RMSD and (B) RMSF was computed for
the heavy atoms of the z04–z08 peptide designs that were simulated 100 ns in complex with PLpro.
The RMSF is displayed for the peptide positions P6–P20. The arrows indicate low (blue) and high
(violet) flexibility for the N-terminal P6–P5 positions in z07 and z08, respectively.
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Figure A36.: SDS-PAGE with samples from the production steps of natural Mpro. (A) After
expression in E. coli BL21(DE3) the His-tagged Mpro (His6–Mpro) was purified by immobilized
metal ion affinity chromatography (IMAC). The rows in the SDS gel from left to right contain CE:
cell extract, SF: soluble fraction, TF: through-flow, WF: wash fraction, E: elution fraction. The
purified His-tagged Mpro (His6–Mpro) is marked in the elution fraction. (B) To obtain natural Mpro

(natMpro), the His6–Mpro was digested with TEV protease. To separate natMpro from the His-tagged
Mpro and TEV protease, IMAC was applied. The rows in the SDS gel from left to right contain C:
a control fraction without TEV protease, D: digestion fraction, TF: through-flow, and E: elution.
The TF and E fractions were rebuffered and concentrated (conc.). The rebuffered TF fraction was
concentrated to 2.5 mL with a final protease concentration of 0.59 mg/mL. (C) PLpro was expressed
in E. coli BL21(DE3) followed by purification via IMAC. The SDS gel shows the purified PLpro in
the rebuffered elution fraction (rE) with a final concentration of 0.54 mg/mL.

Figure A37.: Hydrogen bond existence for all Mpro peptide designs tested experimentally.
The hydrogen bond (H-bond) existence between each peptide design and Mpro is shown for each
peptide position (P4-P40), and is further divided into mainchain (MC) hydrogen donor (nitrogen,
N), hydrogen acceptor (oxygen, O) and variable sidechain (SC) hydrogen donors/acceptors. From
left to right, the amino acid sequence of each peptide is displayed from N- to C-terminus. The
existence is considered 100 % if at least one H-bond was detected for the respective peptide group
in all analysed frames of the MD simulation.

191



A Appendix

Figure A38.: Docking solutions of PSMA-GCK01 (2). The structure of PSMA-GCK01 was
docked to PSMA (PDBs: 5O5T) using AutoDockFR (ADFR). Re-scored top-ranked docking poses
are shown for hydration levels 0–4, with the docking scores provided below. For reference, the
co-crystallized ligand structure of PSMA-1007 is displayed on the left including labeled binding
subsites (Fig. 5.4).

Figure A39.: Docking solutions of PSMA-BB. The ligand PSMA-BB was docked to both PSMA
structures (PDBs: 8BOW and 5O5T) using ADFR. Re-scored top-ranked docking poses and
scores are shown for hydration levels 0–4. For reference, the co-crystallized ligand structures of
PSMA-617 and PSMA-1007 are displayed on the left. Arrows indicate the naphthyl group at the
S1 lipophilic subsite. The pose selected for MD simulations is highlighted in green.
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Figure A40.: Docking solutions of DCFPyL. The ligand DCFPyL was docked to both PSMA
structures (PDB: 8BOW and 5O5T) using ADFR. Re-scored top-ranked docking poses and scores
are shown for hydration levels 0–4. For reference, the co-crystallized ligand structures of PSMA-617
and PSMA-1007 are displayed on the left. The pose selected for MD simulations is highlighted in
green.

Figure A41.: Docking solutions of PSMA-11. The ligand PSMA-11 was docked to both PSMA
structures (PDB: 8BOW and 5O5T) using ADFR. Re-scored top-ranked docking poses and scores
are shown for hydration levels 0–4. Docking scores are provided below each pose. For reference,
the co-crystallized ligand structures of PSMA-617 and PSMA-1007 are displayed on the left. The
pose selected for MD simulations is highlighted in green.
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Figure A42.: Docking solutions of PSMA-I&T. The ligand PSMA-I&T was docked to both
PSMA structures (PDB: 8BOW and 5O5T) using ADFR. Re-scored top-ranked docking poses and
scores are shown for hydration levels 0–4. For reference, the co-crystallized ligand structures of
PSMA-617 and PSMA-1007 are displayed on the left. The pose selected for MD simulations is
highlighted in green.

Figure A43.: Docking solutions of rhPSMA-7. The structure of rhPSMA-7 was docked to both
PSMA structures (PDB: 8BOW and 5O5T) using ADFR. Re-scored top-ranked docking poses and
scores are shown for hydration levels 0–4. Docking scores are provided below each pose. For
reference, the co-crystallized ligand structures of PSMA-617 and PSMA-1007 are displayed on the
left. The pose selected for MD simulations is highlighted in green.
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Figure A44.: Additional S1 lipophilic pocket (Arginine-patch pocket) addressed by PSMA
inhibitor DCIBzL. The PSMA crystal structures co-crystallized with PSMA-617 (PDB: 8BOW),
PSMA-1007 (PDB: 5O5T) and DCIBzL (PDB: 3D7H) aligned by Ca atoms using PyMOL[240].
(A) Superimposed stick models of PSMA-617, PSMA-1007, and DCIBzL. (B) PSMA surface
around the iodobenzene moiety of DCIBzL in 5O5T (top left), 8BOW (top right), and 3D7H
(bottom right), with all three inhibitors and PSMA structures combined (bottom left). The pocket
harboring the iodobenzene moiety in 3D7H is absent in 5O5T and 8BOW. (C) Stick representation
of PSMA residues surrounding the S1 pocket show that the pocket is formed through a 2 Å shift of
the R463 sidechain.

Figure A45.: The remote arene binding site accessed by PSMA-1007. The PSMA crystal
structure co-crystallized with PSMA-1007 (PDB: 5O5T) is displayed as (A, B) side and (C, D) top
views, focusing on the remote arene binding site accommodating the ligands 6-fluoronicotinic acid
(FNA) moiety. PSMA-1007 is shown as sticks (yellow), while the protein and pocket-surrounding
residues are depicted as cartoon and sticks (A, C) or as a surface (B, D).
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Figure A46.: Flexibility and interaction pattern of PSMA-617. The PSMA crystal struc-
ture (PDB: 8BOW) co-crystallized with non-labeled PSMA-617 (A) and its Ga-labeled analog
(B)—obtained by replacing the chelator with a Ga(III) 1,4,7,10-tetraazacyclododecane-1,4,7,10-
tetraacetic acid (DOTA) crystal structure (violet)—were used as starting structures for 100 ns MD
simulations. The predominant ligand conformations of the non-labeleld (26 %) and the Ga-labeled
ligand (54 % sampled) were identified through RMSD-based clustering. The RMSF is represented
by a color shift ranging from rigid (green) to flexible (pink). The per-residue DGbind decomposition
is displayed for the PSMA binding site residues defined by their presence of at least 80 % within
3.5 Å of all modeled PSMA ligands.
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Figure A47.: Flexibility and interaction pattern of PSMA-1007. The PSMA crystal structure
co-crystallized with PSMA-1007 (PDB: 5O5T) was used as starting structure for a 100 ns MD
simulation. The predominant ligand conformation (93 % of the simulation) was identified through
RMSD-based clustering. Ligand flexibility, as assessed by RMSF, is represented by a color shift
ranging from rigid (green) to flexible (pink). The per-residue DGbind decomposition is displayed
for the PSMA binding site residues defined by their presence of at least 80 % within 3.5 Å of all
modeled PSMA ligands.

Figure A48.: Flexibility and interaction pattern of PSMA-BB. The top-ranked docking pose of
PSMA-GCK01 from level 2, illustrated on the left, was used as the starting structure for a 100 ns
MD simulation in complex with PSMA (PDB: 8BOW). The predominant ligand conformation
(50 % of the simulation) was identified through RMSD-based clustering. Ligand flexibility, as
assessed by RMSF, is represented by a color shift ranging from rigid (green) to flexible (pink). The
per-residue DGbind decomposition is displayed for the PSMA binding site residues defined by their
presence of at least 80 % within 3.5 Å of all modeled PSMA ligands.
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Figure A49.: Flexibility and interaction pattern of DCFPyL. The top-ranked docking pose of
DCFPyL from level 3, illustrated on the left, was used as the starting structure for a 100 ns MD
simulation in complex with PSMA (PDB: 8BOW). The predominant ligand conformation (63 % of
the simulation) was identified through RMSD-based clustering. Ligand flexibility, as assessed by
RMSF, is represented by a color shift ranging from rigid (green) to flexible (pink). The per-residue
DGbind decomposition is displayed for the PSMA binding site residues defined by their presence of
at least 80 % within 3.5 Å of all modeled PSMA ligands.

Figure A50.: Flexibility and interaction pattern of PSMA-11. The top-ranked docking pose
of PSMA-11 from hydration level 3, illustrated on the left, was used as the starting structure
for a 100 ns MD simulation in complex with PSMA (PDB: 8BOW). The predominant ligand
conformation (43 % of the simulation) was identified through RMSD-based clustering. Ligand
flexibility, as assessed by RMSF, is represented by a color shift ranging from rigid (green) to flexible
(pink). The per-residue DGbind decomposition is displayed for the PSMA binding site residues
defined by their presence of at least 80 % within 3.5 Å of all modeled PSMA ligands.

198



A.1 Supplementary Figures

Figure A51.: Flexibility and interaction pattern of PSMA-P&T. The top-ranked docking pose of
PSMA-P&T from level 4, illustrated on the left, was used as the starting structure for a 100 ns MD
simulation in complex with PSMA (PDB: 8BOW). The predominant ligand conformation (18 % of
the simulation) was identified through RMSD-based clustering. Ligand flexibility, as assessed by
RMSF, is represented by a color shift ranging from rigid (green) to flexible (pink). The per-residue
DGbind decomposition is displayed for the PSMA binding site residues defined by their presence of
at least 80 % within 3.5 Å of all modeled PSMA ligands.

Figure A52.: Per-residue DGbind decomposition of PSMA–ligand MD simulations. For each
PSMA–ligand MD simulation, the per-residue decomposition of DGbind, ranging from �100 to
+100 kcal/mol, is shown for the binding site residues, which are categorized based on their location
within the binding site: the S10 glutamate pocket (S10), the active site (including residues interacting
with the urea moiety of the ligand, labeled ACTIVE), the S1 arginine patch (S1), the S1 lipophilic
region (LIPOPHIL), the linker-surrounding area (LINKER), the arene binding pocket (ARENE),
and the entrance of the binding funnel (ENTRANCE). Amino acid side chains are color-coded by
property: non-polar (yellow), polar (green), basic (blue), and acidic (red). Aromatic residues are
highlighted with a purple dot.
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ABSTRACT: During the replication process of SARS-CoV-2, the main protease of the virus [3-
chymotrypsin-like protease (3CLpro)] plays a pivotal role and is essential for the life cycle of the
pathogen. Numerous studies have been conducted so far, which have confirmed 3CLpro as an
attractive drug target to combat COVID-19. We describe a novel and e)cient next-generation
sequencing (NGS) supported phage display selection strategy for the identification of a set of
SARS-CoV-2 3CLpro targeting peptide ligands that inhibit the 3CL protease, in a competitive or
noncompetitive mode, in the low μM range. From the most e)cient L-peptides obtained from the
phage display, we designed all-D-peptides based on the retro-inverso (ri) principle. They had IC50
values also in the low μM range and in combination, even in the sub-micromolar range.
Additionally, the combination with Rutinprivir decreases 10-fold the IC50 value of the competitive
inhibitor. The inhibition modes of these D-ri peptides were the same as their respective L-peptide
versions. Our results demonstrate that retro-inverso obtained all-D-peptides interact with high
a)nity and inhibit the SARS-CoV-2 3CL protease, thus reinforcing their potential for further
development toward therapeutic agents. The here described D-ri peptides address limitations associated with current L-peptide
inhibitors and are promising lead compounds. Further optimization regarding pharmacokinetic properties will allow the
development of even more potent D-peptides to be used for the prevention and treatment of COVID-19.

1. INTRODUCTION
The spread of Coronavirus disease 2019 (COVID-19) caused by
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-
2), with increasing levels of infectivity and transmissibility, has
strained human health and public safety worldwide.1 By May
2022, the COVID-19 pandemic has resulted in more than 524
million confirmed cases and more than 6.2 million confirmed
deaths, according to the World Health Organization (WHO).2
To date, vaccination is considered the key strategy for ending the
pandemic3 and the worldwide vaccination campaign using
clinical safe and e)cient vaccines against SARS-CoV-2 have
controlled the number of death. However, not yet the spread of
the diseases.4−7 So far, more than 11.8 billion vaccine doses have
been administered.2 Remdesivir, Dexamethasone, Favipiravir,
Lopinavir/Ritonavir, Nirmatrelvir/Ritonavir (Main protease
inhibitor), and Darunavir have been approved for emergency
use to inhibit SARS-CoV-2 infection and replication.8−12 Given
a considerable limitation of direct-acting antivirals for COVID-
19 and an increasing presence of SARS-CoV-2 variants
(B.1.1.529, B.1.617.2, B.1.1.7, B.1.351, A.23.1, B.1.525,
B.1.526 and P.1),13 it remains a strategic priority to develop
new drug candidates with minimal side e]ects and also targeting
the new variants.
For the expression and replication of the CoV gene, proteases

play essential roles involving the proteolytic processing of
replicase polyproteins, which makes them attractive targets for
drug development.14,15 The main protease, also called 3CL
protease (3CLpro), is the 3-chymotrypsin-like cysteine protease

that features a His41-Cys145 catalytic dyad. A glutamine (Gln)
residue is commonly located at the P1 site on the protease
substrate. No known human cysteine protease cleaves after Gln,
thus o]ering potential selectivity for this viral target over human
proteases.16,17 Viral proteases have been attractive targets for
oral small-molecule therapies in treating HIV and HCV.18,19
The use of SARS-CoV-2 3CLpro as a drug target has several
advantages over other virus proteins: (i) its essential role in the
viral replication process, (ii) its potential for mechanistic safety,
and (iii) the expected lack of variant resistance challenges.8
3CLpro inhibition represents an attractive approach for a safe and
orally available antiviral therapy to treat COVID-19.
Drugs are conventionally classified into two molecule weight

classes: “small-molecule” drugs (<500Da) and protein/peptide-
based drugs (>1000 Da).20 Besides the obvious advantages of
small molecules like favorable oral bioavailability and a rational
design,21 they often have low target selectivity, ultimately
resulting in side e]ects. In comparison, peptides were often
neglected as potential molecules for drug development, despite
binding to their target proteins with high a)nity and specificity.
They are smaller than proteins and can be obtained synthetically

Received: September 22, 2022
Accepted: December 1, 2022
Published: January 17, 2023

Articlespubs.acs.org/acschemicalbiology

© 2023 The Authors. Published by
American Chemical Society

315
https://doi.org/10.1021/acschembio.2c00735

ACS Chem. Biol. 2023, 18, 315−330

D
ow

nl
oa

de
d 

vi
a 

78
.3

4.
15

4.
22

0 
on

 A
pr

il 
14

, 2
02

4 
at

 1
6:

05
:3

2 
(U

TC
).

Se
e 

ht
tp

s:
//p

ub
s.a

cs
.o

rg
/s

ha
rin

gg
ui

de
lin

es
 fo

r o
pt

io
ns

 o
n 

ho
w

 to
 le

gi
tim

at
el

y 
sh

ar
e 

pu
bl

is
he

d 
ar

tic
le

s.



by well-established and cost-e)cient methods.22 The disadvan-
tages of peptide drugs are their potential immunogenicity and
low bioavailability due to degradation and short half-lives.
Several approaches have been developed to approach these
problems. D-Enantiomeric amino acid residues e]ectively
enhance the resistance to degradation since most proteolytic
enzymes have substrate specificity for L-peptide bonds, allowing
oral administration of D-enantiomeric peptides.23,24 Further-
more, all-D-peptides are less immunogenic.25
Several studies described the development of the first all-D-

peptide designed to treat Alzheimer’s disease, and it proved to be
e)cient in animal models and safe in humans.26−28 In the case of
SARS-CoV-2, several studies describe the identification of D-
peptide inhibitors against SARS-CoV-2 Spike protein and
3CLpro.29−32 Of particular interest are all-D-peptides composed
of D-amino acid residues. However, many peptide-based drug
development strategies, like phage display selection, end up with
L-peptides. So-called D-retro-inverso (D-ri) peptides are
composed solely of D-amino acid residues in the reverse
sequence of their parental L-peptide (Figure 1). Such a peptide
assembled in reversed sequence from D-amino acid residues will
have almost the same structure, stability, and bioactivity as its
parent peptide made of L-amino acid residues, but with the
advantage of being more resistant to proteolytic degradation.
This combination makes D-ri peptides attractive drug
candidates.33 The overall orientation of the side chains of the
D-ri peptides is very similar to the original L-peptides, which,
however, does not lead to perfect D-ri peptides, which is
undoubtedly one reason why the retro-inverso approach was not
successful in every case.34−36

However, in this paper, we demonstrate the inhibition
potential of L-peptides selected using phage display targeting
SARS-CoV-2 3CLpro. Subsequently, its retro-inverso versions
were explored, also in combination.

2. RESULTS
2.1. Characterization of SARS-CoV-2 3CLpro Inhibition

by L- and D-Retro-Inverso Peptides. All experiments were
performed with recombinant produced SARS-CoV-2 3CLpro

protein (Supporting Information, Figure S1). To select binding
L-peptides to the 3CLpro, M13 phage display selection was
performed (Figure 2A). Detailed information about the phage
display process is described in Supporting Information, Text S1,
Figures S2 and S3, and Tables S1−S3. To verify whether the
selected peptides showed inhibition toward the target protein,
they were primary tested using a final concentration of 10 μMof
each peptide, separately, in an enzyme-based fluorescence assay
(Figure 2B). With more than 60% inhibition, the peptides
3 CV L - 2 ( S PHGWP SQ S I E VQPQW) , 3 CV L - 4
(AHEGWTWDWTPQYSWK), and 3CVL-7 (TVAPLHA-
HYWDVEERH) were selected for further analysis (Figure
2C−E). Concerning their potential to inhibit 100% of the
protease activity, determination of the IC50 was performed using
0−140 μM (3CVL-2), 0−120 μM (3CVL-4), and 0−100
(3CVL-7). The 3CVL-2 at a final concentration of 140 μM
showed 100% inhibition of the protease (Supporting Informa-
tion, Figure S4A) with a calculated IC50 value of 4.90 ± 0.8 μM
(Table 1 and Figure 2C). In a similar concentration range, the
tested 3CVL-4 inhibited 100% of the protease activity at a final
concentration of 120 μM (Supporting Information, Figure
S4C), presenting an IC50 value of 2.44 ± 0.6 μM (Table 1 and
Figure 2D). The selected peptide 3CVL-7 performs even better
and inhibits 100% of the recombinant SARS-CoV-2 protease
activity at a final concentration of 80 μM (Supporting
Information, Figure S4E) with an IC50 value of 0.98 ± 0.2 μM
(Table 1 and Figure 2E). Further inhibition mode assays
identified 3CVL-2 and 3CVL-7 as competitive inhibitors. These
peptides compete with the substrate for the active and/or
binding sites of the protease (Supporting Information, Figure
S4B,F). Remarkably, the inhibition mode has shown that 3CLpro

can be allosterically inhibited by 3CVL-4, which discloses a

Figure 1. Schematic overview of the investigated D-ri peptides and their mother L-peptides.

ACS Chemical Biology pubs.acs.org/acschemicalbiology Articles

https://doi.org/10.1021/acschembio.2c00735
ACS Chem. Biol. 2023, 18, 315−330

316



noncompetitive inhibition mode (Supporting Information,
Figure S4D).
To improve the poor proteolytic stability of L-enantiomeric

peptides without losing a)nity and binding specificity to their
target protein, the peptides 3CVL-2, 3CVL-4, and 3CVL-7 were
synthesized in retro-inverse D-enantiomeric (D-ri) form and
designated as 3CVLri-2, 3CVLri-4, and 3CVLri-7, respectively.
Glycine does not have a chiral center that was the reason that the
D-ri peptides have identical amino acid sequences, except for
glycine, which was replaced by alanine. Additionally, an arginine
was added to the C-termini of each D-ri peptide to increase the
permeability of the peptides. The representative scheme is
shown in Figure 3A,B.

Like the L-peptides, the D-ri-peptides were tested using a
concentration range of up to 140 μM (3CVLri-2 and 3CVLri-4)
and up to 100 μM (3CVLri-7), which showed 100% inhibition
of the protease by the corresponding used final concentration
(Supporting Information, Figure S5A,C,E). Based on the
enzymatic assay, the IC50 values were determined for each D-ri
peptide, displaying for 3CVLri-2 (9.09 ± 0.5 μM), 3CVLri-4
(5.36 ± 1.7 μM) and 3CVLri-7 (1.57 ± 0.2 μM) an increase of
the IC50 values of about 2-fold compared to the L-peptides
(Figure 3C−E and Table 2). The mode of inhibition of the D-ri
peptides was maintained, displaying a competitive mode of
3CLVri-2 and -7 and an allosteric mode of inhibition for
3CVLri-7 (Supporting Information, Figure S5B,D,F). A
sequence analysis between the preferred 3CLpro cleavage
sequence pattern at the substrate-binding site and the identified
inhibitors demonstrated that the competitive inhibitors have a
higher similarity (ranging from 62.5 to 12.5%) compared to the
noncompetitive inhibitors (no similarity) (Supporting Informa-
tion, Figure S6).

2.2. Competitive and Noncompetitive D-Retro-Inverso
Peptides Act Cooperatively to Inhibit SARS-CoV-2
3CLpro. To presume the e]ect of the competitive (3CVLri-2

Figure 2. Phage display scheme and screening of phage display L-peptides against SARS-CoV-2 3CLpro activity. (A) Schematic diagram of the phage
display process. (B) Primary screen of the 11 selected peptides (10 μM) against SARS-CoV-2 3CLpro activity. 3CVL-2, 3CVL-4, and 3CVL-7 inhibit
the virus protease activity by more than 60%. (C−E) Selected peptide inhibiting SARS-CoV-2 3Lpro. Dose−response curves for IC50 values of 3CVL-2
(C), 3CVL-4 (D), and 3CVL-7 (E) were determined by nonlinear regression. Data shown are the mean ± standard deviation (SD) from three
independent measurements (n = 3). Asterisks mean that the data di]er from the control (0 μM inhibitor) significantly at p < 0.05 (*), p < 0.01 (**),
and p < 0.001 (***) levels according to analyses of variance (ANOVA) and Tukey’s test.

Table 1. Summary of the SARS-CoV-2 3CLpro Inhibition
Experiments by 3CVL-2, -4, and -7

peptide IC50 (μM) inhibition mode
3CVL-2 4.90 ± 0.8 competitive
3CVL-4 2.44 ± 0.6 noncompetitive
3CVL-7 0.98 ± 0.2 competitive
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and 3CVLri-7) and noncompetitive (3CVLri-4) D-retro-inverso
peptides, a combined inhibitory assay was performed (3VLri-2 +
3CVLri-4 and 3CVL-7 + 3CVL-4). Both peptides were mixed in
a 1:1 volume ratio and tested against the protease activity
(Figure 4).
The calculated IC50 values for the 3CVLri-2 + 3CVLri-4

combination and the 3CVLri-7 + 3CVLri-4 combination were
0.87 ± 0.3 and 0.39 ± 0.1 μM (Figure 4A,B).

2.3. Cooperative Inhibition of SARS-CoV-2 3CLpro by
Rupintrivir and 3CVLri-4. Rupintrivir is a known inhibitor of
the 3C cysteine protease family but showed a weak inhibitory
potential against the SARS-CoV-2 3CLpro.37−39 The determined
IC50 value for Rupintrivir was 109 ± 14.40 μM (Figure 5A) and
is in agreement with published data.34,35 The IC50 value for the
Rupintrivir/3CVLri-4 combination was 15.10 ± 1.60 μM
(Figure 5B).

2.4. Binding Aınities of Selected 3CLproL- and D-
Peptide Inhibitors. The interaction kinetics of 3CVL-2, -4,
and -7 with 3CLpro and its D-ri form was determined using
surface plasmon resonance (SPR) experiments. 3CLpro was
immobilized via covalent primary amino group coupling, and
3CVL and 3CVLri peptides were injected as analytes.
Supporting Information Figures S9 and S10 show the SPR
sensorgrams for 3CVL peptides at assay concentrations of 50,

Figure 3. Principle for obtaining D-retro-inverso peptides and inhibitory e]ect against SARS-CoV-2 3CLpro activity. (A) Schematic diagram of D-retro-
inverso (D-ri) peptides. (B) Sequences of 3CVLri-2, -4, -7 and their mother L-peptides. In the D-ri peptides, glycine (G) was replaced by alanine (a).
(C−E) All-D-ri peptides inhibit SARS-CoV-2 3CLpro activity. Dose−response curves for IC50 values of 3CVLri-2 (C), 3CVLri-4 (D), and 3CVLri-7
(E) were determined by nonlinear regression. Data shown are the mean ± SD from three independent measurements (n = 3).

Table 2. Summary of the SARS-CoV-2 3CLpro Inhibition
Experiments by 3CVLri-2, -4 and -7

peptide IC50 (μM) inhibition mode
3CVLri-2 9.09 ± 0.5 competitive
3CVLri-4 5.36 ± 1.7 noncompetitive
3CVLri-7 1.57 ± 0.2 competitive

Figure 4. SARS-CoV-2 3CLpro inhibition by a combination of competitive and noncompetitive D-retro-inverso peptides simultaneously. Dose−
response curves for IC50 values of the combination were determined by nonlinear regression. Data shown are the mean ± SD from three independent
measurements (n = 3). The corresponding normalized activity and inhibition plots of SARS-CoV-2 3CLpro under the influence of the combined
peptides are shown in the Supporting Information, Figure S7. (A) Dose−response curve of the 3CVLri-2 + 3CVLri-4 combination. (B) Dose−
response curve of the 3CVLri-7 + 3CVLri-4 combination.
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25, 12.5, 6.25, 3.12, 1.56, 0.78, and 0.39 μM on 3CLpro

immobilized on the CM5 sensor chip. The fit for the competitive
inhibitors was made using a heterogeneous ligand model in
which the two binding sites on the dimer are assumed to behave
di]erently, as described for the 3CLpro dimer active sites.40−42

The fit for the noncompetitive inhibitor was made using a 1:1
stoichiometric kinetic fitting.
Heterogeneous ligand fitting revealed dissociation constants

from the low μM to low nM range for the higher a)ne binding
site. Global 1:1 fitting showed dissociation constants in the low
μM range (Supporting Information, Figures S9 and S10 and
Table 3).

The binding kinetic parameters of the association rate ka,
dissociation rate kd, and dissociation constant KD (kd/ka) for the
interaction of 3CLpro with peptides 3CVL-2, -4, -7, and 3CVLri-
2, -4, and -7 are shown in Supporting Information, Figures S9
and S10.
2.5. 24 h Stability and Promiscuous Assays of 3CVLri

Peptides. Peptide-based inhibitors targeting active proteolytic
proteases can lose their inhibitory e]ect over time. Based on our
focus, the retro-inverso peptides were tested regarding their
stability over 24 h. The results demonstrated a constant
inhibition of SARS-CoV-2 3CLpro over time, showing that the
peptides are not prone to the 3CL protease digestion
(Supporting Information, Figure S11). Furthermore, a deter-
gent-based control was carried out to exclude peptide inhibitors
that possibly act as an aggregator of 3CLpro, so-called
“promiscuous” inhibitors. The experiment was performed by
adding 0.001, 0.01, and 0.1% of Triton X-100 detergent to the
reaction. Suppose that a molecule exhibits significant inhibition
of 3CLpro, but this is diminished by detergent; it may act as an
aggregation-based inhibitor. This was not observed for the
tested 3CVLri peptides (Supporting Information, Figure S12).

2.6. Metabolic Stability of 3CVLri Peptides. To
investigate the 3CVLri-2, 3CVLri-4, and 3CVLri-7 peptides’
resistance against enzymatic degradation, the peptides were
incubated in media simulating the gastrointestinal tract, blood,
and liver, and the unmetabolized peptides were quantified by
reversed-phase high-performance liquid chromatography (RP-
HPLC). In simulated gastric fluid (SGF), the resistance of
3CVLri-2, 3CVLri-4, and 3CVLri-7 was monitored over 8 h.
The results showed that the 3CVLri-4 and -7 peptides are
relatively stable (≥80 ± 3%) within 8 h. In contrast, 3CVLri-2
was remarkably metabolized (∼75 ± 2%) (Figure 6A). The
resistance of the D-ri peptides was also investigated using a
simulated intestinal fluid (SIF). The peptides 3CVLri-2 and
3CVLri-4 remained rather stable over the selected time (≥90 ±
1.5%), as well as 3CVLri-7 (≥85 ± 5%) (Figure 6B). In human
plasma, the stability of 3CVLri-2 and 3CVLri-7 was monitored
for 48 h, with approximately 5% being metabolized (≥95 ±
4.5%). In contrast, the 3CVLri-4 showed about 21 ± 5.6% of
degradation within 48 h (Figure 6C). Furthermore, human liver
microsomes were monitored for 24 h, and 3CVLri-2 and
3CVLri-7 were about 5 ± 1.1% metabolized. However, 3CVLri-
7 was almost 50%metabolized (≥45± 3.7%) in the same period
(Figure 6D). The corresponding HPLC profiles of the stability
tests are shown in Supporting Information, Figures S13−S16.

2.7. In Silico Structural Properties of 3CVL and 3CVLri
Peptides and Their Similar Interaction Mode with SARS-
CoV-2 3CLpro. Protease-peptide docking and subsequent
molecular dynamics (MD) simulations were performed to
investigate the possible binding interface between 3CLpro-L and
D-ri-peptide complexes. The secondary structure of the three-
dimensional (3D)models of the L-peptides (3CVL-2, -4, and -7)
and their D-ri counterparts corroborates with circular dichroism
(CD) spectroscopy results.
The models are supported by the results of the inhibition

assay. The inhibition mode assay identified two peptides as
competitive inhibitors, which requires interaction in the active
site and/or in the substrate-binding site. Another peptide was
identified as a noncompetitive inhibitor, which requires
interaction with an allosteric site. Indeed, the two competitive
inhibitors docked in the active site formed a very stable
interaction during the MD simulations. The noncompetitive
inhibitor was docked in an allosteric site, which was described
previously and showed a stable interaction through MD
simulation.
During the 1 μs MD simulations of the unbound peptides,

they mainly contained a random coiled secondary structure.
However, the L- and D-ri-3CVL-4 peptides also frequently
formed an α-helix (Supporting Information, Figure S17A−C).

Figure 5. SARS-CoV-2 3CLpro inhibition by Rupintrivir and Rupintrivir/3CVLri-4 combination. Dose−response curves of the IC50 values were
determined by nonlinear regression. Data shown are the mean ± SD from three independent measurements (n = 3). The corresponding normalized
activity and inhibition plots of SARS-CoV-2 3CLpro under the influence of the combined peptides are shown in Supporting Information, Figure S8. (A)
Dose−response curve of Rutinprivir. (B) Dose−response curve of the Rutinprivir/3CVLri-4 combination.

Table 3. KD Values Determined by SPR Experiments

heterogeneous ligand fitting

peptide KD1 KD2
3CVL-2 0.5 nM 6.5 μM
3CVL-7 1.8 μM 7.8 μM
3CVLri-2 46.8 μM 1.7 μM
3CVLri-7 2.4 nM 35 μM

1:1 ligand fitting

peptide KD

3CVL-4 5.1 μM
3CVLri-4 25.2 μM
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The atomic coordinates of SARS-CoV-2 3CLpro dimer (PDB
entry: 6M2N) and ten representative structures per peptide
from the peptide simulations were submitted for docking using
AutoDock Vina.43
The competitive peptides 3CVL-2/3CVLri-2 and 3CVL-7/

3CVLri-7 were docked into the active site and substrate-binding
site of the protease (Supporting Information, Table S4). The
noncompetitive peptides 3CVL-4 and 3CVLri-4 were docked in
a potential allosteric binding site (Supporting Information,
Table S4). Previous studies have indicated that only one active
site of the dimer is functional.40,42 Based on that information,
200 ns control MD simulation of the dimer without ligands was
performed to identify a potentially less stable protomer or
collapsing binding sites. Based on the volume of the active sites,
we did not identify any di]erences between both protomers
(Supporting Information, Figure S18). Therefore, we docked
the competitive peptides into the active site of chain A. After
docking, 100 ns MD simulations with 3 di]erent initial
structures of the 3CLpro/peptide complexes obtained from
docking were conducted to further assess their stabilities. The
initial structures were selected based on the calculated binding
free energy and the distance to the critical catalytic dyad residues
(Cys145 and His41). The flexibility of the peptides in complex
with the protease was monitored by calculating the root-mean-
square deviation (RMSD), root-mean-square fluctuations
(RMSF), and ΔH as the enthalpy of binding (Supporting
Information, Figures S19−S21). In all three simulations of each
3CLpro/peptide complex, the peptide maintained its overall
conformation in the binding pocket and no unbinding event was
detected. Representative structures for all three simulations of
each L- and D-ri-peptide are shown in Supporting Information,
Figures S22 and S23. To investigate the 3CLpro peptide
interactions in more detail, we selected one of the three MD
simulations per peptide based on several criteria, such as the
RMSD, RMSF, and the binding free energy, elongated the
simulations to 200 ns and conducted them in triplicate. Each
replica of the elongated simulations showed a stable interaction

between the L- and D-ri-3CVL peptides and their respective
binding site of the 3CLpro dimer throughout the simulation.
To identify the most popular binding modes sampled during

the elongated simulations, we applied conformational clustering
but considered only the nonflexible/interacting residues (RMSF
≤ 5 Å) of the peptides (Supporting Information, Figure S24).
Interactions between the residues of the peptides and the

protease were analyzed by calculating the minimum distance
between them for the first three clusters per complex (Table 4).

Analysis of the 3CLpro-peptide complexes provides valuable
information on the interaction interface similarities between
3CVL and 3CVLri peptides. Structural representation (Figure
7) demonstrated that 3CVL-2 extends along with S1′, S1, and S3
subpockets of the protease substrate-binding site (Figure 7A).
In contrast, the 3CVLri-2 interacts with the substrate-binding

site di]erently. However, it extends along with S1′, S1, S2, and
S3 (Figure 7B), which shows that one of the D-Gln residues of
the 3CVLri-2 is very well accommodated. The 3CVL-7 and
3CVLri-7 interaction areas comprise residues of the S1′, S1, S2
and S3 subsites (Figure 7C,D). The graphs in Figure 7 that show
the minimum distance between peptide and 3CLpro residues
reveal that all analyzed peptides formed several interactions with
3CLpro active/binding site residues. The localization in the
substrate-binding region of the 3CVL peptides and their D-ri
counterparts, even when it does not interact with the catalytic

Figure 6. Stability of 3CVLri-2, 3CVLri-4, and 3CVLri-7 peptides incubated in SGF, SIF, human plasma, and human liver microsomes. (A) SGF, (B)
SIF, (C) human plasma, and (D) human liver microsomes. Unmetabolized peptides were quantified by P-HPLC. The peak areas of the unmetabolized
peptides after di]erent incubation times were normalized to the peptides’ peak areas after direct extraction from the media. Data are presented as mean
± SD (n = 3).

Table 4. Summary of MD Simulation Triplicates Considering
Nonflexible/Interacting Residues of Peptides

peptide #cluster representative frames first 3 clusters (%)
3CVL-2 8 97
3CVL-4 12 88
3CVL-7 25 80
3CVLri-2 12 83
3CVLri-4 10 99
3CVLri-7 14 93
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dyad (His41 and Cys145), showed the potential to block the
entrance of the substrate.
To investigate the impact of the competitive inhibitors 3CVL-

2, 3CVLri-2, 3CVL-7, and 3CVLri-7, two-dimensional NMR
1H-15N correlation spectra of 100 μM 15N 3CLpro were
recorded in the presence of an equimolar amount of the
respective peptides (1:1 ratio). Supporting Information, Figure
S25A shows the reference spectrum of 15N 3CLpro in the
absence of the peptides. Spectral resonances are well resolved
and display the properties of a globular protein containing both
β-sheets and α-helices. Several other 15N 3CLpro resonances
appear in the presence of 3CVL-2 (orange spectrum) compared
to the reference spectrum (black) (Supporting Information,
Figure S25B). That could point either to a second 3CLpro

conformation becoming visible or previously invisible parts of
3CLpro becoming more dynamic and visible in the presence of
the peptide. The e]ect seems less intense for 3CVLri-2
(Supporting Information, Figure S25C, light blue spectrum).

The NMR spectra of 15N 3CLpro in the presence of 3CVL-7
(Supporting Information, Figure S26B) look very similar to
those for 3CVL-2; several new resonances of 15N 3CLpro appear
in the presence of 3CVL-7 and 3CVLri-7 (Supporting
Information, Figure S26B,C), indicating higher conformational
or overall dynamics.
Contrary, the noncompetitive inhibitors 3CVL-4 and

3CVLri-4 were docked in a suggested allosteric site at the
interface of the protomers. Structural representation of the
interfaces of 3CLpro in complex with the 3CVL-4 and 3CVLri-4
peptides are shown in Figure 8A,B.
Analysis of the distance between residues of the allosteric site

of each protomer demonstrated that several residues of both
protomer chains interact with the protease, in particular Lys12,
97, and 100 (Figure 8).
MD simulations of 3CVL-4 and 3CVLri-4 in a proposed

allosteric site showed that this interaction induces conforma-
tional changes in the protease’s active site.

Figure 7. Comparison of the competitive 3CVL and 3CVLri peptide inhibitors binding position in the 3CVLpro active and substrate-binding site.
3CLpro is shown in ribbon view: chain A (gray) and chain B (turquoise). The 3CVL (green) and 3CVLri (orange) peptides are shown as sticks. The
surface view demonstrates a preferred position of the peptide in the substrate-binding region, and the single subsites are marked by di]erent colors
(S1′: yellow; S1: blue; S2: pink; S3: red). The distance between the 3CLpro substrate-binding site residues and the peptides shows that active site
residues His41 and Cys145 are blocked by the inhibitors: (A) 3CVL-2, (B) 3CVLri-2, (C) 3CVL-7, (D) 3CVLri-7.
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Determination of B-chain active site volume demonstrates a
reduction compared to the control simulation due to the binding
of 3CVL-4 and 3CVLri-4, respectively (Figure 9A−C and
Supporting Information, Figure S27).
To determine the contribution of specific residues of the

3CVL and 3CVLri peptides to the interaction with 3CLpro we
performed a mutational analysis using alanine scanning. Alanine
mutations that result in positive ΔΔH values relative to the
parent structure suggest loss of binding, which indicates that the
mutated amino acid was involved in an overall favorable network
of electrostatic interactions. Mutations that result in negative
ΔΔH suggest gain of binding, which indicates that the mutated
amino acid was involved in an overall unfavorable network of
electrostatic interactions.

In the case of 3CVLri-2 and its parental L-peptide Gln9 and
Gln8, respectively, are important for the interaction with 3CLpro.
The Ser8 residue (Ser7 in the L-peptide) situated at the P2
position seems to have a weak e]ect on the interaction with
3CLpro (Supporting Information, Figure S28A). The glutamine
residues are in the P1 position of the peptides, as in the substrate
already described for the protease, the P2 site has a preference
for hydrophobic residues (Supporting Information, Figure S6).
Important residues in the interaction between 3CVLri-7
(3CVL-7) and 3CLpro are His9 (His6) and His11 (His8),
unfavorable residues are Asp6 (Asp11) and Ala10 (Ala7)
(Supporting Information, Figure S28A). In the case of the
noncompetitive inhibitors, 3CVLri-4 (3CVL-4), Trp8 (Trp9),
and Tyr4 (Tyr13) aremainly involved in the interaction with the
virus protease. Interestingly, Asp8 in the mother L-peptide

Figure 8. Comparison of the noncompetitive 3CVL-4 and 3CVLri-4 peptide inhibitors in a supposed 3CLpro allosteric site. 3CLpro is shown in ribbon
view, and each protomer is colored di]erently: chain A (gray) and chain B (turquoise). 3CVL (green) and 3CVLri (orange) peptides are shown as
sticks. The surface view demonstrates a preferred position of the peptide in the proposed allosteric site in a cleft between both protease protomers: (A)
3CVL-4 and (B) 3CVLri-4.
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(Supporting Information, Figure S28B) is unfavorable for the

interaction, but the corresponding residue in the D-ri peptide is

involved in the interaction with 3CLpro.

3. DISCUSSION AND CONCLUSIONS
Even with the development of several vaccines against SARS-
CoV-2, the development of suitable therapeutics against
COVID-19 is important since no causative therapy is known.

Figure 9. Comparison of the active site volumes of control and after binding of the noncompetitive 3CVL-4 and 3CVLri-4 peptide inhibitors in a
supposed 3CLpro allosteric site. 3CLpro is shown in surface view, and each protomer is colored di]erently: chain A (gray) and chain B (turquoise). The
substrate-binding subsites are colored di]erently. The active sites and substrate-binding sites of each protomer are shown enlarged with the
corresponding volume in Å3. Amino acids forming the active site and substrate-binding site are shown in sticks, red arrows demonstrate the change of
the position of the residues because of the conformational change induced by the noncompetitive inhibitors: (A) 3CLpro, (B) 3CLpro and 3CVL-4, (C)
3CLpro and 3CVLri-4.
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Instead of inhibiting the interaction of the spike protein with the
cell receptors,44,45 we intend to target one of the most important
proteases in virus replication, the 3CL protease, by D-
enantiomeric peptide ligands preventing the cleavage function
of 3CLpro. To this end, a phage display selection was performed.
The identified L-peptides showed a strong inhibitory e]ect in the
enzyme activity assay, with IC50 values varying between 0.9 and
9 μM. As we demonstrated experimentally, 3CVL-4 is a
noncompetitive inhibitor with an IC50 value of 2.4 μM, which
was maintained in its D-enantiomer retro-inverso form; however,
with an increased IC50 value of about 2-fold (5.4 μM). A 1:1
molar combination of the competitive and noncompetitive D-ri-
peptides reduced the IC50 values remarkably. 3CVLri-2 +
3CVLri-4 combination reduces the IC50 value to 0.9 μM and the
combination of 3CVLri-7 + 3CVLri-4 to 0.4 μM. It was clearly
demonstrated that a combination of competitive and non-
competitive inhibitors improved the inhibitory potential of all D-
peptides. Similarly, in combination with Rupintrivir, a weak
SARS-CoV-2 3CLpro competitive inhibitor (IC50 > 100 μM), the
inhibitory e]ect improved after the combination with the
noncompetitive 3CVLri-4 (IC50 of 15.10 ± 1.60 μM). The
cooperative inhibition of SARS-CoV-2 3CLpro by competitive
and noncompetitive inhibitors was also observed for Quina-
crine/Suramin.42 The structural analysis of 3CLpro in complex
with the studied peptides by docking followed by molecular
dynamics simulation predicted a stable conformation for each
complex, indicating significant intermolecular interaction. Of
note, when not directly interacting with the catalytic dyad,
amino acid residues of the peptide are located close to the pocket
entry, blocking the substrate entrance. The predicted structures
of 3CLpro in complex with 3CVLri-2 indicate the occurrence of
significant intermolecular interaction between the D-glutamine
of the all-D-ri peptide and amino acid residues of the S1
subpocket, which explains the strong preference for D-glutamine
at P1.46
A combination of competitive and noncompetitive D-ri-

peptides (3CVLri-2/3CVLri-4 and 3CVLri-7/3CVLri-4) in-
creased the inhibitory e]ect against 3CLpro.
The all-D-peptides 3CVLri-2 and -7 showed a remarkable

resistance against metabolization over 8 h.
Two-dimensional 1H-15N TROSY-NMR correlation spectra

of 15N 3CLpro with 3CVL-2/3CVLri-2 and 3CVL-7/3CVLri-7
demonstrated the appearance of new and similar resonances,
which may indicate the same binding region for the peptides.
Our study yielded all-D-peptides with a promising potential

for further development toward therapeutic use against SARS-
CoV-2 3CLpro.

4. MATERIALS AND METHODS
4.1. Peptides. All peptides were purchased from Caslo (Lyngby,

Denmark) as a lyophilized powder with >98% purity. Peptides 3CVL
1−10 consist of 16 amino acid residues in L-configuration with
amidated C-termini. The D-retro-inverso (D-ri) peptides 3CVLri-2,
3CVLri-4, and 3CVLri-7 have identical amino acid sequences, except
for glycine, which was replaced by alanine in the case of 3CVLri-2 and
3CVLri-4. All amino acid residues in D-configuration and with a reversal
peptide bond. Additionally, an arginine was added to the C-termini of
each ri-peptide resulting in 17 amino acid residues. The C-termini of
the D-ri-peptides are amidated, and the N-termini are acetylated. An
analysis certificate from Caslo (Lyngby, Denmark) demonstrated the
purity of each peptide (Supporting Information, Figures S29−S32 and
Table S5). High-performance liquid chromatography (HPLC) analysis
was performed with a C18 column. For the mass spectrometry

certificate, the matrix-assisted laser desorption ionization time-of-flight
(MALDI-TOF) method was used.

4.2. Protein Expression and Purification. SARS-CoV-2 3CLpro

(Uniprot entry: P0DTD1, virus strain: hCoV-19/Wuhan/WIV04/
2019) was cloned, expressed, and purified as described previously.41

4.3. Phage Display. Two independent phage display selections
(selection A and B), each with three rounds, were performed to obtain
peptides that bind 3CLpro. Therefore, in both selections, 100 μg/mL
purified 3CLpro diluted in 100 μL of 20mMpotassium phosphate bu]er
pH 7.5 with 150 mM sodium chloride were immobilized on an amino
plate (Nunc Amino Immobilizer 96-well plates, polystyrene; Thermo
Scientific, Waltham). After 30 min at room temperature (RT), the
3CLpro solution was removed, and the surface was quenched with 1 M
ethanolamine pH 8.5 (Cytiva; Chicago) for 1 h at RT. Additionally, the
surface was blocked with 200 μL of 10 mg/mL BSA in 20 mM
potassium phosphate bu]er pH 7.5 with 150 mM sodium chloride in
the first round and with 200 μL of 10 mg/mL milk powder in 20 mM
potassium phosphate bu]er pH 7.5 with 150 mM sodium chloride in
the second round to reduce unspecific binding events. In the third
round, the surface was not additionally blocked to vary the selection
conditions. The surface was washed six times with 200 μL of washing
bu]er (20 mM potassium phosphate bu]er pH 7.5 with 150 mM
sodium chloride and 0.05% tween-20). During the first and second
rounds, 2 mg/mL BSA or milk powder was added to the washing bu]er,
respectively. Then, 7.2 × 1010 phages (TriCo-16 phage display peptide
library; Creative Biolabs, New York) in 100 μL of the corresponding
washing bu]er were added and incubated for 20 min at RT with the
exception of the third round of selection B. Here, the incubation time
was extended to 30 min. After removing of nonbinding phages, the well
was washed with 200 μL of the respective washing bu]er of the
corresponding round. The number of washing steps was varied in each
selection round (selection A: 2-5-5; selection B: 5-8-10). Elution of
phages was performed by incubation with 100 μL of 0.2MGlycine-HCl
pH 2.2 for 10 min at RT. The phage-containing solution was then
removed from the plate and neutralized by transferring it to a tube
containing 25 μL of 1 M Tris-HCl pH 9.1. To determine the output
titer, 5 μL of eluted phages were used. Therefore, a dilution series from
10-2 to 10-8 was prepared with the eluted phages in a total volume of
100 μL of LB medium. Each dilution was mixed with 100 μL of
Escherichia coli K12 ER2738 (OD600 of 0.6) and plated with 800 μL of
top agar on plates (35 × 10 mm; Sarstedt, Nümbrecht, Germany)
containing LB-Agar-IPTG-XGal. After overnight incubation at 37 °C,
the plaques were counted to determine the output titer.

The remaining eluted phages (120 μL) were amplified in 20 mL of E.
coli K12 ER2738, starting with an OD600 of 0.1 for 3.5 h at 37 °C and
120 rpm. The culture was then centrifuged for 20 min at 2700g and 4
°C. The pellet was discarded, and the supernatant was incubated with 7
mL of PEG-8000/2.5 M sodium chloride overnight at 4 °C for phage
precipitation. Subsequently, the solution was centrifuged for 1 h at 4 °C,
and 2700g. The phage-containing pellet was dissolved in 1 mL of 1 ×
phosphate-bu]ered saline (PBS) before another centrifugation step at 4
°C and 11,000g for 5 min to get rid of residual bacterial components.
Afterward, the supernatant was added to 200 μL of PEG-8000/2.5 M
sodium chloride and incubated for 1 h on ice, followed by final
centrifugation for 45 min at 2700g and 4 °C. The phage-containing
pellet was properly resuspended in 100 μL of 1 × PBS. The input titer
was determined by spectrophotometry40 in 1 × PBS using a 1:10
dilution. The resulting phages were then used in the next selection
round with the same phage amount as before and further used for an
enrichment enzyme-linked immunosorbent assay (ELISA) and
prepared for next-generation sequencing (NGS) analysis.

Besides the primary selection with 3CLpro as the target (Target
Selection, TS), two control selections were performed as described
before46 to enable an e)cient evaluation of the selection success and to
facilitate further the identification of target-binding peptides over those
peptides that have accumulated, e.g., because of an a)nity to the
surface. The first control selection, called Empty Selection (ES), was
performed in the same way as TS but without 3CLpro. During
immobilization, 20 mM potassium phosphate bu]er pH 7.5 with 150
mM sodium chloride was used instead of 3CLpro. One further control,
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Direct Control (DC), was performed starting from the second round
without 3CLpro, but in contrast to ES, the phages resulting from each
round of TS were used for the following selection rounds.
4.4. Enrichment ELISA. An enrichment ELISA was performed to

validate the success of the phage display selection. Therefore, 100 μg/
mL 3CLpro diluted in 100 μL of 20 mM potassium phosphate bu]er pH
7.5 with 150 mM sodium chloride was immobilized on an amino plate
(Nunc Immobilizer Amino 96-well plate, polystyrene; Thermo
Scientific, Waltham) for 30 min at RT. Noncoated wells (20 mM
potassium phosphate bu]er pH 7.5 with 150 mM sodium chloride
without 3CLpro) were used as a control for each selection round. The
solution was removed, and the surface was quenched with 200 μL of 1
M ethanolamine pH 8.5 (Cytiva; Chicago) for 1 h at RT, followed by a
blocking step with 200 μL of blocking solution (10 mg/mL BSA in 20
mM potassium phosphate bu]er pH 7.5 with 150 mM sodium
chloride) for 15 min at RT. After three washing steps with 200 μL of
washing bu]er (150 mM sodium chloride, 0.05% Tween-20, 2 mg/mL
BSA in 20 mM potassium phosphate bu]er pH 7.5), the amplified and
purified phages of each target selection round were diluted in washing
bu]er to a total amount of 5 × 1010 phages in 100 μL. The wells
immobilized with 3CLpro and noncoated wells were incubated with the
corresponding phage solution for 1 h at RT. Unbound phages were
removed by five washing steps with 150 μL of washing bu]er. The anti-
M13 antibody (HRP conjugated mouse monoclonal antibacteriophage
M13 antibody; Sino Biological, Peking, China) was diluted in washing
bu]er to a final concentration of 0.35 ng/μL, and 100 μL was added to
each well for 1 h at RT. After 6 washing steps with 150 μL of washing
bu]er, the supernatant was removed entirely, and 100 μL of the
3,3′,5,5′-tetramethylbenzidine (TMB) solution (TMB was previously
dissolved in 1mL of dimethyl sulfoxide (DMSO) and diluted with 9mL
of 0.05 M phosphate citrate bu]er pH 5) were added into each well.
After 2.5 min incubation at RT, the reaction was stopped with 100 μL of
2 M H2SO4. The absorption was quantified at 450 nm using a
microplate reader (BMG Labtech, Ortenberg, Germany).

In addition to the samples from the target selection (TS1, TS2, TS3),
the library and the wild-type phage without peptides were analyzed.
The measurement was performed in single determination to save
protein samples. Noncoated wells that were incubated with washing
bu]er without phages were used as a control for the background signal.
4.5. Sequence Analysis. Extraction and the amplification of the

single-stranded phage DNA from each sample from the phage display
selection were purified and prepared for NGS analysis as described
previously.46 NGS analysis was performed by the Biologisch-
Medizinisches Forschungszentrum at the Heinrich Heine University
Düsseldorf, Germany. The resulting sequences were further processed
and evaluated with the targeted sequencing analysis tool (TSAT) and
the open-source software Hammock for subsequent sequence align-
ment.47,48
4.6. SARS-CoV-2 3CLpro Activity Assay. SARS-CoV-2 3CLpro

activity assay was performed as described previously.42,49−51 A
fluorogenic substrate DABCYL-KTSAVLQ↓SGFRKME-EDANS
(Bachem, Bubendorf, Switzerland) was used, and the assay bu]er
contained 20 mM Tris pH 7.2, 200 mM NaCl, 1 mM ethyl-
enediaminetetraacetic acid (EDTA), and 1 mM tris(2-carboxyethyl)-
phosphine (TCEP). The reaction mixture was pipetted in a Corning
96-Well plate (Merck, Darmstadt, Germany) consisting of 0.5 μM
3CLpro. The assay was initiated with the addition of the substrate at a
final concentration of 50 μM. The fluorescence intensities were
measured at 60 s intervals over 30 min using an Infinite 200 PRO plate
reader (Tecan, Man̈nedorf, Switzerland), and the temperature was set
to 37 °C. The excitation and emission wavelengths were 360 and 460
nm, respectively.
4.7. SARS-CoV-2 3CLpro Inhibition Assay. Inhibition of SARS-

CoV-2 3CLpro activity by 3CVL-1 to 10 and 3CVLri-2, -4, and -7 was
investigated using the described activity assay. The L-Peptides (10 μM)
were used for a preliminary screening test. For the final inhibition
assays, 0.5 μM protein was incubated with 0−140 μM 3CVL-2, 0−120
μM 3CVL-4, and 0−100 μM 3CVL-7. The corresponding 3CVLri
peptides were incubated with the same inhibitor concentrations, except
for 3CVLri-4 (0−140 μM). The mixtures were incubated for 30 min at

RT. When the substrate with a final concentration of 50 μMwas added
to the mixture, the fluorescence intensities were measured at 60 s
intervals over 30 min using an Infinite 200 PRO plate reader (Tecan,
Man̈nedorf, Switzerland). The temperature was set to 37 °C, and the
excitation and emission wavelengths were 360 and 460 nm,
respectively. Inhibition assays were performed as triplicates.

For the 3CVLri-2 + 3CVLri-4 and 3CVLri-4 + 3CVLri-7
combination tests, a 1:1 stock solution of the molecules was prepared.
Protein (0.5 μM) was incubated with 0−75 μM (3CVLri-2 + 3CVLri-
4) and 0−50 μM (3CVLri-4 + 3CVLri-7) of the combined molecules.
The IC50 values were calculated by plotting the initial velocity against
various concentrations of the peptides using a dose−response curve in
GraphPad Prism software version 8 (San Diego, CA). Data are
presented as mean ± SD.

4.8. Determination of Inhibition Mode. The inhibition mode
was determined using di]erent final concentrations of the inhibitors
and substrate. Briefly, 0.5 μM SARS-CoV-2 3CLpro was incubated with
the inhibitor, in various concentrations, for 30min at RT. Subsequently,
the reaction was initiated by adding the corresponding concentration
series of the substrate. The data were analyzed using a Lineweaver−
Burk plot; therefore, the reciprocal of velocity (1/V) vs the reciprocal of
the substrate concentration (1/[S]) was compared.52,53 All measure-
ments were performed in triplicate, and data are presented as mean ±
SD.

4.9. Inhibitor Stability over 24 h. Stable inhibition of SARS-CoV-
2 3CLpro by 3CVLri-2, -4, and -7 was followed via a 24 h inhibition
experiment. Briefly, 0.5 μM SARS-CoV-2 3CLpro was incubated with 5
μM (D-ri peptides 2 and 4) and 20 μM (D-ri peptide 7) and incubated
for 1/2, 1, 2, 3, 4, 5, and 24 h at RT. The control was performed with
3CLpro without the peptides and measured together after each time
point. Subsequently, the reaction was initiated by the addition of the
substrate. All measurements were performed in triplicate, and data are
presented as mean ± SD.

4.10. Assay to Exclude D-ri Peptides as Promiscuous
Inhibitors. A detergent-based control assay was performed to exclude
inhibitors that possibly act as promiscuous aggregators of the 3CLpro by
adding 0.001, 0.01, and 0.1% of Triton X-100 to the reaction.54 Four
concentrations of 3CVLri-2 (1, 5, 10, and 20 μM), 3CVLri-4 (1, 5, 10,
and 20 μM), and 3CVLri-7 (0.25, 0.5, 1, and 5 μM) were tested. All
measurements were performed in triplicate, and data are presented as
mean ± SD.

4.11. Circular Dichroism Spectroscopy. Circular dichroism
(CD) measurements were carried out with a Jasco J-1100
spectropolarimeter (Jasco, Germany). Far-UV spectra were measured
between 190 to 260 nm using 5 μM 3CLpro in 20 mM K2HPO4/
KH2PO4 pH 7.4 and a single peptide concentration of 30 μM in H2O.
The secondary structure of 3CVL-2, 3CVL-4, 3CVL-7, and the related
D-ri peptides was checked. A 1 mm path length cell was used for the
measurements; 15 repeat scans were obtained for each sample, and five
scans were conducted to establish the respective baselines. The
averaged baseline spectrum was subtracted from the averaged sample
spectrum. The results are presented asmolar ellipticity [θ], according to
eq 1

[ ] = * * *c n/( 0.001 l ) (1)

where θ is the ellipticity measured at the wavelength λ (deg), c is the
peptide concentration (mol/L), 0.001 is the cell path length (cm), and
n is the number of amino acids.

4.12. Surface Plasmon Resonance Measurements. Surface
plasmon resonance (SPR) measurements with 3CVL peptides and
SARS-CoV-2 3CLpro were performed using a Biacore 8K device (GE
Healthcare, Uppsala, Sweden). Recombinant 3CLpro was immobilized
on a CM5 sensor surface (GE Healthcare, Uppsala, Sweden) via
covalent coupling of primary amino groups. The protease was diluted to
a final concentration of 15 μg/mL in 10 mMNaAc pH 5.5 and injected
for 600 s at 10 μL/min to reach a final immobilization level of 2700 to
3000 RU. After quenching with Ehanolamine at pH 8.5, kinetic
experiments were performed as parallel injections on all eight flow
channels. 3CVL and 3CVLri peptides were diluted in 20 mM Tris pH
7.4, 100 mM NaCl, 1 mM EDTA and 0.05% Tween-20 in the
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concentration range of 0.03−50 μM with a 1:1 dilution series and
injected at 30 μL/min. Surface regeneration was performed after
dissociation ended for 2 × 45 s at 30 μL/min using an acidic
regeneration solution consisting of 150 mM oxalic acid, 150 mM
phosphoric acid, 150 mM formic acid, and 150 mMmalonic acid at pH
5.0. Data evaluation was performed using a heterogeneous ligand fit
model for the competitive inhibitors with Biacore Insight Evaluation
Software v3.0.12 (GE Healthcare, Uppsala, Sweden). The heteroge-
neous ligand model assumes analyte binding at two independent ligand
sites. Each ligand site binds the analyte independently and with a
di]erent rate constant. A global 1:1 kinetic fit model was used for the
noncompetitive inhibitor.
4.13. Nuclear Magnetic Resonance. Two-dimensional 1H-15N

TROSY-NMR correlation spectra55 of 100 μM15N 3CLpro dissolved in
20 mMMES pH 6.5 bu]er containing 150 mMNaCl were recorded in
the presence and absence of 3CVL-2 and 3CVLri-2 as well as 3CVL-7
and 3CVLri-7 peptides. Experiments for 3CVL-4 and 3CVLri-4 could
not be performed because of the peptide’s instability at pH 6.5. Spectra
were recorded on a Bruker 1.2 GHz AVANCE neo spectrometer
equipped with a triple-resonance 1H,15N,13C cryogenic probe. The
experimental temperature was 25 °C. Spectral dimensions were 16.02
ppm (1H) × 32.89 ppm (15N), with 1024 complex points recorded in
the 1H dimension and 64 complex points recorded in the 15N
dimension, and the Echo/Anti-echo scheme used for quadrature
detection, resulting in an acquisition time of 53.2 ms in the 1H
dimension and 16ms in the 15N dimension. The carrier was positioned
at 4.7 ppm in the 1H dimension and 117 ppm in the 15N dimension;
512 scans were recorded for each increment, with a recovery delay of 1 s
between scans, resulting in an overall experimental time of 19.7 h per
spectrum.

To study the interaction between 3CLpro and the various peptides,
only the protease was 15N-labeled and, therefore, NMR-visible, while
the peptides were unlabeled and invisible in the 1H-15N correlation
spectra. For the interaction study, 100 μM 15N-labeled 3CLpro was
mixed with an equimolar amount of the respective peptide. Spectra
were overlayed and compared to the reference spectrum of 3CLpro

(equal final concentration, in the absence of the peptide). Spectra
analysis was performed using the software Bruker Topspin 4.1.3. and
CCPN Analysis 3.0.56
4.14. Metabolic Stability. Metabolic stability experiments of the

3CVLri peptides were performed as described before.57,58 Solutions
simulating gastric and intestinal fluid (SGF and SIF) were prepared
according to the European Pharmacopoeia 7.0. Human plasma samples
were purchased from Innovative Research (Novi, Michigan), and
human liver microsomes were purchased from Sekisui XenoTech
(Kansas City; H1000). The liver microsomes were diluted in an
NADPH regenerating system (NRS). For the stability tests, 150 μM
3CVLri peptides were incubated in SGF, SIF, human plasma, and
human liver microsomes in triplicate at 37 °C with slight shaking for
di]erent periods. The peptides were extracted by precipitating the
proteins with a solution containing acetonitrile and 0.5% formic acid.
Afterward, the mixture was mixed and heated for 5 min at 95 °C. The
sample was subsequently centrifuged at 14.000g for 10 min at 4 °C. The
extracted peptides are in the supernatant and were analyzed by
reversed-phase high-performance liquid chromatography (RP-HPLC).
The RP-HPLC system (Agilent Technologies, Santa Clara; 1260
series) consisted of an autosampler, quaternary pump, a thermostatted
column compartment, and a variable-wavelength detector. Chromatog-
raphy was performed with a C18 column (Agilent Technologies, Santa
Clara; ZORBAX 300SB-C18 5 μm, 4.6 × 250 mm) at 25 °C and 214
nm with a flow rate of 1 mL/min. The sample injection volume was 20
μL. Chromatograms were recorded and analyzed with the Agilent
software OpenLab version 2−5.Mobile phases were acetonitrile + 0.1%
trifluoroacetic acid (TFA) (A) and water + 0.1% TFA (B) for sample
analysis from stability tests. The samples were measured with an initial
isocratic step at 15% solvent A for 3 min followed by a gradient elution
to 45% A in 15 min. All measurements were performed in triplicate, and
data are presented as mean ± SD.
4.15. Statistical Analysis. All data are expressed as the mean ±

standard deviations (SDs). The statistical significance of the mean

values’ di]erences was assessed with one-way analyses of variance
(ANOVA), followed by Tukeys’ multiple comparison test. Significant
di]erences were considered at p < 0.05 (*), p < 0.01 (**), and p < 0.001
(***). All statistical analyses were performed with GraphPad Prism
software version 8 (San Diego, CA).

4.16. Docking and Molecular Dynamics. 4.16.1. Peptide and
Protein Structure Preparation. The peptide models were constructed
as linear chains using the pythonmodule PeptideBuilder.59 To obtain D-
retro-inverso (D-ri) peptides, the peptides were first generated as L-
retro-inverso molecules, followed by the inversion of their stereo-
chemical configuration by flipping the structure files with cartesian
coordinates along the x-axis. The sequences of the peptides are shown
in Table 5.

The initial structural data of the 3CLpro dimer were obtained from a
crystal structure (PDB: 6M2N).

4.16.2. Docking of the Peptides against the 3CLpro Dimer. 3CVL-2,
3CVL-7, 3CVLri-2, and 3CVLri-7 were docked against the active site of
chain A of the 3CLpro dimer (PDB: 6M2N), which can be defined by
the residues His41, Met49, Tyr54, Phe140, Leu141, Asn142, Gly143,
Ser144, Cys145, His163, His164, Met165, Glu166, Leu167, Asp187,
Arg188, Gln189, Thr190, and Gln192.60

3CVL-4 and 3CVLri-4 bind 3CLpro allosterically, and both peptides
were docked against the potential binding site residues Lys12, Lys97,
Lys100, Tyr101, Lys102, Phe103, Val104, and Arg105.36 Autodock
Tools61,62 were used to generate a docking grid around the positions of
the binding site residues of the 3CLpro dimer. The grid was centered at
x,y,z-position of −33.572, −62.854, 40.9 (Active site) and −49.16,
−47.323, 38.911 (Allosteric binding site). After adding hydrogen atoms
to the 3CLpro dimer and the peptides, Gasteiger partial charges were
computed and added to the dimer and the peptides using AutoDock
Tool. The protein and peptide models were saved in the PDBQT
format. The docking was then performed using AutoDock Vina,43
which treats the ligand as flexible while keeping the receptor rigid.

4.16.3. Simulation Setup and Production Run. All MD simulations
and analyses were performed with GROMACS 2021.4.63 AM-
BER14SB64 was used as a force field, and the TIP3P water model65
for explicit water simulation. The peptides and the protein−peptide
complexes were centered in a dodecahedron box with 240.8−370.5 and
872.5 nm3, solvated with water, and neutralized with Na+ and Cl− ions
resulting in a system size of ∼23,500−36,000 and ∼86,000 atoms,
respectively.

The systems’ energy was minimized using the steepest descent
algorithm.66 The systems were then equilibrated in two steps. First, a
0.1 ns simulation was performed in theNVT ensemble, and second, a 1
ns simulation in the NpT ensemble at 310 Kvelocity-rescaling
thermostat67 and 1.0 barBerendsen barostat.68 First, 1 μs peptide
MD simulations were performed. After the peptides were docked
against the 3CLpro dimer, we performed 100 ns of protein−peptide
complexes with the temperature set to 310 K (Nose−́Hoover
thermostat)69 and the pressure set to 1 bar (Parinello−Rahman
barostat).70 One selected simulation of each protein−peptide complex
was then extended to 200 ns and ran in triplicates.

Electrostatic interactions were processed with the particle-mesh
Ewald method,71,72 combined with periodic boundary conditions and a
real-space cuto] of 12 Å. The same cuto]was applied to Lennard-Jones
(LJ) interactions. The leapfrog stochastic dynamics integrator was used
with a time step of 2 fs to integrate the equations of motion. During the

Table 5. Sequences of 3CVL and 3CVLri Peptide Models

peptide sequence
3CVL-2 SPHGWPSQSIEVQPQW
3CVL-4 AHEGWTWDWTPQYSWK
3CVL-7 TVAPLHAHYWDVEERH
3CVLri-2 wqpqveisqspwahpsr
3CVLri-4 kwsyqptwdwtwaehar
3CVLri-7 hreevdwyhahlpavtr
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MD simulations, all bond lengths were constrained using the LINCS
algorithm.73
4.16.4. Molecular Dynamics Analysis. The peptide’s root means

square deviation (RMSD) indicates how flexible the ligand is within the
binding site. The protein structures sampled during theMD simulations
were aligned to the MD starting structure, and then the RMSD was
calculated for the ligand using gmx rms.

To investigate the e]ect of the allosteric peptides and the occupation
of the peptides that bind to the active site, we used the VMD plugin
Epock 1.0.5 to evaluate the pocket volume of both active sites of the
dimer for 1000 snapshots of the whole MD simulation after fitting the
protein to the starting structure.74 The following simulations were
conducted for the second half of the MD simulations: The root-mean-
square fluctuation (RMSF) was determined for each peptide with gmx
rmsf to identify the flexible and rigid areas of the peptide within the
protein−peptide complex, and the average minimum distance between
specific residues of the protein and peptide was determined using gmx
mindist.

We used the MM/PBSA method as implemented in gmx_mmpbsa
to calculate the binding free energy ΔGbind between the protein and the
peptide and to perform alanine scanning.75 The linear PB equation was
solved using the level set function to build the dielectric interface
between the solvent and solute.76 The ionic strength was set to 150
mM. The total nonpolar solvation free energy was modeled as a single
term linearly proportional to the solvent-accessible surface area.77 Here,
the binding free energy is defined as

=G G G Gbind complex receptor ligand

with ⟨⟩ indicating the average of over 500 snapshots. The free energy for
each entity is given as

= + + +G E E G G TSx bonded nonbonded polar nonpolar

where Ebonded describes the bonded interactions, Enonbonded indicates the
nonbonded, i.e., the Coulomb and Lennard-Jones interactions, and
Gpolar and Gnonpolar are the polar and nonpolar contributions to the
solvation free energy, respectively. The TS term includes the absolute
temperature, T, and the entropy, S.

ΔGbind can also be stated as

=G H T Sbind

with ΔH the enthalpy of binding and −TΔS the conformational
entropy after ligand binding. To determine the entropic component,
gmx_mmpbsa provides di]erent methods, such as quasi-harmonic
(QH) approximation, interaction entropy (IE), or C2 entropy
approach. However, these methods were inappropriate for our system,
as they either required a large number of snapshots (≥3N, N = number
of complex atoms) or a standard deviation of the interaction energy
(sIE) of <3.6 kcal/mol to obtain realistic entropies. Thus, we decided to
omit the entropic term, as ΔH is usually su)cient to compare a set of
similar ligands by their relative binding free energies.75 To elucidate the
contribution of each peptide residue to the binding free energy, we
performed alanine scanning using gmx_mmpbsa. Each residue of the
3CVL and 3CVL-ri peptides (Except Gly and Pro) was substituted by
Ala and the enthalpy of binding di]erence ΔΔHX‑>A upon alanine
mutation was calculated in the following way

=>
H H H

X A A X

To identify the peptide structures with the most populated
configuration or binding pose in the protein−peptide complex, the
algorithm of Daura et al. was used as implemented in GROMACS (gmx
cluster).78

The cuto] for clustering the peptide configurations was set to 3.5 Å,
and the average structures of the 10 most populated clusters were used
for docking against the dimer of the main protease. The binding poses
of the peptides in the elongated protein−peptide complex simulations
were clustered using a cuto] of 3.0 Å. To avoid biasing of nonbinding
flexible areas of the peptide, only those peptide residues with an RMSF
of <6 Å were considered for clustering. The three most prominent

clusters were then analyzed for interacting residues by generating a
contact map.
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relaxation by mutual cancellation of dipole-dipole coupling and
chemical shift anisotropy indicates an avenue to NMR structures of
very large biological macromolecules in solution. Proc. Natl. Acad. Sci.
U.S.A. 1997, 94, 12366−12371.
(56) Skinner, S. P.; Fogh, R. H.; Boucher, W.; Ragan, T. J.; Mureddu,
L. G.; Vuister, G. W. CcpNmr AnalysisAssign: a flexible platform for
integrated NMR analysis. J. Biomol. NMR 2016, 66, 111−124.
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Hartmann, R.; Santiago-Schübel, B.; et al. Metabolic resistance of the
D-peptide RD2 developed for direct elimination of amyloid-β
oligomers. Sci. Rep. 2019, 9, No. 5715.

ACS Chemical Biology pubs.acs.org/acschemicalbiology Articles

https://doi.org/10.1021/acschembio.2c00735
ACS Chem. Biol. 2023, 18, 315−330

329



(59) Tien, M. Z.; Sydykova, D. K.; Meyer, A. G.; Wilke, C. O.
PeptideBuilder: A simple Python library to generate model peptides.
Peer J. 2013, 1, No. e80.
(60) Tang, B.; He, F.; Liu, D.; Fang,M.;Wu, Z.; Xu, D.AI-Aided Design
of Novel Targeted Covalent Inhibitors against SARS-CoV-2; bioRxiv,
2020.
(61) Goodsell, D.; Morris, G.; Olson, A. Automated docking of
flexible ligands: Applications of AutoDock. J. Mol. Recognit. 1996, 9, 1−
5.
(62) Santos-Martins, D.; Forli, S.; Ramos, M.; Olson, A.
AutoDock4Zn: An Improved AutoDock Force Field for Small-
Molecule Docking to Zinc Metalloproteins. J. Chem. Inf. Model. 2014,
54, 2371−2379.
(63) Abraham, M. J.; Murtola, T.; Schulz, R.; P ́all, S.; Smith, J.; Hess,
B.; Lindahl, E. GROMACS: High performance molecular simulations
through multi-level parallelism from laptops to supercomputers.
SoftwareX 2015, 1−2, 19−25.
(64) 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.
(65) Jorgensen,W. L.; Chandrasekhar, J.; Madura, J.; Impey, R.; Klein,
M. Comparison of simple potential functions for simulating liquid
water. J. Chem. Phys. 1983, 79, 926−935.
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Figure S1. Purification of SARS-CoV-2 3CLpro. (A) SDS 15% Gel of 3CLpro_GST purification with GSH sepharose. M: protein 
marker, SN: supernatant, FT: flow-through, W: washing step, E1-E4: Elution. SDS 15% Gel of pure 3CLpro after cleavage of the 
GST tag using PreScission protease. (B) 3CLpro Chromatogram after size exclusion chromatography. (C) CD spectrum of 3CLpro. 
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Figure S2. Phage display selection on SARS-CoV-2 3CLpro. Selection A and B in three consecutive selection rounds. Output 
phage titer in PFU/mL for selection samples of TS, ES and DC as measured past phage elution after biopanning. 

 

 

 
Figure S3. Enrichment ELISA with input titer samples on the immobilized SARS-CoV-2 3CLpro selection target protein. 
Enrichment ELISA of the 3CLpro phage display was performed to verify the enrichment of 3CLpro-binding peptides during the 
selection. Relative binding affinities of the phage samples (5 * 1010 phages) of the wild type, library, and each selection round 
to immobilized 3CLpro (dark green) and to empty wells without 3CLpro (gray) were investigated in a double determination 
(points: corresponding values) as well as a control without phages. 
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Figure S4. Inhibition effect and inhibition mode of 3CVL peptides against SARS-CoV-2 3CLpro. Normalized activity and 
inhibition of SARS-CoV-2 3CLpro under inhibitor influence. (A) 3CVL-2, (C) 3CVL-4 and (E) 3CVL-7. Data shown are the mean ± 
SD from three independent measurements (n=3). Lineweaver-Burk plots are shown to determine the inhibition mode. [S] is 
the substrate concentration; v is the initial reaction rate. (B) 3CVL-2, (D) 3CVL-4 and (F) 3CVL-7. Data shown are the mean ± 
SD from 3 independent measurements (n=3). 
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Figure S5. Inhibition effect and inhibition mode of 3CVLri peptides against SARS-CoV-2 3CLpro. Normalized activity and 
inhibition of SARS-CoV-2 3CLpro under inhibitor influence. (A) 3CVLri-2, (C) 3CVLri-4 and (E) 3CVLri-7. Data shown are the 
mean ± SD from three independent measurements (n=3). Lineweaver-Burk plots are shown to determine the inhibition 
mode. [S] is the substrate concentration; v is the initial reaction rate. (B) 3CVLri-2, (D) 3CVLri-4 and (F) 3CVLri-7. Data shown 
are the mean ± SD from 3 independent measurements (n=3). 
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Figure S6. Sequence comparison between the preferred cleavage sequence pattern of SARS-CoV-2 3CLpro and the 
investigated peptide inhibitors. 3CLpro substrate binding site and preferred amino acids are shown based on the used substrate 
sequence and published sequences on the Merops database1. Asterisks label the appearance of the same residue in the 
sequence and colon similar residues. The competitive inhibitors (3CVL-2, 3CVLri-2, 3CVL-7 and 3CVLri-7) shows a higher 
similarity to the preferred residues in the 3CLpro substrate binding site compared to the noncompetitive inhibitors (3CVL-4 and 
3CVLri-4). 

 

 

 

Figure S7. Inhibition effect and inhibition mode of combined 3CVLri peptides against SARS-CoV-2 3CLpro. Normalized 
activity and inhibition of SARS-CoV-2 3CLpro under the influence of competitive and noncompetitive 3CVLri peptide 
combinations. (A) 3CVLri-2 + 3CVLri-4. (B) 3CVLri-7 + 3CVLri-4. Data shown are the mean ± SD from three independent 
measurements (n=3). 
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Figure S8. Inhibition effect of Rupintrivir and Rupintrivir combined with 3CVLri-4 against SARS-CoV-2 3CLpro. Normalised 
activity and inhibition of SARS-CoV-2 3CLpro under the influence of Rupintrivir and Rupintrivir combined with 3CVLri-4. (A) 
Rupintrivir, (B) Rupintrivir and 3CVLri-4 combination. Data shown are the mean ± SD from three independent measurements 
(n=3).  

 

 

 

 

 

 
Figure S9. SPR measurements of the 3CVL-2, - 7 and 3CVLri-2, -7 peptides. Heterogenous ligand based fitting model. 
Sensograms showing binding response (colored, solid lines) and heterogenous ligand fit (black, dotted lines).  (A) 3CVL 
sensograms and (B) 3CVLri sensograms. Kinetic rates and dissociations constants as determined by heterogenous ligand fitting 
for (C) 3CVL peptides and (D) 3CVLri peptides.  
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Figure S10. SPR measurements of the 3CVL- 4 and 3CVLri-4 peptides. Global kinetic fitting of 1:1 stoichiometric Langmuir 
based fitting model. Sensograms showing 3CVLri binding response (colored, solid lines) and 1:1 kinetic fitting model (black, 
dotted lines). (A) 3CVL-4 and (B) 3CVLri-4. Kinetic rates and dissociations constants as determined by global 1:1 fitting. (C) 
3CVL-4 and (D) 3CVLri-4 

 

 

 

 
Figure S11. Stability and promiscuous assays of 3CVLri peptides. 24h stability experiment of 3CVLri peptides against SARS-
CoV-2 3CLpro activity. 
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Figure S12. Effect of Triton X-100 on the 3CVLri-2, -4 and -7 inhibition against SARS-CoV-2 3CLpro. Three Triton X-100 
concentrations (0.001%, 0.01% and 0.1%) were tested with four different inhibitor concentrations and compared with the 
results without detergent. Data shown are the mean ± SD from three independent measurements (n=3). (A) Effect of Triton 
X-100 on 3CLpro activity. (B) Effect of Triton X-100 on 3CVLri-2 inhibition against 3CLpro. (C) Effect of Triton X-100 on 3CVLri-4 
inhibition against 3CLpro. (D) Effect of Triton X-100 on 3CVLri-7 inhibition against 3CLpro. 

 

 

 

Figure S13. HPLC profiles of 3CVLri-2, -4 and -7 incubated in simulated gastric fluid (SGF). Incubation time was 0h, 4h and 
8h. (A) HPLC profile of 3CVLri-2, (B) 3CVLri-4 and (C) 3CVLri-7. 
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Figure S14. HPLC profiles of 3CVLri-2, -4 and -7 incubated in simulated intestinal fluid (SIF). Incubation time was 0h, 4h and 
8h (A) HPLC profile of 3CVLri-2, (B) 3CVLri-4 and (C) 3CVLri-7. 

 

 

Figure S15.  HPLC profiles of 3CVLri-2, -4 and -7 incubated in human plasma. Incubation time was 0h, 8h, 24h and 48h (A) 
HPLC profile of 3CVLri-2, (B) 3CVLri-4 and (C) 3CVLri-7. 
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Figure S16. HPLC profiles of 3CVLri-2, -4 and -7 incubated in liver microsomes. Incubation time was 0h, 8h and 24h (A) HPLC 
profile of 3CVLri-2, (B) 3CVLri-4 and (C) 3CVLri-7. 

 

 
Figure S17. Circular Dichroism (CD) spectroscopy of 3CVL and 3CVLri peptides. The CD spectrum of the peptides in solution 
are presented as molar ellipticity [θ]. 3D models of the peptides are shown together with the corresponding CD-spectrum of 
the peptides. (A) 3CVL-2 and 3VLri-2, (B) 3CVL-4 and 3CVLri-4, (C) 3CVL-7 and 3CVLri-7. 
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Figure S18. Active site pocket fluctuation of the SARS-CoV-2 3CLpro during 200 ns of MD simulation. The fluctuation of the 
chain A (black) and chain B (grey) are shown. 

 

 

Figure S19. RMSD values for the MD simulation of 3CLpro in complex with 3CVL and 3CVLri peptides (Three simulations with 
different initial structures per peptide). 3CVL-2, 3CVL-4, 3CVL-7, 3CVLri-2, 3CVLri-4 and 3CVLri-7, three different start 
structures generated by docking were considered: run1 (green), run2 (blue) and run3 (pink) are shown. 
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Figure S20. RMSF profiles for the MD simulation of 3CLpro in complex with 3CVL and 3CVLri peptides (Three simulations with 
different initial structures per peptide). 3CVL-2, 3CVL-4, 3CVL-7, 3CVLri-2, 3CVLri-4 and 3CVLri-7. Run1 (green), run2 (blue) 
and run3 (pink) are shown. 

 

 

 

Figure S21. RMSF profiles for the MD simulation of 3CLpro in complex with 3CVL and 3CVLri peptides (Three simulations with 
different initial structures per peptide). 3CVL-2, 3CVL-4, 3CVL-7, 3CVLri-2, 3CVLri-4 and 3CVLri-7. Run1 (green), run2 (blue) 
and run3 (pink) are shown. 
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Figure S22. Representative 3CLpro-L-peptide complex structures related to three simulations with different initial structures 
per peptide 
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Figure S23. Representative 3CLpro-D-retro-inverse peptide complex structures related to three simulations with different 
initial structures per peptide 
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Figure S24. RMSD values, RMSF values and Hbonds between peptides and protein for 3CLpro in complex with the 3CVL and 
3CVLri peptides after clustering of the non-flexible/interacting peptide region. (A) RMSD of 3CVL-2, -4 and -7. (B) RMSD of 
3CVLri-2, ri-4 and ri-7. (C) RMSF of 3CVL-2, -4 and -7. (D) RMSF of 3CVLri-2, ri-4 and ri-7. (E) Hbonds between the 3CLpro dimer 
and 3CVL-2, -4 and -7. (F) Hbonds between the 3CLpro dimer and 3CVLri-2, ri-4 and ri-7. The results are presented as the means 
± SEM from elongated 200 ns simulations. 
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Figure S25. Two-dimensional 1H-15N correlation spectra of 100 µM 15N 3CLpro, in the presence and absence of an equimolar 
amount (1:1 ratio) of 3CVL-2 or 3CVLri-2, respectively. (A) 3CLpro reference spectrum. (B) 3CLpro in the presence of an 
equimolar amount of 3CVL-2 (orange) overlayed with the reference spectrum (black). (C) same as (B) but with 3CVLri-2 (blue). 
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Figure S26. Two-dimensional 1H-15N correlation spectra of 100 µM 15N 3CLpro, in the presence and absence of an equimolar 
amount (1:1 ratio) of 3CVL-7 or 3CVLri-7, respectively. (A) 3CLpro reference spectrum. (B) 3CLpro in the presence of an 
equimolar amount of 3CVL-7 (green) overlayed with the reference spectrum (black). (C) same as (B) but with 3CVLri-7 (blue). 
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Figure S27. Volume of the SARS-CoV-2 3CLpro active site with and without the D-ri-peptides. Changes of the 3CLpro active sites 
in chain A and chain B over elongated 200 ns simulations, with and without peptide in the active site. (A) 3CVL-2, 3CVLri-2, 
3CVL-7 and 3CVLri-7. (B) 3VL-4 and 3CVLri-4. (C) Overall volume changes of the active site with interacting peptide. (D) Volume 
change of the active site without interacting competitive peptide. 
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Figure S28. Computational alanine scanning of 3CVL and 3CVLri peptides to determine important residues for the interaction 
with 3CLpro.  Each residue of the 3CVL and 3CVL-ri peptides (Except Gly and Pro) was substituted by Ala and the enthalpy of 
binding difference ∆∆HX->A upon alanine mutation was calculated. Alanine mutations that result in positive ΔΔH values relative 
to the parent structure suggest loss of binding. This outcome indicates the mutated amino acid was involved in an overall 
favorable network of electrostatic interactions in the parent structure. Mutations that result in negative ΔΔH suggest gain of 
binding. This outcome indicates the mutated amino acid was involved in an overall unfavorable network of electrostatic 
interactions in the parent structure. (A) Competitive inhibitors (3CVL-2, 3CVLri-2, 3CVL-7 and 3CVLri-7). (B) Noncompetitive 
inhibitors (3CVL-4 and 3CVLri-4).  
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Figure S29. HPLC chromatogram and mass spectrometry of 3CVL peptides 1-4. Information obtained from the HPLC and 
mass spectrometry certificate from Caslo (Lyngby, Denmark). (A) 3CVL-1, (B) 2CVL-2, (C) 3CVL-3 and (D) 3CVL-4. 
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Figure S30. HPLC chromatogram and mass spectrometry of 3CVL peptides 5-8. Information obtained from the HPLC and 
mass spectrometry certificate from Caslo (Lyngby, Denmark). (A) 3CVL-5, (B) 2CVL-6, (C) 3CVL-7 and (D) 3CVL-8. 
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Figure S31. HPLC chromatogram and mass spectrometry of 3CVL peptides 9-11. Information obtained from the HPLC and 
mass spectrometry certificate from Caslo (Lyngby, Denmark). (A) 3CVL-9, (B) 2CVL-10 and (C) 3CVL-11. 
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Figure S32. HPLC chromatogram and mass spectrometry of 3CVLri peptides. Information obtained from the HPLC and mass 
spectrometry certificate from Caslo (Lyngby, Denmark). (A) 3CVLri-2, (B) 2CVLri-4 and (C) 3CVLri-7. 
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Table S1. List of selected 3CLpro phage display peptides. 

Peptide S1 Sequence EmS2 EnF3 Cl ID4 Cl size total 5 Cl size unique 6 
3CVL-1 A3 ANYKMTNNWDALTWAS 205.59 672.43 0 172 59 
3CVL-2 A3 SPHGWPSQSIEVQPQW 79.84 65.28 4 145 69 
3CVL-3 A3 SHNQEKSTYDHRMPE 75.85 41.35 6 73 18 
3CVL-4 A3 AHEGWTWDWTPQYSWK 51.90 84.87 769 385 164 
3CVL-5 A3 WADALNHVPKNNWPMR 47.91 52.23 14 74 25 
3CVL-6 B2 INLSPKRIMPHPLFQH 984.03 107.14 0 1482 224 
3CVL-7 B2 TVAPLHAHYWDVEERH 408.56 22.96 1 329 78 
3CVL-8 B2 QPWEHRAQPQWQQPMR 225.87 56.21 8 761 259 
3CVL-9 B2 HLSSASSPNANHHMQK 224.21 130.20 10 185 40 
3CVL-10 B2 QPYMNGMHWDKTQWMR 207.60 60.28 196 720 192 
3CVL-11 B2 DHLSWQQNWYWAWQYE 181.03 315.37 20 604 242 
1 Selection round 
2 Empty score value 
3 Enrichment factor value 
4 Cluster ID 
5 Total cluster size [AA] 
6 Unique cluster size [AA] 

 

Table S2. Evaluation of 3CVL-2, -4 and -7 sequences with TSAT. 

TSAT analysis 
Peptide Sequence S1 EmS2  EmS-

P.3 
EnF4  EnF-

P.5 
TS3 
[ppm] 

ES3 
[ppm] 

DC3 
[ppm] 

Lib 
[ppm] 

3CVL-2 SPHGWPSQSIEVQPQW A 80 5 65 29 161 2 24 2 
3CVL-4 AHEGWTWDWTPQYSWK B 105 14 85 20 105 2 32 1 
3CVL-7 TVAPLHAHYWDVEERH B 409 2 23 428 877 2 712 38 

1 Selection 
2 Empty score value 
3 Empty score position 
4 Enrichment factor value 
5 Enrichment factor position 

 

Table S3. Evaluation of 3CVL-2, -4 and -7 sequences with Hammock. 

Hammock analysis 
Peptide Sequence S1 Cl size total2 Cl size unique3 unique S4 total S5 total A6 
3CVL-2 SPHGWPSQSIEVQPQW A 145 69 62649 100128 191 
3CVL-4 AHEGWTWDWTPQYSWK A 385 164 62649 100128 191 
3CVL-7 TVAPLHAHYWDVEERH B 329 78 54615 129860 162 

1 Selection 
2 Total cluster size [AA] 
3 Unique cluster size [AA] 
4 Unique sequences 
5 Total sequences 
6 Total alignments 
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Table S4. Contributing amino acids in the Substrate-binding site and the proposed allosteric site of SARS-CoV-2 3CLpro. 

Substrate subsite2  Allosteric site3 
S1` His41 Lys12 
 Gly143 Lys97 
 Ser144 Lys100 
 Cys145 Tyr101 
  Lys102 
S1 Phe140 Phe103 
 Leu141 Val104 
 Asn142 Arg105 
 His163  
 Glu166  
   
S2 His41  
 Met49  
 Tyr54  
 His164  
 Asp187  
 Arg188  
   
S3 Met165  
 Glu166  
 Leu167  
 Gln189  
 Thr190  
 Gln192  
   
Oxyanion hole His41  
 Cys145  

 

 

 

 

Table S5. Purity and molecular weight of purchased L- and D-ri-peptides. 

Peptide Purity in [%] Theoretical MW MW [M+H+] in main peak MW 
3CVL-1 98.44 1885.10 1886.27 1885.27 
3CVL-2 99.73 1862.05 1862.67 1861.67 
3CVL-3 99.53 1857.99 1859.33 1858.33 
3CVL-4 98.15 2077.26 2078.73 2077.73 
3CVL-5 99.95 1948.26 1949.32 1948.32 
3CVL-6 95.24 1927.37 1928.39 1927.39 
3CVL-7 98.92 1959.17 1960.43 1959.43 
3CVL-8 99.02 2102.39 2104.33 2103.33 
3CVL-9 98.53 1744.92 1745.83 1744.83 
3CVL-10 98.45 2108.47 2109.08 2108.08 
3CVL-11 99.22 2239.41 2240.27 2239.27 
     
3CVLri-2 99.41 2090.30 2091.06 2090.06 
3CVLri-4 98.95 2305.52 2306.44 2305.44 
3CVLri-7 98.09 2157.40 2158.67 2157.67 
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Text S1 

Selection of SARS-CoV-2 3CLpro binding peptides  

To select binding peptides to the main protease of SARS-CoV-2, M13 phage display selection 

was performed on an amino plate in two independent selections (A and B) with three consecutive 

selection rounds, each other. The resulting output titer is depicted in Supplementary Fig. S2. While the 

titer of target selection (TS), empty selection (ES) and direct control (DC) of selection A did not show any 

constant increase during the consecutive selection rounds (Supplementary Fig. S2A), this effect was 

observed for all selections B (Supplementary Fig. S2B). The most significant output titer increases could 

be observed for ES, which enriches many non-target binding peptides. The increased titer within the TS 

and DC might indicate the enrichment of target binding peptides. Titer developments, as observed in 

selection A are not necessarily proof of failed selections as experienced in the past. We thus continued 

with the evaluation of both selections. 

Enrichment ELISA has additionally been performed to estimate the selection success further. 

For selection A, decreasing absorption signal could be observed with increasing selection round of the 

TS (Supplementary Fig. S3A). The signal of the wells without a target is significantly smaller in all cases 

and points to the presence of 3CLpro binding peptides. The signal distribution of selection B seems to be 

random during the selection rounds (Supplementary Fig. S3B). The higher signal intensity of the target-

containing wells was consistently observed during selection. The signal intensity of the control wells 

without phages is higher in the wells with the target than those without the target. It indicates a low 

background signal due to the unspecific interaction of the antibody to 3CL protease.  

 

Analysis of sequences derived from NGS sequencing 

The most convincing and reliable way to evaluate the selection process is the analysis of the 

NGS results. The sequences filtered from the TSAT software4 are ordered according to their empty score, 

which values the number of a sequence observed in the last round of TS compared to its abundance in 

the respective round of ES. We also judged each sequence with the help of the so-called enrichment 

factor, which values the number of a sequence observed in the last TS round compared to its abundance 

in the library. Hammock analysis5 with the filtered sequences gave additional information about the 

cluster size and thus about the number of selected sequences that exhibit high similarity to a sequence 

of interest.  
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To choose peptides for further analysis, we considered the empty score and the enrichment 

factor and the cluster sizes. Considering the described parameters, 11 L-peptide sequences, named 

3CVL-1 to 3CVL-11, were chosen for further inhibition characterisation (Supplementary table S1).  
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Abstract
Purpose Radiolabeled PSMA-ligands play a major role in today’s nuclear medicine. Since approval of  [177Lu]Lu-PSMA-617 
for therapy of metastatic prostate cancer, availability of 177Lu became bottleneck of supply due to the high demand. Recently, 
a theranostic PSMA-ligand, PSMA-GCK01, was developed which can be labeled either diagnostically with 99mTc or therapeu-
tically with 188Re with both nuclides available from well-known generator systems. This novel tracer might aid to overcome 
aforementioned supply limitations. In this investigation, the biodistribution and general imaging characteristics of  [99mTc]
Tc-PSMA-GCK01 were compared with the diagnostic reference compound  [99mTc]Tc-EDDA/HYNIC-iPSMA in patients 
with advanced stage prostate cancer. In addition, the binding of both ligands to PSMA was analyzed at the molecular level 
using molecular docking.
Procedures Two cohorts (n = 19 vs. n = 21) of patients with metastatic castration-resistant prostate cancer matched for 
age, tumor stage, and Gleason score underwent a planar gamma camera imaging with  [99mTc]Tc-EDDA/HYNIC-iPSMA 
or  [99mTc]Tc-PSMA-GCK01 prior to PSMA-ligand therapy for PSMA-phenotyping. The imaging data were retrospective 
analyzed for salivary gland, kidney, liver, soft tissue, and tumor uptake on a semi-automated ROI-analysis using HERMES 
Medical Solutions AB (HMS, Sweden).
Results The data sets were semi-automated quantified on a ROI-based analysis. The tumor-to-background presented equal 
results of  [99mTc]Tc-PSMA-GCK01 compared to  [99mTc]Tc-EDDA/HYNIC-iPSMA. The physiological PSMA-positive 
organs like salivary gland presented also equal uptake in counts/MBq (salivary gland median 9.48  [99mTc]Tc-PSMA-GCK01 
vs. median 9.11  [99mTc]Tc-EDDA/HYNIC-iPSMA), while liver-to-kidney ratio presented a slight shift to the liver paren-
chyma using  [99mTc]Tc-PSMA-GCK01 (0.83) compared to  [99mTc]Tc-EDDA/HYNIC-iPSMA (0.55) with no statistical 
significance. This is in agreement with the results from the docking study revealing only a minor difference in the docking 
scores for both ligands.
Conclusions The novel theranostic tracer  [99mTc]Tc/[188Re]Re-PSMA-GCK01 demonstrates comparable general imaging 
characteristic with the reference compound  [99mTc]Tc-EDDA/HYNIC-iPSMA. These results pave the way for the PSMA-
targeting imaging and theranostic agents for a broader, rather low-cost, generator applied radio-ligand therapy utilization.

Keywords PSMA-GCK01 · Technetium-99 m · SPECT · Theranostic · Prostate cancer

Introduction

The development of prostate-specific membrane antigen 
(PSMA)-inhibitor tracers has revolutionized the imag-
ing of prostate cancer. PSMA PET tracers  [68Ga]Ga-
PSMA-11,  [18F]PSMA-1007, and  [18F]DCFPyL demonstrate 
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high sensitivity of approx. 50% at PSA values as low as 
0.2–0.5 ng/mL and reach their plateau sensitivity of approx. 
90% from PSA > 1 ng/mL [1–3]. In contrast, 99mTc labeled 
SPECT imaging PSMA agents reach their highest sensitivity 
not before PSA 2–5 ng/mL [4–6]. Consequently, PSMA-PET 
is considered the standard of reference for primary staging of 
high-risk prostate cancer (PC) and biochemical recurrence. 
However, for response assessment of advanced stage patients 
[7] or tailoring metastatic castration-resistant prostate cancer 
(mCRPC) patients with or without tumor PSMA-expression 
to PSMA-targeted radioligand therapy (RLT) highest sen-
sitivity is not that pivotal and cost-effectiveness and broad 
availability are more important [8]. It is worth mentioning 
in this context that a randomized phase 3 clinical study of 
177Lu-dotatate for midgut neuroendocrine tumors (NET-
TER-1 trial) used planar somatostatin receptor scintigraphy 
for the confirmation of somatostatin receptor positive tumor 
lesions [9]. Currently, most clinical experience in context 
of PSMA targeted scintigraphies is available for the 99mTc-
tracers  [99mTc]Tc-MIP1404 [10],  [99mTc]Tc-EDDA/HYNIC-
iPSMA [11], and  [99mTc]Tc-PSMA-I&S [12].

Recently, a novel theranostic PSMA-ligand GCK01, that 
can be labeled with diagnostic 99mTc and therapeutic 188Re, 
has been introduced [13]. The generator-based beta-emitter 
188Re may aid to overcome supply limitations of 177Lu and 
decrease the production costs for PSMA-RLT in compari-
son to 177Lu. In contrast to the previous Tc-labeled ligands, 
GCK01 had to be refined with regard to labeling yield under 
more challenging rhenium conditions as well as in terms of 
tracer uptake in the dose-limiting organs. In addition, the in 
vivo stability has been improved, which represents a pivotal 
cornerstone for the therapeutic approach.

The aim of this work is to evaluate whether the optimiza-
tions of PSMA-GCK01 for the therapeutic application might 
have introduced an unfavorable trade-off regarding biodistri-
bution in normal organs and general imaging characteristics.

Materials and Methods

Patient Population

We retrospectively included two cohorts of 21 consecutive 
patients with mCRPC who were considered to obtain sys-
temic therapy with  [177Lu]Lu-PSMA-617 and underwent 
whole body scans with  [99mTc]Tc-EDDA/HYNIC-iPSMA 
or  [99mTc]Tc-PSMA-GCK01 in the Department of Nuclear 
Medicine of University Hospital Heidelberg between 
01/2021 and 02/2022. Two subjects from  [99mTc]Tc-EDDA/
HYNIC-iPSMA cohort were censored due to ineligibility for 
further quantitative assessment because of improper image 
acquisition with motion artifacts. Informed consent was 
obtained from all the patients. The exams were conducted 

according to national regulatory on the basis of compassion-
ate use, when a PSMA-PET scan was not available within 
reasonable time and the patient had urgently to be evaluated 
regarding PSMA therapy. Prospective clinical trial registra-
tion is not required for compassionate care that is performed 
under individual medical indication. The Ethical Committee 
of the University Hospital Heidelberg approved the retro-
spective Evaluation (permission S-732-18).

Radiopharmaceuticals and Image Acquisition

[99mTc]Tc-EDDA/HYNIC-iPSMA was produced from com-
mercial kits according manufacturer instructions and  [99mTc]
Tc-PSMA-GCK01 was synthesized as described previously 
[13]. Both tracers were injected via an intravenous bolus 
 ([99mTc]Tc-EDDA/HYNIC-iPSMA 669 ± 94 MBq;  [99mTc]
Tc-GCK01 705 ± 30  MBq). The acquisition of planar 
whole body images (skull to toes) started for both tracers 
120–180 min after the injection on a Siemens gamma cam-
era system (Symbia, Siemens Healthineers) with low-energy 
high-resolution collimation, a 128 # 128 matrix and 15 cm/
min.

Image Analysis

Round regions of interest (ROIs) (1.6  cm2) were placed in 
the areas with physiological tracer uptake (parotid gland (Gl. 
parotis) and kidneys pairwise, liver, and in the right thigh as 
a background) in conjugate view of planar anterior and pos-
terior whole-body scans of the respective subjects and the 
geometric mean was calculated (HERMES Medical Imaging 
Suite v6.1, HERMES Medical Solutions AB, Strandbergs-
gatan 16, 112 51 Stockholm, Sweden). In addition to the 
measurement of physiological biodistribution in the healthy 
organs, three random metastases were visually identified and 
quantified in the same way.

Statistical Analysis

We performed the analysis of tracer uptake (measured 
counts divided by the injected activity in MBq), tumor-to-
background, as well as liver-to-kidney ratios with descriptive 
statistics and box-plot analysis using SigmaPlot version 14.0 
(Systat Software, Inc., San Jose, CA, USA).

Molecular Docking

The crystal structure of PSMA was retrieved from the Pro-
tein Data Bank (PDB #5O5T) and processed, i.e., hydrogen 
atoms were added to the protein, ligand, and water mol-
ecules, using the protein preparation wizard of Maestro, 
included in the Schrödinger 2022–3 package.
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To simulate the environment of the binding site as real-
istically as possible, we kept the ions and all water mol-
ecules located in the buried part of the binding pocket. 
The compounds  [99mTc]Tc-PSMA-GCK01 and  [99mTc]Tc-
EDDA/HYNIC-iPSMA were drawn using Marvin Sketch 
version 21.9 (https:// chema xon. com/ marvin) and exported 
in 3D to pdb format. The following preparation and dock-
ing steps were performed with the software of the ADFR 
suite version 1.0 (https:// ccsb. scrip ps. edu/ adfr/): First, 
Gasteiger charges were added to the protein, including 
the ions  Zn2+,  Ca2+, and  Cl− and the water molecules, 
using the prepare_receptor script. Then the docking grid 
was created with AGFR using the co-crystallized ligand 
9OT to determine the size and position of the grid box. 
The prepare_ligand script from the ADFR suite was used 
to add Gasteiger charges and to define rotatable bonds 
of the compounds  [99mTc]Tc-PSMA-GCK01 and  [99mTc]
Tc-EDDA/HYNIC-iPSMA. Since Tc and Re are unfamil-
iar elements for Autodock, we changed the atom type Tc 
to Mn in the pdbqt files without affecting any atomic 
coordinates and assigned a charge of + 2 to Mn. Finally, 
we performed the docking run with 120 searches and a 
maximum number of 5 million evaluations per search 
using ADFR.

Results

Apart from the data of the two  [99mTc]Tc-EDDA/HYNIC-
iPSMA patients that had to be removed, all other data sets 
were analyzed the way described above. Our subjects were 
matched in regard to age  ([99mTc]Tc-EDDA/HYNIC-iPSMA 
71 ± 10  years; range 55–94  years or  [99mTc]Tc-PSMA-
GCK01 73 ± 8 years; range 59–84 years), tumor stage, and 
total Gleason score so that we assume here a comparability 
of both cohorts (Table 1).

Both PSMA ligands demonstrated the highest physiologi-
cal uptake in counts/MBq in the salivary glands (median 
9.48  [99mTc]Tc-PSMA-GCK01 vs. median 9.11  [99mTc]
Tc-EDDA/HYNIC-iPSMA), followed by kidneys (median 
8.64  [99mTc]Tc-PSMA-GCK01 vs. median 10.20  [99mTc]Tc-
EDDA/HYNIC-iPSMA), and the liver (median 7.14  [99mTc]
Tc-PSMA-GCK01 vs. median 5.61  [99mTc]Tc-EDDA/
HYNIC-iPSMA) (Fig. 1).

The uptake was equal in the salivary glands (see above) 
and in background (counts/MBq median 0.47  [99mTc]
Tc-PSMA-GCK01 vs. median 0.44  [99mTc]Tc-EDDA/
HYNIC-iPSMA). But the liver-to-kidney ratio pre-
sented a slight shift to the liver parenchyma for  [99mTc]
Tc-PSMA-GCK01 (0.83) compared to  [99mTc]Tc-EDDA/
HYNIC-iPSMA (0.55), however, with no statistical sig-
nificance. The uptake in tumor lesions as well as the 
tumor-to-background ratio presented comparable results 

for  [99mTc]Tc-PSMA-GCK01 and  [99mTc]Tc-EDDA/
HYNIC-iPSMA, however, with a slightly higher uptake 
for  [99mTc]Tc-PSMA-GCK01  ([[99mTc]Tc-PSMA-GCK01 
uptake in tumor lesions in counts/MBq for tumor lesion 
(TL) I: 4.45; TL II: 4.43; TL III: 3.82 with appropriate 
tumor-to-background ratio of TL I 9.47; TL II 9.43; TL III 
8.12];  [99mTc]Tc-EDDA/HYNIC-iPSMA uptake in tumor 
lesions in counts/MBq for TL I: 3.69; TL II: 3.74; TL III: 
3.20 with appropriate tumor-to-background ratio of TL I 
8.36; TL II 8.47; TL III 7.26]) (Figs. 2 and 3).

Table 1  Patient characteristics of cohort A  ([99mTc]Tc-PSMA-
GCK01) and cohort B  ([99mTc]Tc-EDDA/HYNIC-iPSMA)

a Neoadjuvant androgen deprivation therapy
b Bone marrow carcinosis

Cohort A Cohort B
Parameters [99mTc]

Tc-PSMA-
GCK01

[99mTc]Tc-
EDDA/HYNIC-
iPSMA

Age (years)
  Mean ± SD 73 ± 8 71 ± 10
  Max 84 94
  Min 59 55

PSA (ng/mL)
  Mean ± SD 276.1 ± 613.3 279.2 ± 387.2
  Max 2866.8 1399.0
  Min 0.1 1.7

Gleason score
  Median (range) 7 (7–10) 9 (6–10)

LDH (U/L)
  Mean ± SD 385.2 ± 195.6 349.8 ± 231.3
  Max 957.0 972.0
  Min 192.0 185.0

AP (U/L)
  Mean ± SD 267.4 ± 370.5 399.0 ± 487.4
  Max 1500.0 1799.0
  Min 41.0 31.0

NAADa

  None 1 1
  1 cycle 10 6
  2 cycle 9 11

Taxane
  None 3 4
  1 cycle 6 6
  2 cycle 11 8

PSMA positive tumor burden
  Low (< 10 lesions) 8 4
  Medium (10–100 lesions) 4 6
  High (> 100 lesions or  bmcb) 9 9
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Molecular Docking Studies

In order to examine the binding of both ligands in the 
PSMA receptor pocket, we conducted molecular dock-
ing studies. As a measure for the binding a%nity, docking 
scores of − 14.6 kcal/mol for  [99mTc]Tc-PSMA-GCK01 

and − 13.6 kcal/mol for  [99mTc]Tc-EDDA/HYNIC-iPSMA 
were obtained for the top-ranked conformations (Fig. 4): 
Both ligands are deeply embedded in the binding pocket, 
with the urea group interacting with the zinc(II) active site 
and the glutamate moiety pointing toward the glutamate 
pocket, while the 2-naphtylalanine occupies a lipophilic 
cavity and the chelators stick out of the entrance funnel 
(Fig. 4).

Fig. 1  Comparison of physi-
ological biodistribution of 
 [99mTc]Tc-PSMA-GCK01 and 
 [99mTc]Tc-EDDA/HYNIC-
iPSMA. Box plots show 
5th/95th IQR

Fig. 2  Comparison of  [99mTc]
Tc-PSMA-GCK01 and  [99mTc]
Tc-EDDA/HYNIC-iPSMA 
uptake in three random tumor 
lesions. Box plots show 
5th/95th IQR
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Fig. 3  Comparison of a  [99mTc]
Tc-PSMA-GCK01 and b 
 [99mTc]Tc-EDDA/HYNIC-
iPSMA uptake in whole body 
projections in patients with 
high tumor mass. The uptake in 
metastasis of PSMA-GCK01 is 
not superior to that of its coun-
terpart by less uptake in kidneys

Fig. 4  Results from the docking study of  [99mTc]Tc-PSMA-GCK01 
and  [99mTc]Tc-EDDA/HYNIC-iPSMA with the PSMA protein; a 
chemical structure of  [99mTc]Tc-PSMA-GCK01 and b chemical struc-
ture of  [99mTc]Tc-EDDA/HYNIC-iPSMA; c top-ranked docking pose 

and score of  [99mTc]Tc-PSMA-GCK01 and d top-ranked docking 
pose and score of  [99mTc]Tc-EDDA/HYNIC-iPSMA; and e overlay of 
both top-ranked docking poses in PSMA
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Discussion

Prostate cancer has an increasing incidence in the world 
so that there is a need of cost-effective PSMA imaging 
and therapy [4, 14]. Besides PSMA PET tracers, several 
 [99mTc]Tc-labeled PSMA ligands have been developed in 
recent years [15]. Contrary to PET, gamma scanners are 
broadly available throughout the world suggesting the use-
fulness of compatible radioligands [6, 16].

The first human data with  [99mTc]Tc-MIP-1404 and 
 [99mTc]Tc-MIP-1405 showed very promising results [6, 
17]. In 2017, Ferro-Flores et al. introduced  [99mTc]Tc-
EDDA/HYNIC-iPSMA which offers a rapid blood clear-
ance, the ability to detect prostate cancer, as well as its 
metastases, and has mainly kidney elimination with less 
liver uptake than  [99mTc]Tc-MIP-1404 [18]. Further inves-
tigations with  [99mTc]Tc-EDDA/HYNIC-iPSMA demon-
strated high detection rates for PSMA positive lesions, 
especially in the setting of biochemically recurrence of 
prostate cancer but a lower sensitivity compared with 
PET PSMA tracer [4, 19]. The main advantage of the new 
99mTc-labeled tracer group is the detection of PSMA posi-
tive lesions for planning radio-ligand therapy, for instance, 
with  [177Lu]Lu-PSMA-617 [8] (Fig. 5). A specific radio-
ligand therapy of prostate cancer can only be performed 
in presence of PSMA-positive phenotype of tumor lesions 

[20]. The sensitivity of PSMA imaging plays a subordinate 
role in this context, rather, the diagnostic and therapeu-
tic compounds should be as similar as possible to predict 
kinetics and uptake of the latter [7, 8].

The novel PSMA ligand  [99mTc]Tc-PSMA-GCK01 was 
optimized to provide a suitable basis for both 99mTc- and 
188Re-labeling, thus, providing a seamless PSMA-targeted 
theranostic tandem [13]. In this investigation we have ana-
lyzed the biodistribution of the diagnostic  [99mTc]Tc-PSMA-
GCK01 in organs with physiologic PSMA-uptake and in 
metastases to assess the appropriateness for imaging, 
especially in comparison with  [99mTc]Tc-EDDA/HYNIC-
iPSMA. The ROI-based analysis showed equal tracer uptake 
in salivary glands and background with  [99mTc]Tc-PSMA-
GCK01 and  [99mTc]Tc-EDDA/HYNIC-iPSMA, respectively.

This observation is also in agreement with the results 
from our in silico docking study, revealing only minimal 
differences in the conformations of both molecules in the 
PSMA binding pocket, and, thus, only a minimal difference 
in the docking score of approx. 1.0 kcal/mol. Considering 
the high structural similarity of both PSMA ligands, differ-
ing only in their chelator moiety and slightly in the linker 
region, this explains our earlier findings of a slightly higher 
a%nity of  [99mTc]Tc-PSMA-GCK01 (Ki = 26 nm) toward 
PSMA when compared to  [99mTc]Tc-EDDA/HYNIC-iPSMA 
(Ki = 38 nm) [13].

Fig. 5  Eighty-one-year-old male patient. This presents an extended 
prostate cancer undergoing a phenotyping for specific radio-ligand 
therapy with PSMA. a  [99mTc]Tc-MDP uptake in whole body pro-
jections, b  [99mTc]Tc-PSMA-GCK01 uptake in whole body projec-

tions, and c  [177Lu]Lu-PSMA-617 uptake in whole body projec-
tions.  [99mTc]Tc-PSMA-GCK01 reveals more lesions compared with 
 [99mTc]Tc-MDP.  [99mTc]Tc-PSMA-GCK01 uptake correlates very 
well with therapeutic biodistribution
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In the practical setting, both tracers had a relevant uptake in 
the kidneys and the liver. But in the case of  [99mTc]Tc-PSMA-
GCK01, a minor shift of the uptake to the liver parenchyma 
was observed. This behavior is particularly interesting because 
in mice only minimal liver uptake was previously described 
[13]. Differences in biodistribution between preclinical data 
and in humans have already been reported for PSMA tracers 
[21]. Vallabhajosula et al. found a very high liver uptake for 
 [99mTc]Tc-MIP-1404 contrary to preclinical data [17].  [99mTc]
Tc-EDDA/HYNIC-iPSMA was optimized for rapid blood 
clearance; however, more activity is cleared by the kidneys 
to the bladder [18]. The rapid blood clearance of  [99mTc]Tc-
EDDA/HYNIC-iPSMA is maintained with  [99mTc]Tc-PSMA-
GCK01 but the slight predominant hepatobiliary route of 
excretion of  [99mTc]Tc-PSMA-GCK01 might allow a better 
diagnostic performance of local relapse or perivesical lymph 
node metastasis [22] since tracer retention in the bladder might 
complicate the proper discrimination of perivesical lesions. 
Further, the slight predominant hepatobiliary excretion could 
be particularly beneficial when the ligand is labeled with 188Re 
in regard to radioligand therapy in terms of nephrotoxicity.

We have also compared the uptake of both tracers in the 
metastases. The analysis of tumor-to-background ratio pre-
sented equal results of  [99mTc]Tc-PSMA-GCK01 and  [99mTc]
Tc-EDDA/HYNIC-iPSMA on the planar whole body projec-
tions. Thus, the slight preference for hepatobiliary clearance 
of  [99mTc]Tc-PSMA-GCK01 does not have a negative effect 
on the imaging properties of tumor lesions and rather offers 
an optimized biodistribution regarding radioligand therapy, 
as mentioned above.

The main advantage of  [99mTc]Tc-PSMA-GCK01 over 
 [99mTc]Tc-EDDA/HYNIC-iPSMA is its utilization for thera-
nostic purposes by 188Re labeling [13, 15]. This ensures the 
correlation between pre-therapeutic and therapeutic distribu-
tion and is expected to have a direct impact on the clinical 
routine.

Although PSMA PET radioligands and Tc-labeled PSMA 
SPECT tracers use the same target structure, there are dif-
ferences in sensitivity [19] and lesion-to-liver ratio. The lat-
ter is important in case of eligibility for  [177Lu]Lu-PSMA 
therapy and needs to be adjusted if 99mTc labeled tracers are 
used for the pre-therapeutic diagnostic [8, 23]. The tracer 
PSMA-GCK01 labeled with 99mTc-/188Re-theranostic tan-
dem could solve this problem [13] without negatively affect-
ing the biodistribution and general imaging characteristics 
compared with  [99mTc]Tc-EDDA/HYNIC-iPSMA.

Conclusions

[99mTc]Tc-PSMA-GCK01 shows a similar uptake (counts/
MBq) in normal organs and background, consequently lead-
ing to equivalent contrast ratios and general uptake in tumor 

lesions compared to  [99mTc]Tc-EDDA/HYNIC-iPSMA. 
 [99mTc]Tc-PSMA-GCK01 presents a small shift from kid-
ney to liver parenchyma in the clearance route, which is 
an appreciated characteristic regarding its therapeutic use 
but not a relevant factor for diagnostics. In sum, its addi-
tional appropriateness for use as a therapeutic agent does not 
compromise the general imaging characteristics of  [99mTc]
Tc-PSMA-GCK01 compared to the already well-established 
 [99mTc]Tc-EDDA/HYNIC-iPSMA.
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Innovative strategies for modeling peptide–protein
interactions and rational peptide drug design
Lara Scharbert1,2 and Birgit Strodel1,2

This review highlights cutting-edge techniques for modeling
peptide–protein interactions and advancing computer-aided
peptide–drug design. We examine significant progress in
generating peptide poses through docking and artificial intelli-
gence (AI), assessing peptide flexibility via enhanced molecular
dynamics simulations, and analyzing binding interactions
through free energy calculations. Additionally, we discuss how
these insights can inform the rational design of therapeutic pep-
tidesby utilizing freeenergymetrics and strategicmodifications to
enhance their binding affinity and therapeutic potential. Looking
forward, further integrating AI will be crucial for optimizing peptide
design and enhancing drug development efforts.
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Introduction
Peptides are estimated to be involved in 15e40 % of all
protein-related interactions [1]. These peptideeprotein
interactions (pepPIs) play crucial roles in processes
such as signal transduction, immune regulation, and pro-
teolytic processing, making them attractive targets for
therapeutic intervention. Currently, more than 80
approved peptide drugs are available on the globalmarket.
Although therapeutic peptides account for only 5 % of the
pharmaceutical industry, the market is expected to grow
with a projected compound annual growth rate of 10.8 %
from 2025 to 2030 [2,3]. Small molecules still dominate

the global pharmaceutical market with 75 % of the shares
as they offer several advantages, including low production
costs, oral bioavailability, and good membrane perme-
ability. However, their small size limits their ability to
inhibit interactions involving large surface areas, such as
proteineprotein interactions (PPIs) [4]. Due to their
larger size and inherent flexibility, peptide drugs, in
contrast, have a greater potential to target and inhibit PPIs
that were previously considered ‘undruggable’ [5].

In the early days of peptideedrug discovery, scientists
were restricted to natural sources. For instance, the first
peptideedrug, insulin, was derived from animals, often
leading to allergic reactions. With the advent of recom-
binant technology in the 1980s, clean and selective
production of peptides and proteins in cell cultures
became feasible. Another major milestone was the in-
vention of a target-based search for novel peptideedrug
candidates; the phage display technique enabled the
screening of large peptide libraries (up to 1010) against a
target protein using bacteriophages [4,6].

With advances in computational power and knowledge,
computer-aided drug design (CADD) has become an
essential tool in drug discovery. CADD accelerates drug
development while reducing costs and resources by
enabling virtual screening of vast compound databases
and using a knowledge-driven approach to understand-
ing proteineligand interactions [7]. Building on the
principles established in CADD, computer-aided
peptideedrug design focuses specifically on opti-
mizing peptide interactions with their targets. A rational
peptide design approach necessitates a comprehensive
understanding of the underlying pepPIs; therefore,
reliable structural information about the involved
binding partners is essential. For targets, existing
structures can often be utilized as experimental high-
resolution methods such as X-ray crystallography and
nuclear magnetic resonance spectroscopy have deter-
mined over 200,000 protein structures available in the
Protein Data Bank (PDB) to date. However, these
techniques are complex, time-consuming, costly, and
may result in non-native conformations [8,9]. AlphaFold
developed by Google DeepMind revolutionized struc-
tural biology by leveraging artificial intelligence (AI) to
predict protein structures solely from the amino acid
sequence, now achieving results in minutes using the
AlphaFold server [10,11].
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While protein structures for most target proteins can
typically be found in databases, establishing the struc-
tures of peptides and their interactions with proteins
poses greater challenges. This difficulty applies to both
experimental and simulation approaches, largely due to
the inherent flexibility of peptides, which results in a
vast number of possible conformations. Moreover, while
small-molecule binding pockets are usually deeply
buried and well-defined, peptides rather bind to larger,
disordered binding sites on the surface of the protein
(Figure 1a vs. b). These issues can lead to uncertainty in
predicting binding poses using docking techniques. To
address this, molecular dynamics (MD) simulations
enable the sampling of the dynamics of pepPIs, facili-
tating a more holistic analysis of the conformational
landscape [7,12].

This review aims to highlight some of the latest and
most innovative methods for modeling pepPIs and
computer-aided peptide drug design. While compre-
hensive reviews have previously covered individual
aspects of these topics [12,13], we focus on the
most recent advancements in the field, including
peptide pose generation, evaluation of peptide flexi-
bility and interactions at the binding site, and the
rational design of new peptide drugs. These various
approaches can be combined into a workflow as shown
in Figure 2.

Generation of peptide–protein binding
poses
A classic structure-based drug design journey typically
starts with the identification of a therapeutic target. If a
high-resolution structure of the target protein is not yet
available in the PDB, computational methods such as
homology modelingdthough this approach is becoming
increasingly less relevantdand AI approaches like
AlphaFold can be employed, to predict its three-

dimensional conformation [9]. With the protein struc-
ture by hand, the next step is to determine the area
where the ligand can bind.

Pocket detection
If no potential binding site is known, there are several
open source algorithms for locating and evaluating sur-
face pockets and cavities. Two prominent tools are the
web server CASTp 3.0 [14] and Fpocket [15], which
utilize a geometry-based method that relies on spheres
to detect grooves on the protein surface. In peptide drug
discovery, the large, relatively flat interface of pepPIs
contrasts sharply with the well-defined and often deeply
buried binding pockets commonly found for small mol-
ecules. Standard algorithms could therefore be
misleading in predicting binding sites for peptides. To
address this problem, methods for the identification of
pepPI sites were developed. The well-established web
server PepSite utilizes a scoring method based on res-
idue binding preferences derived from known
peptideeprotein structures to predict potential peptide
binding sites on protein surfaces [16]. The recently
introduced SiteFerret is a novel method for automatic
pocket detection that effectively identifies both small-
molecule binding pockets and peptide binding sites,
utilizing an algorithm that combines hierarchical clus-
tering of virtual probe spheres with the Isolation Forest
method to rank putative pockets [17].

Global docking
A fast-forward method for determining the structures of
peptideeprotein complexesdskipping the step of
binding pocket detectiondis to employ global docking.
To this end, the user can choose from a vast range of
docking programs that can be classified into
proteineprotein, peptideeprotein, and small-molecule-
eprotein docking. Agrawal et al. compared a diverse set
of docking methods for peptideeprotein docking using

Figure 1

Representative examples of different protein binding sites occupied by (a) a small-molecule inhibitor (PDB code 3ERT), (b) an extended linear peptide
(PDB code 7T70), (c) a cyclic peptide (PDB code 6XIB), and (d) a stapled helical peptide (PDB code 3MK8). The proteins are shown as gray surface and
the ligands as sticks, with green for the small molecule, blue for the peptides, purple for peptide modifications, and a blue cartoon for the helix. PDB,
Protein Data Bank.

2 Biophysical Methods (2025)
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133 peptideeprotein complexes, focusing on peptides
that are 9e15 residues long [18]. They found that
FRODOCK [19], a fast global proteineprotein docking
web server, performed best in blind docking. In the work
of Weng et al. a similar, but more comprehensive
approach was followed, where they compared 14 docking
programsdthree for small-moleculeeprotein docking,
three for proteineprotein docking, and eight for
peptideeprotein dockingdon a set of 185
peptideeprotein complexes, comprising peptides of
5e20 residues [20]. In contrast to Agrawal et al. they
found that peptideeprotein docking algorithms generally
performed better than proteineprotein or small-mole-
cule docking algorithms. Notably, in global docking, the
web server HPEPDOCK [21], which employs rapid
peptide conformation sampling and ensemble docking
techniques, produced the best predictions for the entire
data set.

Local docking
When the binding site is known, local docking is the
preferred and more efficient method. In this category,
AutoDock CrankPep (ADCP) [22] has demonstrated
the best overall results [20]. The high number of
rotatable bonds in peptides contributes to their
conformational versatility, which distinguishes them not
only from the more rigid small molecules but also from
folded proteins. This enormous flexibility is a big chal-
lenge for standard docking programs [12]. The peptide
docking program ADCP combines the peptide backbone
conformation sampling method of CRANKITE [23]
with the grid-based receptor representation of Auto-
Dock [24]. The extensive conformational space is effi-
ciently navigated by ADCP using a Metropolis Monte
Carlo search strategy, sampling peptide positions and
orientations within the receptor’s binding site, thereby
producing docking poses [22]. Moreover, ADCP is also
capable of docking cyclic peptides that are either linked
through their backbone or side chain disulfide bonds
[25]. Besides peptide flexibility, some docking
programsdsuch as HADDOCK [26], CABS-Dock [27],
and FlexPepDock [28]dalso account for receptor flex-
ibility by allowing movement of selected side chains and
in some cases also refinement of the backbone.

Defining the appropriate size of the binding site can be a
challenge in local docking, as, in particular, long peptides
can vary dramatically in their full size depending on how
expanded or compact they are. Weng et al. studied the
impact of the binding site size on the performance of
AutoDock or Vina-based Docking programs, like ADCP,
by comparing docking boxes generated based on the co-
crystallized ligand (ligBS) with those generated based
on the peptide length (pepBS) [20]. Compared to the
ligBS, the success rates for pepBS were considerably
lower for most docking programs, especially in the case
of ADCP, and dropped even more with increasing pep-
tide length. Therefore, when using AutoDock or Vina-
based docking programs, it is advisable to define the
binding site more preciselye preferably by using the co-
crystallized ligand as template if available or restricting
the docking box to the relevant binding site residues.

AI-based docking
In recent years, AI-based methods for protein structure
prediction have emerged, with AlphaFold [10] consis-
tently leading this field and often serving as the
benchmark for state-of-the-art comparisons. The release
of AlphaFold-Multimer (AF2multi) [29], an update to
AlphaFold 2, enabled the prediction of proteineprotein
complexes, including homomeric and heteromeric pro-
tein complexes. While AF2multi was primarily designed
for proteineprotein complexes, it has also been shown
to be effective for peptideeprotein docking problems
[30,31]. Shanker and Sanner compared AF2multi with

Figure 2

Workflow of a typical peptide–drug design study. The process begins with
identifying the peptide binding site on the protein surface if local docking is
applied in the next step. Global docking involves the concurrent identifi-
cation of both the binding site and binding pose. In a consensus docking
approach, local or global docking is combined with AI-based pepPI pre-
diction. The peptide pose is then validated and evaluated through stan-
dard or enhanced MD simulations, which also quantify peptide flexibility at
the binding site and allow for the calculation of binding free energies.
Ultimately, the insights gained from pepPI modeling inform peptide design,
enhancing the affinity, structural stability, and pharmacological activity of
the peptide–drug candidate. AI, artificial intelligence; MD, molecular dy-
namics; pepPIs, peptide–protein interactions.
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two other deep learning models, OmegaFold and
AlphaFold 2 Monomer, as well as their peptide-docking
software ADCP [31]. The dataset used in this study
contains 99 nonredundant peptideeprotein complexes,
with the vast majority of peptides having a length of
5e25 amino acids and containing different secondary
structures (48 % coil, 34 % helix, and 18 % strand).
AF2multi outperformed all other methods with a suc-
cess rate of 53 %, whereas ADCP achieved only 23 % for
the top-ranked solutions. However, when considering all
generated solutions beyond the top-ranked poses,
ADCP’s success rate rises to 62 %, indicating that there
is room for improvement in the scoring function. The
authors also noted that AF2multi and ADCP performed
complementarily, each succeeding on different
peptideeprotein complexes. AF2multi is suitable for
docking long, linear peptides composed of standard
amino acids, accounting for both peptide and receptor
flexibility. In contrast, ADCP allows peptide flexibility
while docking into rigid receptors [22], supporting
peptides up to 30 residues, including cyclic structures
and noncanonical amino acids. For peptides compatible
with both methods, a consensus docking strategy
combining ADCP and AF2multi, along with an effective
selection mechanism, achieved a 60 % success rate for
top-ranking poses and 66 % within the top five [31].

With the release of the AlphaFold Server powered by
AlphaFold 3 (AF3), predicting peptideeprotein com-
plexes has become easily and rapidly accessible to
everyone [11]. Nevertheless, in the case of
peptideeprotein docking, latest benchmark studies
have found that AF2multi performs slightly better than
AF3 [32]. The deep learning model ESMFold is a pro-
tein structure prediction tool, that, unlike AlphaFold,
does not rely on external databases, template searches,
or multiple sequence alignments. ESMFold predicts
protein structures directly from amino acid sequences,
while being up to 60 times faster than AlphaFold [33].
In recent studies, ESMFold’s performance in
peptideeprotein docking was evaluated and compared
with the latest AlphaFold versions. Despite generally
lower accuracy, ESMFold occasionally outperformed
AF3. Given its computational efficiency, ESMFold can
be an alternative or a beneficial complement to other
methods in pepPI studies [34].

Limitations of docking
A limitation of docking approaches and AI-based
methods for predicting peptideeprotein complexes is
that they provide only static snapshots of the peptides
and proteins, excluding their dynamic nature and, in
particular, the flexibility of peptides and thus pepPIs,
which can be addressed through MD simula-
tions (Figure 2).

Evaluation of poses, interactions, and
peptide flexibility

Standard MD
Molecular dynamics simulations have long been a
cornerstone in understanding the dynamic nature of
biological macromolecules, providing atomistic insights
into conformational flexibility and interaction mecha-
nisms that often elude static structural determination
methods. Given the limitations of scoring functions in
docking methods, evaluating multiple top-ranked poses
(e.g. the top 3 or 5; see Figure 3a for a presentation of
different docking poses) is advisable rather than relying
solely on the highest-ranked pose. Furthermore, when
combining physics-based and AI-based methods in a
consensus approach, it is crucial to identify which
predicted structures are more reliable [31]. MD simu-
lations serve as valuable tools for assessing these docking
predictions as they allow for the exploration of the sta-
bility and conformational dynamics of peptideeprotein
complexes over time (see Figure 3b for the peptide
flexibility sampled by MD). This dynamic perspective is
essential for understanding the interaction mode and
affinity of pepPIs, forming the basis for subsequent drug
design studies [7]. Recent examples of combining
docking and MD simulations for the development of
therapeutic peptides include designing peptides to
target multiple over-expressed receptors in tumor cells
[35], creating peptide inhibitors for the interaction be-
tween the Omicron SARS-CoV-2 spike protein and its
receptor ACE2 [36], and optimizing a potent macrocy-
clic peptide that interferes with the proteineprotein
interaction between the Programmed Cell Death Pro-
tein 1 and its Ligand 1 (PD-1/PD-L1) through rational
design [37].

Enhanced MD
However, traditional MD simulations can be compu-
tationally intensive and struggle to efficiently sample
rare events, such as transitions between the confor-
mational states of peptides in peptideeprotein com-
plexes, where pepPIs may raise energy barriers. To
address these limitations, enhanced MD sampling
techniques, such as replica exchange MD, accelerated
MD, or Gaussian accelerated MD (GaMD), have been
refined or developed to improve the sampling effi-
ciency of MD simulations of PPIs or pepPIs [38,39].
With peptide Gaussian accelerated molecular dynamics
(Pep-GaMD), Wang et al. introduced a GaMD tech-
nique that is specifically tailored for modeling the high
flexibility of peptides [40]. Its dual-boost algorithm
applies two distinct boost potentials: one specifically
targeting the peptide’s essential potential energy and
another for the remaining potential energy of the entire
system. The same group has published a PepBinding
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workflow for predicting peptideeprotein structures
combining peptide docking, enhanced sampling
using Pep-GaMD, and structural clustering [41].
They demonstrated their workflow on seven
peptideeprotein models generated via docking with
HPEPDOCK, initially classified as inaccurate to
medium-quality based on the Critical Assessment of

PRediction of Interactions criteria. Each model un-
derwent a 200 ns Pep-GaMD simulation, successfully
refining them into five medium-quality and two
acceptable-quality structures.

Free energy calculations
While docking methods use fast empirical or force field-
based scoring functions to estimate the affinity between
protein and peptide, free energy calculations combined
with MD simulations can achieve a more accurate esti-
mation of binding affinity [42]. To this end, the most
commonly used free energy calculation methods are
molecular mechanics/PoissoneBoltzmann surface area
(MM/PBSA) or molecular mechanics/generalized Born
surface area (MM/GBSA), free energy perturbation
(FEP), and thermodynamic integration (TI). While
end-point methods, like MM/PBSA and MM/GBSA, are
more computationally efficient, requiring only a single
trajectory, FEP and TI are both pathway-based methods
that are considered more accurate but involve much
higher computational costs. Therefore, MM/PB(GB)SA
has become a popular technique to calculate the binding
free energy (DGbind) between a protein and ligand [43].
Weng et al. suggested that the choice between MM/
PBSA and MM/GBSA may depend on peptide length
and other system-specific factors. Their study showed
that MM/PBSA yielded higher accuracy for short pep-
tides (5e12 residues), while MM/GBSA performed
better for medium-length peptides (20e25 residues)
[44]. Furthermore, both methods are sensitive to pa-
rameters such as the solute dielectric constant and the
choice of force field, and are challenged by the high
computational cost and limited accuracy of entropy
calculations, typically failing to (correctly) capture
conformational entropy [45].

Among the available tools for MM/PB(GB)SA calcula-
tions, Amber includes the widely used MMPBSA.py
script within the AmberTools package, which enables
free energy calculations based on MD snapshots [46].
To enhance accessibility for GROMACS users, Valdés-
Tresanco developed gmx_mmpbsa, an adaptation of
MMPBSA.py for processing trajectories and topology
files generated with GROMACS [47]. Compared with
other MM/PB(GB)SA implementations for GROMACS,
such as g_mmpbsa and GMXPBSA2.1, gmx_mmpbsa
offers several advantages [48]. It is compatible with all
GROMACS versions and provides enhanced calculation
and analysis features, including DGbind calculations with
different solvation models, stability assessments,
computational alanine scanning, DGbind decomposition,
and entropy corrections. Furthermore, it supports the
Amber, OPLS, and CHARMM force fields and is easy to
install using Conda or AmberTools. These advantages
have contributed to the increasing use of gmx_mmpbsa
for analyzing pepPI sampled by MD simulation in
peptideedrug discovery studies [49e52].

Figure 3

The flexibility of pepPIs exemplified by docking and MD simulations of the
SARS-CoV-2 main protease (PDB code 7T70) with its substrate. (a) The
top 10 ranked structures after peptide docking with ADCP. (b) The 10 most
frequently sampled peptide conformations during a 100 ns MD simulation.
(c) Per-residue DGbind decomposition of the peptide, from the highest
(green) to the lowest (white) contribution to the affinity (measured as
negative energies, see color scale in the bottom right corner). Subsites S1
and S2 are occupied by key residues, while S10 has potential for peptide
modifications. DGbind, binding free energy; ADCP, AutoDock CrankPep;
AI, artificial intelligence; MD, molecular dynamics; PDB, Protein Data
Bank; pepPIs, peptide–protein interactions.
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Peptide–drug design
Following the identification of promising binding pep-
tides, further refinements are needed to optimize their
affinity, stability, and absorption, distribution, meta-
bolism, excretion, and toxicity (ADMET) properties for
effective and safe therapeutic development
(Figure 2) [53].

Optimizing affinity
Rational design of a peptide drug requires reliable and
efficient computational tools for analyzing the affinity of
pepPIs. Computational alanine scanning (CAS) is a
DGbind-based method that systematically replaces amino
acids with alanine to identify key residues critical for the
affinity and stability of pepPIs. CAS is not only a great
method to identify these ‘hot spot’ residues in pepPIs, it
has also helped to elucidate the structureeactivity
relationship of different peptide drug candidates, by
giving insights into which residues are essential for ac-
tivity and which can be modified to enhance affinity,
specificity, or stability [54e56]. Another frequently
used method in computational peptide design is the
per-residue DGbind decomposition, which analyses the
energetic contributions of individual amino acids to the
overall DGbind of a peptideeprotein complex
(Figure 3c). Weakly contributing residues can be
modified, with the effects evaluated through subse-
quent DGbind calculations after mutation. Using this
method, researchers were able to propose peptide res-
idue substitutions that led to improved binding affin-
ity [57,58].

There are several tools for DGbind-based analyses of
pepPIs at the residues level. The BAlaS web application
offers a fast and user-friendly platform for performing
CAS, requiring only a structure file in PDB format as
input [59]. For the analysis of MD trajectories using
MM/PB(GB)SA calculations, tools such as CompASM
[60], an Amber-based plug-in for Visual Molecular Dy-
namics (VMD) [61] for conducting CAS, and
gmx_MMPBSA [48], which enables both per-residue
DGbind decomposition and CAS, have been developed.
While these methods can identify residues with modi-
fication potential, they do not directly suggest specific
mutations. In a peptide design approach based on
modeling the SARS-CoV-2 main protease with its sub-
strates, Chan et al. [62] utilized the computational
saturation mutagenesis algorithm BUDE_SM [63] from
the Bristol University Docking Engine (BUDE) [64] to
substitute each peptide residue with the corresponding
19 alternative proteinogenic amino acids. In vitro inhi-
bition assays confirmed that they successfully translated
the BUDE_SM predictions into potent pep-
tide inhibitors.

Structural stability
To enhance a peptide’s binding affinity and selectivity,
one approach is to maintain its target-bound conforma-
tion, which can be achieved through strategies like
cyclization. It also improves its stability and pharmaco-
kinetic properties, as cyclization protects peptides from
enzymatic degradation and hydrolysis, and reduces its
immunogenicity. Peptides can be linked to themselves
in different ways, such as head to tail (Figure 1c), side
chain to side chain, or head to side chain, using
nonpeptidic linkers or groups to facilitate these con-
nections [65,66]. Cyclization is often applied to pep-
tides derived from so-called ‘hot segments’, an
extension of the ‘hot spots’ concept that defines a
continuous binding region essential for a PPI [5]. This
was demonstrated by Lopez et al. who utilized MD
simulations with enhanced sampling methods to assess
the degree of preorganizationdthe structural confor-
mation that most accurately mimics the ‘hot loop’din a
series of cyclic peptides differing in a few point muta-
tions and linker types [67]. They ultimately obtained an
inhibitor with the highest degree of preorganization and
a 280-fold improvement in binding affinity. In a recent de
novo peptide design study, the computational generation
of novel macrocyclic peptides without relying on pre-
existing sequences was realized using AI [68]. To this
end, Rettie et al. developed RFpeptides, a deep learning
framework using denoising diffusion models to design
macrocyclic peptides with high affinity for selected
protein targets.

Another popular method to stabilize secondary structure
elements like helices is by using staples, which involve
cross-linking two or more side chains to provide addi-
tional structural support (Figure 1d). The most common
form of staples in peptides is the introduction of disul-
fide bonds. However, synthetic staples can also include
various linkers or chemical groups that can react with
amino acid side chains to stabilize the desired confor-
mation. Like cyclic peptides, stapled peptides often
possess further advantages like enhanced cell penetra-
tion and proteolytic stability [69,70].

Absorption, distribution, metabolism, excretion, and
toxicity
In addition to high affinity and selectivity, the devel-
opment of effective and safe drugs requires careful
consideration of their ADMET properties [53]. Espe-
cially in the context of peptide-based therapeutics,
proteolytic cleavage, rapid clearance, and low membrane
permeability represent a major challenge [6,71]. To
overcome these limitations, strategies like chemical
modifications (e.g. acetylation/amidation and nonnat-
ural or d-amino acids), conjugation strategies (e.g.
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lipidation, PEGylation, and fusion proteins), and struc-
tural stabilization (e.g. stapling or cross-linking) have
been developed [72]. Two web servers for ADMET
prediction have recently been introduced enabling the
assessment of key drug-like properties, such as solubil-
ity, bioavailability, bloodebrain barrier penetration, and
toxicity. ADMET-AI allows rapid screening of up to 1000
molecules (and one million molecules with a local
version) at once, making it ideal for high-throughput
evaluation [73]. For a more comprehensive approach,
ADMETlab 3.0 offers a wider range of ADMET prop-
erties, detailed toxicity risk assessments, and an uncer-
tainty estimate module to aid in the candidate selection
process [74]. However, it should be noted that most
ADMET prediction tools are trained on small molecules
and therefore face challenges to accurately predict the
pharmacokinetics of therapeutic peptides. Developing a
dedicated platform to address these specific ADMET
challenges for peptide drugs would be highly beneficial.

Conclusion and outlook
This review emphasizes some of the latest and most
innovative methods for modeling peptideeprotein in-
teractions (pepPIs) and computer-aided peptide drug
design. We addressed recent advancements for the pep-
tide pose generation using docking and AI techniques,
the evaluation of peptide flexibility using MD simula-
tions, interactions at the binding site using binding free
energy decompositions, and the rational design of new
peptide drugs. We recommend employing a consensus
approach that integrates physics-based and AI-based
docking methods to increase the likelihood of obtaining
accurate structural predictions. Enhanced sampling MD
simulations can further improve structural reliability,
while techniques like MM/PBSA for binding free energy
decomposition and computational alanine scanning
facilitate the peptide design process. Despite these ad-
vancements, a significant challenge remains: the devel-
opment of a comprehensive workflow as illustrated in
Figure 2 that consolidates the best available tools in one
platform would greatly benefit the field. Looking ahead,
the integration of AI for producing structures of
peptideeprotein complexes as well as for assessing the
ADMET properties of peptides will play an increasingly
vital role in peptide design, further enhancing our capa-
bilities in drug development. The ultimate goal is to
accurately predict pepPIs so that in silico results match
the reliability of protein structure predictions with
AlphaFold and yield binding energies that correlate with
experimentally determined KD values from binding
assays. Achieving this would enable peptideeprotein
docking to replace experiments, which are challenged
by the often transient pepPIs that produce noisy data.
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