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IX 
 

ZUSAMMENFASSUNG 
Heutzutage sind Enzyme wegen ihrer vielfältigen Anwendungen in der Lebensmittel-, 

Waschmittel-, Medizin- oder Pharmaindustrie in unserem täglichen Leben immer 

allgegenwärtiger. Sie erfüllen jedoch nicht immer die erforderlichen Anforderungen 

industrieller Anwendungen in „rauen“ Umgebungen, wie hohen Temperaturen oder der 

Anwesenheit von Lösungs- und Reinigungsmitteln. Um industrielle Anwendungen effizienter 

zu gestalten, werden außerdem Enzyme mit einem breiten Substratspektrum und hohen 

Produktausbeuten bevorzugt. Die moderne Enzymtechnologie weist ein zunehmendes 

Potenzial für eine Vielzahl interdisziplinärer Verfahren zur Entwicklung neuartiger 

maßgeschneiderter Enzyme für menschliche Zwecke auf. Insbesondere das „Protein 

Engineering“ hat sich als nützliches Werkzeug für die Entwicklung neuartiger 

maßgeschneiderter Enzyme mit verbesserten Eigenschaften herausgestellt. Am 

gebräuchlichsten sind wissensbasierte Strategien, bei denen das „Wissen“ aus Informationen 

über die Proteinstruktur und / oder -sequenz sowie Computertechniken mit Experimenten 

kombiniert wird. Da es jedoch an umfassenden experimentellen Daten, die auf einheitliche 

Weise gemessen wurden, mangelt, ist die Entwicklung und Validierung von Algorithmen für 

wissensbasierte Strategien unbefriedigend. Im Vergleich zu früheren Studien habe ich in 

meiner Dissertation zum ersten Mal wissensbasierte Strategien angewendet, um den Einfluss 

der Enzymflexibilität und -rigidität auf die Protein-Thermostabilität und / oder -detergenzien-

Toleranz, -substratpromiskuität und -expression mit unserer internen Constraint Network 

Analysis (CNA)-Software in großem Maßstab für biotechnologisch hochrelevante bakterielle 

lipolytische Enzyme zu untersuchen. 

   



ABSTRACT 

X 
 

ABSTRACT 
Nowadays, enzymes are becoming ever more ubiquitous in our daily lives because of their 

diverse applications such as in the food, detergent, and medical or pharmaceutical industries. 

However, they do not always meet the required demands of industrial applications in terms of 

harsh environments, such as high temperatures or the presence of solvents and detergents. In 

addition, to make industrial applications more efficient, enzymes with a broad substrate 

spectrum and high product yields are preferred. Modern enzyme technology offers an 

increasing potential of a wide range of interdisciplinary processes for designing novel tailor-

made enzymes according to human purposes. Especially, protein engineering has emerged as 

a useful tool for developing novel tailor-made enzymes with improved properties. Most 

common are knowledge-driven strategies, where the “knowledge” from information about the 

protein structure and / or sequence as well as computational techniques is combined with 

experiments. However, as there is a lack of available experimental large-scale data measured 

in a uniform way, the development and validation of algorithms for knowledge-driven 

strategies has remained unsatisfactory. Here, compared to previous studies, for the first time, I 

applied knowledge-driven strategies to rationalize the impact of enzyme flexibility and 

rigidity on protein thermostability and / or detergent tolerance, substrate promiscuity, and 

expression with our in-house Constraint Network Analysis (CNA) software at large-scale for 

biotechnologically highly relevant bacterial lipolytic enzymes. 
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1 INTRODUCTION 
Enzymes are biomolecules, typically proteins made up by building blocks called amino acids 

(AAs), which are essential for nearly all biochemical reactions within living cells such as 

energy storage, cellular respiration, and signal transduction1-3. However, enzymes do not only 

play an important role within living cells. Already thousands of years ago, as nobody was 

aware of the existence of enzymes, people have used microorganisms for the production as 

well as preservation of food and feed, e.g., yeast dough, alcoholic beverages, vinegar, cheese, 

and silage4 (Figure 1). 

 
Figure 1: History of enzyme technology. Since the beginning of mankind, microorganisms have been used for 
the production and preservation of food and feed (top). In the 19th century, the first enzymes and their properties 
were discovered (dark blue boxes). Later, three theories rationalizing how substrates bind to enzymes, i.e. the 
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lock and key model, the induced fit model, and conformational selection, were postulated (light blue boxes). The 
first and the latest Nobel Prizes in Chemistry with respect to enzyme technology are shown in yellow boxes. 
Further milestones, i.e. the determination of the first high-resolution crystal structure of a protein5 and the 
implementation of the first molecular dynamics (MD)-simulation of a protein6, are shown in orange boxes. 
Nowadays, a variety of research areas contribute to modern enzyme technology (red box). 

In the early 19th century, the discovery of enzymes and their properties began (Figure 1). The 

first enzyme, the so-called diastase (from Greek: diastasis, "separation”), was discovered by 

the French chemist Anselme Payen in 18337, 8. In 1835, the Swedish chemist Jöns Jakob 

Berzelius proposed the existence of a catalytic force and introduced the term catalysis (from 

Greek: kata and lyein, “down” and “loosen”)2, 9, 10. Later, in 1858, when studying the 

fermentation of sugar to alcohol by yeast, the French chemist Louis Pasteur postulated that it 

was catalyzed by a vital force contained within the yeast cells, so-called ferments (from Latin: 

fermentum, “yeast”), which were thought to function only within living organisms11, 12. 

Finally, the term enzyme (from Greek: énzymon, "in yeast”) was first used by the German 

physiologist Wilhelm Kühne in 18782, 3. Around 20 years later the foundation of modern 

enzymology was laid by the German chemist Eduard Buchner, who demonstrated that sugar 

was fermented by zymase, a protein-containing substance in yeast, even without living cells2, 

13. In 1907, he received the Nobel Prize in Chemistry for his work (Figure 1). 

The reason why nature has evolved a variety of enzymes is that the majority of the 

abovementioned cellular processes would not take place spontaneously. Almost all enzymes 

follow the same principle: The so-called active site of an enzyme binds a substrate, catalyzes 

a reaction by which products are formed, and then allows the products to dissociate. 

Meanwhile, the enzyme increases the reaction rate by lowering the activation energy (Ea) of 

the reaction, the energy that is required to start the reaction. The lower Ea, the faster a reaction 

happens. There are three theories proposing three distinct models of the mechanism of 

enzyme-substrate binding: The lock and key model, the induced fit model, and the 

conformational selection14-20 (Figures 1 and 2). Already in 1894, the chemist Emil Fischer 

postulated with the lock and key model that only substrates (the keys) with the correct shape 

would fit into the active site (the key hole) of the enzyme (the lock)14 (Figures 1 and 2A). 

Later, in 1958, Daniel Koshland’s induced fit model suggested that the shape of the active site 

changed until the substrate is completely bound15 (Figures 1 and 2B). Finally, in 1994, 

Jefferson Foot and Cesar Milstein proposed the conformational selection assuming that all 

enzymes are inherently dynamic and sample a vast ensemble of conformations of which 

substrates bind to the most favored one16-19 (Figures 1 and 2C). Hence, unlike the lock and 

key model, the induced fit model and the conformational selection assume that enzymes are 
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rather flexible structures. This finding is in agreement with today’s scientific knowledge. 

Many evidences have been found that enzyme flexibility is linked to biomolecular structure, 

(thermo-)stability, and function. One interesting example is that thermophilic enzymes are 

generally less flexible than their mesophilic homologues21, 22 (section 2.2.2.3.1). Hence, the 

increased structural rigidity of thermophilic enzymes can explain how they can maintain their 

functional integrity at high temperatures. Another example is that promiscuous human 

cytochrome P450 (CYP) enzymes that are involved in drug metabolism have more flexible 

active sites23-25. Thus, the induced fit model and the conformational selection are generally 

considered in such cases to be the more correct ones. 

 
Figure 2: The different models of enzyme-substrate binding. (A) The lock and key model proposes that only 
substrates with the correct shape would fit into the active site of the enzyme. (B) The induced fit model suggests 
that the shape of the active site changes until the substrate is completely bound. (C) Conformational selection 
assumes that enzymes are inherently dynamic and sample a vast ensemble of conformations of which substrates 
bind to the most favored one. The substrate (abbreviated as S) is shown as orange triangle, whereas the enzyme 
with its active site (abbreviated as E) is shown as light blue circle. Figure was taken and adapted from Savir et 
al.20. 

Nowadays, enzymes are becoming ever more ubiquitous in our daily lives because of their 

diverse applications such as in the food, detergent, and medical or pharmaceutical industries4 

(section 2.3.3). Indeed, the increasing demand of enzymes can be seen by the global 

industrial enzyme market that has been forecast to reach US$ 7.0 billion by 2023 from US$ 

5.5 billion in 201826. Enzymes catalyzing a chemical reaction are so-called biocatalysts, 
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whereas the usage of isolated biocatalysts or whole cells (bacteria, fungi, microalgae and 

plants, among others) is referred to as biocatalysis27. In the context of green chemistry, an 

approach that aims at developing more sustainable chemical processes with less hazardous 

substances, biocatalysis has shown many advantages compared to traditional chemical 

synthesis4, 28. With this respect, the most important advantages are: (I) Biocatalysts can 

operate at mild conditions in aqueous media at close to room temperatures and low pressures, 

(II) biocatalysts are substrate specific, (III) biocatalysts remain unchanged by the catalyzed 

reactions and can be reused, (IV) biocatalysts are generally highly chemo-, regio-, and 

enantioselective, (V) the usage of whole cells as biocatalysts enables cofactor recycling4, 29-31. 

However, despite all these advantages, natural enzymes do not always meet the required 

demands of industrial applications in terms of harsh environments, such as high temperatures 

or the presence of solvents and detergents32, 33. In addition, to make industrial applications 

more efficient, enzymes with a broad substrate spectrum and high product yields are often 

preferred34, 35. Modern enzyme technology offers an increasing potential of a wide range of 

interdisciplinary processes for designing novel tailor-made enzymes according to human 

purposes2 (Figure 1). Therefore, a broad variety of research areas contribute to modern 

enzyme technology, e.g., microbiology, biochemistry, and bioinformatics. Especially, protein 

engineering (section 2.1) has emerged as a useful tool in enzyme technology. The timeliness 

of protein engineering can be seen by the award of the Nobel Prize in Chemistry to Frances H. 

Arnold for pioneering the use of directed evolution (section 2.1.1) to engineer enzymes in 

2018 (Figure 1). However, the most common approach of protein engineering is based on 

knowledge-driven strategies (section 2.1.3), where the “knowledge” obtained from 

information about the protein structure and / or sequence as well as from computational 

predictions is combined with experiments36-39. Nevertheless, as there is a lack of available 

experimental large-scale data measured in a uniform way the development and validation of 

algorithms for data analysis in knowledge-driven strategies is often unsatisfactory40-43. 

Here, I applied knowledge-driven strategies to rationalize the impact of enzyme flexibility and 

rigidity on protein stability against environmental influences, i.e. protein thermostability and / 

or detergent tolerance (section 5, PUBLICATION II44), substrate promiscuity (section 6, 

PUBLICATION III45), and expression (section 7, PUBLICATION IV35) using our in-

house Constraint Network Analysis (CNA) software46 (section 2.2.2). CNA is a graph theory-

based rigidity analysis approach for linking a biomolecular structure, flexibility, 

(thermo)stability and function. Until now, CNA has been successfully applied to small-scale 

data sets of proteins to investigate protein thermostability (section 2.2.2.3). However, CNA 
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has not been applied to a large-scale data set of protein variants to investigate either protein 

thermostability or other protein properties. In this respect, in order to validate my knowledge-

driven strategies based on CNA predictions, I systematically investigated for the first time 

large-scale data sets of biotechnologically highly relevant bacterial lipolytic enzymes (section 

2.3).    
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2 BACKGROUND 
2.1 Protein engineering strategies 
The following section was taken and adapted from PUBLICATION II44. 

Natural enzymes are versatile biocatalysts catalyzing a wide variety of reactions. However, 

they do not always meet the required demands of industrial applications in terms of harsh 

environments, such as high temperatures or the presence of solvents and detergents32, 33. 

Hence, protein engineering has emerged as a useful tool for developing novel tailor-made 

enzymes. There are two major strategies for protein engineering: directed evolution and 

rational design, both of which can be combined into knowledge-driven strategies (Figure 3)47. 

 

Figure 3: Overview of protein engineering strategies. Selection of protein engineering strategies based on the 
availability of protein structure and / or sequence as well as high-throughput screening (HTS) methods. Directed 
evolution (left) improves protein functions through iterative cycles of mutagenesis and screening or selection. 
Hence, (very) large protein libraries are generated by either random recombination of a set of related sequences, 
such as gene shuffling, or random mutagenesis. Rational design (right) applies computational techniques to 
predict the effect of specific substitutions, which are introduced by site directed mutagenesis (SDM). This results 
in a small number of variants. As an example, a strategy by Rathi et al.48 is shown, where specific substitutions 
of Bacillus subtilis lipase A (BsLipA) (section 2.3.4) are rationally predicted and experimentally validated with 
respect to increased protein thermostability (section 2.2.2.3.2). By combining the advantages of directed 
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evolution and rational design, knowledge-driven strategies (middle) lead to a small number of substitution sites. 
In PUBLICATION II44 I predicted beneficial substitution sites of BsLipA (PDB ID: 1ISP) (section 2.3.4) with 
respect to increased protein thermostability and/or detergent tolerance, which are shown as red spheres. The 
predicted substitution sites were validated against a complete experimental site saturation mutagenesis (SSM) 
library. Figure adapted from Steiner et al.47. 

In the following I will provide an overview about the different protein engineering strategies 

and emphasize the advantages of the knowledge-driven strategies, which I applied in 

PUBLICATIONS II-IV35, 44, 45. 

 

2.1.1 Directed evolution 
Following the principles of natural evolution, albeit on a reduced timescale, protein 

engineering by directed evolution (Figure 3) has become an attractive strategy to improve 

protein functions through iterative cycles of mutagenesis and screening or selection30, 32, 49-51. 

The main advantage of directed evolution is that no information about the protein sequence 

and / or structure is needed. Common methods for library generation are based on either 

random recombination of a set of related sequences, e.g., gene shuffling, or the introduction of 

random mutations in single sequences, e.g., error-prone PCR (epPCR), Sequence Saturation 

Mutagenesis (SeSaM), and Phage-Assisted Continuous Evolution (PACE)52, 53. To 

successfully investigate (very) large protein libraries, powerful automated techniques for rapid 

high-throughput screenings (HTS) were established, such as fluorescence-activated cell 

sorting (FACS) or automated liquid handling32, 49, 50, 54-56. However, the highly labor-intensive 

methods can become technically challenging if beneficial mutations need to be accumulated 

over generations of mutagenesis and screening or selection to reach a desired effect50. After 

all, directed evolution is not good for problems that require multiple, simultaneous, low-

probability events57. Many examples for the successful application of directed evolution are 

provided by Frances H. Arnold50, 58, 59, who was honored with the Nobel Prize in Chemistry 

for pioneering the use of directed evolution (Figure 3). 

 

2.1.2 Rational design 
Alternatively, protein functions can be modified by rational design (Figure 3) based upon the 

ability to predict the effect of a specific substitution by numerous computational techniques47, 

60, 61. In contrast to directed evolution, information about the protein structure and / or 

sequence is evaluated to propose specific substitutions, which are introduced by site directed 

mutagenesis (SDM)62. Using rational design, the following three questions must be answered: 

(I) Where to substitute?, (II) Which substitution should be introduced?, and (III) How to 
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evaluate the effect of the substitution? The main advantage of rational design over directed 

evolution is an increased probability of beneficial protein variants and a significant reduction 

of the protein library size60. Thus, this strategy avoids the time- and cost-intensive generation 

and screening of large protein libraries, especially, if no HTS is available. An example for the 

successful application of rational design is given by a prospective study from Rathi et al.48, 

where specific substitutions of BsLipA that lead to increased thermostability are rationally 

predicted by the Constraint Network Analysis (CNA) approach (section 2.2.2.3.2). Finally, 

the results were experimentally validated with respect to increased protein thermostability. 

Despite successful applications in single cases the general reliability of rational design is still 

unsatisfactory40, 63-66. One reason is that multiple attempts to identify key features in protein 

sequences and/or structures associated with protein function have failed to paint a clear 

picture, which makes it difficult to define rules of universal validity and general 

applicability32, 41. Another reason lies in the data used in the design and evaluation of 

computational techniques. For example, the ProTherm database67, 68, a collection of 

thermodynamic data of proteins, contains on average ~12 single, ~12 double, and ~1 multiple 

substitution for each of the ~1000 proteins stored32. Thus, while overall exhaustive, the data 

may not include a sufficient number of variants per protein to compensate for outliers and, 

therefore, may not allow a stratification of the data to derive a generally applicable set of 

rules. As such data, furthermore, originates from different experimental methods, it is not 

surprising that different thermodynamic data have been found associated with the same 

variant42. In addition, the data is strongly biased towards substitutions to alanine, whereas it is 

very limited for some other substitutions43. 

 

2.1.3 Knowledge-driven strategies 
As an intermediate, third route recent developments have tended towards knowledge-driven 

strategies (Figure 3), which combine the advantages of directed evolution and rational 

design36, 47, 69. The “knowledge” generally arises from information about the protein structure 

and / or sequence as well as computational techniques36-39. First, substitution sites with high 

potential to yield beneficial protein variants are predicted; second, substitutions are 

engineered by SSM or SDM41. By such knowledge-driven strategies, the challenge of 

accurately predicting the effect of a substitution on protein function is circumvented, and 

substitution efforts are guided to a few, distinguished sequence positions, making subsequent 

combinations feasible. This strategy usually leads to smaller “smart” libraries with a higher 

probability of the desired improvement69, 70. However, even with HTS it is difficult to handle 
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all variants based on combinations of the 20 proteinogenic AAs at more than six substitution 

sites (i.e., more than 206 = 6.4 * 107 variants)32, 39, 49, 71. In PUBLICATIONS II-IV35, 44, 45 I 

applied knowledge-driven strategies based on CNA (section 2.2.2) to rationalize the impact of 

enzyme rigidity and flexibility on different protein properties. 
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2.2 Rigidity theory for biomolecules 
The following part was taken and adapted from PUBLICATION I72 in which we reviewed 

fundamental concepts in rigidity theory, ways to represent biomolecules as constraint 

networks, and methodological and algorithmic developments for analysing such networks and 

linking the results to biomolecular function. These applications include investigating large 

biomolecules such as the ribosome73, understanding allostery73-75, predicting thermodynamic 

properties76, assessing the structural stability of complexes77, 78, identifying folding cores of 

proteins79, 80, sampling of biomolecular conformational spaces81-84, finding putative binding 

sites85, and analyzing structural determinants of thermostability22, 86. To automate and 

improve the efficiency of the analysis, several software packages have been developed87, 88, 

including CNA46. In PUBLICATIONS II-IV35, 44, 45 we performed rigidity analyses of 

proteins in various contexts based on CNA46. Assuming that proteins follow the same laws of 

physics as do mechanical structures, protein and mechanical rigidity are strongly interlinked. 

Hence, the basis of rigidity theory will be the focus in the following. 

 

2.2.1 Basic concepts of rigidity theory 
2.2.1.1 Constraint counting: Maxwell’s rules for rigidity 
Analyzing network rigidity was already of scientific interest in the 19th century when 

Maxwell investigated the stability of mechanical structures, e.g., bridges, consisting of struts 

(distance constraints) connected by joints (Figure 4)89. 

 
Figure 4: Network rigidity of mechanical structures. Schematic representation of a bridge consisting of struts 
(distance constraints) connected by joints. (A) In 2D, the triangle is the smallest rigid unit. Hence, if all 
constraints are in place, the bridge is isostatically or minimally rigid. (B) Removing one constraint divides the 
bridge into two rigid clusters with a flexible region in between. Figure taken and adapted from PUBLICATION 
I72. 

Maxwell introduced constraint counting as mean field approach to assign the number of 

independent internal degrees of freedom (abbreviated as DOF), called ‘floppy modes’ 
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(abbreviated as F). F determines possible movements of a structure in the d-dimensional 

space without violating any of the constraints. For a network with N sites, lacking any 

constraints, F is given by Eq. 1. The latter term denotes the global DOF. 

Eq. 1

Maxwell assumed that in a system with independent constraints Nc each constraint removes 

one F. This results in the number of F according to Maxwell (abbreviated as Fmxw) given by 

Eq. 2. 

Eq. 2

If not all constraints are independent, using Maxwell’s equation will lead to an 

underestimation of F. This is corrected for by considering the number of redundant 

constraints Nr90. The number of F is thus given by Eq. 3. 

Eq. 3

Redundant constraints introduce stress in the network and do not add to the stability of the 

network anymore91. A network region with redundant constraints is overconstrained or 

stressed. If the number of constraints and internal DOF is the same, the region is isostatically 

or minimally rigid (Figure 4A)92. A region with fewer constraints than internal DOF is 

defined as underconstrained or flexible (Figure 4B). The principles to determine flexibility in 

mechanical structures can further be used in proteins. 

 

2.2.1.2 Constraint network representations for proteins 
Applying a constraint network representation to proteins reduces its complexity to the 

question of connectivity as no geometric details are considered. There are several types of 

constraint networks in which atoms are transformed into nodes and (non)covalent bonds into 

constraints in between93. Due to the fact that CNA (section 2.2.2) models a protein as a body-

and-bar network46, in the following, the focus is on this type of constraint network 

representation. Alternatively, proteins can be modeled as bond-bending network (also called 

bar-and-joint network or molecular framework)94, 95 and body-bar-hinge network88, 95. 

In body-and-bar networks95, 96, atoms are considered as rigid bodies having six DOF, which 

are connected by bars. Two rigid bodies have in total 12 DOF. Disregarding the six global 

DOF, six bars are needed to lock in the internal DOF and, hence, to model double and peptide 
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bonds. A single bond is modeled with five constraints, leaving one DOF for the dihedral 

rotation. Exemplarily the body-and-bar network representation of propene is shown (Figure 

5). 

 

Figure 5: Body-and-bar network representation of propene. (A) Ball-and-stick representation of propene with 
carbon atoms shown in blue and hydrogen atoms shown in light gray. (B) In the body-and-bar network, atoms 
are modeled as bodies with six DOF, a single bond as five constraints between two bodies, and a double bond as 
six constraints between two bodies. Figure taken and adapted from PUBLICATION I72. 

Stronger noncovalent interactions, such as hydrogen bonds (including salt bridges) and 

hydrophobic interactions, are essential for the stability of proteins and, thus, require accurate 

modeling in the constraint network. In contrast, weaker interactions such as van der Waals or 

electrostatic forces are not included in the constraint network. In all types of constraint 

networks, modeling of different interaction strengths is possible by including a different 

number of constraints/bars96, 97. In body-and bar networks, hydrogen bonds are modeled with 

five bars, as are covalent bonds, and hydrophobic interactions with two bars46, 96, 98 although 

lower and higher numbers of bars have been used for hydrophobic interactions, too98. 

Deciding which noncovalent interactions to include in the network is decisive for an accurate 

representation of the flexibility of the system78, 99. For this, the strength of hydrogen bonds is 

evaluated according to Mayos’s hydrogen bond potential energy (EHB)100. Only hydrogen 

bonds with EHB ≥ Ecut, where Ecut represents an energy cutoff (section 2.2.2.1), are included in 

the constraint network87, 101. Hydrophobic interactions are often included in the constraint 

network according to the criterion that the distance between carbon and/or sulfur atoms is less 

than the sum of their van der Waals radii (C: 1.7 Å, S: 1.8 Å) plus a distance cutoff Dcut = 

0.25 Å46. Alternatively, Fox et al.98 introduced a parameter to describe the strength of 

hydrophobic interactions based on pairwise van der Waals energies derived from the Lennard-

Jones potential of the AMBER parm99 force field102, 103. Furthermore, it should be taken into 

account that the results of the rigidity analyses can be affected by additional factors such as 

water molecules78, 87, 104, ions105, small-molecule ligands85, 96, and other biomolecules78. These 
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methods to represent proteins as constrained networks can now be implemented into 

algorithms to be used at a large scale. One common implementation is Laman’s theorem and 

the pebble game algorithm. 

 

2.2.1.3 Constraint Counting: Laman’s theorem and pebble game algorithm 

For a given constraint network, Eq. 3 yields F in terms of a mean field approximation90. In 

1970, Laman’s theorem90 had a major impact in that it allows to determine the DOF locally in 

generic (i.e., lacking any special symmetries) 2D constraint networks by applying constraint 

counting to all subgraphs within the network. Laman’s theorem reads as follows: A generic 

2D network is minimally rigid if and only if the number of constraints is 2N − 3, and every 

non-empty subgraph s induced by Ns ≥ 2 sites spans at most 2Ns − 3 constraints. Based on 

Laman’s theorem, Hendrickson91 suggested an algorithm that exactly counts the number of F 

in a generic 2D network and, hence, is appropriate to decompose it into rigid regions and 

flexible links in between. Further developments on this algorithm led to the efficient 

combinatorial 2D pebble game algorithm implemented by Thorpe and Jacobs106. However, its 

generalization is not sufficient in higher dimensions, e.g., in the 3D double banana network 

(Figure 6)107. This network has overall 3N − 6 constraints, and none of the subgraphs has 

more than 3Ns − 6 constraints connecting Ns sites. Applying the 3D analog of Laman’s 

theorem would thus lead to the conclusion that this network is minimally rigid, which is 

wrong as there is an implied-hinge joint between the two ‘banana’ subgraphs. 

 
Figure 6: Double banana network. Constraint counting implies that the 3D double banana network is rigid 
because it satisfies the 3N − 6 counting condition considering that the nodes have three DOF. However, internal 
motion within this network is possible along the implied-hinge joint between the two ‘banana’ subgraphs 
(dashed line). Figure taken and adapted from PUBLICATION I72. 
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With the molecular framework conjecture, Tay and Whiteley95 proposed that the constraint 

counting can be extended to a certain subtype of 3D networks with a molecule-like character, 

the bond-bending networks (section 2.2.1.2). Based on this proposition, Jacobs constructed a 

3D pebble game algorithm for these networks, the computational time complexity of which is, 

in a worst case scenario, O(N2); in practice, the algorithm runs in linear time92, 101. In 

comparison, brute force numerical techniques can give the same result as the pebble game 

algorithm, but are generally unfeasible for large systems due to a computational complexity of 

O(N3)101. 

The pebble game algorithm for bond-bending networks (section 2.2.1.2) has been 

implemented in early versions of the Floppy Inclusion and Rigid Substructure Topography 

(FIRST) software87. CNA functions as a front- and back-end to FIRST46 (section 2.2.2). In 

2004, Hespenheide et al.96 implemented a 3D pebble game algorithm using a 6N – 6 count 

applied on body-and-bar representations of molecules (section 2.2.1.2). In 2008, Lee and 

Streinu108, 109 described a family of pebble game algorithms, the (k,l)-pebble games, where k is 

the initial number of pebbles on each node and l is the acceptance condition, that is, the global 

degrees of freedom of the system. The original 2D pebble game algorithm of Jacobs and 

Hendrickson110 is a (2,3)-pebble game in this terminology108. A (6,6)-pebble game 

implemented by Fox et al.88 for analyzing body-bar-hinge networks (section 2.2.1.2) is equal 

to the 3D pebble game algorithm introduced by Hespenheide et al.96 for analyzing body-and-

bar networks (section 2.2.1.2). Notably, the family of (k,l)-pebble games were proven to be 

correct by Katoh and Tanigawa in 2011111. 

When applying a 3D pebble game algorithm using a 6N – 6 count on a body-and-bar network 

(section 2.2.1.2), initially, each node in a network is assigned six pebbles corresponding to the 

six DOF in 3D. In order to decompose the network into flexible and rigid regions, the pebble 

game algorithm follows two rules109: 

I. Define a constraint between the nodes: If the nodes i and j have at least seven 

pebbles in total, place a pebble on the constraint from i to j to define the constraint 

in the direction of j (Figures 7A, B, E, F). 

II. Slide a pebble: If there is a defined constraint between i and j and there is a pebble 

on j, reverse the direction of the constraint and move the pebble from j to i 

(Figures 7C, D). 

Exemplarily, a 3D pebble game algorithm using a 6N − 6 count on a body-and-bar network of 

a biomolecule (section 2.2.1.2) is shown (Figure 7). 
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Figure 7: The 3D pebble game algorithm. An exemplary biomolecule is modeled as a body-and-bar network 
with four nodes connected by a total of 18 constraints. (A) Five pebbles are first placed on the constraints 
between b and c defining all five constraints in the same direction. (B) Then, five pebbles are placed on the 
constraints from c to d and from d to a. This leaves six pebbles on a and one pebble on b, c, and d, respectively. 
(C, D) All single pebbles are now collected on b. (E) There are now six pebbles on a and three pebbles on b; c, 
and d are empty. Finally, the last three constraints are defined by placing the three pebbles on the constraints 
between b and a. (F) Now 18 pebbles are used, and all constraints are defined. The remaining six pebbles on a 
represent the six global DOF, demonstrating that this graph is minimally rigid. Figure taken and adapted from 
PUBLICATION I72. 

2.2.2 Constraint Network Analysis 
The Constraint Network Analysis (CNA) approach46 was first introduced by Radestock and 

Gohlke22 and aims at linking information from rigidity analysis derived from the Floppy 

Inclusion and Rigid Substructure Topography (FIRST) software87 with biomolecular 

structure, (thermo-)stability, and function. FIRST, developed by Jacobs et al.87, was the first 

implementation of a pebble game algorithm (section 2.2.1.3) together with code for 

generating constraint networks for proteins (section 2.2.1.2). CNA functions as a front- and 

back-end to FIRST46. 

Going beyond the mere identification of flexible and rigid regions in a biomolecule, CNA 

allows for (I) performing constraint dilution simulations (Figure 8A) that consider a 

temperature dependence of hydrophobic tethers112, 113, in addition to that of hydrogen bonds 

(section 2.2.2.1), (II) computing a comprehensive set of global and local indices for 
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quantifying biomolecular stability105 (section 2.2.2.2) (Figure 8B-D), and (III) performing 

rigidity analysis on ensembles of network topologies (ENT). For the latter, structural 

ensembles obtained from molecular dynamics (MD) simulations and ensembles based on the 

concept of fuzzy noncovalent constraints (ENTFNC)114 can be used. In short, ENTFNC performs 

rigidity analyses of biomolecules on ENT generated from a single input structure. Here, the 

ENT are based on fuzzy noncovalent constraints, which considers thermal fluctuations of 

biomolecules without actually sampling conformations. That way, information on the 

influence of a finite temperature on constraint network representations is implicitly included 

without the need to derive system-specific parameters. As we114, 115 and others104, 116 observed, 

performing rigidity analysis on ENT instead of single networks greatly improves the 

robustness of the results. In PUBLICATIONS II-IV35, 44, 45 constraint dilution simulations 

(section 2.2.2.1) were performed by CNA either on ENT generated from MD simulations or 

on ENTFNC. 

 
Figure 8: Results of a constraint dilution simulation of hen egg white lysozyme with CNA. (A) In the 
constraint dilution simulation, a stepwise decrease in the cutoff energy (Ecut) removes hydrogen bonds from the 
constraint network in the order of increasing strength. The colored surfaces represent the rigid clusters, and the 
black lines represent the flexible regions of the protein. (B) Degree of disorder along a constraint dilution 
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simulation as revealed form the cluster configuration entropy H. The disorder is low when a single rigid cluster 
dominates and increases when the cluster falls apart into smaller subclusters of different sizes. (C) The rigidity 
index ri characterizes the per-residue stability as it monitors when a residue i segregates from any rigid cluster 
during a constraint dilution simulation. A lower ri value indicates that the residue resides in a region of higher 
stability. (D) The stability map rcij represents when a ‘rigid contact’ between two residues of the network (both 
residues belong to the same rigid cluster) vanishes during the thermal unfolding simulation (upper triangle); the 
neighbor stability map rcij,neighbor considers only the rigid contacts between two residues that are at most 5 Å apart 
from each other, with values for all other residue pairs colored gray (lower triangle). Note that arrows at axes 
labeled with Ecut point in the direction of more negative values. A blue (white) color indicates that contacts 
between residue pairs are more (less) rigid. Figure taken and adapted from PUBLICATION I72. 

In order to facilitate the processing of the highly information-rich results obtained from CNA, 

the VisualCNA plugin for PyMOL117 and the CNA web server118 have been developed. Both 

provide user-friendly interfaces around the CNA software for easily setting up CNA runs and 

analyzing results. 

The CNA software and VisualCNA are available under academic licenses from 

https://cpclab.uni-duesseldorf.de/index.php/Software, and the CNA web server is accessible at 

https://cpclab.uni-duesseldorf.de/cna/. In PUBLICATIONS II-IV35, 44, 45 constraint dilution 

trajectories (section 2.2.2.1) were visually inspected by VisualCNA. 

 

2.2.2.1 Analyzing network states along constraint dilution trajectories 
By gradually removing noncovalent constraints from an initial network representation of a 

biomolecule, a succession of network states {σ} is generated (constraint dilution trajectory). 

Analyzing such a trajectory by rigidity analysis reveals a hierarchy of rigidity that reflects the 

modular structure of biomolecules in terms of secondary, tertiary, and supertertiary 

structure21, 22, 79, 119, 120. In particular, constraint dilution allows simulating the loss of structural 

stability of a biomolecule with increasing temperature121, 122. For this, hydrogen bonds are 

removed from the constraint network if EHB > Ecut,σ, where σ = f(T) is the state of the network 

at temperature T  and Ecut,σ1 > Ecut,σ2 for T1 < T2 (Figure 8A). Hydrophobic interactions are 

generally not removed along the constraint dilution trajectory because they remain constant in 

strength or become even stronger with increasing T. Alternatively, a modified method for 

accounting for the temperature dependence of hydrophobic interactions has been introduced 

that adds more constraints to the network with increasing temperature by linearly increasing 

the distance cutoff Dcut112. The hierarchy of rigidity of biomolecules leads to a percolation 

behavior that is often more complex than that of network glasses93, and multiple phase 

transition points can be identified along the constraint dilution trajectory at which rigid 

clusters decompose (Figure 8B)46. The rigidity percolation threshold is then defined as the 
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phase transition when the network changes from an overall rigid to an overall flexible state 

and thus loses its ability to transmit stress22. 

Phase transitions can be related to the protein`s (thermo)stability (section 2.2.2.3). Therefore, 

the computed Ecut values can be converted to a temperature T using the linear equation 

introduced by Radestock et al.22 (Eq. 4). 

Eq. 4

In PUBLICATIONS II-IV35, 44, 45 we applied Eq. 4 to provide insights into a protein`s 

(thermo)stability during constraint dilution simulations.  

 
2.2.2.2 Global and local indices for characterizing biomolecular stability 
For having maximal advantage from rigidity analysis, the results need to be linked to 

biologically relevant characteristics of a structure. For this, CNA computes a comprehensive 

set of indices from the constraint dilution trajectory105 (section 2.2.2.1). 

Global indices monitor the degree of flexibility and rigidity within constraint networks at the 

macroscopic level. They include the rigidity order parameter P∞123, which monitors the decay 

of the largest rigid cluster, the mean rigid cluster size S124, which monitors the decay of all but 

the largest rigid cluster123, 124, and the cluster configuration entropy H, a Shannon-type 

entropy125 that is a morphological descriptor of the network heterogeneity126 (Figure 8B) 

(section 2.2.2.2.1). 

Local indices characterize the network flexibility and rigidity down to the bond level. The 

percolation index pi is a local analog to P∞ and is most suitable to monitor the percolation 

behavior of a biomolecule locally105. The rigidity index ri is a generalization of pi as it 

monitors when a residue segregates from any rigid cluster105 (Figure 8C). Another set of local 

indices characterizes correlations of stability between pairs of residues105. As such, stability 

maps rcij are 2D generalizations of ri21 (Figure 8D) (section 2.2.2.2.2). In addition, CNA 

computes unfolding nuclei as structural features from which macroscopic (in)stability 

originates22 (section 2.2.2.2.3). These can be used to predict structural weak spots for 

improving protein’s stability.  
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The following sections focus on the indices that are used in PUBLICATIONS II-IV35, 44, 45. 

For further details about the other global and local indices see ref. 105. 

2.2.2.2.1 Cluster configuration entropy 

The following part was taken and adapted from PUBLICATION II44. 

The cluster configuration entropy Htype2 is a global index, which has been introduced by 

Radestock and Gohlke22. In PUBLICATIONS II44 and III45 Htype2 is used to identify the 

phase transition temperature Tp at which a biomolecule switches from a rigid to a floppy state 

and the largest cluster stops to dominate the whole network. As long as the largest rigid 

cluster dominates the whole protein network, Htype2 is low because of the limited number of 

possible ways to configure a system with a very large cluster. When the largest rigid cluster 

starts to decay or stops to dominate the protein network, Htype2 jumps. There, the network is in 

a partially flexible state with many ways to configure a system consisting of many small 

clusters. The percolation behavior of protein networks is usually complex, and multiple phase 

transitions can be observed. In order to identify Tp, a double sigmoid fit is applied to an Htype2 

versus T(Ecut) curve as done previously21, 22, 48, 112, 127, and Tp taken as that T value associated 

with the largest slope of the fit. 

 

2.2.2.2.2 Stability maps 

The following part was taken and adapted from PUBLICATIONS II-IV35, 44, 45. 

Since the percolation behavior of a protein network is complex due to the protein’s structural 

hierarchy and composition of different modules, it is often challenging to assign a phase 

transition with Htype2. Thus, in PUBLICATIONS II-IV35, 44, 45, in addition to using Htype2, we 

also characterized the hierarchy of rigid and flexible regions of wtBsLipA at a local level by 

calculating stability maps. 

The stability map rcij is a local index, which has been introduced by Radestock and Gohlke21. 

rcij represents the local stability within a protein structure for all residue pairs at which a rigid 

contact rc between two residues i and j (represented by their Cα atoms) is lost during the 

constraint dilution. rc exists if i and j belong to the same rigid cluster c of the set of rigid 

clusters 105. Thus, rcij contains information cumulated over all network states along the 

constraint dilution trajectory as to which parts of the network are (locally) mechanically stable 

at a given σ, and which are not127. This stability information is not only available in a 

qualitative manner but also quantitatively in that each rcij has been associated with Ecut at 



BACKGROUND 

  20   
 

which the rigid contact is lost. The sum over all entries in rcij represents the chemical 

potential energy due to noncovalent bonding, obtained from the coarse-grained, residue-wise 

network representation of the underlying protein structure. To focus only on the stability of rc 

between structurally close residues, rcij was filtered such that only rigid contacts between two 

residues that are at most 5 Å apart from each other were considered (neighbor stability map 

rcij,neighbor). As done previously127, to suppress the influence of extreme values in the double 

summation on the outcome of the unfolding energy, the median neighbor stability map ij, 

neighbor can be computed as the median of ij,neighbor averaged over the ensemble instead. 

 

2.2.2.2.3 Unfolding nuclei 

The following part was taken and adapted from PUBLICATION II44.  

Unfolding nuclei are represented by residues that percolate from the largest rigid cluster at the 

latest phase transition22. If such residues become flexible, it will have a detrimental effect on 

protein stability. Fringe residues of the unfolding nuclei percolate from the largest rigid 

cluster during earlier steps of the thermal unfolding. In PUBLICATION II44, we follow the 

hypothesis that the more structurally stable the fringes of unfolding nuclei are, the more 

structurally stable will those unfolding nuclei be. Therefore, if such fringe residues (termed 

weak spots) are targeted by substitutions, the likelihood to stabilize the rigid core of a protein 

should be high. If two unfolding nuclei were only separated by one residue, this residue was 

also considered a weak spot. This procedure of identifying weak spots is in agreement with a 

previous study by us22. 

 

2.2.2.3 Applications of CNA 
As in previous studies, monitoring the decay of network rigidity along a constraint dilution 

trajectory (section 2.2.2.1) generated by CNA was mainly used to provide insights into 

protein’s thermostability. The following sections focus on these applications. Biomolecular 

thermostability can have a thermodynamic or kinetic origin128. Thermodynamic stability is a 

function of the change in free energy between the folded and unfolded state of a protein, 

whereas kinetic stability is determined by the height of the free energy barrier on the pathway 

of the time-dependent irreversible transition between folded and denatured state128, 129. In all 

studies reported below, rigidity analysis was used to investigate only the effect of mutations 

on the folded state. This was done because rigidity analysis cannot account for the time-

dependency of processes104, and it is very challenging to generate realistic structural models 
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of the unfolded state of a protein130. Still, applying rigidity analysis that way provides a wide 

range of applicability for studying thermostability because increased structural rigidity of the 

folded state is in 60% of the cases responsible for increased thermostability48. 

Initially, CNA has been applied to small-scale data sets of pairs of homologous proteins from 

psychrophilic to (hyper)thermophilic organisms (section 2.2.2.3.1). Subsequently, series of 

protein variants were investigated (section 2.2.2.3.2). However, CNA has not been applied to 

a large-scale data set of protein variants to investigate either protein thermostability or 

multiple types of protein stability. This is why I rationalize the impact of enzyme rigidity and 

flexibility on different protein properties with CNA at large-scale in PUBLICATIONS II-

IV35, 44, 45. 

 

2.2.2.3.1 Constraint dilution simulations to investigate protein thermostability 

Radestock et al.21, 22 analyzed protein thermostability of pairs of homologous proteins from 

mesophilic and thermophilic organisms using CNA. The authors described the macroscopic 

percolation behavior and predicted Tp by monitoring H and P∞ (section 2.2.2.2) during 

constraint dilution simulations (section 2.2.2.3.1). The comparison between predicted Tp 

values and optimal growth temperatures of the corresponding organisms (Tog) revealed that in 

two-thirds of the pairs, a higher Tp was predicted for the thermophilic than for the mesophilic 

homolog22. At the microscopic level, the authors identified structural features from which a 

destabilization originates (abbreviated as weak spots), which is very helpful for guiding 

mutation experiments when prospectively engineering thermostability (see below). From both 

global and local stability characteristics the authors provided direct evidence for the ‘principle 

of corresponding states,’ according to which mesophilic/thermophilic homologs have similar 

flexibility and rigidity characteristics at the respective Tog21, 22. In addition, by monitoring the 

local distribution of flexible and rigid regions using rcij (section 2.2.2.2), adaptive mutations 

in enzymes were shown to maintain the balance between global (structural) stability, in favor 

of overall thermostability, and local flexibility, in favor of activity, at appropriate enzyme 

working temperatures; this important information provides guidelines for what (not) to mutate 

in prospective studies21. 

Extending these study to series of protein variants, Rathi et al.112 studied the relationship 

between structural rigidity and thermostability of citrate synthase (CS) from five different 

species with Tog ranging from 37°C to 100°C. CNA was applied to conformational ensembles 

generated by MD simulations (section 2.2.2). The authors obtained a good correlation (R2 = 
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0.88) between predicted Tp and experimental Tog. This finding validates that CNA is able to 

quantitatively discriminate between less and more thermostable proteins even within a series 

of orthologs. Furthermore, from a local point of view, the study revealed that structural weak 

spots predominantly occur at sequence positions with a high mutation ratio. Dick et al.131 

applied CNA to study the thermal adaptation of 2-deoxy-D-ribose-5-phosphate aldolase 

(DERA) originating from psychrophilic to hyperthermophilic organisms (Tog = 8 – 100°C). 

The comparison between predicted Tp and experimental Tog revealed a very good correlation 

(R2 = 0.97). Interestingly, the authors identified, and validated by experiment, that interface 

stability contributes to thermostability in the dimeric DERA structures from 

(hyper)thermophilic organisms. This may be exploited as a design principle when engineering 

thermostability in multimeric proteins. 

 

2.2.2.3.2 Prospective application to improve protein thermostability 

With the aim to further develop CNA for prospective studies on improving thermostability, 

Rathi et al.127 analyzed the thermodynamic stability of a set of 16 variants of BsLipA. Three 

results stood out from this analysis. First, (relative) thermodynamic stability was successfully 

predicted for variants that differ by only 3–12 mutations from the wild type structure of 

BsLipA (wtBsLipA). Second, a measure for the similarity/dissimilarity of constraint dilution 

pathways of variants was introduced for explaining false thermostability predictions. Third, 

 was introduced as a new local measure for predicting thermodynamic stability 

(section 2.2.2.2.2). Additionally, the recently developed ENTFNC approach114 (section 2.2.2) 

was used for robust rigidity analysis, which makes it unnecessary to perform computationally 

demanding MD simulations for each variant. 

In a subsequent prospective study, Rathi et al.48 described a strategy to predict AA 

substitutions optimal for thermostability improvement; the predictions were experimentally 

validated. The strategy combines a structural ensemble-based weak spot prediction of 

wtBsLipA by CNA, filtering of weak spots according to sequence conservation, 

computational SSM, assessment of variant structures with respect to their structural quality, 

and screening of the variants for increased structural rigidity by ENTFNC-based CNA (section 

2.2.2). The strategy was applied to predict single-point variants of BsLipA and yielded a 

success rate of 25% (60% when mutations from small-to-large residues and those in the active 

site were excluded) with respect to experimentally validated mutations that lead to increased 
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thermostability. Notably, an increase in thermostability by 6.6 °C compared to wtBsLipA due 

to a single mutation was found. 

As the prospective studies from Rathi et al.48, 127 show that BsLipA is suitable as model 

enzyme with respect to improving protein’s thermostability based on CNA, I used BsLipA for 

retrospective studies in PUBLICATIONS II44 and IV35. 
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2.3 Bacterial lipolytic enzymes as model enzymes 
This section focuses on bacterial lipolytic enzymes that are used as model enzymes in 

PUBLICATIONS II-IV35, 44, 45. Based on their classification (section 2.3.1), structure 

(section 2.3.2), and industrial applications (section 2.3.3) insights will be provided into why 

they stand out in comparison to other enzymes. In particular, BsLipA (section 2.3.4), the 

model enzyme used in PUBLICATIONS II44 and IV35, will be described in more detail. 

 

2.3.1 Classification of bacterial lipolytic enzymes 
According to the Enzyme Commission (EC) bacterial lipolytic enzymes belong to 

hydrolases (EC 3) (Figure 9A) that irreversibly catalyze the cleavage of chemical bonds by 

addition of water under physiological conditions132. As the homeostasis of biomolecules, 

e.g., polysaccharides, DNA, proteins, and lipids, is essential for every living organism, 

hydrolases are ubiquitous in all three domains of life132. Bacterial lipolytic enzymes include 

carboxylesterases (EC 3.1.1.1; abbreviated as esterases/ESTs) and triacylglycerol hydrolases 

(EC 3.1.1.3; abbreviated as ‘true’ lipases/LIPs) (Figure 9A), both of which I studied 

extensively in PUBLICATIONS II-IV35, 44, 45. ESTs hydrolyze solutions of water-soluble 

short acyl chain esters with < 10 carbon atoms and are mostly inactive against water-insoluble 

long chain triacylglycerols with ≥ 10 carbon atoms, which, in turn, are specifically hydrolyzed 

by LIPs (Figure 9B)133-137. Besides hydrolysis, other common reaction types are 

(trans/inter)esterification, alcoholysis, acidolysis, and aminolysis138. 

 
Figure 9: Classification of bacterial lipolytic enzymes according to the Enzyme Commission (EC) and 
lipase-catalyzed hydrolysis and esterification of triacylglycerol. (A) Hydrolases (EC 3) include 
carboxylesterases (EC 3.1.1.1; abbreviated as esterases/ESTs) and triacylglycerol hydrolases (EC 3.1.1.3; 
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abbreviated as ‘true’ lipases/LIPs). Together they are called ‘bacterial lipolytic enzymes’. (B) LIPs hydrolyze 
triacylglycerol to form glycerol and long-chain fatty acids. The reverse reaction can also be carried out by 
esterification. The hydrocarbon chains are represented as R1-R3. Figure taken and adapted from Jaeger et al.137. 

Originally, LIPs were distinguished from ESTs based on kinetic terms of the phenomenon of 

interfacial activation at oil-water interfaces139. This phenomenon describes the activation of 

LIPs at high substrate concentrations beyond the critical micelle concentration (CMC). Hence, 

in contrast to ESTs, as the catalytic reaction of LIPs is not taking place in a homogenous 

phase, the classical Michaelis-Menten kinetic cannot be applied for LIPs139, 140. Instead, 

reaction kinetics of some LIPs follow sigmoid curves140. By determining the first three-

dimensional structures of the fungal lipase from Rhizomucor miehi141 and the human pancreas 

lipase142, a flexible, amphipathic active site-covering α-helix, the so-called ‘lid’, was 

discovered, and a molecular explanation for interfacial activation was found. In short, upon 

interaction with the oil-water interface, the lid attains an ‘open’ conformation by structural 

changes resulting in the displacement of the lid from the active site132, 134, 143. Finally, the 

hydrophobic surface area surrounding the active site increases and the substrate can freely 

diffuse into the active site132, 144. However, due to the discovery of LIPs that show no 

correlation between their activity and neither interfacial activation nor the presence of a lid, 

both criteria were not able to appropriately distinguish ESTs and LIPs132, 145-148. Such 

exception is BsLipA, the model enzyme used in PUBLICATIONS II44 and IV35, that does 

not possess a lid, and, hence, shows no interfacial activation148, 149 (section 2.3.4.2). 

Due to the considerable increase of structural knowledge of bacterial lipolytic enzymes 

through the elucidation of many gene sequences and the resolution of numerous crystal 

structures (section 2.3.2), today’s most commonly used classification is based on 

phylogenetic criteria, conserved sequence motifs, and biological functions132, 150-152. Initially, 

Arpigny and Jaeger150 classified 53 known bacterial lipolytic enzymes into eight families 

(FEST/LIP), FI to FVIII. Later, numerous novel enzymes were added to these families and the 

classification was extended by eleven families, FIX to FXIX132, 151, 152. This classification 

simplifies the assignment of newly discovered bacterial lipolytic enzymes to the respective 

family132. Furthermore, biochemical properties of some bacterial lipolytic enzymes were 

correlated with the nature of the often extremophilic microorganism from which the 

respective enzyme was isolated132. This allows the identification of FEST/LIP with novel 

biocatalysts for industrial applications (section 2.3.3). In addition, the classification enables 

us to predict important structural features, e.g., the identification of active sites, and secretion 

mechanism. 
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The model enzyme BsLipA used in PUBLICATIONS II44 and IV35 was found in the largest 

FEST/LIP, FI, combining ‘true lipases’ in eight subfamilies, FI.1 to FI.8132, 149-152. BsLipA belongs 

to FI.4, the subfamily representing the smallest triacylglycerol LIPs with molecular weights 

(MW) of about 20 kDa149, 150. Especially in FI.4, several LIPs of the Gram-positive genus 

Bacillus, e.g., B. licheniformis, B. subtilis, and B. pumilis, were identified132. In comparison to 

the conserved pentapeptide sequence Gly-X-Ser-X-Gly, where X denotes any AA, LIPs of 

FI.4 contain an Ala at the first position. Furthermore, these LIPs reach the maximum activity at 

pH 10.0-11.5153. BsLipA will be described later in more detail (section 2.3.4). 

Furthermore, the large-scale data set used in PUBLICATION III45 contains ESTs that are 

mainly assigned to FIV, the hormone-sensitive lipase (HSL) family. FIV consists of several 

ESTs from distantly related prokaryotes including psychrophilic to thermophilic bacteria132. 

Most ESTs of FIV show a striking AA sequence similarity to the mammalian HSL154. 

 

2.3.2 Structural insights into bacterial lipolytic enzymes 
The importance of lipolytic enzymes can be seen by the collection of 4257 LIPs and 3121 

ESTs in BRENDA (BRaunschweig ENzyme DAtabase)155, 156. Considering that among them 

only 350 LIPs and 273 ESTs are linked to primary literature shows that the majority of 

lipolytic enzymes have not been experimentally studied yet132. The analysis of lipolytic 

enzymes into taxonomic groups revealed that they are conserved among all three domains of 

life and mostly originate from microorganism132. 

Most of the bacterial lipolytic enzymes have a canonical α/β-hydrolase fold (Figure 10) with 

the conserved pentapeptide sequence Gly-X-Ser-X-Gly, where X denotes any AA132, 157. 

Moreover, a second large structural family of bacterial lipolytic enzymes shows a canonical 

α/β/α-hydrolase fold with a conserved active site motif Gly-Asp-Ser-Leu and only few 

bacterial lipolytic enzymes with a β-lactamase-like fold were found132, 158, 159. This section 

focuses on the canonical α/β-hydrolase fold because most of the bacterial lipolytic enzymes in 

PUBLICATIONS II-IV35, 44, 45 have this fold. 

The canonical α/β – hydrolase fold consists of a central β-sheet with eight β-strands (β1-β8), 

flanked by six α-helixes (αA-αF)157, 160 (Figure 10).  
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Figure 10: Schematic drawing of the α/β-hydrolase fold. Secondary structure topology of bacterial lipolytic 
enzymes showing an α/β-hydrolase fold with α-helices colored in dark blue (αA-αF) and β-strands (β1- β8) 
colored in orange. Broken lines indicate loops with variable lengths. The catalytic triad of Ser, Asp/Glu and His 
are shown as dots. Figure taken and adapted from Ollis et al.157. 

The β-sheet shows a parallel orientation, with the exception of the antiparallel orientated β2-

strand. As the globular scaffold of this folding pattern is characterized by an extraordinary 

plasticity structural elements and even domains, e.g., the lid or cap, can be inserted into the 

loops connecting β-strands and α-helixes without disturbing the fold itself132, 161, 162. Besides 

the folding pattern, the active site is conserved, formed by a catalytic triad consisting of His, 

Ser and Asp/Glu157, 163-165. The nucleophilic Ser is located at the C-terminus of the β5-strand 

and part of the conserved pentapeptide sequence Gly-X-Ser-X-Gly, where X denotes any AA. 

This highly conserved pentapeptide forms a very sharp γ-turn called the ‘nucleophilic 

elbow’157. Therefore, the nucleophilic Ser adopts energetically unfavorable backbone dihedral 

angles that lead to a surface-exposed position of the catalytic residue. The acidic residue 

Asp/Glu and His are situated in loop regions after the β7- and β8-strand157. The catalytic 

mechanism of lipolytic enzymes is essentially the same and comprises two steps based on the 

catalytic triad157, 166. Although most of the bacterial lipolytic enzymes show a canonical α/β-

hydrolase fold, identifying the catalytic triad is not trivial. In PUBLICATION IV35, we used 

structural knowledge together with the abovementioned classification (section 2.3.1) to 

unambiguously identify the active sites of the investigated bacterial lipolytic enzymes. 

 
2.3.3 Industrial applications of bacterial lipolytic enzymes 
Bacterial lipolytic enzymes constitute one of the most important and widely used classes of 

biocatalysts in the global industrial enzymes market. They are well established in many 

industrial applications for daily products, such as flavor development in the food industry, 

pitch control in the paper and pulp industry, as detergent additives in the laundry industry, and 
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for developing antibiotics as well as anti-inflammatory drugs in the pharmaceutical industry 
135, 137, 166-169 (Figure 11). 

 
Figure 11: Industrial applications of bacterial lipolytic enzymes. Bacterial lipolytic enzymes are well 
established in many industrial applications for daily products. 

The increasing demand for bacterial lipolytic enzymes is due to the fact that they are widely 

distributed in nature within microbial communities (at least one lipolytic enzyme is found in 

each bacterial genome) 34, 35, 44, 152, 170, 171. They have been extensively examined with state-of-

the-art (meta)genomics techniques and investigated by functional screenings compared to 

many other enzyme classes, and they exhibit high regio-, enantio-, and stereo-selectivity34, 35, 

44, 152, 170, 171. In addition, most of the bacterial lipolytic enzymes do not require chaperons or 

cofactors and possess outstanding properties in terms of stability, promiscuity, reactivity, and 

scalability34, 35, 44, 152, 170, 171. Indeed, bacterial lipolytic enzymes are stable under harsh 

conditions, e.g., high temperatures, broad pH ranges, and the presence of detergents or ionic 

solvents44, 172-174. Another reason for the increasing demand of bacterial lipolytic enzymes in 

industrial applications is their substrate promiscuity. Their broad substrate spectra means that 

the production of multiple enzymes, which are specific to only a subset of substrates, is 

unneccessary34. Indeed, the market is dominated by highly versatile commercially available 

preparations such as the promiscuous Novozym 435 (N435), an immobilized preparation of 

lipase B from Candida antarctica (CalB), supplied by Novozymes170, 175. As the scope of their 
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catalyzed reactions in industrial applications is enormous, their heterologous and homologous 

production in large-scale fermentation processes becomes more and more attractive35, 176. 

Therefore, expression hosts with highly efficient secretion systems and high product yields 

are required. One example is B. subtilis that produces and secretes proteins in amounts of up 

to 25 g/l under optimal conditions35, 176, 177 (section 2.3.4.1). To achieve even more efficient 

secretion systems and high product yields for industrial applications, comprehensive 

optimization strategies at different stages of protein production and secretion have been 

developed35, 178, 179. 

 
2.3.4 Bacillus subtilis lipase A as model enzyme 
2.3.4.1 The expression host Bacillus subtilis 

The Gram-positive, aerobic, and spore-forming soil bacterium B. subtilis is one of the most 

important expression hosts for the production of homologous and heterologous proteins, 

especially in large-scale fermentation processes35. The characteristics of B. subtilis have been 

intensely studied over many years and, as a consequence, it was established as ‘microbial cell 

factory’176-178. This is due to its known genome sequence180 followed up by genome wide 

gene function analysis studies181, its adaptability to continuously changing environments182-

184, its consideration as generally recognized as safe (GRAS) organism by the Food and Drug 

Administration (FDA), and its highly efficient secretion system with product yields of up to 

25 g/l176, 177. In contrast to the well-known Gram-negative bacterium Escherichia coli (E. 

coli), B. subtilis lacks an outer cell membrane (OM), which contains lipopolysaccharides 

(LPS) representing endotoxins and are pyrogenic in humans and other mammals185. 

Additionally, E. coli is found in the human intestinal flora already in infants186-188. Moreover, 

in contrast to E. coli, B. subtilis secretes proteins directly into the extracellular medium189. 

From this follows that secreted proteins are naturally separated from cell 

components,simplifying downstream processing and enzyme production as well as preventing 

the formation of inclusion bodies185, 190. 

The majority of secretory proteins in B. subtilis are targeted to the Sec translocon and 

translocated via the cotranslational Sec-SRP pathway191. Alternatively, proteins can be 

secreted via the posttranslational Sec-SRP pathway, the twin-arginine translocation (Tat) 

pathway192, 193, and several ATP-binding cassette (ABC) pathways193, 194. BsLipA used as 

model enzyme in PUBLICATIONS II44 and IV35 follows the cotranslational Sec-SRP 

pathway35. 
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2.3.4.2 Structural insights into Bacillus subtilis lipase A 

With a MW of 19.34 kDa and 181 AAs BsLipA, the model enzyme used in 

PUBLICATIONS II44 and IV35, is one of the smallest known ‘true’ LIPs149 (section 2.3.1). 

The characteristic folding pattern of BsLipA is called minimal α/β-hydrolase fold149. In 

comparison to the common α/β-hydrolase fold (section 2.3.2) BsLipA has no β1- and β2-

strand and the αD-helix is replaced by a 310-helix (Figure 12). With the help of a multiple 

sequence alignment of various microbial lipases, the residues of the catalytic triad were 

identified as Ser77, Asp133 and His156149. The first residue of the common lipase consensus 

sequence Gly-X-Ser-X-Gly, where X denotes any AA, is replaced by Ala75149, 150. Backbone 

amide groups of Ile12 and Met78 form the oxyanion hole that stabilizes the negatively 

charged transition state149. Like several other ‘true’ LIPs, e.g. LIPs from Pseudomonas 

aeruginosa195 and Pseudomonas glumae145, the active site of BsLipA is not covered by a lid 

and, therefore, BsLipA does not show interfacial activation at oil-water interfaces149. 

 

Figure 12: Minimal α/β-hydrolase fold of BsLipA (PDB code: 1ISP). (A) Secondary structure topology and 
(B) three-dimensional cartoon-representation of BsLipA with α-helices colored in dark blue, 310-helices colored 
in light blue, and β-strands colored in orange. The catalytic triad of BsLipA consists of Ser77, Asp133, and 
His156 shown as (A) dots and (B) stick representation. Figure taken and adapted from van Pouderoyen et al.149. 
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3 SCOPE OF THE THESIS 
Nowadays, enzymes are becoming ever more ubiquitous in our daily lives because of their 

diverse applications such as in the food, detergent, and medical or pharmaceutical industries4. 

However, they do not always meet the required demands of industrial applications in terms of 

harsh environments, such as high temperatures or the presence of solvents and detergents32, 33. 

In addition, to make industrial applications more efficient, enzymes with a broad substrate 

spectrum and high product yields are preferred34, 35. Modern enzyme technology offers an 

increasing potential of a wide range of interdisciplinary processes for designing novel tailor-

made enzymes according to human purposes2. Especially, protein engineering has emerged as 

a useful tool for developing novel tailor-made enzymes with improved properties (section 

2.1). However, most common are knowledge-driven strategies (section 2.1.3), where the 

“knowledge” from information about the protein structure and / or sequence as well as 

computational techniques is combined with experiments36-39. However, as there is a lack of 

available experimental large-scale data measured in a uniform way the development and 

validation of algorithms for knowledge-driven strategies remain often unsatisfactory40-43.  

To address this issue, here, for the first time, I rationalized the impact of enzyme flexibility 

and rigidity on 

I. protein thermostability and / or detergent tolerance (section 5, PUBLICATION II44), 

II. substrate promiscuity (section 6, PUBLICATION III45), 

III. and expression (section 7, PUBLICATION IV35) 

using our in-house Constraint Network Analysis (CNA) software (section 2.2.2) at large-scale 

for biotechnologically highly relevant bacterial lipolytic enzymes (section 2.3). This was done 

with the aim to define the scope and limitations of biomolecular flexibility predictions in 

knowledge-driven strategies for protein engineering. 

The three tasks are related to increasing complexity in that, in the first, the solvent impact on 

protein thermostability is investigated, in the second, the impact of molecular recognition in 

the context of protein-substrate binding is scrutinized, and, in the third, the impact of protein 

production and secretion in a cellular context is analyzed.   
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4 PUBLICATION I 
Rigidity theory for biomolecules: concepts, software, and 

applications 

Hermans, S.M.A., Pfleger, C., Nutschel, C., Hanke, C.A., Gohlke, H. 

WIREs Comput Mol Sci. 2017, 7, e1311. 

Review, see pages 56-86 (Contribution: 20 %). 
 
This publication was used to explain the basis of rigidity theory (section 2.2). 
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5 PUBLICATION II 
Systematically scrutinizing the impact of substitution sites on 

thermostability and detergent tolerance for Bacillus subtilis 

lipase A 

Nutschel, C., Fulton, A., Zimmermann, O., Schwaneberg, U., Jaeger, K.-E., Gohlke, H. 

J Chem Inf Model. 2020, 60, 3, 1568-1584. 

Original publication, see pages 87-131 (Contribution: 60 %). 

 

 

5.1 Background 
Improving a protein’s (thermo-)stability21, 22, 48, 112, 120, 127, 131, 196 or tolerance against 

solvents174, 197-203 and detergents173, 204, 205 has become of utmost importance in protein 

engineering (section 2.1). There are three general approaches for protein engineering: 

Rational design, directed evolution and knowledge-driven strategies (section 2.1.3). Recent 

developments have tended towards knowledge-driven strategies, where available knowledge 

about the protein is used to identify substitution sites with a high potential to yield protein 

variants with improved stability and, subsequently, substitutions are engineered by 

mutagenesis studies36, 41. However, the development and validation of algorithms for 

knowledge-driven strategies has been hampered by the lack of availability of large-scale data 

measured in a uniform way and being unbiased with respect to substitution types and 

locations40-43. 

Here, with the objective to implement new guidelines for time- and cost-efficient protein 

engineering following a knowledge-driven strategy based on CNA46 (section 2.2.2), we 

scrutinized the impact of substitution sites on two types of protein stability for one protein at 

very large-scale. To do so, I systematically analyzed a complete experimental SSM library of 

the model enzyme BsLipA (section 2.3.4), which was evaluated as to thermostability (T50) 

and detergent tolerance (D). Considering the screening results of the SSM library is important 

in view of the challenges of multi-dimensional property optimization of modern biocatalysts 

(section 2.1). The measured T50 and D values provide valuable reference data for future 

analyses because, in contrast to other data sources40-43, the different types of protein stability 
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were measured under respectively uniform conditions, such that there is no bias towards any 

particular substitution type or site. We set out to identify consistently defined hot spot classes 

for evaluating the performance of CNA. 

 

5.2 Results and Discussion 
The BsLipA SSM library contained T50 as well as D data towards four detergents for all 3439 

theoretically possible single variants (181 substitution sites of BsLipA x 19 naturally 

occurring AAs). Across the SSM library, the likelihoods to find variants with significantly 

increased T50 (~12%) or D towards one detergent (~14%) are almost identical and small. 

Exemplarily, the distribution of T50 changes in BsLipA variants is shown below (Figure 13). 

 
Figure 13: Distribution of BsLipA variants’ changes in T50. Distribution of BsLipA variants’ changes in T50 
(ΔT50) compared to wtBsLipA (ΔT50 = 0). Variants with ΔT50 lower than the experimental uncertainty (standard 
deviation σT for the respective variant) were excluded from further analyses (grey). The insets show the numbers 
of variants, which cause a significant in- or decrease in T50. Figure was taken and adapted from PUBLICATION 
II44. 

The finding that the overwhelming number of single AA substitutions introduced by random 

mutagenesis causes a destabilizing effect is in agreement with previous studies41, 206-209. The 

identified largest increases in T50 of 7.7 K and D of 2.4 demonstrate that considerable 

improvements of protein stability can already be achieved by single AA substitutions. Hence, 

beyond the single T50 and D data, due to the completeness of our library and the model 

character of our protein, our results also constitute unbiased reference data as to what 

efficiency can be expected for a protein system when optimizing thermostability or detergent 

tolerance by random mutagenesis. 

In the context of knowledge-driven protein engineering, I identified substitution sites for 

which variants yield significantly increased T50 or / and D. At most, and without considering 

the magnitude of the increase, only about one third or below of all BsLipA residues constitute 
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such favorable substitution sites if T50 and D are considered separately, demonstrating that the 

location of a residue within a protein structure matters with respect to a substitution effect. In 

addition, I revealed for such substitution sites a significant and fair correlation between the 

frequency of T50 or / and D-increasing substitutions and the magnitude of the maximum 

effect. Together, these results show that addressing all substitution sites in an unbiased 

manner by random mutagenesis results in a considerable experimental effort coupled to low 

efficiency. In turn, identifying a priori substitution sites with a high likelihood for 

significantly increased T50 or D will also be beneficial with respect to the magnitude of effects 

that can be achieved there by substitutions. 

This conclusion also holds if more than one type of protein stability is considered at a time. 

As such, I showed that at eleven substitution sites a ~4.6-fold higher likelihood to find for 

each detergent variants with significantly increased D compared to random mutagenesis is 

found. Additionally, seven substitution sites yield a ~3.4-fold higher likelihood to find 

significantly increased T50 and a ~4.7-fold higher likelihood to obtain for each detergent 

variants with significantly increased D compared to random mutagenesis. Hence, approaches 

that can identify substitution sites with a high likelihood for significantly increased T50 should 

also be beneficial for identifying substitution sites with a high likelihood for significantly 

increased D, or vice versa. This is an important finding for practical applications as many 

more algorithms have been developed to preferably address thermostability rather than 

detergent tolerance. 

As another set of reference data, I defined hot spot classes from the previously identified 

substitution sites to provide benchmark data for evaluating the performance of CNA (section 

2.2.2). The first five classes follow the strict criterion that only the six substitution sites with 

the respective highest maximum effects of T50 (abbreviated as T50; max) or D (abbreviated as 

Dmax) are considered (Figure 14A). Accordingly, all combinations of the 20 proteinogenic 

AAs at such sites could still be experimentally tested32, 39, 49, 71. The intersections between the 

classes comprising the substitution sites with the broadest impact on ΔDmax, or ΔT50; max and 

ΔDmax, are empty (Figure 14A). Thus, I defined two additional classes with the somewhat 

relaxed criterion that the comprised substitution sites show significantly increased D towards 

each detergent, or significantly increased T50 and D towards each detergent, regardless of the 

magnitude of the single effect (Figure 14B). 
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Figure 14: Overview of hot spot classes. (A) Five hot spot classes follow the strict criterion that only the six 
substitution sites with the respective highest maximum effects of T50 (abbreviated as T50; max) or D (abbreviated 
as Dmax) are considered (shaded areas). The intersections comprising the substitution sites with the broadest 
impact on ΔDmax, or ΔT50; max and ΔDmax, are empty (areas with crosses). (B) Two hot spot classes with 
substitution sites showing significantly increased D towards each detergent (orange area numbered as I), or 
significantly increased T50 and D towards each detergent (orange area numbered as II), regardless of the 
magnitude of the single effect. 

I used the complete, unbiased, and uniformly generated T50 and D data to probe if universal 

rules for protein engineering can be established. I thereby focused on using “one-

dimensional” descriptors in terms of location in secondary structure elements, degree of 

burial, physicochemical properties, and conservation degree of substituted AA. Notably, 

considering my descriptors, many (up to 98 substitution sites) predicted hot spots result, 

which would require considerable experimental efforts particularly if beneficial substitutions 

need to be accumulated to reach a desired effect. This finding demonstrates on a single 

protein level that, with the use of these descriptors, no universal and sufficiently 

discriminating rule(s) can be identified, a finding that is mirrored in other studies across 

protein families210, 211 and with respect to low successes in assessing thermostabilities212. Still, 

if a higher number of predicted hot spots is acceptable, partially solvent-exposed residues are 

good hot spot candidates, whereas loop positions show mostly destabilizing effects. In 

addition, hot spots were preferentially found at both non-conserved and semi-conserved 

position. This finding may help refining future consensus concepts where multiple sequence 

alignments are used to preferentially substitute non-consensus residues by consensus ones. 

Finally, I made use of the reference data to unequivocally benchmark CNA with respect to 

predicting hot spots as structural weak spots of the protein. With this respect, a constraint 

dilution simulation of wtBsLipA was carried out with CNA on ENT generated from MD 

simulations (section 2.2.2) to predict major phase transitions at which the network switches 

from overall rigid to flexible states (Figure 15). 
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Figure 15: Prediction of the constraint dilution pathway of wtBsLipA. Constraint dilution pathway of 
wtBsLipA (PDB ID: 1ISP) showing the early (T1 – T2) and late (T3 – T5) phase transitions. CNA was carried 
out on ENT of wtBsLipA generated by MD simulations. Rigid clusters are represented as uniformly colored 
blue, green, magenta, and cyan bodies in the descending order of their sizes. Figure was taken and adapted from 
PUBLICATION II44. 

From the constraint dilution pathway of wtBsLipA, five major phase transitions, T1 – T5, 

were predicted based on the global index Htype2 (section 2.2.2.2.1) (Figure 15). In addition to 

using Htype2, we also characterized the hierarchy of rigid and flexible regions of wtBsLipA at a 

local level by computing rcij,neighbor (section 2.2.2.2.2). rcij,neighbor demonstrates that the rigid 

contacts between neighboring residues are stronger at the N-terminus than at the C-terminus 

along the contraint dilution simulation, i.e., the C-terminus of wtBsLipA starts to unfold first. 

We confirmed the unfolding pathway of wtBsLipA predicted by CNA with the independent 

Markov Chain Monte Carlo (MCMC)-based Protein Folding and Aggregation Simulator 

(ProFASi) approach213, 214.  

Finally, from a practical point of view, it is relevant that CNA predicted only ten weak spots 

(Figure 16), allowing to focus subsequent substitution efforts on only ~6% of the protein 
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residues. Furthermore, the gain in precision over random classification is between ~3 and ~9, 

depending on the hot spot class. These results indicate that applying CNA-based weak spot 

predictions before attempting experimental engineering is beneficial, in particular if the 

number of substitution sites that can be dealt with in experiment is low. 

 
Figure 16: Localization of CNA-predicted weak spots of wtBsLipA. Ten weak spots were predicted by CNA 
on ENT of wtBsLipA (PDB ID: 1ISP) generated from MD simulations (red spheres). Figure was taken and 
adapted from PUBLICATION II44. 

 

5.3 Conclusion and Significance 
In this study, for the first time, we performed a systematic large-scale analysis of a complete 

experimental SSM library of BsLipA to scrutinize the impact of substitution sites on two 

types of protein stability with CNA. 

The principle results of this study are: 

 The SSM library provides systematic and unbiased reference data at unprecedented 

scale for engineering BsLipA towards improved T50 or / and D. 

 The identification of consistently defined hot spot types enables the evaluation of the 

performance of knowledge-driven strategies. 

 CNA yields hot spot predictions with an up to 9-fold gain in precision over random 

classification. 

The results suggest that knowledge-driven strategies based on CNA could be used prior to 

experiments when seeking to optimize enzymes’ thermostability and detergent tolerance. 

   



PUBLICATION III 

39

6 PUBLICATION III 
Promiscuous esterases counterintuitively are less flexible than 

specific ones

Nutschel, C., Coscolín, C., Mulnaes, D., David, B., Ferrer, M., Jaeger K.-E., Gohlke, H. 

J Chem Inf Model. 2020, DOI: 10.1021/acs.jcim.1c00152.

Original publication, see pages 132-200 (Contribution: 60 %). 

6.1 Background 
The universe of promiscuous activities available in nature has been suggested to be 

enormous215, 216. Understanding mechanisms of promiscuity thus has become increasingly 

important both from a fundamental and an application point of view217, 218. As to enzyme 

structural dynamics, more promiscuous enzymes generally have been recognized to also be 

more flexible19523-25, 219. However, examples for the opposite have received much less 

attention, although conformational changes may have been selected in evolution for their 

ability to enhance recognition specificity20. 

In this study, we exploit previously described comprehensive experimental information on the 

substrate promiscuity (PEST/LIP) of 147 ESTs/LIPs tested against a customized library of 

dissimilar esters34. Here, PEST/LIP means that an EST/LIP carries out its typical catalytic 

function on non-canonical substrates, in that experimental conditions had been kept constant 

for the assessment of the different enzyme/ester combinations. I used computationally 

efficient rigidity analyses based on CNA (section 2.2.2) to understand the structural origin of 

and to predict PEST/LIP. 

6.2 Results and Discussion 
The present study builds on one of the still few experimental large-scale datasets on enzyme 

promiscuity generated by Ferrer et al.34. The authors experimentally investigated PEST/LIP of 

147 ESTs/LIPs (termed experimental data set) against 96 esters. Additionally, they ranked 

(classified) PEST/LIP of 96 ESTs/LIPs (termed volume data set) based on a newly introduced 

structural parameter, the active site effective volume (Voleff), which will be used here as a 



PUBLICATION III 

  40   
 

reference to compare the power of PEST/LIP predictions based on CNA (section 2.2.2). As our 

computational approach involves extensive MD simulations for generating large 

conformational ensembles, I selected 35 ESTs/LIPs from the volume data set (termed 

flexibility data set) based on the following criteria (Figure 17): I.) The data set contains 

ESTs/LIPs with known and unknown crystal structures. That way, we probe to what extent 

the source of structural information influences the outcome of our results. II.) The chosen 

ESTs/LIPs of the data set show high diversities as to PEST/LIP and association to ESTs/LIPs 

families (FEST/LIP, as defined by Arpigny and Jaeger150), similar to those found for the volume 

data set. III) Only ESTs/LIPs with AA sequence identities ≥ 25% in comparison to any 

existing crystal structure were considered in order to ensure a sufficient quality of generated 

comparative models. Finally, in order to uniformly depict the results across the present study, 

six EHs were selected as representatives of the flexibility data set based on PEST/LIP (termed 

representative data set): ESTs/LIPs with the lowest (EST/LIP115) or highest PEST/LIP 

(EST/LIP001) and known crystal structures, ESTs/LIPs with the lowest (EST/LIP127) or the 

highest PEST/LIP (EST/LIP005) and unknown crystal structures, and commercial ESTs/LIPs 

with the lowest (CalA) or highest PEST/LIP (CalB). 

 
Figure 17: Comparative modeling of ESTs/LIPs. Based on sequence data provided by a large-scale study 
from Ferrer et al34, comparative models were generated for 35 ESTs/LIPs with known (left, 11 ESTs/LIPs) and 
unknown (right, 24 ESTs/LIPs) crystal structures using TopModel220. These ESTs/LIPs constitute the flexibility 
data set. The ESTs/LIPs vary in PEST/LIP (left ordinate, bars) and global TopScores221 (right ordinate, diamonds). 
Six ESTs/LIPs were selected as representatives of the flexibility data set (termed representative data set) as 
indicated by magenta arrows. Figure was taken and adapted from PUBLICATION III45. 

Comparative models of the flexibility data set were generated using our in-house structure 

prediction meta-tool TopModel220. TopModel uses multiple state-of-the-art threading and 

sequence/structure alignment tools to generate a large ensemble of models from different 



PUBLICATION III 

  41   
 

pairwise and multiple alignments of the top five highest ranked template structures. The 

quality of the comparative models of the flexibility data set was assessed with TopScore221, a 

meta Model Quality Assessment Program (meta-MQAP). TopScore uses deep neural 

networks (DNN) to combine scores from 15 different primary MQAP to predict accurate 

residue-wise and whole-protein error estimates. The models showed both an overall and 

residue-wise good structural quality. Additionally, we validated that catalytically active 

residues (CARs) in all models are accessible for substrates according to CAVER results 

Previous studies indicated that enzyme flexibility influences the substrate promiscuity of 

enzymes23-25, 219. In order to investigate if the global flexibility of the EHs influences PEST/LIP, 

I applied CNA to the flexibility data set and predicted Tp, the phase transition temperature 

previously applied as a measure of structural stability of a protein (section 2.2.2.3). A good 

and significant correlation between Tp and PEST/LIP was found for the flexibility data set (R2 = 

0.60, p = 5.4*10-8) (Figure 18). These findings demonstrate that promiscuous ESTs/LIPs are 

globally less flexible. 

 
Figure 18: Correlation of Tp versus PEST/LIP. (A) Correlation between predicted Tp based on the global index 
Htype2 and PEH for the flexibility data set. Data points colored grey (black) represent comparative models of 
ESTs/LIPs with (un)known crystal structures. The representative data set is indicated by magenta crosses. Error 
bars show the SEM over five independent MD simulations of 1 µs length each. Figure was taken and adapted 
from PUBLICATION III45. 

The good correlation of PEST/LIP and Tp encouraged us to investigate if local flexibility 

characteristics of CARs will provide an even better predictor of PEST/LIP. With this respect, I 
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thus computed a parameter called FlexCAR for the flexibility data set. This parameter 

quantifies the stability of rigid contacts between CARs and other residues that are at most 5 Å 

apart from each other, based on the local index rcij,neighbor (section 2.2.2.2.2). A good and 

significant correlation between FlexCAR and PEST/LIP was found for the flexibility data set (R2 = 

0.51, p = 1.7*10-6). Hence, promiscuous ESTs/LIPs tend to have less flexible CARs. Mobility 

characteristics computed directly from MD trajectories show the same trends, although the 

correlation with PEST/LIP is insignificant. Throughout our study, we probed for the consistency 

of our analyses between subsets of ESTs/LIPs for which either crystal structures are known or 

not; we only found quantitative differences, but no qualitative ones. One of the reasons is 

likely that CNA was carried out on ENT generated by multiple and s-long MD simulations, 

which markedly increases the robustness of the results (section 2.2.2).  

Previous studies indicated that thermodynamically more thermostable proteins frequently 

have a higher structural stability. We used experimental melting temperatures of ESTs/LIPs 

determined by CD spectroscopy as indicators for enzyme flexibility. This experimental data 

led to the same conclusion with respect to PEST/LIP as the one drawn from the computed 

flexibility predictions, i.e., promiscuous ESTs/LIPs are not only globally less flexible but also 

more thermostable. Overall, these consistent and robust findings indicate that when applying 

this workflow to novel ESTs/LIPs, it should be possible to discover enzymes with ‘sufficient’ 

substrate promiscuity to serve as a starting point for further exploration in biotechnology and 

synthetic organic chemistry. In that respect, the flexibility characteristics of ESTs/LIPs 

analyzed here have a notably stronger predictive power than Voleff introduced earlier. 

The finding that promiscuous ESTs/LIPs are significantly globally less flexible and have less 

flexible CARss than specific ESTs/LIPs is in stark contrast to the general view of the role of 

structural flexibility for promiscuity23-25, 219. It has been recognized that conformational 

changes may not always be necessary for promiscuity if a variety of substrates can be bound 

by partial recognition or the presence of multiple binding sites218. However, these cases do not 

seem to be relevant reasons for PEST/LIP because partial recognition often is associated with 

catalytic inefficiency222, which is contrary to our observation that promiscuous ESTs/LIPs 

have a significantly increased specific activity. In addition, the presence of multiple binding 

sites for PEST/LIP is controverted by the finding that promiscuous ESTs/LIPs have large Voleff, 

i.e., large pockets with few subpockets. Inversely, our findings of rigid promiscuous 

ESTs/LIPs may be consistent with the idea that multiple ligands can be accommodated in a 

single site by exploiting diverse interacting residues. 
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Our results as to specific but flexible ESTs/LIPs may be reconciled with a model according to 

which conformational changes may have been selected in EST/LIP evolution for their ability 

to enhance specificity in recognition, resulting in what has been termed conformational 

proofreading20. In the case of specific ESTs/LIPs, flexibility may help to overcome a 

structural mismatch between the enzyme and its substrate existing when both are in their 

ground states, that way enhancing recognition specificity. This view is corroborated by our 

finding that specific ESTs/LIPs prefer to hydrolyze large and flexible substrates: Larger 

substrates can form more interactions with the enzyme, that way helping to overcome the 

deformation energy required by the enzyme to optimizing the correct binding probability over 

the incorrect one; flexible substrates can tolerate higher strains and thus can be expected to 

participate in more binding events223, 224. 

 

Figure 19: Mechanistic model of EST/LIP flexibility, ligand size and conformational dynamics affecting 
PEH. Impact of esters with (A) many or (B) few TA on specific, and hence more flexible (left), and promiscuous, 
and hence more rigid (right) LIPs. Ligand parts connected by TA are represented as blue circles. Specific 
ESTs/LIPs and large ligands with many TA can mutually adapt (panel A, left), and promiscuous EST/LIP can 
bind large ligands (panel A, right) and small ligands (panel B, right) exploiting different interaction partners. 
Small (and/or rigid) ligands are not able to lead to a structural adaptation of specific ESTs/LIPs (panel B, left), 
though, resulting in conformational proofreading. The red bars indicate the flexibility of the ESTs/LIPs. A green 
tick (red cross) indicates that ester cleavage is (not) catalyzed. Figure was taken and adapted from 
PUBLICATION III45. 

 

6.3 Conclusion and Significance 
In this study, we exploit previously described comprehensive experimental information on 

PEST/LIP of 147 ESTs/LIPs tested against 96 esters together with computationally efficient 

rigidity analyses based on CNA to understand the structural origin of and predict PEST/LIP. 
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The principle results of this study are: 

 Promiscuous ESTs/LIPs are significantly globally less flexible, have less flexible 

CARs than specific ones, are significantly more thermostable, and have a significantly 

increased specific activity. 

 Specific ESTs/LIPs prefer to hydrolyze large and flexible esters. 

These results may be reconciled with a model according to which multiple ligands can be 

accommodated in a single site of promiscuous ESTs/LIPs by exploiting diverse interacting 

residues, whereas structural flexibility in the case of specific ESTs/LIPs serves for 

conformational proofreading. Our results furthermore signify that EST/LIP sequence space, 

charted, e.g., by (meta)genomics studies, can be screened by rigidity analyses based on CNA 

for promiscuous ESTs/LIPs that may serve as starting points for further exploration in 

biotechnology and synthetic chemistry. 
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7 PUBLICATION IV 
Contribution of single amino acid and codon substitutions to the 

production and secretion of a lipase by Bacillus subtilis 

Skoczinski, P., Volkenborn, K., Fulton, A., Bhadauriya, A., Nutschel, C., Gohlke, H., 
Knapp, A., Jaeger, K.-E. 

Microb Cell Fact. 2017, 16, 160. 

Original publication, see page 201-230 (Contribution: 10 %). 

 
 

7.1 Background 
Due to the fact that B. subtilis produces and secretes proteins in amounts of up to 20 g/l under 

optimal conditions, it has been intensively studied and optimized as a protein production host, 

establishing it as a microbial cell factory176-178, 185 (section 2.3.4.1). However, protein 

production can be challenging if transcription and cotranslational secretion are negatively 

affected, or the target protein is degraded by extracellular proteases178, 225. Here, we aim to 

elucidate the influence of a target protein on its own extracellular activity and amount by a 

systematic analysis of the homologous model enzyme BsLipA (section 2.3.4). Therefore, a 

nearly complete SSM library of BsLipA was generated and about 30000 clones were 

qualitatively as well as quantitatively screened with respect to extracellular activity and 

amount. Variants with beneficial effects were sequenced and analyzed with respect to B. 

subtilis growth behavior, extracellular activity and amount as well as lipA transcription. In 

order to determine to what extent an increase in (thermo)stability could contribute to an 

increased extracellular amount, I predicted differences in the thermodynamic thermostability 

of variants with respect to wtBsLipA by constraint dilution simulations using CNA46 (section 

2.2.2). 

 

7.2 Results and Discussion 
In total, 155 AA residues of BsLipA with a conservation < 95% were used to generate a 

nearly complete SSM library resulting in about 30,000 clones (Figure 20A). To identify 

variants with increased extracellular activity or amount, a two-step screening procedure was 

applied to the SSM library (Figure 20A). In the first step, the about 30,000 clones were 
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analyzed towards increased extracellular activity by a lipase activity assay in the culture 

supernatants. 175 clones were sequenced and 80 variants showed an increase in extracellular 

activity from 1.2- to 3.4-fold in comparison to wtBsLipA (Figure 20B). In the second step, 

the culture supernatants of these variants were analyzed as nine biological replicates. 

Extracellular activity was determined by a lipase activity assay and extracellular amount was 

quantified by an enzyme-linked immunosorbent assay (ELISA). 38 variants showed an 

increased or similar extracellular activity and an increased extracellular amount compared to 

wtBsLipA. Their extracellular amount ranged from 1.3-fold to 3.8-fold higher than that of 

wtBsLipA (Figure 20C). 

 

Figure 20: Identification of BsLipA variants with increased extracellular activity or amount. (A) 
Schematic representation of the two-step screening procedure. In the first step, 29199 clones were analyzed for 
increased extracellular activity by a lipase activity assay in the culture supernatant. 175 clones were sequenced 
and 80 variants identified with increased extracellular activity. In a second step, culture supernatants of these 
variants were analyzed as nine biological replicates. Extracellular activity was determined by a lipase activity 
assay and extracellular amount was quantified by an enzyme-linked immunosorbent assay (ELISA). (B) 80 
variants with increased extracellular activity. The relative extracellular activity of the variants is plotted against 
the substituted AA position. (C) 34 variants with increased extracellular amount. The relative extracellular 
amount is plotted against the substituted AA position. Each black dot represents one variant, and the grey bars 
mark the highly conserved AA positions (≥ 95%). Values for wtBsLipA, which were (B) 0.57 ± 0.12 U/ml and 
(C) 3.7 ± 0.6 µg/ml, respectively, were set to 1 and the grey horizontal dotted lines mark the standard deviation 
(σ). Figure taken and adapted from PUBLICATION IV35. 
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Next, we produced these variants by cultivating B. subtilis clones in a microfermentation 

system linked to online biomass measurement and analyzed their extracellular activity and 

amount as well as lipA transcription. Furthermore, online biomass measurements were 

performed to exclude differences in growth of variant-producing B. subtilis clones, which 

was, however, not observed. 

We identified six variants with an up to 2.4-fold increase in extracellular activity (Figure 

21A) and 21 variants with an up to 2.3-fold increase in extracellular amount in comparison to 

wtBsLipA (Figure 21B). In addition to single AA substitutions increasing extracellular 

activity and amount, several codon-related effects were observed. For example, the variants 

I12LCTG, I12VGTG, and G13TACC showed an increase in extracellular activity, whereas 

identical AA substitutions encoded by different codons either showed no effect on 

extracellular activity and amount (I12LTTG and I12VGTC) or resulted in increased extracellular 

amount (G13ACG) (Figure 21A). Another example is that variant I87I with a silent mutation 

showed a 2.4-fold increase in extracellular activity but also a 3.6-fold significant change in 

lipA transcript level (Figure 21A). 

 

Figure 21: BsLipA variants showing increased extracellular activity or amount. (A) Six variants with 
increased extracellular activity and (B) 21 variants with increased extracellular amount. Variants were produced 
by cultivating B. subtilis clones in a microfermentation system linked to online biomass measurement. (A) 
Extracellular activity was determined by a lipase activity assay. The relative extracellular amount is plotted 
against the respective variant. (B) Extracellular amount was quantified by an enzyme-linked immunosorbent 
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assay (ELISA). The relative extracellular amount is plotted against the respective variant. Respective wtBsLipA 
values were set to 1 (thick black line). Figure taken and adapted from PUBLICATION IV35. 

Seven variants with increased extracellular amount have AA substitutions located either in the 

αB-helix (N50D, P53D, P53E, P53V, R57TACC, R57TACG), or carry a substitution to 

glutamine at position 134 (M134Q) (Figure 21C). Position 134 is known to contribute to 

thermostability226, and the αB-helix also plays an important role in tolerance towards 

detergents173 and ionic liquids174. Therefore, it is possible that the increased extracellular 

amount of these variants is not due to a more efficient secretion, but due to an increased 

stability in the culture supernatant. 

In order to determine to what extent an increase in (thermo)stability could contribute to an 

increased extracellular amount I predicted thermodynamic thermostabilities of the six variants 

N50D, P53D, P53E, P53V, R57T, and M134Q by constraint dilution simulations using 

CNA46 (section 2.2.2). Here, as done previously for BsLipA127, the thermodynamic 

thermostabilities of the variants were compared to wtBsLipA in terms of a local index, the 

median neighbor stability map ij, neighbor (section 2.2.2.2.2). ij, neighbor has been shown to be 

related to the experimental melting temperature (Tm) and to be robust if variants follow 

different constraint dilution pathways127 (section 2.2.2.3.1). While for three variants, i.e., 

P53D, P53E, P53V, marginal changes in the predicted thermostability compared to wtBsLipA 

were found, a pronounced decrease in the thermostability was predicted for the other three 

variants, i.e., N50D, R57T, M134Q (Table 1). The magnitude of this decrease is in the same 

ballpark as the magnitude of the median increase in the Tm found for 93 cases of engineered 

proteins, most of which contain more than one substitution227. Thus, the results of the CNA 

analyses do not support the hypothesis that increased thermodynamic thermostability of the 

six variants led to an increased extracellular amount in the culture supernatant. However, it 

should be noted that CNA does not consider time-dependency of processes; hence, our 

analyses do not rule out an increase in kinetic thermostability as a cause for higher 

extracellular amount. 

Table 1: Predicted thermodynamic thermostabilities of wtBsLipA and BsLipA variants 
using CNA. 

BsLipA variants ij, neighbor [K][a] Δ ij, neighbor [K][b] 
wtBsLipA 316.1 / 
N50D 312.1 -4.0 
P53D 316.2 0.1 
P53E 315.8 -0.3 
P53V 315.8 -0.3 
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R57T 314.9 -1.2 
M134Q 314.7 -1.4 

[a] The ij, neighbor values were converted to a temperature scale according to Eq. 4 (section 2.2.2.1). 
[b] Difference of ij, neighbor values of BsLipA variants and wtBsLipA, respectively. 
 

Finally, in order to answer the question whether a synergistic effect can be achieved by 

combining single AA substitutions that themselves have led to increased extracellular activity 

or amount, we chose single AA substitutions with beneficial effects. Combination of 

beneficial single AA substitutions revealed an additive effect solely at the level of 

extracellular amount of BsLipA. Similar additive effects were already described for AA 

substitutions improving thermostability, where 12 amino acid substitutions were introduced 

by several rounds of in vitro evolution resulting in an increase of the LipA temperature 

optimum by ~ 30 °C228. However, extracellular activity and amount of BsLipA could not be 

increased simultaneously. 

 

7.3 Conclusion and Significance 
In this study, for the first time, we performed a systematic large-scale analysis of a nearly 

complete experimental SSM library of BsLipA towards the contribution of single AA and 

codon substitutions to the production and secretion with CNA. 

The principle results of this study are: 

 Out of ~30,000 clones 26 variants were identified showing an up to twofold increase in 

either extracellular activity or amount of BsLipA. 

 Single AA and codon substitutions did not substantially affect B. subtilis growth. 

 Single AA and codon substitutions affect extracellular activity and amount of BsLipA as 

well as lipA transcription. 

 The CNA analyses did not support the hypothesis that increased thermodynamic 

thermostability led to an increased extracellular amount of BsLipA. 

 Combination of beneficial single AA substitutions revealed an additive effect solely at the 

level of extracellular amount of BsLipA. However, extracellular activity and amount of 

BsLipA could not be increased simultaneously. 

The results signify that the optimization of the expression system is not sufficient for efficient 

protein production in B. subtilis. The sequence of the target protein should also be considered 

as an optimization target for successful protein production. Our results further suggest that 
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variants with improved properties might be identified much faster and easier if mutagenesis is 

prioritized towards elements that contribute to enzymatic activity or structural integrity.



SUMMARY AND PERSPECTIVES 

  51   
 

8 SUMMARY AND PERSPECTIVES 
In the present work, I rationalized the impact of enzyme flexibility and rigidity on protein 

thermostability and / or detergent tolerance (PUBLICATION II)44, substrate promiscuity 

(PUBLICATION III)45, and expression (PUBLICATION IV)35 using our in-house 

Constraint Network Analysis (CNA) software46, 72 at large-scale for biotechnologically highly 

relevant bacterial lipolytic enzymes (esterases/ESTs and lipases/LIPs). This was done with the 

aim to define the scope and limitations of biomolecular flexibility predictions in knowledge-

driven strategies for protein engineering. 

In PUBLICATION II44 I performed a systematic large-scale analysis of a complete 

experimental site saturation mutagenesis (SSM) library of the model enzyme Bacillus subtilis 

lipase A (BsLipA) to scrutinize the impact of substitution sites on two types of protein 

stability, thermostability (T50) and detergent tolerance (D), with CNA. The results provide 

systematic and unbiased reference data at unprecedented scale for BsLipA, identify 

consistently defined hot spot types for evaluating the performance of CNA, and show that 

CNA-based hot spot predictions yield an up to 9-fold gain in precision over random 

classification. Hence, CNA can be used prior to experiments when seeking to optimize 

enzymes’ thermostability and detergent tolerance. In future studies, the study should be 

extended to other types of protein stability, such as tolerance against ionic liquids. 

Experimental data at large scale that can provide the basis for such investigations has been 

published recently174. 

In PUBLICATION III45 I exploit comprehensive experimental information on the substrate 

promiscuity (PEST/LIP) of 147 ESTs/LIPs tested against a customized library of dissimilar 

esters34. I used CNA to understand the structural origin of and to predict PEST/LIP. 

Unexpectedly, our data reveal that promiscuous ESTs/LIPs, in contrast to specific ones, are 

significantly globally less flexible and have less flexible catalytically active residues, are 

significantly more thermostable, and have a significantly increased specific activity. 

Furthermore, specific ESTs/LIPs prefer to hydrolyze large and flexible esters. These results 

may be reconciled with a model according to which multiple ligands can be accommodated in 

a single site of promiscuous ESTs/LIPs by exploiting diverse interacting residues, whereas 

structural flexibility in the case of specific ESTs/LIPs serves for conformational proofreading. 

Our results furthermore signify that EST/LIP sequence space, charted, e.g., by 

(meta)genomics studies, can be screened by rigidity analyses based on CNA for promiscuous 
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ESTs/LIPs that may serve as starting points for further exploration in biotechnology and 

synthetic chemistry. This knowledge can now be used to characterize prospectively further 

ESTs/LIPs of industrial/commercial relevance with respect to PEST/LIP. Furthermore, the 

unexpected relationship of flexibility and PEST/LIP warrants further experimental validation by 

methods that are capable to resolve structural dynamics, such as NMR or FRET experiments. 

In PUBLICATION IV35 I analyzed parts of a nearly complete experimental SSM library of 

BsLipA towards the contribution of single AA and codon substitutions to the production and 

secretion with CNA. The results suggest that single AA and codon substitutions affect 

extracellular activity and amount of BsLipA as well as lipA transcription. Combination of 

beneficial single AA substitutions revealed an additive effect solely at the level of 

extracellular amount of BsLipA. The CNA analyses did not support the hypothesis that 

increased thermodynamic thermostability led to an increased extracellular amount of BsLipA. 

In future studies it would be very interesting to investigate the relation between biomolecular 

flexibility and secretion of BsLipA with CNA. 

To sum up, nowadays computational techniques used for knowledge-driven strategies 

emerged as useful tools in protein engineering with respect to save resources, e.g. working 

effort, time, and costs. 

  



ACKNOWLEDGEMENT 

  53   
 

ACKNOWLEDGEMENT 
First, I thank Prof. Dr. Karl-Erich Jaeger for giving me the opportunity to carry out my 

research under his supervision. I am thankful for his continuous interest in my projects and 

the valuable discussions during the time. 

I also thank Prof. Dr. Birgit Strodel for agreeing to act as a second supervisor. 

I am grateful for computational support and infrastructure provided by the “Zentrum für 

Informations- und Medientechnologie” (ZIM) at the Heinrich Heine University Düsseldorf. 

Furthermore, I gratefully acknowledge the computing time granted by the John von Neumann 

Institute for Computing (NIC) and provided on the supercomputer JUWELS at Jülich 

Supercomputing Centre (JSC). 

I thank Prof. Dr. Holger Gohlke for in-depth discussions and guidance with respect to the 

computational aspects of my work. 

Herewith, I thank Prof. Dr. Karl-Erich Jaeger and Prof. Dr. Ulrich Schwaneberg for providing 

me the experimental thermostability and detergent tolerance data of the site saturation 

mutagenesis library of the Bacillus subtilis lipase A (BsLipA). 

Thanks to Susanne Hermans, Dr. Christopher Pfleger, and Dr. Christian Hanke for the 

successful cooperation to review fundamental concepts in rigidity theory for biomolecules. 

Thanks also to Dr. Alexander Fulton and Dr. Olav Zimmermann for the productive 

cooperation to systematically scrutinize the impact of substitution sites on thermostability and 

detergent tolerance for BsLipA. 

Moreover, thank you to Dr. Manual Ferrer for the fruitful cooperation to investigate the 

substrate promiscuity of esterases. 

I also thank Dr. Pia Skoczinski for the successful cooperation to investigate the contribution 

of single amino acid and codon substitutions to the production and secretion of BsLipA. 

In addition, I thank Dr. Christopher Pfleger for giving me access to CNA and the fruitful 

discussions. 

Thanks to Daniel Mulnaes for giving me access to TopModel and TopScore, as well as for the 

profound discussions. 



ACKNOWLEDGEMENT 

  54   
 

I am grateful to Dr. Christoph Gertzen and Dr. Benoit David for critically reading my thesis.  

Thanks to Dr. Benoit David, Daniel Becker, and in particular Birte Schmitz for the cordially 

working atmosphere in our office. 

Moreover, I thank all employees of the Jülich Supercomputing Centre (JSC), the John von 

Neumann Institute for Computing (NIC), the Computational Biophysical Chemistry group 

(CBClab), the Institute of Biological Information Processing (IBI-7), the Institute of 

Molecular Enzyme Technology (IMET), the Institute for Pharmaceutical and Medicinal 

Chemistry, and the Computational Pharmaceutical Chemistry group (CPClab) for the friendly 

working atmosphere and the many helpful suggestions during my PhD thesis. 

Last but not least, special thanks to my family, who were always there for me. 

  



REPRINT PERMISSIONS 

55

REPRINT PERMISSIONS 
PUBLICATION I (pages 56-86), Figure 4 (page 10), Figure 5 (page 12), 
Figure 6 (page 13), Figure 7 (page 15), Figure 8 (page 16) 

Reprinted (adapted) with permission from “Rigidity theory for biomolecules: Concepts, 
software, and applications”, Hermans, S.M.A., Pfleger, C., Nutschel, C., Hanke, C.A., 
Gohlke, H., WIREs Comput Mol Sci. 2017, 7, e1311, Copyright (2020)  John Wiley & Sons. 

PUBLICATION II (pages 87-131), Figure 13 (page 34), Figure 15 (page 37), 
and Figure 16 (page 38) 

Reprinted (adapted) with permission from “Systematically scrutinizing the impact of 
substitution sites on thermostability and detergent tolerance for Bacillus subtilis 
lipase A”, Nutschel, C., Fulton, A., Zimmermann, O., Schwaneberg, U., Jaeger, K.-E., 
Gohlke, H., J Chem Inf Model. 2020, 60, 3, 1568-1584, Copyright (2020) American 
Chemical Society. 

PUBLICATION III (pages 132-200), Figure 17 (page 40), Figure 18 (page 
41), and Figure 19 (page 43) 

Reprinted (adapted) with permission from “Promiscuous esterases counterintuitively 
are less flexible than specific ones”, Nutschel, C., Coscolín, C., Mulnaes, D., David, B., 
Ferrer, M., Jaeger K.-E., Gohlke, H., J Chem Inf Model. 2020, DOI: 10.1021/
acs.jcim.1c00152.

PUBLICATION IV (pages 201-230), Figure 20 (page 46), Figure 21 (page 
47), and Table 1 (page 48) 

Reprinted (adapted) with permission from “Contribution of single amino acid and 
codon substitutions to the production and secretion of a lipase by Bacillus subtilis”, 
Skoczinski, P., Volkenborn, K., Fulton, A., Bhadauriya, A., Nutschel, C., Gohlke, H., 
Knapp, A., Jaeger, K.-E., Microb Cell Fact. 2017, 16, 160. 

Copyright © Skoczinski et al. 2017. This article is distributed under the terms of the 
Creative Commons Attribution 4.0 International License (http://creativecommons.org/
licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any 
medium, provided you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons license, and indicate if changes were made. The 
Creative Commons Public Domain Dedication waiver (http://creativecommons.org/ 
publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise 
stated.



ORIGINAL PUBLICATION I 

  56   
 

ORIGINAL PUBLICATION I 

 

 

 

 

Rigidity theory for biomolecules: concepts, software, and 

applications 
 

Hermans, S.M.A., Pfleger, C., Nutschel, C., Hanke, C.A., Gohlke, H. 

 

WIREs Comput Mol Sci. 2017, 7, e1311. 

 

https://onlinelibrary.wiley.com/doi/abs/10.1002/wcms.1311 

  



ORIGINAL PUBLICATION I 

  57   
 



ORIGINAL PUBLICATION I 

  58   
 



ORIGINAL PUBLICATION I 

  59   
 



ORIGINAL PUBLICATION I 

  60   
 



ORIGINAL PUBLICATION I 

  61   
 



ORIGINAL PUBLICATION I 

  62   
 



ORIGINAL PUBLICATION I 

  63   
 



ORIGINAL PUBLICATION I 

  64   
 



ORIGINAL PUBLICATION I 

  65   
 



ORIGINAL PUBLICATION I 

  66   
 



ORIGINAL PUBLICATION I 

  67   
 



ORIGINAL PUBLICATION I 

  68   
 



ORIGINAL PUBLICATION I 

  69   
 



ORIGINAL PUBLICATION I 

  70   
 



ORIGINAL PUBLICATION I 

  71   
 



ORIGINAL PUBLICATION I 

  72   
 



ORIGINAL PUBLICATION I 

  73   
 



ORIGINAL PUBLICATION I 

  74   
 



ORIGINAL PUBLICATION I 

  75   
 



ORIGINAL PUBLICATION I 

  76   
 



ORIGINAL PUBLICATION I 

  77   
 



ORIGINAL PUBLICATION I 

  78   
 



ORIGINAL PUBLICATION I 

  79   
 



ORIGINAL PUBLICATION I 

  80   
 



ORIGINAL PUBLICATION I 

  81   
 



ORIGINAL PUBLICATION I 

  82   
 



ORIGINAL PUBLICATION I 

  83   
 



ORIGINAL PUBLICATION I 

  84   
 



ORIGINAL PUBLICATION I 

  85   
 



ORIGINAL PUBLICATION I 

  86   
 

 



ORIGINAL PUBLICATION II 

  87   
 

ORIGINAL PUBLICATION II 
 

 

 

 

Systematically scrutinizing the impact of substitution sites 

on thermostability and detergent tolerance for Bacillus 

subtilis lipase A 

 
Nutschel, C., Fulton, A., Zimmermann, O., Schwaneberg, U., Jaeger, 

K.-E., Gohlke, H. 

 

J Chem Inf Model. 2020, 60, 3, 1568-1584. 

 

https://pubs.acs.org/doi/10.1021/acs.jcim.9b00954 

 

 

 

 

 

 

 

 

 

 

 



ORIGINAL PUBLICATION II 

  88   
 



ORIGINAL PUBLICATION II 

  89   
 



ORIGINAL PUBLICATION II 

  90   
 



ORIGINAL PUBLICATION II 

  91   
 



ORIGINAL PUBLICATION II 

  92   
 



ORIGINAL PUBLICATION II 

  93   
 



ORIGINAL PUBLICATION II 

  94   
 



ORIGINAL PUBLICATION II 

  95   
 



ORIGINAL PUBLICATION II 

  96   
 



ORIGINAL PUBLICATION II 

  97   
 



ORIGINAL PUBLICATION II 

  98   
 



ORIGINAL PUBLICATION II 

  99   
 



ORIGINAL PUBLICATION II 

  100   
 



ORIGINAL PUBLICATION II 

  101   
 



ORIGINAL PUBLICATION II 

  102   
 



ORIGINAL PUBLICATION II 

  103   
 



ORIGINAL PUBLICATION II 

  104   
 

 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  105   
 

ORIGINAL PUBLICATION II-SUPPORTING 

INFORMATION 
 

 

 

 

Systematically scrutinizing the impact of substitution sites 

on thermostability and detergent tolerance for Bacillus 

subtilis lipase A 

 
Nutschel, C., Fulton, A., Zimmermann, O., Schwaneberg, U., Jaeger, 

K.-E., Gohlke, H. 

 

J Chem Inf Model. 2020, 60, 3, 1568-1584. 

 

https://pubs.acs.org/doi/10.1021/acs.jcim.9b00954 

 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  106   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  107   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  108   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  109   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  110   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  111   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  112   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  113   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  114   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  115   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  116   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  117   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  118   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  119   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  120   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  121   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  122   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  123   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  124   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  125   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  126   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  127   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  128   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  129   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  130   
 



ORIGINAL PUBLICATION II-SUPPORTING INFORMATION 

  131   
 

 



ORIGINAL PUBLICATION III 

132

ORIGINAL PUBLICATION III 

Promiscuous esterases counterintuitively are less flexible 

than specific ones 

Nutschel, C., Coscolín, C., Mulnaes, D., David, B., Ferrer, M., 
Jaeger K.-E., Gohlke, H. 

J Chem Inf Model. 2020, DOI: 10.1021/acs.jcim.1c00152.  



ORIGINAL PUBLICATION III 

  133   



ORIGINAL PUBLICATION III 

  134   



ORIGINAL PUBLICATION III 

  135   



ORIGINAL PUBLICATION III 

  136   



ORIGINAL PUBLICATION III 

  137   



ORIGINAL PUBLICATION III 

  138   



ORIGINAL PUBLICATION III 

  139   



ORIGINAL PUBLICATION III 

  140   



ORIGINAL PUBLICATION III 

  141   



ORIGINAL PUBLICATION III 

  142   



ORIGINAL PUBLICATION III 

  143   



ORIGINAL PUBLICATION III 

  144   



ORIGINAL PUBLICATION III 

  145   



ORIGINAL PUBLICATION III 

  146   



ORIGINAL PUBLICATION III 

  147   



ORIGINAL PUBLICATION III 

  148   



ORIGINAL PUBLICATION III 

  149   



ORIGINAL PUBLICATION III 

  150   



ORIGINAL PUBLICATION III 

  151   



ORIGINAL PUBLICATION III 

  152   



ORIGINAL PUBLICATION III 

  153   



ORIGINAL PUBLICATION III 

  154   



ORIGINAL PUBLICATION III 

  155   



ORIGINAL PUBLICATION III 

  156   



ORIGINAL PUBLICATION III 

  157   



ORIGINAL PUBLICATION III 

  158   



ORIGINAL PUBLICATION III 

  159   

 



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

160

ORIGINAL PUBLICATION III-SUPPORTING 

INFORMATION 

Promiscuous esterases counterintuitively are less flexible 

than specific ones 

Nutschel, C., Coscolín, C., Mulnaes, D., David, B., Ferrer, M., 
Jaeger K.-E., Gohlke, H. 

J Chem Inf Model. 2020, DOI: 10.1021/acs.jcim.1c00152. 



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  161   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  162   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  163   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  164   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  165   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  166   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  167   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  168   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  169   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  170   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  171   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  172   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  173   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  174   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  175   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  176   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  177   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  178   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  179   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  180   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  181   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  182   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  183   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  184   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  185   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  186   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  187   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  188   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  189   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  190   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  191   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  192   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  193   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  194   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  195   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  196   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  197   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  198   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  199   



ORIGINAL PUBLICATION III-SUPPORTING INFORMATION 

  200   

 



ORIGINAL PUBLICATION IV 

  201   
 

ORIGINAL PUBLICATION IV 

 

 

 

 

Contribution of single amino acid and codon substitutions 

to the production and secretion of a lipase by Bacillus 

subtilis 
 

Skoczinski, P., Volkenborn, K., Fulton, A., Bhadauriya, A.,  

Nutschel, C., Gohlke, H., Knapp, A., Jaeger, K.-E. 

 

Microb. Cell Fact. 2017, 16, 160. 

 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5613506/ 



ORIGINAL PUBLICATION IV 

  202   
 



ORIGINAL PUBLICATION IV 

  203   
 



ORIGINAL PUBLICATION IV 

  204   
 



ORIGINAL PUBLICATION IV 

  205   
 



ORIGINAL PUBLICATION IV 

  206   
 



ORIGINAL PUBLICATION IV 

  207   
 



ORIGINAL PUBLICATION IV 

  208   
 



ORIGINAL PUBLICATION IV 

  209   
 



ORIGINAL PUBLICATION IV 

  210   
 



ORIGINAL PUBLICATION IV 

  211   
 



ORIGINAL PUBLICATION IV 

  212   
 



ORIGINAL PUBLICATION IV 

  213   
 



ORIGINAL PUBLICATION IV 

  214   
 

 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  215   
 

ORIGINAL PUBLICATION IV-SUPPORTING 

INFORMATION 

 

 

 

 

Contribution of single amino acid and codon substitutions 

to the production and secretion of a lipase by Bacillus 

subtilis 
 

Skoczinski, P., Volkenborn, K., Fulton, A., Bhadauriya, A.,  

Nutschel, C., Gohlke, H., Knapp, A., Jaeger, K.-E. 

 

Microb. Cell Fact. 2017, 16, 160. 

 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5613506/ 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  216   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  217   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  218   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  219   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  220   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  221   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  222   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  223   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  224   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  225   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  226   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  227   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  228   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  229   
 



ORIGINAL PUBLICATION IV-SUPPORTING INFORMATION 

  230   
 

 



CURRICULUM VITAE 

231 

CURRICULUM VITAE 

      Education 

Since 11/2016 PhD student,  
Heinrich Heine University Düsseldorf, Germany 

10/2011 – 10/2016 Studies in biochemistry, 
Heinrich Heine University Düsseldorf, Germany 

04/2016 – 10/2016 Master thesis, 
Heinrich Heine University Düsseldorf, Germany, 

06/2014 – 09/2014 Bachelor thesis, 
Heinrich Heine University Düsseldorf, Germany, 

      Publications 

      Nutschel, C., Coscolín, C., Mulnaes, D., David, B., Ferrer, M., Jaeger, K.-E., Gohlke, H.   
      Promiscuous esterases counterintuitively are less flexible than specific ones. J Chem Inf Model.       
      2020, DOI: 10.1021/acs.jcim.1c00152. 

      Nutschel, C., Fulton, A., Zimmermann, O., Schwaneberg, U., Jaeger, K.-E., Gohlke, H.     
      Systematically scrutinizing the impact of substitution sites on thermostability and detergent  
      tolerance for Bacillus subtilis lipase A. J Chem Inf Model. 2020, 60, 1568-1584. 

      Skoczinski, P., Volkenborn, K., Fulton, A., Bhadauriya, A., Nutschel, C., Gohlke, H., Knapp, A.,  
      Jaeger, K.-E. Contribution of single amino acid and codon substitutions to the production and  
      secretion of a lipase by Bacillus subtilis. Microb Cell Fact. 2017, 16, 160. 

      Hermans, S.M.A., Pfleger, C., Nutschel, C., Hanke, C.A., Gohlke, H. Rigidity theory for    
      biomolecules: Concepts, software, and applications. WIREs Comput Mol Sci. 2017, e1311. 

      Kaschner, M., Schillinger, O., Fettweiss, T., Nutschel, C., Fulton, A., Strodel, B., Stadler, A., Jaeger,  
      K.-E., Krauss, U. A combination of mutational and computational scanning guides the design of an  
      artificial ligand-binding controlled lipase. Sci Rep. 2017, 7, 42592. 

     Awards 

04/2019 Third lecture award of 33rd Molecular Modeling 
Workshop (MMW), Erlangen, Germany 

11/2017  Master thesis award „CIC-Förderpreis für 
Computational Chemistry“ of Gesellschaft Deutscher 
Chemiker (GDCh), Mainz, Germany 



CURRICULUM VITAE 

232 
 

      Oral Conference Contributions 

11/2019  15th German Conference on Chemoinformatics (GCC), 
Mainz, Germany, 
Topic: Large-scale analysis of esterase substrate promiscuity-
Are predictors of active site flexibility ready for it? 

04/2019  33rd Molecular Modeling Workshop (MMW), 
Erlangen, Germany, 
Topic: Large-scale analysis of protein thermostability and 
detergent tolerance (Third lecture award) 

01/2019  International Conference on Advances in Materials Science 
& Applied Biology (AMSAB), 
Mumbai, India,  
Topic: Large-scale analysis of protein thermostability and 
detergent tolerance 

11/2017  13th German Conference on Chemoinformatics (GCC), 
Mainz, Germany, 
Topic: Large-scale analysis of protein stability: Bacillus 
subtilis lipase A as test case (Master thesis award) 

 

 



REFERENCES 

  233   
 

REFERENCES 
1. Aehle W. Enzymes in industry: production and applications. 3rd ed: John Wiley & Sons; 

2007. 
2. Buchholz K, Kasche V, Bornscheuer UT. Biocatalysts and enzyme technology. 2nd ed: John 

Wiley & Sons; 2012. 
3. Robinson PK. Enzymes: principles and biotechnological applications. Essays Biochem. 

2015;59:1-41. 
4. Jaeger K-E, Liese A, Syldatk C. Einführung in die Enzymtechnologie: Springer Spektrum, 

Berlin, Heidelberg; 2018. 
5. Kendrew JC, Dickerson RE, Strandberg BE, et al. Structure of myoglobin: A three-

dimensional Fourier synthesis at 2 A. resolution. Nature. 1960;185:422-427. 
6. McCammon JA, Gelin BR, Karplus M. Dynamics of folded proteins. Nature. 1977;267:585-

590. 
7. Payen A, Persoz J-F. Mémoire sur la diastase, les principaux produits de ses réactions, et leurs 

applications aux arts industriels. Ann Chim Phys. 1833;53:73-92. 
8. Payen A, Persoz J-F. Memoir on diastase, the principal products of its reactions, and their 

applications to the industrial arts. Ann Chim Phys. 1833;53:73-92. 
9. Berzelius JJ. Sur un Force Jusqu'ici Peu Remarquée qui est Probablement Active Dans la 

Formation des Composés Organiques, Section on Vegetable Chemistry. Jahres-Bericht. 
1835;14:237. 

10. Wisniak J. The history of catalysis. From the beginning to Nobel Prizes. Educ Quimica. 
2010;21:60-69. 

11. Pandey A, Webb C, Soccol CR, Larroche C. Enzyme technology: Springer Science & 
Business Media; 2006. 

12. Priyadarshini A, Pandey P. Biocatalysis and Agricultural Biotechnology: Fundamentals, 
Advances, and Practices for a Greener Future: Apple Academic Press; 2018. 

13. Buchner E. Alkoholische Gährung ohne Hefezellen. Berichte der deutschen chemischen 
Gesellschaft. 1897;30:117-124. 

14. Fischer E. Einfluss der Configuration auf die Wirkung der Enzyme. Berichte der deutschen 
chemischen Gesellschaft. 1894;27:2985-2993. 

15. Koshland DE. Application of a theory of enzyme specificity to protein synthesis. Proc Natl 
Acad Sci U S A. 1958;44:98-104. 

16. Foote J, Milstein C. Conformational isomerism and the diversity of antibodies. Proc Natl 
Acad Sci U S A. 1994;91:10370-10374. 

17. Boehr DD, Nussinov R, Wright PE. The role of dynamic conformational ensembles in 
biomolecular recognition. Nat Chem Biol. 2009;5:789-796. 

18. Vogt AD, Pozzi N, Chen Z, Di Cera E. Essential role of conformational selection in ligand 
binding. Biophys Chem. 2014;186:13-21. 

19. Ma B, Kumar S, Tsai CJ, Nussinov R. Folding funnels and binding mechanisms. Protein Eng. 
1999;12:713-720. 

20. Savir Y, Tlusty T. Conformational proofreading: the impact of conformational changes on the 
specificity of molecular recognition. PloS One. 2007;2:e468. 

21. Radestock S, Gohlke H. Protein rigidity and thermophilic adaptation. Proteins. 2011;79:1089-
1108. 

22. Radestock S, Gohlke H. Exploiting the link between protein rigidity and thermostability for 
data driven protein engineering. Eng Life Sci. 2008;8:507-522. 

23. Ekroos M, Sjögren T. Structural basis for ligand promiscuity in cytochrome P450 3A4. Proc 
Natl Acad Sci U S A. 2006;103:13682-13687. 

24. Skopalík J, Anzenbacher P, Otyepka M. Flexibility of human cytochromes P450: molecular 
dynamics reveals differences between CYPs 3A4, 2C9, and 2A6, which correlate with their 
substrate preferences. J Phys Chem B. 2008;112:8165-8173. 

25. Hendrychová T, Anzenbacherová E, Hudeček J, et al. Flexibility of human cytochrome P450 
enzymes: molecular dynamics and spectroscopy reveal important function-related variations. 
Biochim Biophys Acta. 2011;1814:58-68. 



REFERENCES 

234

26. https://www.bccresearch.com/market-research/biotechnology/global-markets-for-enzymes-in-
industrial-applications.html.

27. Garzón-Posse F, Becerra-Figueroa L, Hernández-Arias J, Gamba-Sánchez D. Whole cells as 
biocatalysts in organic transformations. Molecules. 2018;23:1265.

28. Sheldon RA, Arends I, Hanefeld U. Green chemistry and catalysis: John Wiley & Sons; 2007.
29. Bornscheuer UT, Huisman GW, Kazlauskas RJ, Lutz S, Moore JC, Robins K. Engineering the 

third wave of biocatalysis. Nature. 2012;485:185-194.
30. Jaeger K-E, Eggert T. Enantioselective biocatalysis optimized by directed evolution. Curr 

Opin Biotechnol. 2004;15:305-313.
31. Lin B, Tao Y. Whole-cell biocatalysts by design. Microb Cell Fact. 2017;16:106.
32. Rigoldi F, Donini S, Redaelli A, Parisini E, Gautieri A. Engineering of thermostable enzymes 

for industrial applications. APL Bioeng. 2018;2:011501.
33. Littlechild JA. Enzymes from extreme environments and their industrial applications. Front 

Bioeng Biotechnol. 2015;3:161.
34. Martínez-Martínez M, Coscolín C, Santiago G, et al. Determinants and prediction of esterase 

substrate promiscuity patterns. ACS Chem Biol. 2018;13:225-234.
35. Skoczinski P, Volkenborn K, Fulton A, et al. Contribution of single amino acid and codon 

substitutions to the production and secretion of a lipase by Bacillus subtilis. Microb Cell Fact. 
2017;16:160.

36. Chaparro Riggers JF, Polizzi KM, Bommarius AS. Better library design: data driven protein 
engineering. Biotechnol J. 2007;2:180-191.

37. Reetz MT, Carballeira JD, Vogel A. Iterative saturation mutagenesis on the basis of B factors 
as a strategy for increasing protein thermostability. Angew Chem Int Ed. 2006;45:7745-7751.

38. Huang X, Gao D, Zhan CG. Computational design of a thermostable mutant of cocaine 
esterase via molecular dynamics simulations. Org Biomol Chem. 2011;9:4138-4143.

39. Singh J, Ator MA, Jaeger EP, et al. Application of genetic algorithms to combinatorial 
synthesis: A computational approach to lead identification and lead optimization. J Am Chem 
Soc. 1996;118:1669-1676.

40. Thiltgen G, Goldstein RA. Assessing predictors of changes in protein stability upon mutation 
using self-consistency. PloS One. 2012;7:e46084.

41. Modarres HP, Mofrad M, Sanati-Nezhad A. Protein thermostability engineering. RSC Adv. 
2016;6:115252-115270.

42. Zhang Z, Wang L, Gao Y, Zhang J, Zhenirovskyy M, Alexov E. Predicting folding free 
energy changes upon single point mutations. Bioinformatics. 2012;28:664-671.

43. Kang S, Chen G, Xiao G. Robust prediction of mutation-induced protein stability change by 
property encoding of amino acids. Protein Eng Des Sel. 2009;22:75-83.

44. Nutschel C, Fulton A, Zimmermann O, Schwaneberg U, Jaeger K-E, Gohlke H. 
Systematically scrutinizing the impact of substitution sites on thermostability and detergent 
tolerance for Bacillus subtilis lipase A. J Chem Inf Model. 2020;60:1568-1584.

45. Nutschel C, Coscolín C, Mulnaes D, David B, Ferrer M, Jaeger K-E, Gohlke H. Promiscuous 
esterases counterintuitively are less flexible than specific ones. J Chem Inf Model. 2020; DOI: 
10.1021/acs.jcim.1c00152.

46. Pfleger C, Rathi PC, Klein DL, Radestock S, Gohlke H. Constraint Network Analysis (CNA): 
a Python software package for efficiently linking biomacromolecular structure, 
flexibility,(thermo-) stability, and function. J Chem Inf Model. 2013;53:1007-1015.

47. Steiner K, Schwab H. Recent advances in rational approaches for enzyme engineering. 
Comput Struct Biotechnol J. 2012;2:e201209010.

48. Rathi PC, Fulton A, Jaeger K-E, Gohlke H. Application of rigidity theory to the 
thermostabilization of lipase A from Bacillus subtilis. PLoS Comput Biol. 2016;12:e1004754.

49. Zeymer C, Hilvert D. Directed evolution of protein catalysts. Annu Rev Biochem. 
2018;87:131-157.

50. Arnold FH. Directed evolution: bringing new chemistry to life. Angew Chem Int Ed Engl. 
2018;57:4143-4148.

51. Turner NJ. Directed evolution of enzymes for applied biocatalysis. Trends Biotechnol. 
2003;21:474-478.

52. Harayama S. Artificial evolution by DNA shuffling. Trends Biotechnol. 1998;16:76-82. 



REFERENCES 

  235   
 

53. Esvelt KM, Carlson JC, Liu DR. A system for the continuous directed evolution of 
biomolecules. Nature. 2011;472:499-503. 

54. Xiao H, Bao Z, Zhao H. High throughput screening and selection methods for directed 
enzyme evolution. Ind Eng Chem Res. 2015;54:4011-4020. 

55. Santoro SW, Schultz PG. Directed evolution of the site specificity of Cre recombinase. Proc 
Natl Acad Sci U S A. 2002;99:4185-4190. 

56. Boersma YL, Droge MJ, Quax WJ. Selection strategies for improved biocatalysts. FEBS J. 
2007;274:2181-2195. 

57. Romero PA, Arnold FH. Exploring protein fitness landscapes by directed evolution. Nat Rev 
Mol Cell Biol. 2009;10:866-876. 

58. Giver L, Gershenson A, Freskgard PO, Arnold FH. Directed evolution of a thermostable 
esterase. Proc Natl Acad Sci U S A. 1998;95:12809-12813. 

59. Kuchner O, Arnold FH. Directed evolution of enzyme catalysts. Trends Biotechnol. 
1997;15:523-530. 

60. Korendovych IV. Rational and semirational protein design. Methods Mol Biol. 2018;1685:15-
23. 

61. Damborsky J, Brezovsky J. Computational tools for designing and engineering enzymes. Curr 
Opin Chem Biol. 2014;19:8-16. 

62. Bornscheuer UT, Pohl M. Improved biocatalysts by directed evolution and rational protein 
design. Curr Opin Chem Biol. 2001;5:137-143. 

63. Potapov V, Cohen M, Schreiber G. Assessing computational methods for predicting protein 
stability upon mutation: good on average but not in the details. Protein Eng Des Sel. 
2009;22:553-560. 

64. Khan S, Vihinen M. Performance of protein stability predictors. Hum Mutat. 2010;31:675-
684. 

65. Usmanova DR, Bogatyreva NS, Ariño Bernad J, et al. Self-consistency test reveals systematic 
bias in programs for prediction change of stability upon mutation. Bioinformatics. 
2018;34:3653-3658. 

66. Pucci F, Bernaerts KV, Kwasigroch JM, Rooman M. Quantification of biases in predictions of 
protein stability changes upon mutations. Bioinformatics. 2018;34:3659-3665. 

67. Bava KA, Gromiha MM, Uedaira H, Kitajima K, Sarai A. ProTherm, version 4.0: 
thermodynamic database for proteins and mutants. Nucleic Acids Res. 2004;32:D120-D121. 

68. Kumar MD, Bava KA, Gromiha MM, et al. ProTherm and ProNIT: thermodynamic databases 
for proteins and protein–nucleic acid interactions. Nucleic Acids Res. 2006;34:D204-D206. 

69. Chica RA, Doucet N, Pelletier JN. Semi-rational approaches to engineering enzyme activity: 
combining the benefits of directed evolution and rational design. Curr Opin Biotechnol. 
2005;16:378-384. 

70. Reetz MT, Kahakeaw D, Lohmer R. Addressing the numbers problem in directed evolution. 
Chembiochem. 2008;9:1797-1804. 

71. Moore KW, Pechen A, Feng XJ, Dominy J, Beltrani VJ, Rabitz H. Why is chemical synthesis 
and property optimization easier than expected? Phys Chem Chem Phys 2011;13:10048-
10070. 

72. Hermans SMA, Pfleger C, Nutschel C, Hanke CA, Gohlke H. Rigidity theory for 
biomolecules: concepts, software, and applications. WIREs Comput Mol Sci. 2017;7:e1311. 

73. Fulle S, Gohlke H. Statics of the ribosomal exit tunnel: implications for cotranslational 
peptide folding, elongation regulation, and antibiotics binding. J Mol Biol. 2009;387:502-517. 

74. Mottonen JM, Jacobs DJ, Livesay DR. Allosteric response is both conserved and variable 
across three CheY orthologs. Biophys J. 2010;99:2245-2254. 

75. Pfleger C, Minges A, Boehm M, McClendon CL, Torella R, Gohlke H. Ensemble- and 
Rigidity Theory-Based Perturbation Approach To Analyze Dynamic Allostery. J Chem 
Theory Comput. 2017;13:6343-6357. 

76. Jacobs DJ, Dallakyan S. Elucidating protein thermodynamics from the three-dimensional 
structure of the native state using network rigidity. Biophys J. 2005;88:903-915. 

77. Del Carpio CA, Iulian Florea M, Suzuki A, et al. A graph theoretical approach for assessing 
bio-macromolecular complex structural stability. J Mol Model. 2009;15:1349-1370. 



REFERENCES 

  236   
 

78. Gohlke H, Kuhn LA, Case DA. Change in protein flexibility upon complex formation: 
analysis of Ras-Raf using molecular dynamics and a molecular framework approach. Proteins. 
2004;56:322-337. 

79. Hespenheide BM, Rader AJ, Thorpe MF, Kuhn LA. Identifying protein folding cores from the 
evolution of flexible regions during unfolding. J Mol Graph Model. 2002;21:195-207. 

80. Rader AJ, Bahar I. Folding core predictions from network models of proteins. Polymer. 
2004;45:659-668. 

81. Ahmed A, Gohlke H. Multiscale modeling of macromolecular conformational changes 
combining concepts from rigidity and elastic network theory. Proteins. 2006;63:1038-1051. 

82. Fulle S, Christ NA, Kestner E, Gohlke H. HIV-1 TAR RNA spontaneously undergoes relevant 
apo-to-holo conformational transitions in molecular dynamics and constrained geometrical 
simulations. J Chem Inf Model. 2010;50:1489-1501. 

83. Wells S, Menor S, Hespenheide B, Thorpe MF. Constrained geometric simulation of diffusive 
motion in proteins. Phys Biol. 2005;2:S127-136. 

84. Farrell DW, Speranskiy K, Thorpe MF. Generating stereochemically acceptable protein 
pathways. Proteins. 2010;78:2908-2921. 

85. Tan H, Rader AJ. Identification of putative, stable binding regions through flexibility analysis 
of HIV 1 gp120. Proteins. 2009;74:881-894. 

86. Livesay DR, Jacobs DJ. Conserved quantitative stability/flexibility relationships (QSFR) in an 
orthologous RNase H pair. Proteins. 2006;62:130-143. 

87. Jacobs DJ, Rader AJ, Kuhn LA, Thorpe MF. Protein flexibility predictions using graph theory. 
Proteins. 2001;44:150-165. 

88. Fox N, Jagodzinski F, Li Y, Streinu I. KINARI-Web: a server for protein rigidity analysis. 
Nucleic Acids Res. 2011;39:W177-W183. 

89. Maxwell JC. On the calculation of the equilibrium and stiffness of frames. Philos Mag. 
1864;27:294-299. 

90. Laman G. On graphs and rigidity of plane skeletal structures. J Eng Math. 1970;4:331-340. 
91. Hendrickson B. Conditions for unique graph realizations. SIAM J Comput. 1992;21:65-84. 
92. Jacobs DJ. Generic rigidity in three-dimensional bond-bending networks. J Phys A Math Gen. 

1998;31:6653-6668. 
93. Thorpe MF, Jacobs DJ, Chubynsky NV, Rader AJ. Generic rigidity of network glasses. In 

Rigidity Theory and Applications: Kluwer Academic/Plenum Publishers, New York; 1999; 
239-277. 

94. Whiteley W. Rigidity of molecular structures: generic and geometric analysis. Rigidity theory 
and Applications. New York: Kluwer Academic/Plenum Publishers; 2002:21-46. 

95. Tay T-S, Whiteley W. Recent advances in the generic ridigity of structures. Struct Topol. 
1984;9:31-38. 

96. Hespenheide BM, Jacobs DJ, Thorpe MF. Structural rigidity in the capsid assembly of cowpea 
chlorotic mottle virus. J Phys Condens Matter. 2004;16:S5055-S5064. 

97. Whiteley W. Counting out to the flexibility of molecules. Phys Biol. 2005;2:S116-S126. 
98. Fox N, Streinu I. Towards accurate modeling of noncovalent interactions for protein rigidity 

analysis. BMC Bioinformatics. 2013;14:S3. 
99. Wells SA, Jimenez-Roldan JE, Römer RA. Comparative analysis of rigidity across protein 

families. Phys Biol. 2009;6:046005. 
100. Dahiyat BI, Gordon DB, Mayo SL. Automated design of the surface positions of protein 

helices. Protein Sci. 1997;6:1333-1337. 
101. Thorpe MF, Lei M, Rader AJ, Jacobs DJ, Kuhn LA. Protein flexibility and dynamics using 

constraint theory. J Mol Graph Model. 2001;19:60-69. 
102. Cheatham 3rd TEI, Cieplak P, Kollman PA. A modified version of the Cornell et al. force 

field with improved sugar pucker phases and helical repeat. J Biomol Struct Dyn. 
1999;16:845-862. 

103. Cornell WD, Cieplak P, Bayly CI, et al. A second generation force field for the simulation of 
proteins, nucleic acids, and organic molecules. J Am Chem Soc. 1995;117:5179-5197. 

104. Mamonova T, Hespenheide B, Straub R, Thorpe MF, Kurnikova M. Protein flexibility using 
constraints from molecular dynamics simulations. Phys Biol. 2005;2:S137-S147. 



REFERENCES 

  237   
 

105. Pfleger C, Radestock S, Schmidt E, Gohlke H. Global and local indices for characterizing 
biomolecular flexibility and rigidity. J Comput Chem. 2013;34:220-233. 

106. Jacobs DJ, Thorpe MF. Generic rigidity percolation: the pebble game. Phys Rev Lett. 
1995;75:4051-4054. 

107. Jacobs DJ, Thorpe MF. Computer-implemented system for analyzing rigidity of substructures 
within a macromolecule: Google Patents; 2000. 

108. Lee A, Streinu I. Pebble game algorithms and sparse graphs. Discrete Math. 2008;308:1425-
1437. 

109. Lee A, Streinu I, Theran L. Graded sparse graphs and matroids. J Univ Comput Sci. 
2007;13:1671-1679. 

110. Jacobs DJ, Hendrickson B. An algorithm for two-dimensional rigidity percolation: the pebble 
game. J Comput Phys. 1997;137:346-365. 

111. Katoh N, Tanigawa S-i. A proof of the molecular conjecture. Discrete Comput Geom. 
2011;45:647-700. 

112. Rathi PC, Radestock S, Gohlke H. Thermostabilizing mutations preferentially occur at 
structural weak spots with a high mutation ratio. J Biotechnol. 2012;159:135-144. 

113. Makhatadze GI, Privalov PL. On the entropy of protein folding. Protein Sci. 1996;5:507-510. 
114. Pfleger C, Gohlke H. Efficient and robust analysis of biomacromolecular flexibility using 

ensembles of network topologies based on fuzzy noncovalent constraints. Structure. 
2013;21:1725-1734. 

115. Gohlke H, Case DA. Converging free energy estimates: MM PB (GB) SA studies on the 
protein–protein complex Ras–Raf. J Comput Chem. 2004;25:238-250. 

116. Sljoka A, Wilson D. Probing protein ensemble rigidity and hydrogen–deuterium exchange. 
Phys Biol. 2013;10:056013. 

117. Rathi PC, Mulnaes D, Gohlke H. VisualCNA: a GUI for interactive constraint network 
analysis and protein engineering for improving thermostability. Bioinformatics. 2015;31:2394-
2396. 

118. Krüger DM, Rathi PC, Pfleger C, Gohlke H. CNA web server: rigidity theory-based thermal 
unfolding simulations of proteins for linking structure,(thermo-) stability, and function. 
Nucleic Acids Res. 2013;41:W340-W348. 

119. Rader AJ, Hespenheide BM, Kuhn LA, Thorpe MF. Protein unfolding: rigidity lost. Proc Natl 
Acad Sci U S A. 2002;99:3540-3545. 

120. Rader AJ. Thermostability in rubredoxin and its relationship to mechanical rigidity. Phys Biol. 
2009;7:16002. 

121. Privalov PL, Gill SJ. Stability of protein structure and hydrophobic interaction. Adv Protein 
Chem. 1988;39:191-234. 

122. Schellman JA. Temperature, stability, and the hydrophobic interaction. Biophys J. 
1997;73:2960-2964. 

123. Stauffer D. Scaling theory of percolation clusters. Phy Reps. 1979;54:1-74. 
124. Stauffer D, Aharony A. Introduction to percolation theory. 2nd ed: Taylor and Francis, 

London; 1994. 
125. Shannon CE. A mathematical theory of communication. Bell Syst Tech J. 1948;27:623-656. 
126. Andraud C, Beghdadi A, Lafait J. Entropic analysis of random morphologies. Physica A. 

1994;207:208-212. 
127. Rathi PC, Jaeger K-E, Gohlke H. Structural rigidity and protein thermostability in variants of 

lipase A from Bacillus subtilis. PloS One. 2015;10:1-24. 
128. Polizzi KM, Bommarius AS, Broering JM, Chaparro-Riggers JF. Stability of biocatalysts. 

Curr Opin Chem Biol. 2007;11:220-225. 
129. O'Fagain C. Engineering protein stability. Methods Mol Biol. 2011;681:103-136. 
130. Linding R, Jensen LJ, Diella F, Bork P, Gibson TJ, Russell RB. Protein disorder prediction: 

implications for structural proteomics. Structure. 2003;11:1453-1459. 
131. Dick M, Weiergräber OH, Classen T, et al. Trading off stability against activity in 

extremophilic aldolases. Sci Rep. 2016;6:17908. 



REFERENCES 

  238   
 

132. Kovacic F, Babic N, Krauss U, Jaeger K. Classification of lipolytic enzymes from bacteria. 
Aerobic utilization of hydrocarbons, oils and lipids. In Handbook of Hydrocarbon and Lipid 
Microbiology: Springer, Berlin, Heidelberg; 2018; 1-35. 

133. Ali YB, Verger R, Abousalham A. Lipases or esterases: does it really matter? Toward a new 
bio-physico-chemical classification. Methods Mol Biol. 2012;861:31-51. 

134. Verger R. ‘Interfacial activation’of lipases: facts and artifacts. Trends Biotechnol. 1997;15:32-
38. 

135. Bornscheuer UT. Microbial carboxyl esterases: classification, properties and application in 
biocatalysis. FEMS Microbiol. Rev. 2002;26:73-81. 

136. Jaeger K-E, Ransac S, Dijkstra BW, Colson C, van Heuvel M, Misset O. Bacterial lipases. 
FEMS Microbiol Rev. 1994;15:29-63. 

137. Jaeger K-E, Reetz MT. Microbial lipases form versatile tools for biotechnology. Trends 
Biotechnol. 1998;16:396-403. 

138. Pandey A, Benjamin S, Soccol CR, Nigam P, Krieger N, Soccol VT. The realm of microbial 
lipases in biotechnology. Biotechnol Appl Biochem. 1999;29:119-131. 

139. Sarda L, Desnuelle P. Actions of pancreatic lipase on esters in emulsions. Biochim Biophys 
Acta. 1958;30:513-521. 

140. Brockerhoff H. Lipolytic enzymes: ACS Publications; 1974. 
141. Derewenda ZS, Derewenda U, Dodson GG. The crystal and molecular structure of the 

Rhizomucor miehei triacylglyceride lipase at 1.9 Å resolution. J Mol Biol. 1992;227:818-839. 
142. Winkler FK, D'Arcy A, Hunziker W. Structure of human pancreatic lipase. Nature. 

1990;343:771-774. 
143. van Tilbeurgh H, Egloff MP, Martinez C, Rugani N, Verger R, Cambillau C. Interfacial 

activation of the lipase–procolipase complex by mixed micelles revealed by X-ray 
crystallography. Nature. 1993;362:814-820. 

144. Brzozowski AM, Derewenda U, Derewenda ZS, et al. A model for interfacial activation in 
lipases from the structure of a fungal lipase-inhibitor complex. Nature. 1991;351:491-494. 

145. Noble ME, Cleasby A, Johnson LN, Egmond MR, Frenken LG. The crystal structure of 
triacylglycerol lipase from Pseudomonas glumae reveals a partially redundant catalytic 
aspartate. FEBS Lett. 1993;331:123-128. 

146. Uppenberg J, Hansen MT, Patkar S, Jones TA. The sequence, crystal structure determination 
and refinement of two crystal forms of lipase B from Candida antarctica. Structure. 
1994;2:293-308. 

147. Jaeger K-E, Ransac S, Koch HB, Ferrato F, Dijkstra BW. Topological characterization and 
modeling of the 3D structure of lipase from Pseudomonas aeruginosa. FEBS Lett. 
1993;332:143-149. 

148. Lesuisse E, Schanck K, Colson C. Purification and preliminary characterization of the 
extracellular lipase of Bacillus subtilis 168, an extremely basic pH tolerant enzyme. Eur J 
Biochem. 1993;216:155-160. 

149. van Pouderoyen G, Eggert T, Jaeger K-E, Dijkstra BW. The crystal structure of Bacillus 
subtilis lipase: a minimal α/β hydrolase fold enzyme. J Mol Biol. 2001;309:215-226. 

150. Arpigny JL, Jaeger K-E. Bacterial lipolytic enzymes: classification and properties. Biochem J. 
1999;343:177-183. 

151. Hausmann S, Jaeger K-E. Lipolytic enzymes from bacteria. In Handbook of hydrocarbon and 
lipid microbiology.: Springer, Berlin, Heidelberg; 2010; 1099-1126. 

152. López-López O, Cerdán ME, González Siso MI. New extremophilic lipases and esterases 
from metagenomics. Curr Protein Pept Sci. 2014;15:445-455. 

153. Nthangeni MB, Patterton H, van Tonder A, Vergeer WP, Litthauer D. Over-expression and 
properties of a purified recombinant Bacillus licheniformis lipase: a comparative report on 
Bacillus lipases. Enzyme Microb Technol. 2001;28:705-712. 

154. Hemilä H, Koivula TT, Palva I. Hormone-sensitive lipase is closely related to several bacterial 
proteins, and distantly related to acetylcholinesterase and lipoprotein lipase: identification of a 
superfamily of esterases and lipases. Biochim Biophys Acta. 1994;1210:249-253. 

155. Pharkya P, Nikolaev EV, Maranas CD. Review of the BRENDA Database. Metab Eng. 
2003;5:71-73. 



REFERENCES 

  239   
 

156. Schomburg I, Chang A, Ebeling C, et al. BRENDA, the enzyme database: updates and major 
new developments. Nucleic Acids Res. 2004;32:D431-433. 

157. Ollis DL, Cheah E, Cygler M, et al. The α/β hydrolase fold. Protein Eng. 1992;5:197-211. 
158. Wagner UG, Petersen EI, Schwab H, Kratky C. EstB from Burkholderia gladioli: a novel 

esterase with a β lactamase fold reveals steric factors to discriminate between esterolytic and 
β lactam cleaving activity. Protein Sci. 2002;11:467-478. 

159. McKay DB, Jennings MP, Godfrey EA, MacRae IC, Rogers PJ, Beacham IR. Molecular 
analysis of an esterase-encoding gene from a lipolytic psychrotrophic pseudomonad. J Gen 
Microbiol. 1992;138:701-708. 

160. Heikinheimo P, Goldman A, Jeffries C, Ollis DL. Of barn owls and bankers: a lush variety of 
α/β hydrolases. Structure. 1999;7:R141-R146. 

161. Chow J, Kovacic F, Dall Antonia Y, et al. The metagenome-derived enzymes LipS and LipT 
increase the diversity of known lipases. PloS One. 2012;7:e47665. 

162. Skjøt M, De Maria L, Chatterjee R, et al. Understanding the plasticity of the alpha/beta 
hydrolase fold: lid swapping on the Candida antarctica lipase B results in chimeras with 
interesting biocatalytic properties. Chembiochem. 2009;10:520-527. 

163. Brady L, Brzozowski AM, Derewenda ZS, et al. A serine protease triad forms the catalytic 
centre of a triacylglycerol lipase. Nature. 1990;343:767-770. 

164. Brenner S. The molecular evolution of genes and proteins: a tale of two serines. Nature. 
1988;334:528-530. 

165. Schrag JD, Li YG, Wu S, Cygler M. Ser-His-Glu triad forms the catalytic site of the lipase 
from Geotrichum candidum. Nature. 1991;351:761-764. 

166. Jaeger K-E, Dijkstra BW, Reetz MT. Bacterial biocatalysts: molecular biology, three-
dimensional structures, and biotechnological applications of lipases. Annu Rev Microbiol. 
1999;53:315-351. 

167. Bajpai P. Application of enzymes in the pulp and paper industry. Biotechnol Prog. 
1999;15:147-157. 

168. Jaeger K-E, Eggert T. Lipases for biotechnology. Curr Opin Biotechnol. 2002;13:390-397. 
169. Raveendran S, Parameswaran B, Ummalyma SB, et al. Applications of microbial enzymes in 

food industry. Food Technol. Biotechnol. 2018;56:16-30. 
170. Ferrer M, Bargiela R, Martínez-Martínez M, et al. Biodiversity for biocatalysis: a review of 

the α/β-hydrolase fold superfamily of esterases-lipases discovered in metagenomes. Biocatal 
Biotransfor. 2015;33:235-249. 

171. Funke SA, Eipper A, Reetz MT, et al. Directed evolution of an enantioselective Bacillus 
subtilis lipase. Biocatal Biotransfor. 2003;21:67-73. 

172. Gupta R, Gupta N, Rathi P. Bacterial lipases: an overview of production, purification and 
biochemical properties. Appl Microbiol Biotechnol. 2004;64:763-781. 

173. Fulton A, Frauenkron Machedjou VJ, Skoczinski P, et al. Exploring the protein stability 
landscape: Bacillus subtilis lipase A as a model for detergent tolerance. Chembiochem. 
2015;16:930-936. 

174. Frauenkron Machedjou VJ, Fulton A, Zhu L, et al. Towards understanding directed evolution: 
more than half of all amino acid positions contribute to ionic liquid resistance of Bacillus 
subtilis lipase A. Chembiochem. 2015;16:937-945. 

175. Ortiz C, Ferreira ML, Barbosa O, et al. Novozym 435: the “perfect” lipase immobilized 
biocatalyst? Catalysis Science & Technology. 2019;9:2380-2420. 

176. Schallmey M, Singh A, Ward OP. Developments in the use of Bacillus species for industrial 
production. Can J Microbiol. 2004;50:1-17. 

177. van Dijl JM, Hecker M. Bacillus subtilis: from soil bacterium to super-secreting cell factory. 
Microb Cell Fact. 2013;12:3. 

178. Nijland R, Kuipers OP. Optimization of protein secretion by Bacillus subtilis. Recent Pat 
Biotechnol. 2008;2:79-87. 

179. Brockmeier U, Caspers M, Freudl R, Jockwer A, Noll T, Eggert T. Systematic screening of all 
signal peptides from Bacillus subtilis: a powerful strategy in optimizing heterologous protein 
secretion in Gram-positive bacteria. J Molecular Biol. 2006;362:393-402. 



REFERENCES 

  240   
 

180. Kunst F, Ogasawara N, Moszer I, et al. The complete genome sequence of the gram-positive 
bacterium Bacillus subtilis. Nature. 1997;390:249-256. 

181. Kobayashi K, Ehrlich SD, Albertini A, et al. Essential Bacillus subtilis genes. Proc Natl Acad 
Sci U S A. 2003;100:4678-4683. 

182. Buescher JM, Liebermeister W, Jules M, et al. Global network reorganization during dynamic 
adaptations of Bacillus subtilis metabolism. Science. 2012;335:1099-1103. 

183. Otto A, Bernhardt J, Meyer H, et al. Systems-wide temporal proteomic profiling in glucose-
starved Bacillus subtilis. Nat Commun. 2010;1:1-9. 

184. Becher D, Büttner K, Moche M, Heßling B, Hecker M. From the genome sequence to the 
protein inventory of Bacillus subtilis. Proteomics. 2011;11:2971-2980. 

185. Westers L, Westers H, Quax WJ. Bacillus subtilis as cell factory for pharmaceutical proteins: 
a biotechnological approach to optimize the host organism. Biochim Biophys Acta. 
2004;1694:299-310. 

186. Hidaka H, Eida T, Takizawa T, Tokunaga T, Tashiro Y. Effects of fructooligosaccharides on 
intestinal flora and human health. Bifidobact Microflora. 1986;5:37-50. 

187. Mitsuoka T. Intestinal flora and human health. Asia Pacific J Clin Nutr. 1996;5:2-9. 
188. Cooperstock MS, Zedd AJ. Intestinal flora of infants. Human Intestinal Microflora in Health 

and Disease: Academic Press, New York; 1983;79-99.. 
189. Simonen M, Palva I. Protein secretion in Bacillus species. Microbiol Rev. 1993;57:109-137. 
190. Carrió MM, Cubarsi R, Villaverde A. Fine architecture of bacterial inclusion bodies. FEBS 

Lett. 2000;471:7-11. 
191. Tjalsma H, Antelmann H, Jongbloed JD, et al. Proteomics of protein secretion by Bacillus 

subtilis: separating the “secrets” of the secretome. Microbiol Mol Biol Rev. 2004;68:207-233. 
192. Palmer T, Berks BC. The twin-arginine translocation (Tat) protein export pathway. Nat Rev 

Microbiol. 2012;10:483-496. 
193. Ling Lin F, Zi Rong X, Wei Fen L, Jiang Bing S, Ping L, Chun Xia H. Protein secretion 

pathways in Bacillus subtilis: implication for optimization of heterologous protein secretion. 
Biotechnol Adv. 2007;25:1-12. 

194. Quentin Y, Fichant G, Denizot F. Inventory, assembly and analysis of Bacillus subtilis ABC 
transport systems. J Mol Biol. 1999;287:467-484. 

195. Nardini M, Lang DA, Liebeton K, Jaeger K-E, Dijkstra BW. Crystal structure of pseudomonas 
aeruginosa lipase in the open conformation. The prototype for family I. 1 of bacterial lipases. J 
Biol Chem. 2000;275:31219-31225. 

196. Salazar O, Cirino PC, Arnold FH. Thermostabilization of a cytochrome P450 peroxygenase. 
Chembiochem. 2003;4:891-893. 

197. Pottkämper J, Barthen P, Ilmberger N, et al. Applying metagenomics for the identification of 
bacterial cellulases that are stable in ionic liquids. Green Chem. 2009;11:957-965. 

198. Liu H, Zhu L, Bocola M, Chen N, Spiess AC, Schwaneberg U. Directed laccase evolution for 
improved ionic liquid resistance. Green Chem. 2013;15:1348-1355. 

199. Carter JL, Bekhouche M, Noiriel A, Blum LJ, Doumèche B. Directed evolution of a formate 
dehydrogenase for increased tolerance to ionic liquids reveals a new site for increasing the 
stability. Chembiochem. 2014;15:2710-2718. 

200. Chen Z, Pereira JH, Liu H, et al. Improved activity of a thermophilic cellulase, Cel5A, from 
Thermotoga maritima on ionic liquid pretreated switchgrass. PloS One. 2013;8:e79725. 

201. Lehmann C, Bocola M, Streit WR, Martinez R, Schwaneberg U. Ionic liquid and deep eutectic 
solvent-activated CelA2 variants generated by directed evolution. Appl Microbiol and 
Biotechnol. 2014;98:5775-5785. 

202. Nordwald EM, Armstrong GS, Kaar JL. NMR-guided rational engineering of an ionic-liquid-
tolerant lipase. ACS Catal. 2014;4:4057-4064. 

203. Zhao J, Frauenkron-Machedjou VJ, Fulton A, et al. Unraveling the effects of amino acid 
substitutions enhancing lipase resistance to an ionic liquid: a molecular dynamics study. Phys 
Chem Chem Phys. 2018;20:9600-9609. 

204. Brissos V, Eggert T, Cabral JM, Jaeger K-E. Improving activity and stability of cutinase 
towards the anionic detergent AOT by complete saturation mutagenesis. Protein Eng Des Sel. 
2008;21:387-393. 



REFERENCES 

  241   
 

205. Akbulut N, Öztürk MT, Pijning T, Öztürk Sİ, Gümüşel F. Improved activity and 
thermostability of Bacillus pumilus lipase by directed evolution. J Biotechnol. 2013;164:123-
129. 

206. Araya CL, Fowler DM, Chen W, Muniez I, Kelly JW, Fields S. A fundamental protein 
property, thermodynamic stability, revealed solely from large-scale measurements of protein 
function. Proc Natl Acad Sci U S A. 2012;109:16858-16863. 

207. Foit L, Morgan GJ, Kern MJ, et al. Optimizing protein stability in vivo. Mol Cell. 
2009;36:861-871. 

208. Deng Z, Huang W, Bakkalbasi E, et al. Deep sequencing of systematic combinatorial libraries 
reveals β-lactamase sequence constraints at high resolution. J Mol Biol. 2012;424:150-167. 

209. Klesmith JR, Bacik J-P, Wrenbeck EE, Michalczyk R, Whitehead TA. Trade-offs between 
enzyme fitness and solubility illuminated by deep mutational scanning. Proc Natl Acad Sci U 
S A. 2017;114:2265-2270. 

210. Vogt G, Woell S, Argos P. Protein thermal stability, hydrogen bonds, and ion pairs. J Mol 
Biol. 1997;269:631-643. 

211. Chakravarty S, Varadarajan R. Elucidation of determinants of protein stability through 
genome sequence analysis. FEBS Lett. 2000;470:65-69. 

212. Pack SP, Kang TJ, Yoo YJ. Protein thermostabilizing factors: high relative occurrence of 
amino acids, residual properties, and secondary structure type in different residual state. Appl 
Biochem Biotechnol. 2013;171:1212-1226. 

213. Irback A, Mohanty S. PROFASI: A Monte Carlo simulation package for protein folding and 
aggregation. J Comput Chem. 2006;27:1548-1555. 

214. Mohanty S, Meinke JH, Zimmermann O. Folding of Top7 in unbiased all-atom Monte Carlo 
simulations. Proteins. 2013;81:1446-1456. 

215. Chen R, Gao B, Liu X, et al. Molecular insights into the enzyme promiscuity of an aromatic 
prenyltransferase. Nat Chem Biol. 2017;13:226-234. 

216. Huang H, Pandya C, Liu C, et al. Panoramic view of a superfamily of phosphatases through 
substrate profiling. Proc Natl Acad Sci U S A. 2015;112:E1974-E1983. 

217. Khersonsky O, Tawfik DS. Enzyme promiscuity: a mechanistic and evolutionary perspective. 
Annu Rev Biochem. 2010;79:471-505. 

218. Nobeli I, Favia AD, Thornton JM. Protein promiscuity and its implications for biotechnology. 
Nat Biotechnol. 2009;27:157-167. 

219. Zou T, Risso VA, Gavira JA, Sanchez-Ruiz JM, Ozkan SB. Evolution of conformational 
dynamics determines the conversion of a promiscuous generalist into a specialist enzyme. Mol 
Biol Evol. 2015;32:132-143. 

220. Mulnaes D, Porta N, Clemens R, et al. TopModel: Template-based protein structure prediction 
at low sequence identity using top-down consensus and deep neural networks. J Chem Theory 
Comput. 2020;16:1953-1967. 

221. Mulnaes D, Gohlke H. TopScore: Using Deep Neural Networks and Large Diverse Data Sets 
for Accurate Protein Model Quality Assessment. J Chem Theory Comput. 2018;14:6117-6126. 

222. Copley SD. Shining a light on enzyme promiscuity. Curr Opin Struct Biol. 2017;47:167-175. 
223. Stockwell GR, Thornton JM. Conformational diversity of ligands bound to proteins. J Mol 

Biol. 2006;356:928-944. 
224. Perola E, Charifson PS. Conformational analysis of drug-like molecules bound to proteins: an 

extensive study of ligand reorganization upon binding. J Med Chem. 2004;47:2499-2510. 
225. Fedyunin I, Lehnhardt L, Böhmer N, Kaufmann P, Zhang G, Ignatova Z. tRNA concentration 

fine tunes protein solubility. FEBS Lett. 2012;586:3336-3340. 
226. Kamal MZ, Ahmad S, Yedavalli P, Rao NM. Stability curves of laboratory evolved 

thermostable mutants of a Bacillus subtilis lipase. Biochim Biophys Acta. 2010;1804:1850-
1856. 

227. Wijma HJ, Floor RJ, Janssen DB. Structure- and sequence-analysis inspired engineering of 
proteins for enhanced thermostability. Curr Opin Struct Biol. 2013;23:588-594. 

228. Kamal MZ, Ahmad S, Molugu TR, et al. In vitro evolved non-aggregating and thermostable 
lipase: structural and thermodynamic investigation. J Mol Biol. 2011;413:726-741. 

 




