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List of abbreviations
AnEH – Aspergillus niger epoxide hydrolase
BLAST – Basic Local Alignment Search Tool
BmJHEH – Bombyx mori juvenile hormone epoxide hydrolase
CASP - Critical Assessment of protein Structure Prediction
CoV – coronavirus
COVID-19 – coronavirus disease 2019
CryoEM – Cryogenic electron microscopy
DAAO – D-amino-acid oxidase
DMSO – dimethyl sulfodixe
EH – epoxide hydrolase
Ephy – Agrobacterium radiobacter AD1 sEH
FAD – flavin adenine dinucleotide
FL – flexible loop
GA – Genetic Algorithm
hDAAO – human D-amino acid oxidase
IFST – Inhomogeneous Fluid Solvation Theory
LB – Lower Bounds
LIP – Loops In Proteins
MC – Monte Carlo
MD – Molecular Dynamics
mEH – microsomal epoxide hydrolase
MixMD – mixed-solvent MD simulations
Mpro – main protease
MQAP – Model Quality Assessment Programs
MSA – Multiple Sequence Alignment
NMR – Nuclear Magnetic Resonance
PCA – Principal Components Analysis
pDAAO – porcine D-amino acid oxidase
PDB – Protein Data Bank
pdf – probability density function
PfPGI – Pyrococcus furiosus phosphoglucose isomerase
RMS – Root Mean Square
SA – Simulated Annealing
SARS – Severe Acute Respiratory Syndrome
SARS-CoV – coronavirus causing SARS
SARS-CoV-2 – novel coronavirus
sEH – soluble epoxide hydrolase
SL – static loop
StEH1 – Solanum tuberosum epoxide hydrolase 1
TBM – Template Based Modelling
UB – Upper Bounds
WT – wild-type
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Streszczenie rozprawy doktorskiej
Wyniki badań przedstawionych w poniższej rozprawie doktorskiej dotyczą modelowania
homologicznego struktur przestrzennych białek. Na strukturę drugorzędową białek składają się
uporządkowane i niezbyt elastyczne α-helisy oraz β-kartki oraz nieuporządkowane i elastyczne
pętle. Pętle łączą ze sobą uporządkowane elementy struktury drugorzędowej. Ze względu na
ruchliwość i możliwość zmian konformacji, pętle można podzielić na statyczne i elastyczne.
Pętle statyczne stabilizują strukturę białka, z kolei pętle elastyczne, dzięki możliwości szybkiej
zmiany konformacji, najczęściej pełnią inne, ściśle zdefiniowane funkcje, związane wprost
z regulacją aktywności, selektywności lub z transdukcją sygnału.
W pracy skupiono się na osiągnięciu dwóch celów: i) opracowaniu metody wspomagającej
selekcję modeli pętli na podstawie ich parametrów geometrycznych, która pozwoli na
odróżnienie pętli statycznej od elastycznej bez konieczności prowadzenia symulacji dynamiki
molekularnej, oraz ii) opracowaniu metody analizy symulacji dynamiki molekularnej
pozwalającej na zidentyfikowanie i zbadanie funkcjonalnych przestrzeni znajdujących się
wewnątrz białka.
Metoda selekcji modeli pętli znalazła zastosowanie w kolejnych projektach, w tym
w badaniach prowadzonych we współpracy z Narodowym Instytutem Onkologii w Gliwicach
dotyczących chorób rzadko występujących w populacji.
Metoda analizy funkcjonalności białka opierająca się na śledzeniu małych cząsteczek
(cząsteczek wody, kosolwentów, ligandów itp.) wewnątrz białka w czasie symulacji dynamiki
molekularnej została zaimplementowana w programie AQUA-DUCT. W 2017 roku pojawiła
się pierwsza publikacja dotycząca tego narzędzia, a dwa lata później do programu dodano
dodatkowe funkcjonalności, takich jak identyfikacja regionów bardziej atrakcyjnych
(tzw. hot-spotów) dla analizowanych cząsteczek. Metoda analizy funkcjonalności białka
została zastosowana podczas dotychczas opublikowanych badań dotyczących: i) ludzkiej
i świńskiej oksydazy D-aminokwasów (DAAO), ii) izomerazy fosfoglukozy Pyrococcus
furiosus; iii) hydrolazy epoksydowej ziemniaka (Solanum tuberosum), oraz iv) głównej
proteazy wirusa SARS-CoV-2.
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Summary of doctoral thesis
Results presented in this thesis are related to homology modelling of protein structures. The
protein secondary structure consists of organised and less flexible α-helices and β-sheets, and
also less organised and flexible loops. Loops are linkers between the organised elements. Based
on their flexibility and their ability to change their conformation, loops can be divided into two
groups: static and flexible. Static loops stabilize the protein structure, while flexible loops, due
to conformational changes, interact with substrates and/or products or participate in signal
transduction.
The aim of the work was to achieve two goals: i) to provide a loop model selection method
based on their geometrical parameters which improves the classification of a particular loop as
a static or flexible without a need to run multiple molecular dynamics simulations, and ii) to
provide a method of protein interior functionality analysis.
The loop model selection method was used in other projects ran by Tunneling Group, to which
the student belongs, such as research focused on rare diseases conducted in collaboration with
the National Research Institute of Oncology in Gliwice.
The protein functionality analysis method is based on tracking of small molecules (such as
water molecules, cosolvents, ligands etc.) within the protein interior during the course of
molecular dynamics simulations and was implemented into AQUA-DUCT software. The first
paper on that software was published in 2017, and two years later new functionalities were
added into AQUA-DUCT, such as identification of potentially attractive regions (so-called
hot spots) for analysed molecules. This functionality was used during inhibitors design for the
SARS-CoV-2 main protease. Water tracking approach was used during analysis of several
other proteins, such as: i) human and porcine D-amino acid oxidase (DAAO), ii) Pyrococcus
furiosus phosphoglucose isomerase, iii) potato (Solanum tuberosum) epoxide hydrolase, and
iv) SARS-CoV-2 main protease (Mpro).
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Introduction
This thesis is divided into four sections: Introduction, Aims, Results and Discussion, and
Conclusions and future plans. In the Introduction section I will present flexible loops and their
roles in protein structures and activity, and state-of-the-art of protein structure prediction
methods and structure and function of epoxide hydrolases. The short Aims section will present
the aims and objectives of this thesis, while the Results and Discussion section will describe
how the goals presented in previous section were achieved and present their possible
implications. This section is divided into four subsections each of which presents important
achievements, such as: loop model selection method, description of a novel protein
functionality analysis method, its validation on four enzymes with buried active sites, and also
a review on other applications using water molecules for analysis of different macromolecules
properties. In the last section I will present conclusions and my future research plans.

Roles of flexible loops
Proteins and enzymes are macromolecules built by linking consecutive amino acids in a form
of a chain. The sequence of amino acids which represents a particular protein is its primary
structure. The linked amino acids are then organised in spatial structures, such as α-helices,
β-sheets or loops, representing the protein secondary structure. The relationships between the
secondary structure elements are called the protein tertiary structure or fold. Occasionally,
protein structures contain more compact structures, the so-called domains, which are an
independently-folded parts of a protein. The quaternary structure of a protein is the assembling
of individual protein chains into a supramolecular complex.
At the beginning of the structural biology, loops were referred to as “irregular conformations”
or “random coils” and their role in protein structures and functions was neglected due to their
flexibility and non-periodic nature (1). Since loops are located between more organized
protein’s secondary structure elements, such as α-helices and β-sheets, their primary role is to
provide connection between them and, therefore, maintain the protein shape (2). Loops are also
involved in linking domains in multi-domain proteins and can contribute to protein stability by
the regulation of the folding process (2–4). Due to their flexibility and mobility, loops may be
involved in main proteins’ functions, such as catalytic activity (5), regulation of substrate
entrance (6,7), product release (8,9), and binding small ligands (10–12), ions (13), DNA (14–
16), RNA (17) or other proteins (18). Loops located on the protein’s surface could be also
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involved in protein–protein interactions, site recognition, and signalling cascades.
Papaleo et al. (19) provided a comprehensive review on the roles of loops for protein activity.
Recent advances in structural biology has increased interests in loops due to the growing
number of solved proteins’ structures, the loops become of more interests. The first attempt at
statistical analysis of contemporary available proteins’ structures was performed in 1986 by
Leszczynski and Rose (20). They analysed over 67 known proteins’ structures and found that
the 47% of protein residues are located in unstructured regions. A more recent study (21)
showed that on average, more than half of protein residues are located on loops.
The flexibility of loops together with the fact that they could be more solvent-exposed relative
to other protein’s secondary structure elements present a problem with determining their
coordinates through experimental techniques, such as NMR (Nuclear Magnetic Resonance),
Cryogenic Electron Microscopy (CryoEM) or X-ray crystallography (22,23). For example,
classical NMR technique and its enhancements were shown to be helpful in determining the
3D structures of flexible loops in proteins (24), and intrinsically disordered small proteins (25),
however this technique can only be used for proteins smaller than 25 kDa (i.e., shorter than
200-250 amino acids). X-ray crystallography and CryoEM are commonly used for determining
3D structures of medium-sized and multi-domain proteins. It is also worth noting that loop
mobility introduces significant disorder in proteins’ structures: about 69% of the structures
deposited in the Protein Data Bank (PDB) are incomplete, and most often the loop regions are
missing (26). Such a situation might be related to the low resolution of the obtained structures
and/or the flexibility of that particular regions (22,23).
The work presented in this thesis is inspired by the assumption firstly presented by
Gu et al. (27) that based on the timescales of their dynamics, loops can be divided into slow
(static, structural) and fast (dynamic, flexible, solvent-exposed). Fast loops have a relatively
low energy barrier and they are able to reshape easily in the presence of a particular ligand.
Slow loops exhibit a higher energy barrier between different substrates, which may be difficult
to reshape by introducing another substrate. Therefore, the identification of a particular loop
type is crucial for further analyses of its role in protein’s function, specificity and
conformational changes. In this thesis I will present an in silico approach for determining the
type of a particular loop in protein structure without the use of molecular dynamics simulations.
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Protein structure prediction
Loops are susceptible to amino acid insertions or deletions, what suggests that homologous
proteins are mostly different in their loop regions (1,28). It is important to note, that most loops
involved in protein-protein and/or protein-substrate interactions are usually located on the
protein surface. In the case of proteins with buried active sites, such as epoxide hydrolases, the
catalytic residues are also located on loops. Since the correct conformation of a given missing
protein region has to be predicted based mainly on its sequence, loop reconstruction can be
seen as a mini protein folding problem. Shehu et al. (29) provided a comprehensive review on
loop modelling. It was also shown that even identical decapeptides in different proteins do not
always have the same conformation (30). As previously indicated, loops might be involved in
catalysis, substrate entrance and/or product release regulation, protein-protein and
protein-ligand interactions, therefore accurate prediction of its conformation is crucial for
further analyses of the protein itself. Since loops can be divided into fast (protein function
related) and slow (static, involved in maintaining the protein structure), determining their types
might be even more important than the prediction of one “best” conformation.
The Protein Data Bank (PDB) database (31,32) consists of over 165 thousands of
macromolecules’ structures (165 422 deposited structures as of 23.06.2020; with over 88.8%
solved using X-ray, 7.9% - NMR, 3.1% - CryoEM and 0.2% using other methods), even though
there are still macromolecules which structure remains unknown. The vast majority (on average
69% of structures) of 3D models of proteins structures deposited in the PDB database is
incomplete. Therefore, the majority of experimentally solved structures still require an
additional structure prediction and modelling, which is not a trivial problem. Over the years
some paradigm related to protein folding were announced and then replaced or extended by
others. Levinthal, in the late 1960s (33,34), stated that there are so many possible protein
conformations for an unfolded protein, that they cannot be found by a random search, yet the
protein reaches the native state rapidly. Therefore he concluded that proteins must be folding
by specific “folding pathways”. As the so-called “Levinthal’s paradox” was considered
repeatedly (35–39), and a proposed “new view” have suggested that the paradox might be
solved assuming that the most realistic model of protein folding could be described as a rugged
funnel-like landscape biased toward the native state (36,37). Another paradigm comes from
Anfinsen (40), who declared that all of the information required for protein folding is its
sequence, or more briefly: one sequence – one fold. This simplistic paradigm by Anfinsen may
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need to be revised given that Murzin (41) described a small but growing number of
“metamorphic” proteins which adopt different folded conformations for the same sequence in
native conditions (42). A good example of “metamorphic” protein is the chemokine
lymphotactin (43) which adopts two distinct folds (Ltn10 and Ltn40) in equilibrium and
interconversion between both conformers requires almost complete redefinition of the
hydrogen network and other stabilizing interactions (43). The Ltn10 conformer adopts the
canonical chemokine fold, while the Ltn40 forms a dimeric β-sheets sandwich.
Protein structure prediction methods could be divided into two types, depending on whether
the structure of similar protein was experimentally solved. If the structure of a homologous
protein is known and deposited in PDB database, it could be used as a template for homology
modelling (also called comparative modelling or template-based modelling (TBM)) (44–46).
However, if the structure of a homologous protein is unavailable, the model needs to be built
from scratch, using the ab-initio modelling (also called de novo modelling, physics-based
modelling, free modelling) (47). Every two years the CASP (Critical Assessment of protein
Structure Prediction) experiment takes place to establish the current state-of-the-art structure
prediction methods, identify the progress that was made and highlight where future effort may
be focused (48,49).
With growing number of experimentally solved structures and increasing of modelling
software, the homology modelling have been the method of choice in predicting the 3D model
of proteins. The modelling procedure consists of five steps: identification of template, single
or multiple sequence alignment, model building, model refinement and model validation. The
first step requires a database search for proteins with solved structures against the sequence of
the target protein. The most popular tools for such a search is BLAST (Basic Local Alignment
Search Tool) (50,51), which is used to search the PDB database and give a list of known protein
structures that matches the query. However, BLAST cannot find a template sequence when the
similarity of sequences is below 30%. On the other hand, with sequence similarity below 30%
the template structure might not share the same structure as the target (52,53). In some cases,
when there is more than one template structure, the multiple sequence alignment (MSA) tools
could be used to provide advanced alignment (54,55). In recent years the sensitive alignment
methods have been developed, such as: i) PSI-BLAST (56), which implements a heuristic
search algorithm for short motifs; ii) FFAS03 (57), which precalculates sequence profiles for
all known structures and then uses pairwise dynamic programming algorithm to compare two
10

profiles, and iii) SAM (58,59) and HMMER (60,61) which are based on Hidden Markov
Models to improve the alignment by incorporating the information on predicted secondary
structural elements. Progressive alignments methods are implemented in popular ClustalW (62)
and ClustalX (63) tools.
After the target-template alignment is completed, the next step is to build the 3D model. As
previously mentioned, there could be more than one template structure to conduct homology
modelling. This scenario can be used in two cases: i) when the template structures align with
different domains of the target structure, with little overlap between them, therefore the target
structure comprises of more than one domain, or ii) when the template structures align with the
same domain of the target structure and therefore improves the quality of created model.
Models can be obtained using various methods, e.g., generally rigid-body assembly (64–66),
segment matching (67), spatial restraints (68), artificial evolution (69) or deep learning (70–
72). Rigid-body assembly method assumes that the model could be assembled from
a framework of small number of rigid bodies obtained from the aligned template protein
structures. This method is based on the dissection of the structure into conserved core regions,
variable loops that connect them and side chains that decorate the backbone. This approach is
implemented in COMPOSER program (73) as six steps: i) selection and superposition of
template structures, ii) averaging the coordinates of Cα atoms of structurally conserved regions
in the template structures, iii) superposition of the core segments of the most similar template
structure to obtain the main chain atoms, iv) generation of loops by scanning a database of
known protein structures to identify regions that fit the anchor core regions and have
a compatible sequence, v) modelling of side chains based on their intrinsic conformation
references and on conformation of the equivalent side chains from the template structures,
vi) structure refinement using restrained energy minimization or molecular dynamics. The
accuracy of the model could be improved with increasing the number of template structures.
The segment matching method is based on model construction which uses a subset of atomic
positions from the template structures as ”guiding” positions. The all-atom segments matching
the “guiding” positions can be obtained either by scanning all the known protein
structures (74), by a conformational search restrained by energy function (75,76) or by a
general method for modelling by segment matching (SegMod) (77). Some side chain modelling
methods (78) and loop reconstruction methods which are based on searching for suitable
fragments in the database of known structures can be seen as segment matching method.
Homology modelling by satisfaction of spatial restraints begins with generating many
11

constraints or restraints on the target structure and using the alignment to related structures as
a guide. The restraints are generated based on the assumption that the corresponding distances
between aligned residues of the target and the template are similar. The model is derived by
minimizing the violations of all the restraints. This method is implemented in MODELLER
software (79) where the spatial relationships of distances and angles are expressed as
probability density functions (pdfs) and can be used directly as spatial restraints. Finally, the
model is obtained by optimization of the objective function in the Cartesian space by the use
of the variable target function method including the conjugated gradients and simulated
annealing simulations.
After the model is created, it could be refined to ensure its near-native conformation. Most
recent studies have focused on the molecular dynamics simulation as a tool to improve the
quality of homology models. Jacobson and Sali (52) showed that the accuracy of the created
model highly relies on the sequence identity between the template and the target protein. High
accuracy homology models are based on more than 50% sequence identity to their templates.
Such models usually differ from the native-like structure with 1 Å RMS (root mean square)
error for the backbone atoms which is comparable to the accuracy of a medium resolution NMR
structure or low resolution X-ray structure (52). Models of medium accuracy are based on the
30-50% sequence identity and they tend to have errors in side chains packing, distortions of
the core and loop modelling errors more frequently than the models of high accuracy. Models
with low sequence identity (below 30%) are the most error-prone, which means that they can
have different folds than the template structures. For models with medium to low accuracy the
error might also come from the template selection and the alignment. Two main challenges for
the molecular dynamics simulations (MD) based refinement are: i) the accuracy of the initial
model to provide the native structure as the global minimum and ii) the amount of
conformational sampling to reach the global minimum from the initial model. Another obstacle
in using MD-based refinement lies in the initial model which might not lie exactly on the
folding funnel and might require more advanced treatment (multiple unfolding and folding
simulations) to resolve defects on the side chain packing or incorrect secondary structures (80).
The initial attempts of MD-based structure refinement have shown that the subnanosecond
simulations are insufficient and much longer timescales, namely over 100 ns, could be required
to achieve any significant refinement at all (80). However, Heo and Feig (81) have proved that
even extending simulations beyond 200 ns and applying the positional restraints have not
improved the model significantly. Given the difficulty in observing conformational changes
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using short MD simulations, an optimal balance between the length of the simulation and the
number of replicas might be required. A bigger number of replicas and slightly longer
simulations give slightly better results (81). Ideally, MD simulations will generate trajectories
which follow the free energy landscape for a given system according to the force field used in
the simulation. The native structure will corresponds to the free energy minimum and if the
sampling is long enough to reach full convergence, the largest population of structures in the
ensemble generated by MD would be expected to correspond to the native state (80).
A model validation and assessment step is necessary for further interpretations. The model
could be evaluated as a whole, as well as in individual regions. The scoring functions used
during the assessment step should be able to discriminate between native states and decoys
(non-native-like models). The model validation programs could be divided into two types:
i) those maintaining the “internal” evaluation, and ii) those for the “external” evaluation. The
“internal” evaluation checks whether or not the model satisfies the restraints used to create it,
including those originating from the template structure or obtained from statistical
observations. For example, PROCHECK (82), and WHATCHECK (83) assess the
stereochemistry of a model using bonds, bond angles, dihedral angles, and nonbonded
atom-atom distances as internal evaluation checks. A more sophisticated “internal” validation
method is the DOPE (Discrete Optimized Protein Energy) score implemented in MODELLER
which uses the spatial relationships of distances and angles to validate the model based on an
improved reference state corresponding to noninteracting atoms within a homogeneous sphere
whose radius depends on a sample native structure (84). This method can be used to evaluate
the quality of a model as a whole or to generate a residue-to-residue energy profile of the model,
allowing the user to detect problematic regions of the structure. The lower the DOPE score, the
better the quality of the model (84). The “external” evaluation relies on information that was
not used during the model creation. For “external” evaluation programs, such as
PROSA (85,86), and Verify3D (87,88), are used to calculate a “pseudoenergy” profile of
a model. The profile reports the energy of each residue in the structure and peaks in the profile
correspond to regions of errors. Another powerful method to assess the model quality is the
Ramachandran plot (89), which is a plot of the torsional angles – φ and ψ – of the residues
within the structure. The torsional angles of each residue in a peptide define the geometry of
its attachment to its two adjacent residues by positioning its planar peptide bond relative to the
two adjacent planar peptide bonds, therefore, the torsional angles determine the conformation
of the residues and the peptide. Many of the angle combinations, and therefore the residues
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conformations, are not possible because of steric hindrance. Ramachandran plot determines
which torsional angles are permitted which can provide insight into the structure of peptides.
It must be noticed that the validation of homology modelling method in most cases is based on
the experimentally solved structures, which represent the most-populated state of protein
conformation (22) and could have packing errors or missing structural information (26,90–94).
A similar case is the validation of the reconstruction of loop regions, where the native-like loop
regions are usually removed from already known structures and the validation is based on the
comparison between the reconstructed loops and those from the crystal structure (4,13,95–
100). Such a method also could provide feedback on errors, due to the fact that the flexible
solvent-exposed loop regions are not represented in crystal structures with low resolution.
Therefore, the methods of loop reconstruction and assessment in homology modelling might
by biased towards creating structures of lower degree of flexibility and in more energetically
favourable conformations that those loops should adopt.
A typical ab-initio modelling consists of a conformational search under the guidance of
a designed energy function which generates a number of possible conformations, and the final
models are selected from them. The success of the ab-initio modelling depends on three factors:
i) an accurate energy function with which the native protein structure corresponds to the most
stable state, ii) an efficient search method which can quickly identify the low-energy states,
and iii) a strategy to select near-native models from the decoy models.
The key to successful ab-initio modelling is a powerful conformation search method which can
effectively find the global minimum energy structure. The most popular methods of searching
are Simulated Annealing (SA) (101), Monte Carlo (MC) (102,103), and molecular
dynamics (81,104–107) simulations for exploring the conformational space. The Genetic
Algorithm (GA) method is a heuristic approach to the optimization problems based on a natural
selection process (108,109). It is designed to repeatedly modify the population of individual
solutions. Individuals from the population are selected randomly and they are used as “parents”
to produce “children” for the next generation. Over successive generations, the population
“evolve” towards the optimal solution. Floudas and colleagues (110,111) proposed
a conformational searching based on mathematical optimization. Using this method, the search
space is repeatedly divided into two halves while the lower and upper bounds (LB and UB,
respectively) for each branched phase are estimated; phases with LB higher than global UB
will be eliminated from the search. The procedure continues until the lower and upper bounds
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will be equal. The identified solution of mathematically rigorous, but large systems with many
degrees of freedom are not yet addressed by this method.
The discrimination from non-native models is an important step during ab-initio modelling.
Methods used during this step of structure prediction are also called the Model Quality
Assessment Programs (MQAP) (112). The classification of models could be divided into two
types: the energy-based and the free-energy-based. Using the CHARMM19 (113) and
EEF1 (114,115) force fields, Lazaridis and Karplus showed that the solvation potential could
be used to discriminate the native-like structures from the decoys, as the native state structures
have lower energy than the decoys set (114,115). The first knowledge-based scoring function
was proposed by Sippl (116) as a pair-wise residue-distance based on the statistical analysis
conducted using the known structures deposited at PDB database. Combining more tools for
assessing model’s quality improves the success rate (117,118).
The aim of structure prediction methods is to obtain the near-native structure of the target
protein which could be further used in drug design or protein engineering. The predicted
models can be used to study the effect of mutations introduced during protein engineering on
ligand binding (119). Models of high quality could be also used in personalized medicine to
analyse the effect of introduced drug on several variants of the same protein. Homology models
have great impact on drug design (120,121); they are commonly used to identify the binding
and active sites of proteins (122), search for inhibitors for particular binding site (123,124),
model substrate specificity (125,126), predict antigenic epitopes (127–129), and
protein-protein docking simulations (130). The quality of analysed model is crucial for further
analyses and predictions. Even the best ligand screening procedure would not give adequate
results if the target model is far from the native-like conformation. Although in terms of loop
flexibility, especially for the fast loops which are involved in protein functions, there could not
be only one “best” model, but several “good” models representing the most populated
conformations of the analysed loop. Therefore, the quality and accuracy of a particular
homology model is of great importance.

Structure and function of epoxide hydrolases
The α/β-hydrolase fold was described in 1992 by Ollis and colleagues by comparing five
enzymes with different hydrolytic activities, different sequences, substrates and physical
properties and size (131). They observed that all analysed structures have the central catalytic
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domain formed by eight superhelically twisted β-strands, the catalytic triad residues have the
same location and the nucleophile is located at the “nucleophile elbow” - the most conserved
structure within the α/β-hydrolase fold located between strand β5 (naming according to (131))
and helix αC (Figure 1A). The second member of the catalytic triad, which can either be
aspartic acid (Asp) or glutamic acid (Glu), sits on a loop following the β7 strand. The catalytic
histidine is located on a highly conserved “histidine loop” on the end of the β8 strand. Despite
the differences in sequences, the catalytic triad residues of α/β-hydrolase fold enzymes always
occur in the same order: nucleophile – acid – histidine. Also, the topology of the catalytic triad
is similar. The nucleophile is placed on a sharp turn which allows easy access to the active site
from the histidine side. The shape of the active site is achieved by the β7 and β8 strands, from
the acid turn and histidine loop, respectively, that overhang strand β6. The loop following the
strand β6 must have proper length and turn abruptly to avoid close contact with neighbouring
helix αC from the “nucleophile elbow” (131).

Figure 1. The α/β-hydrolase fold. A) an overall scheme with the positions of catalytic residues marked
by black dots and B) sample structure of human soluble epoxide hydrolase C-terminal domain. The
overall scheme in A) comes from the work of Ollis et al. (131) with modifications. The sample structure
of

human

soluble

epoxide

hydrolase

(PDB

ID:

4jnc)

is

shown

as

cartoons,

α-helices are light blue cylinders and β-sheets are purple arrows. Please note, that the αD helix on the
scheme corresponds to the whole α-helical cap domain.

The members of α/β-hydrolase superfamily can tolerate large insertions without losing their
catalytic activity (132). Such insertions could be located in different regions, like loops after
β3, β4, β6, β7 or β8 sheets, and could vary in length from few amino acids to a complete
domain (133). Such modifications affect the protein geometry and the active site surroundings,
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but also ensure the ability of catalysing new substrates (134,135). The most important
modification of the α/β-hydrolase fold is the insertion after β6-sheet which forms the cap
domain (also called the lid domain, Figure 1B). The cap domain has great impact on the
substrate recognition and catalysis (136–138). Also the loop that link the cap domain with the
core domain, called the NC-loop, is crucial for the catalytic activity of α/β-hydrolase
superfamily members. The NC-loop is located right after the β6-sheet, so it connects the Nterminus of the catalytic domain with the cap domain. It was suggested that (139,140) the NCloop might participate in substrate binding by defining the binding pocket and regulating access
to the active site. Thus, it was shown that the tyrosine (Tyr) residue located on the NC-loop of
epoxide hydrolase is engaged in the substrate binding and probably in protonation of the
epoxide oxygen (141,142).
Due to its simple construction, the α/β-hydrolase fold provides a general scaffold for the
superfamily of enzymes that catalyse the reactions involving nucleophilic attack:
ester (143,144), amide (145), epoxide (146–148) and alkyl halide hydrolysis (149–152),
cyanide addition to aldehydes (153–155) and many others. Epoxide hydrolases catalyse the
conversion of an epoxide to a diol. The function of soluble epoxide hydrolases differs from
organism to organism, although these enzymes have three main functions (156): i)
detoxification, ii) catabolism, and iii) regulation of signalling molecules. The first determined
role of epoxide hydrolases was its role in detoxification of genotoxic epoxides (156). Many
epoxides are sufficiently reactive electrophiles that can chemically attack electron-rich
structures in nucleic acids. Such an activity leads to the formation of DNA adducts that can
cause miscoding during DNA replication and may initiate tumour development in case of
targeting the protooncogene or tumour suppressor gene. Fatty acids epoxides are the major
physiological substrates of soluble epoxide hydrolases and both the substrate and the diol
product serve as signalling molecules in (patho)-physiological processes. Another metabolite
from the fatty acid derivatives that is also a metabolite for the soluble epoxide hydrolases is the
leukotoxin diol. The leukotoxin fatty acid epoxide is a trigger of adult respiratory distress
syndrome and multiple organ failure, while the arachidonic acid 14,15-epoxide is a potent
endothelial-derived hyperpolarizing factor affects blood pressure (157).

Structural analysis of epoxide hydrolases
Heikinheimo and colleagues (134) provided a so-called identikit, that consists of four
requirements, to distinguish epoxide hydrolases from other α/β-hydrolase fold members.
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A structure is an α/β-hydrolase fold member, if it fulfils at least two of them and keeps the
sequence order of the catalytic triad. The four epoxide hydrolases features are: i) the sequence
order of the catalytic triad is nucleophile-acid-histidine, with the nucleophile on the canonical
strand β5; ii) the “catalytic elbow” on top of the β5 strand with a sequence pattern that is often
Gly-X-Nuc-X-Gly; iii) the structure starts from strand β3 and is at least five strands long,
including the cross-over connection at the nucleophile (strands 43567); iv) a long loop at the
end of β7 strand allows the side chains of the triad to form a hydrogen bond.
Barth et al. (140) went a step further and prepared a systematic comparison of known epoxide
hydrolases based on their sequence, structures and biochemical properties. They identified
three conserved and three variable regions mixed together within the protein’s sequence
(Figure 2): i) the highly variable N-terminal region, which is absent in plant and most bacterial
EHs, while in mammalian and insect mEHs this region act as a membrane anchor; ii) the
conserved first half of the α/β-hydrolase core domain; iii) the variable NC-loop structure, which
starts direct after the β6 strand and ends before the first cap domain helix, links the conserved
N-terminal part of the core domain with the conserved cap domain; iv) the conserved cap
domain consisting of five α-helices creating a two-layered uteroglobin-like structure (158);
v) a variable cap-loop inserted between helix α3 and α4 of the cap domain, and vi) the
conserved C-terminal half of the core domain consisting of two β-strands and two α-helices.

Figure 2. Modular structure of homologous epoxide hydrolase family members (plant EHs,
mammalian sEHs, fungal EHs, insect EHs and mammalian mEHs). Scheme based on the work of
Barth et al. (140).

By clustering the EHs sequences based on the lengths of the cap-loop and NC-loop, three
separate clusters appeared dividing epoxide hydrolases into: i) plant and mammalian soluble
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epoxide hydrolases (sEHs), and sEHs of bacteria related to higher organisms (cluster I);
ii) bacterial soluble epoxide hydrolases (cluster II), and iii) microsomal epoxide hydrolases
(mEHs), including the bacterial mEHs (cluster III). Cluster I is formed by EHs with
medium-sized NC-loop and cap-loop (16-40 and 31-59 residues, respectively). Plant and
bacterial sEHs are more variable in loop lengths (plant: NC-loop: 16-25, cap-loop: 31-35
residues; bacteria: NC-loop: 18-40, cap-loop: 38-59 residues). Cluster II consists of bacterial
sEHs with short NC- and cap-loops; members of this cluster were diverse in sequence, although
very similar in loop lengths. The length of NC-loops of microsomal epoxide hydrolases
gathered into cluster III varies in length (21-57 residues), whereas the cap-loop is short to
medium-sized (8-19 residues). The three clusters obtained based on the NC-loop and cap-loop
lengths correlate with substrate specificity and metabolic functions of epoxide hydrolases.
Members of cluster I are active towards aliphatic epoxides and involved in metabolism of fatty
acids (159). Members of cluster II have been shown to accept small substrates such as styrene
oxide, mono- and disubstituted epoxides (160). Members of cluster III are mainly involved in
metabolism of polycyclic aromatic compounds; for example the insect mEHs are metabolising
the juvenile hormone, polycyclic epoxy sesquiterpene (159), and mammalian mEHs are
metabolising the carcinogenic polycyclic hydrocarbons (161). Barth et al. (140) hypothesized
that the length of the cap- and NC-loops might determine the enzyme’s activity profile; long
cap-loop is associated with the ability of metabolising aliphatic substrates, long NC-loop is
associated with metabolising the polycyclic aromatic hydrocarbons and enzymes with short
NC-loop and cap-loop are preferable to metabolise small substrates. This hypothesis is
supported by experimental data on mutants of haloalkane dehalogenases (162) and more
recently on epoxide hydrolases (138).
A comprehensive genome analysis by van Loo et al. (163) overlap at some points and extend
the work by Barth et al. (140). The authors screened various genomic databases for epoxide
hydrolases of the α/β-hydrolase family and divided them into 8 groups of a phylogenetic tree:
● Group 1 consists of sequences with proteobacterial origin and proteins with N-terminal
signal peptides related to association with membranes.
● Group 2 consists of sequences of bacterial, archaeal and eukaryotic origins, and some
of them originated from multicellular organisms. The sequences have N-terminal
extensions of unknown function. Large number of members of Group 2 are putative
epoxide hydrolases originating from cyanobacteria.
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● Group 3 consists of mostly putative epoxide hydrolases from actinobacteria,
β-proteobacteria and fungi.
● Group 4 consists of bot epoxide hydrolases and haloalkane dehalogenases. Those two
enzymes could be distinguished by the presence of ring-opening Tyr residues, which
are missing in haloalkane dehalogenases.
● Group 5 consists of mammalian, bacterial and fungal microsomal epoxide hydrolases
and the insect juvenile hormone epoxide hydrolases.
● Group 6 consists of both fluoroacetate dehalogenases and epoxide hydrolases with the
charge-relay aspartate located at a loop after β6 (naming according to (163)) strand
position.
● Group 7 consists of epoxide hydrolases sequences similar to those from Group 6 with
the first conserved ring-opening tyrosine and charge-relay aspartate located at different
positions.
● Group 8 consists of a large number of known plant and mammalian epoxide
hydrolases, including the mammalian sEHs. This is the only group consisting of plant
epoxide hydrolases and no sequences originating from the lower organisms such as
fungi. The cap domain have a unique 30-amino-acid insertion between helices α6 and
α7.
Such detailed structural and genomic analyses were pivotal in resolving of the epoxide
hydrolases crystal structures.

Crystal structures of epoxide hydrolases
The first crystal structure of soluble epoxide hydrolase was the Agrobacterium radiobacter
AD1 sEH (Ephy, PDB ID: 1ehy), described by Nardini et al. (141). They have reported a 2.1 Å
resolution structure consisting of four globular monomers. Each monomer comprises two
domains: domain I, also called the core domain, consisting the canonical α/β-hydrolase core
with central eight-stranded β-sheets with seven parallel strands (and only one antiparallel, the
β2 strand), the mostly helical domain II, also known as the cap domain; and catalytic triad
buried inside the protein, consisting of Asp107, Asp246 and His275. The β-sheet is flanked on
both sides by six α-helices; two on one side and four on the other. The cap domain forms a large
double-layered insertion between β6 and β7 strands of the core domain.
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Since the active site of α/β-hydrolases is buried inside the core domain, the transportation of
the substrates and products is facilitated by a single tunnel or tunnel network. In the structure
of Ephy, an approximately 20-Å-long tunnel filled with water molecules was identified
between the α1 and α10 helices, the loop connecting α1 helix and β3 strand of the core domain,
and α7 helix of the cap domain (naming of the secondary structures according to
Nardini et al. (135)). The tunnel leads to the back of the active site cavity where the substrate
is perfectly placed to face the His275. The crystal structure of Ephy lacks the structural
information on a loop covering the active site from the front side. Although, based on the
position of the water molecule on the back side of the active site, it is very likely that the
substrate enters the active site cavity via the front part (141).
A year later the crystal structure of a microsomal epoxide hydrolase was solved by
Zou et al. (164). The Aspergillus niger M200 epoxide hydrolase (AnEH, PDB ID: 1qo7)
structure was obtained with better resolution than that of the Ephy structure (1.8 Å) and
comprising two monomers. This particular structure was of great interests since it is a useful
biocatalyst showing exceptionally fast substrate turnover rate compared to other epoxide
hydrolases and is highly enantioselective towards industrially important epoxides (165). It was
also the first soluble member of mEHs (164).
The AnEH consists of three parts: the canonically folded α/β-hydrolase core domain with the
active site created by Asp192, Asp348 and His374, the cap domain covering the active site,
and a long N-terminal meander that caps the lid domain. The core domain is created by twisted
eight-stranded β-sheet flanked on both sides by α-helices. All strands are parallel, except the
antiparallel strand β2. The cap domain contains six α-helices forming a nearly triangular
arrangement on top of the active site cavity. Residues 320-328 linking the cap domain with the
core were poorly defined in the electron-density map and, therefore, their structural information
is missing in the crystal structure. The N-terminal part of the AnEH (residues 13-85) forms
a curved structure of approximately 60 Å long with hydrophobic residues packed at its
beginning and its end. The central region of the so-called N-terminal meander interacts with
the helices of the cap domain.
To date, there are crystal structures of microsomal epoxide of only three organisms, whereas
for soluble epoxide hydrolases there available structures are from:
•

mammals (human (166), and mouse (167)),
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•

plants (potato (Solanum tuberosum) StEH1 (168), and mung bean (Vigna radiata)
VrEH2 (169)),

•

fungi (Trichoderma reesei (170),

•

and bacteria (Agrobacterium radiobacter AD1 (141), Bacillus megaterium (171),
Mycobacterium tuberculosis Rv1938 (172), Streptomyces carzinostaticus subsp.
neocarzinostaticus (no associated paper), and Pseudomonas aeruginosa (173), and
Acinetobacter nosocomialis (174) Cif-like epoxide hydrolases).

Soluble epoxide hydrolases members were found even in hot springs as thermophilic
enzymes (175). Crystal structures of A. radiobacter and M. tuberculosis Rv1938 are
incomplete; the A. radiobacter structure (PDB ID: 1ehy) lacks structural information on part
of its NC-loop, while the M. tuberculosis structure (PDB ID: 2e3j) – lacks part of its cap-loop.
The juvenile hormone epoxide hydrolase of the silkworm Bombyx mori (BmJHEH,
PDB ID: 4qla) (176) belongs to the microsomal epoxide hydrolases. The juvenile hormone is
an epoxide-containing sesquiterpene ester secreted by insects to control the metamorphosis
development. The juvenile hormone epoxide hydrolase converts the juvenile hormone to the
juvenile hormone diol. The crystal structure have a 2.3 Å resolution and comprises two
asymmetric units. Each unit consists of three parts, similarly as AnEH, N-terminal segment
(residues 33-118), the α/β-hydrolase core domain and the all-α cap domain. The core domain
adopts a canonical α/β-hydrolase with eight twisted β-sheets (β2-β9, naming according
to (176)) packed on both sides with α-helices α4-α6 and α15-α17, respectively. The cap domain
is inserted between the β7 and β8 strands and consists of eight α-helices (α7-α14) and three
η-helices (η4-η6) which form a long curved meander covering the cap and core domains. The
N-terminal meander of BmJHEH contains an “XWG” motif, conserved in microsomal epoxide
hydrolases, which was found to function as an anchor for the membrane association subcellular
localization of mEH in higher organisms (135,177,178).
Although the BmJHEH structure belongs to the same class of epoxide hydrolases and shares
the same structural pattern as AnEH, there are several minor differences between them. The
N-terminal meander of AnEH is six residues shorter, does not contain the XWG motif, and
adopts different conformation extending towards opposite direction. Also the binding pockets
differ in those two structures: due to an insertion of helices α7 and η4 the BmJHEH active site
is more stiff than the active site of AnEH (176). The most recent available crystal structure of

22

a microsomal epoxide hydrolase comes from Aspergillus usamii E001, unfortunately
publication related to that structure is unavailable.
The α/β-hydrolase fold gives a perfect scaffold for wide range of enzymes with buried active
site catalysing different reactions. The loops surrounding the active site cavity are crucial for
catalytic activity of the enzyme and by introducing only few substitutions it is possible to shift
the enantioselectivity or even interconvert from one enzyme into another within the
α/β-hydrolase family (179–181). Due to the fact, that the enzyme’s function might be correlated
with the loop movements, epoxide hydrolases are perfect examples to analyse the relationship
between the protein structure and its function. Based on a visual comparison of both AnEH and
BmJHEH structures it is clear that the mechanism of substrate entry and/or product release
might differ due to the topology of the active site proximities.

Homology models of epoxide hydrolases
There has been several attempt to provide homology models of epoxide hydrolases.
Choi et al. (182) created a homology model of Mugil cephalus (marine fish) epoxide hydrolase,
selecting as templates the structures of both microsomal (AnEH) and soluble (Agrobacterium
radiobacter epoxide hydrolase) epoxide hydrolases. Then they introduced three mutations in
the target structure, namely Phe193Tyr, Trp200Leu and Glu378Asp, interfering with the
catalytic pocket shape and the whole catalytic mechanism. Introduction of Phe193Tyr changes
the spatial orientation of the Asp199 of the catalytic triad and the Glu378Asp changes the
charge-relay residues. Using site-directed mutagenesis they obtained a three-point
Phe193Tyr/Trp200Leu/Glu378Asp variant with improved enzyme’s specificity. On the other
hand, Luo et al. (183) created a 3D structure of Aspergillus niger SQ-6 which is similar to the
known Aspergillus niger M200 epoxide hydrolase structure. This was achieved by copying the
backbone coordinates and exploring the conformations of the side chains with Insight II (184)
and using molecular dynamics simulations to refine the model. Unfortunately, they omitted
information about how they proceeded with the missing residues of a missing loop in the AnEH
structure. The same study also analysed the binding cavities of Aspergillus niger SQ-6 and the
binding modes of chosen ligands to describe the possible catalytic mechanism.
Zhang et al. (185) also wanted to characterise the catalytic mechanism of the Phanerochaete
chrysosporium soluble epoxide hydrolase. Using SWISS-MODEL server (186) the authors
created a homology model using the structure of Agrobacterium radiobacter epoxide hydrolase
as a template. The homology model complements a series of experiments to determine the
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enantioselectivity of the analysed enzyme. The last example is the work of Hema et al. (187)
who describe the structure of Spilarctia obliqua juvenile hormone epoxide hydrolase using
homology modelling combined with series of experiments to determine its catalytic activity.
The homology modelling and selection procedure used in this work are very often used in
several other research (188–193): homology model is created using a very popular
MODELLER software to create a small number of decoys and the native-like structure is
selected based on the lowest value of the DOPE score (84) as it was shown at a tutorial on
Modeller’s website (194).
All of the abovementioned homology models of epoxide hydrolases were built on the basis of
the amino acid sequence, using the most similar solved structure as a template. However the
model validation was focused on their active sites, which are usually very similar due to the
fact that both the protein scaffold and the amino acids from the catalytic triad are conserved
among the whole α/β-hydrolase family. It is worth noting that since the active site of epoxide
hydrolase is buried inside the protein, other structural components are crucial for proper
functioning of the enzyme, such as tunnels network, amino acids in proximity of the active site,
tunnel-lining residues or residues in proximity of the entrance/exit of a particular tunnel.
Therefore, closer inspection of the protein’s stability and the solvent flow to and from the active
site of a particular homology model using molecular dynamics simulations could be more
efficient in examining its quality than comparison of static parts of crystal structures.
As previously mentioned, loops movements may regulate access to the enzyme’s active site
and, therefore, may contribute to the protein functionality. Prior to this thesis, there was no
software available to analyse an interplay between a reconstructed loop and the solvent
molecules during the course of a MD simulation. Most of the available methods was using
a geometry-based approach to describe all possible pathways leading to/from the enzyme’s
active site, neglecting the chemical properties of those pathways or were difficult to use and
interpret their results (see: Other applications using water molecules for analysis of
macromolecules properties).

24

Aims
The work presented in this thesis was dedicated to achieve two main goals: i) to provide
a method to improve loop models selection, and ii) to provide an user-friendly software to
analyse protein functionality. As it was previously stated, the main hypothesis of objectives of
this thesis is inspired by the work by Gu et al. (27) who divided loops into two groups: fast
(flexible) and slow (static) based on their movement’s timescales. In this thesis I decided to use
their hypothesis and provide a loop model selection which will be used to distinguish between
flexible and static loops (Paper 1). To fulfil the second goal, together with other members of
scientific group, Tunneling Group, we created and released AQUA-DUCT. The AQUA-DUCT
software allows an analysis of the protein’s functionality using small molecules as a molecular
probe to describe the protein’s interior from the intramolecular voids perspective during
classical molecular dynamics simulations (Paper 2). In 2019 AQUA-DUCT 1.0 was released;
the software was improved and more advanced functionalities were added, such as hot-spots
analysis and energy profiles calculations (Paper 3). The features of AQUA-DUCT were
validated on four different enzymes with active sites buried inside the protein’s core: i) human
and porcine D-amino-acid oxidases (Paper 4), ii) Pyrococcus furiosus phosphoglucose
isomerase (Paper 5), iii) Solanum tuberosum epoxide hydrolase (Paper 6) and iv) SARS-CoV
and SARS-CoV-2 main proteases (Paper 7). Currently, AQUA-DUCT is an unique tool using
water molecules for analysis of macromolecules properties, therefore we published
a comprehensive review on other software utilizing water molecules for such analyses
(Paper 8).
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Results and Discussion
Loop description and method to discriminate static and flexible loops
As it was already presented, scoring functions used for discrimination between the native-like
structures and decoys, are diverse and based on different factors. Therefore, to provide an
effective benchmark of available scoring functions and assess the accuracy of loop modelling,
most developers use a dataset, such as Loops In Proteins (LIP) (195), which contains
experimentally solved proteins’ structures or loop regions. Such an approach provides an
convenient metric to compare the software with each other, but omits the primary goal of the
protein structure prediction software: predicting the 3D structures of proteins whose structures
remain unknown. The usage of such datasets might raise another issue. Since the flexible and
disordered regions of proteins are usually difficult to determine using experimental methods,
such as X-ray diffraction, NMR or CryoEM, the datasets might be biased with an
overrepresentation of static loops’ structures. Therefore, the algorithms used for proteins
structure predictions are constantly being improved towards reconstruction and evaluation for
more accurate static loops’ structures, they still might give an inaccurate structures of solventexposed loops. The same issue can also be raised regarding the scoring function of some
algorithms, because while they may be effective in discriminating a native-like static loop,
while they might not be that effective in discriminating a native-like flexible solvent-exposed
loop.
Therefore, for the purpose of work described in Paper 1 (196), I selected representatives of
both static and flexible loops. The Aspergillus niger epoxide hydrolase structure has a gap of
nine missing residues, which will be referred to as the flexible loop (FL). The corresponding
region in the Bombyx mori juvenile hormone epoxide hydrolase is abundant in α-helices.
I assigned the AnEH loop with missing structural information as a flexible loop involved in
regulation of active site accessibility, because: i) it is located in the proximity of the entrance
to the active site and at the border between the core and the cap domains, ii) it lacks coordinates
in every available crystal structure (PDB IDs: 1qo7, 3g0i, and 3g02), and iii) the works of
Reetz (197,198), and Kotik (199) showed that introducing mutations near the active site have
significant impact on the protein’s activity. As a representative static loop (SL) in both
structures, I choose a loop located between the β5 strand and the α5 helix of the α/β-hydrolase
scaffold. The BmJHEH structure was used as a template for modelling of the FL structure, and
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the AnEH was the template during the SL modelling. For each loop 10 000 models were created
using Modeller 9v19 (79,200).
To gain detailed information of the loop’s shape, nine geometry-based parameters were created
and used, along with the DOPE (84) and SOAP (201) scores, to describe a set of loop models.
The geometry-based parameters are as follows (Figure 3):
- loop-anchor-mean: mean distance from the Cα atoms of loop residues and the centroid of
the Cα atoms of the loop attachment points (residues 188 and 196 in BmJHEH, and residues
318 and 326 in AnEH),
- loop-ref-min: minimum distance from the Cα atoms of loop residues to the centroid of the
Cα atoms of a conserved Trp residue located in the proximity of the active site in both structures
(Trp154 in BmJHEH, and Trp117 in AnEH),
- ach-ach-dist: distance between the Cα atoms of the attachment points,
- loop-max-distance: maximum distance between Cα atoms of the loop,
- every-two-mean: mean value of the distance between Cα atoms of every second residue of
the loop,
- every-three-mean: mean value of the distance between Cα atoms of every third residue
of the loop,
- loop-max-cons-distance-bb: maximum distance between the loop backbone atoms
(Cα, C, and N),
- loop-prot-sh: the minimum distance between the loop and protein (non-loop) atoms,
- loop-prot-v2a: measure of loop sphericity; a ConvexHull approximation of the volume to
area ratio of the loop.
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Figure 3. The set of nine geometry-based loop parameters. A) loop-anchor-mean,
B) loop-ref-min, C) ach-ach-dist, D) loop-max-distance, E) every-two-mean, F) everythree-mean, G) loop-max-cons-distance-bb, H) loop-prot-sh, and I) loop-prot-v2a.

The loop is shown as balls and sticks, in black are loop residues, in grey - the anchoring residues. The
red lines represent the distances and the orange shape is the ConvexHull approximation. The parameters
are described in detail above. Figure is based on the work from Paper 1 (196) with modifications.

Subsequently, I calculated the set of geometry-based parameters along with the DOPE and
SOAP scores for each loop model and preprocessed the data using the PCA method
implemented in WEKA software (202). Finally, the K-means method was used to divide the
loop models in separate clusters and their representatives were selected as the starting points
for further MD simulations. They will be referred to as SL_m1, SL_m2, and SL_m3 for the
models of the static loop, and as FL_m1, FL_m2, and FL_m3 for the models of the flexible loop.
For comparison between the described approach and the most common approach (i.e., using
the model with the lowest DOPE score as the “best” model), I decided to include in the analysis
the model with the lowest DOPE score which will be referred to as SL_mDOPE for the model
of the static loop, and FL_mDOPE for the model of the flexible loop.
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I ran a single 100 ns MD simulation using each loop model and the wild-type structure of
BmJHEH (PDB ID: 4qla) to check, whether using the described approach I will be able to
distinguish between the FL and SL. I ran the normal modes analysis to compare the dynamics
of each model. In the case of the SL models, where the wild-type structure also was analysed,
points representing simulations of the wild-type structure (WT), the model with the lowest
DOPE score (SL_mDOPE), and one of the proposed loop models (SL_m2) were found in the
same conformational space. Points representing two other loop models (SL_m1 and SL_m3)
were found in different regions of the normal modes graph. I also noticed that points
representing each SL model used as a starting point for the simulations are focused in small
groups. This means that each model adopts a particular loop conformation and does not switch
to other during the simulation time (Figure 4).

Figure 4. Normal modes analysis of static loops (SL). A) PCA projection of analysed simulations, B)
static loop models used as starting points for the analysed simulations. The points are coloured
corresponding to the loop models used as starting points: WT (wild-type) - black, SL_m1 - blue, SL_m2
- red, SL_m3 - green, and SL_mDOPE - orange. The protein structure is shown as white cartoons. Please
note that points representing the SL_m2 and SL_mDOPE are overlapping with points representing the
WT structure. Figure is based on the work from Paper 1 (196) with modifications.

I conducted a similar analysis for the FL models simulations. Here, there was no wild-type
structure for comparison, since the coordinates of the AnEH’s FL are unknown. This
notwithstanding, I was still able to compare the simulations of proposed loop models (FL_m1,
FL_m2, and FL_m3) with the model with the lowest DOPE score (FL_mDOPE). The three

proposed loop models were found in different conformational space than the FL_mDOPE model.
Also, I noticed that the points representing the proposed loop models were overlapping with
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each other, whereas the points representing the simulation of the FL_mDOPE model were
separated and focused mostly in one region, similar with the one occupied with the SL_mDOPE
model (Figure 5).

Figure 5. Normal modes analysis of flexible loops (FL). A) PCA projection of analysed simulations,
B) flexible loop models used as starting points for the analysed simulations. The points are coloured
corresponding to the loop models used as starting points: FL_m1 - blue, FL_m2 - red, FL_m3 - green,
and FL_mDOPE - orange. The protein structure is shown as white cartoons. Please note the spread of
points representing FL_m1, FL_m2, FL_m3 models, while points representing the FL_mDOPE model are
separated from others and less spread out. Figure is based on the work from Paper 1 (196) with
modifications.

Finally, I looked at the distribution of geometry-based parameters in both SL and FL models
and found out that they differ significantly. For the static loop models, which did not show
great variability and mobility, only the ach-ach-dist parameter shows high variance
(RSD = 12.9%). Since the position of the static loop is limited by the neighbouring residues,
I observed that for the SL models, the main shape remains mostly unchanged, while the loop
anchoring residues displayed the greatest variability. For the flexible loop models, the
loop-ref-min,

loop-max-distance,

ach-ach-dist,

and

loop-anchor-mean

parameters were widely distributed (RSD > 8%). Since the flexible loop is located on the
protein’s surface and its position is not restricted by neighbouring residues, it can be exposed
into the solvent or curled near the protein’s surface.
Furthermore, I added repetitions and extended the length of MD simulations of the four AnEH
loop models: FL_m1, FL_m2, FL_m3 and FL_DOPE up to 500 ns per simulation, making it in
total 10 μs. Having such detailed dataset, I decided to perform clustering of the statistically
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significant parameters, i.e., loop-ref-min, loop-max-distance, ach-ach-dist, and
loop-anchor-mean, to determine the main loop conformations. I obtained three

conformations and named them as “closed”, “semi-open” and “open”, according to their shape
and the position at the entrance to the active site.
Additionally, two crystallographic structures of Aspergillus usamii E001 epoxide hydrolase
(PDB IDs: 6ix2 and 6ix4) were published at the PDB database. The coordinates of loop
corresponding to the AnEH’s flexible loop are present in both structures and stay in agreement
with the most populated loop conformation, the so-called “open” state, which was also
described in Paper 1 (Figure 6).

Figure 6. A comparison between the AnEH loop in “open” conformation (green) with
a corresponding loop of Aspergillus usamii E001 (PDB ID: 6ix2, blue). Figure is based on the work
from Paper 1 (196) with modifications.

In the case of Paper 1 I was the first author and the main contributor; I conducted all in silico
experiments, including homology modelling and MD simulations, analysed the data using
a dedicated set of loop parameters and normal modes results of the trajectories obtained from
the simulations. Tomasz Skalski did the statistical analysis of loop parameters, and Artur Góra
supervised the work. Paper 1 presents a novel method that allows to distinguish between the
static (slow) and flexible (fast) loops, without a need to run additional MD simulations. Using
only the distribution of particular geometry-based parameter, the loop might be assigned as
flexible

(when

loop-ref-min,

loop-max-distance,

ach-ach-dist,

and

loop-anchor-mean parameters were widely distributed) or static (when only the
ach-ach-dist parameter shows great variability). Here, I showed that in the case of flexible

solvent-exposed loops which are often missing from the experimentally solved structures, there
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is no “best” model, but a number of “good” models which might be used to observe the
conformational changes of the reconstructed loop. I also showed that for reconstruction of static
loops, the DOPE score method is sufficient (if a relatively large set of models is used), and
provides native-like models.

AQUA-DUCT: a tool to analyse the protein’s functionality
In 2017 the first publication of AQUA-DUCT software (Paper 2) (203) was published. The
main idea behind the software was simple, yet not found in any other programme. During
classical MD simulations with explicit solvent, the simulated system, such as protein or
protein-ligand complex, is immersed into a cubic or orthorhombic box filled with water
molecules and additional counterions. Water molecules are able to penetrate the protein’s
cavities and pockets, and by tracking their pathways, the user is able to observe not only the
main transportation pathways, but also the protein’s internal architecture. To gain appropriate
sampling, the coordinates of the simulation must be saved every 1 ps, or - in case of simulations
longer than 200 ns - every 5 ps. Also, the user needs to define the region in which the water
molecules (or other small molecules, if necessary) will be tracked, the so-called Scope, and the
region of particular interests, which the molecules need to visit to be tracked, the so-called
Object. Therefore, the visualization is limited only to the pathways of those molecules that
have visited the Object, inside the Scope. If a particular tracked molecule which visited the
Object left the Scope, such a place is marked by an inlet. All inlets are then clustered and
statistical information for each cluster of inlets are provided for the user (Figure 7).
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Figure 7. Sample results of AQUA-DUCT analysis. A) with respect to the overall protein structure,
and B) with respect to the protein cavities. The lines represent pathways of tracked molecules, and the
colour-coding is as follows: red - incoming parts of pathways, blue - outgoing parts, green - parts of
pathways found within the Object (orange shape) and yellow - parts of pathways that were found within
the Object, wandered out and went back to the Object. The pink and green balls represent the clusters
of inlets. The protein structure is shown in white.

Using water molecules (or other solvent molecules) as a molecular probes, the user gains
enhanced sampling of the protein’s interior, which is not possible using enhanced sampling
molecular dynamics techniques. The only caveat is that the protein’s interior must be filled
with solvent molecules before starting the simulation. Without proper hydration of the protein
structure, the AQUA-DUCT results might be biased. The user is able to define the functional
tunnels leading to and from the active site, their approximated shape and length. AQUA-DUCT
provides the user with all necessary quantitative and qualitative data, such as the size of each
inlets cluster, the average number of incoming and outgoing pathways as well as those that was
trapped within the protein’s interior, and the visualization of each pathway. Such information
is important for analysis of the protein’s functionality, as it will be showed in next section
(see Validation of AQUA-DUCT on systems with buried active sites section).
Two years later we have implemented and published new features of AQUA-DUCT (Paper 3)
(204). In the case of both AQUA-DUCT papers (Paper 2 and Paper 3) I was involved in the
software development by running extensive tests on several different systems and reporting
errors in software code. I was also responsible for preparing the sample data for the User Guide
for Paper 2, and writing the whole User Guide and benchmarking section for Paper 3. Along
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with the standard mode, described above, three other modes of analysis was introduced: i) the
sandwich mode which enables the parallel analysis of multiple MD simulations runs for
different proteins, ii) the time-window mode which allows the analysis of simulations in
a predefined time steps to maintain the identification of alternative states of a particular
macromolecule, and iii) the consolidator mode which allows analysis of rare events and
different conformations of a macromolecule of interests; for the consolidator mode analysis
the user could provide a set of preselected frames from a longer trajectory file which are later
merged with each other in order to enhance the sampling of rare events.
The new version of AQUA-DUCT introduced also the local distribution of solvent molecules
approach. Such an approach can be used for the identification of functionally important
residues or molecules, as well as the description of hydrophobic/hydrophilic regions inside the
protein’s core or for drug design. The idea behind the local distribution of solvent molecules
have been implemented in several other software, such as GRID (205), AQUARIUS (206), and
AQUARIUS2 (207). It is based on the assumption that every pathway of molecule entering the
protein can be divided into distinct compartments corresponding to undisturbed passages and
trapped molecules. Based on such information, AQUA-DUCT is capable of identifying
residues or regions within the protein itself, which are attracting solvent molecules, i.e., with
high density of particular molecules. Those regions or residues are then called hot-spots, since
they are of great interests during drug design and/or protein engineering.
A simple analysis of AQUA-DUCT provides the user with useful information on the protein
functionality, such as which active site entrance is the most common used, which maintain the
fastest exchange of solvent molecules and which passages are identified very rarely during the
simulation time. New features released in AQUA-DUCT 1.0 allow the user to gain even more
information related to protein engineering and/or drug design, such as potentially interesting
residues which are slowing the substrate transportation, or regions which are attracting
molecules of certain physicochemical properties.

Validation of AQUA-DUCT on systems with buried active sites
AQUA-DUCT software was tested on several systems with buried active sites, such as:
i) human and porcine D-amino acid oxidase (Paper 4) (208), ii) Claudins (209), iii) Pyrococcus
furiosus phosphoglucose isomerase (Paper 5), (210), iv) Solanum tuberosum epoxide
hydrolase (Paper 6) (211), v) human deubiquitinylases (212), and vi) SARS-CoV and
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SARS-CoV-2 main proteases (Paper 7) (213). The work on the D-amino acid oxidase (DAAO)
and Pyrococcus furiosus phosphoglucose isomerase was carried out in collaboration with
a team from Wageningen University & Research, Netherlands, which was responsible for the
experimental part of the research. In the case of Solanum tuberosum epoxide hydrolase
(StEH1), the whole work was done based on the computational analysis of previously described
selective StEH1 mutant variants (214–220). Similarly, in the case of SARS-CoV and
SARS-CoV-2 main proteases (Mpros) the whole work was based on computational analysis,
which was conducted in cooperation with Prof. Jack Tuszyński from University of Alberta,
Canada, and Polytechnic of Turin, Italy.
The first detailed use of AQUA-DUCT software in protein’s functionality analysis was
presented in Paper 3, using both human and porcine D-amino acid. For the purpose of this
Paper, I conducted the in silico part of the experiments, including introduction of amino acids
substitution, MD simulations, and AQUA-DUCT and CAVER 3.0 (221) computations, and
analysed the results under the supervision of Artur Góra. DAAO is an enzyme that catalyses
the dehydrogenation of nonpolar and hydrophobic D-amino acids (222). The reaction cycle
starts when the flavin adenine dinucleotide (FAD) cofactor, which is noncovalently bound to
DAAO, receives hydrogen from the substrate to produce an intermediate imino acid and
hydrogen peroxide. Thereafter, the imino acid spontaneously deaminates to an α-ketoacid and
releases ammonia. Finally, molecular oxygen is transported by an oxygen channel into the
active site to reoxidise FAD and the reaction cycle close representing one reaction. The
substrate oxidation step requires a hydrophobic environment around FAD (223,224).
Therefore, to maintain such a reaction cycle, the active site of DAAO must be flexible and
plastic.
The active site of DAAO is funnel-shaped with an “active site loop” acting like a lid at its
entrance (222,225,226). The lid loop equipped with a tyrosine residue (Tyr224) switches its
conformation from the “open” to “close” during the product release (227,228) which is the
rate-limiting step of mammalian DAAO (both porcine pkDAAO and human hDAAO) (222).
The Tyr224 residue of the lid loop is essential for DAAO activity. Besides the active site,
DAAOs are also equipped with a secondary hydrophobic binding site (222,225,226) which
influences the orientation/specificity of the substrate/inhibitor in mammalian DAAOs (226).
Unlike mammalian DAAOs, yeast DAAOs lack the sophisticated regulation mechanism
associated with the lid loop and the secondary binding site (229).
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The complete mechanism of D-amino acid oxidase is still being investigated (230). Therefore,
we decided to examine the functionality of the wild-type system and two mutants with changed
activity: Tyr55Ala and Tyr55Ala/Leu56Thr of hDAAO using the small molecules tracking
approach provided by AQUA-DUCT complemented by tunnels analysis using CAVER 3.0
software.
The Tyr55 and Tyr/Leu56 residues which were mutated are located in the region regulating the
access to the active site. Three tunnels which entrances were located in the vicinity of the lid
loop were identified and designated as T1, T2 and T3 (Figure 8). I observed that the Tyr55
residue from the 53-57 loop was separating the T1 tunnel entrance/exit from the entrance/exit
of T2 tunnel, and Tyr224 from the lid loop separating the entrance/exit of tunnel T1 and T3.
Tunnels T2 and T3 were identified less frequently when compared with the T1 tunnel, they
were also narrower, but during the simulation time they were opening remarkably. Therefore,
I decided to use the small molecules tracking approach implemented in AQUA-DUCT software
to determine the functional tunnels and their role. I also showed that the Tyr55 residue, together
with Tyr224 and Tyr314, controls the properties of T1, T2 and T3 tunnels and also (by itself)
anchors the closed conformation of Tyr224 and the lid loop, thus providing the hydrophobic
environment required for the reaction (Figure 8). The conformational changes of the Tyr224
residue are favourably assisted by interactions with Tyr314 from the adjacent loop. In its
“closed” conformation, the aromatic side chain of Tyr55 is sandwiched between Tyr224 and
Tyr314 and is probably responsible for trapping water molecules inside the active site cavity.

Figure 8. Geometry of the entrances of human D-amino acid oxidase (PDB ID: 2du8). A) identified
in a single simulation frame (CAVER 3.0), and B) identified during whole simulation (AQUA-DUCT
combined with CAVER 3.0). Tyr55 shown as blue sticks. Identified tunnels are coloured as follows:
T1 - purple, T2 - green, and T3 - orange. Figure is based on the work from Paper 4 (208) with
modifications.
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Prior to ran MD simulations of hDAAO mutant variants I introduced in silico the Tyr55Ala
and Tyr55Ala/Leu56Thr mutations into the hDAAO structure using FoldX suite (231). Even
though the large tyrosine residue was replaced by a small alanine, the main tunnel of Tyr55Ala
mutant remained similar to the wild-type. However, such a replacement had a dramatic impact
on the solvent accessibility to the active site. The introduced mutation greatly facilitated the
water access to the active site in comparison with the wild-type, suggesting that the radius of
the main tunnel increased. AQUA-DUCT analysis provided also the information on the average
time of water molecules passage through a particular path, indicating that the average time
a water molecule spent in the active site cavity was reduced in designed mutants relative to the
wild-type hDAAO. I observed that in the case of a single Tyr55Ala mutation, the Tyr314
residue rotated and anchored the lid loop, while the Tyr224 residue is mimicking the behaviour
of Tyr55 residue in the wild-type. When the bulky aromatic side chain of Tyr55 was lacking,
it introduced a space for the Tyr314 side chain rotation, so that the Tyr314 residue may now
act like a gate regulating access to the active site.
In the case of the double Tyr55Ala/Leu56Thr mutant of hDAAO, key differences in
comparison with the wild-type enzyme included the increase of the tunnels’ bottlenecks.
AQUA-DUCT analysis showed that the active site accessibility was also increased, which was
indicated by the increase of water molecules that visited the active site during the simulation
time. The lid loop and the 53-57 loop are controlling the access to the active site, although the
additional Leu56Thr mutation appeared to stabilise the “open” conformation between the side
chains of two tyrosines, Tyr224 and Tyr314. The observed modulation of lid loop dynamics
suggested potential facilitation of large substrate/product transportation.
Analyses performed in order to examine the differences in the functionality between hDAAO
wild-type and the mutant variants showed the great advantage that AQUA-DUCT software has
over CAVER 3.0 - the ability to identify functional tunnels and comparing active site
accessibility between the analysed proteins. Using AQUA-DUCT, I revealed that the
synchronised dynamics of a network of aromatic residues, Tyr55, Tyr224, Tyr228 and Tyr314,
located adjacent to the active site-spanning loops of mammalian DAAOs controls access to the
active site. This was the first test of AQUA-DUCT functionality analysis (Figure 9).
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Figure 9. Using AQUA-DUCT software to explain the differences in activity of human D-amino
acid oxidase wild-type and mutant variants using small molecules tracking approach. The lines
represent pathways of tracked molecules, and the colour-coding is as follows: red - incoming parts of
pathways, blue - outgoing parts, green - parts of pathways find within the Object, and yellow - parts of
pathways that were found within the Object, wandered out and went back to the Object. The Tyr
residues are shown as blue (Tyr55), yellow (Tyr314) and red (Tyr224) sticks, the protein structure is
shown as white cartoons. Figure is based on the work from Paper 4 (208) with modifications.

Another work conducted in collaboration with the Wageningen University & Research group
was focused on the Pyrococcus furiosus phosphoglucose isomerase (Paper 5). For the purpose
of this Paper, I conducted the in silico part of the experiments, including MD simulations and
AQUA-DUCT computations, and analysed the results under the supervision of Artur Góra.
The thermophilic archaeon Pyrococcus furiosus was first isolated in a hydrothermal vent (232)
and extensive studies have shown that its proteins are extremely thermostable as well as highly
resistant to heat shock and radiation (233). The phosphoglucose isomerase (PfPGI) is
a glycolytic enzyme that catalyses the reversible isomerization of glucose-6-phosphate to
fructose-6-phosphate (F6P) (234). In the active site of the PfPGI there is a catalytic metal ion
(cofactor) which together with His158 and Tyr152 are regulating the proton exchange between
the substrate and solvent (235). According to the results of Correlated Mutations Analysis
(CMA) (236–238), two residues, namely Pro132 and Tyr133, are highly represented as
evolutionary-correlated mutations, which means that they are more likely to occur together in
other

members

of

the

same

protein

family.

These

residues

are

located

on

a structurally-conserved peripheral surface loop (239). Interestingly, recent studies have shown
that cold adaptation of enzymes is achieved by conformational changes of the regions far away
from the active site (240,241). Therefore, the Wageningen University team wanted to examine,
whether such changes are applicable to hyperthermophilic enzymes, such as Pyrococcus
furiosus phosphoglucose isomerase. This was also another task, where the AQUA-DUCT small
molecules tracking approach would be useful to describe differences between the functionality
of wild-type and four variants with introduced mutations: Pro132Ala/Tyr133Gly (AG),
Pro132Arg/Tyr133Gly (RG), Pro132Ala/Tyr133Asp (AD), and Pro132Val (VY).
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The experimental group of Wageningen University team solved the crystallographic structures
of the wild-type and four mutant variants of PfPGI. The overall structures of all analysed
proteins showed the same conformation of the 131-134 loop, with only minor differences in
the positions of the main chain atoms. However, the changes in side chains of Pro132 and
Tyr133 affected the positions of residues 92-94 located on the 90-96 loop and also the positions
of five N-terminal residues of the adjacent dimer subunit. Despite changes in relative positions
of residues 132-133 and 93-94, the position of ion-coordinating His90 remains similar in all
analysed structures.
To investigate the reason of the differences in functionality of analysed proteins, I ran MD
simulations and analysed the water molecules’ flow through the PfPGI active site cavity. The
presence of water molecules inside this cavity is mandatory, due to the fact that water molecules
participate in manganese ion coordination, proton transfer and coordination of the substrate.
I demonstrated that enzymes with introduced mutations in the 132 and/or 133 residues had
a decreased water flux to the main cavity by the main tunnel. I also showed that in all mutant
variants water molecules were trapped inside the main cavity, which was not seen in the case
of the wild-type enzyme.
The structural analysis revealed a rear-side cavity in all mutant variants which is located
between the evolutionary-correlated residues 132-133 and the metal-binding histidines His88,
His90 and His136. Therefore, I decided to focus the water molecules tracking also in this
region. I hypothesized that if the dynamics of these residues varies, the resulting movement of
water molecules through the enzyme will affect its functionality. Using local distribution of
solvent molecules I searched for regions within the protein’s core that will “attract” water
molecules more than other regions. The results demonstrated that the rear-side cavity is acting
like a reservoir capable of hosting two or three water molecules in the wild-type and highactivity mutants as RG, AG and VY (Figure 10). For the low-activity AD variant, we observed
only one water molecule in the rear-side cavity.
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Figure 10. (A) Water trajectories and (B) water distribution within the binding pocket observed
for the wild-type Pyrococcus furiosus phosphoglucose isomerase (PfPGI). Histidines residues
(His88, His90, and His136) are shown as red sticks, the inlets representing water molecules which
entered and/or left the binding cavity are shown as gold balls, the Object as orange shape and pathways
of water molecules within the binding cavity are green lines. Residues 132 and 133 are shown as green
sticks and water hot-spots are shown as blue spheres with their sizes corresponding to the local density
of solvent molecules. Figure is based on the work from Paper 5 (210) with modifications.

In Paper 5 I showed that the main difference observed between the wild-type and mutant
variants was the difference in accessibility to the active site and the rear-side cavities.
Therefore, I concluded that the flux of water molecules through the enzyme’s interior is crucial
in its functionality, which was impossible without a specific tool capable of tracking small
molecules. Here, I also validated the local distribution of solvent molecules approach and
presented that the most dense hot-spots correspond with the positions of water molecules
coordinating the manganese ion.
It is worth noting that this article was chosen for the cover image of MDPI Biomolecules
Special Issue “Novel Computational and Data-Driven Approaches for Protein Design and Their
Application” due to great interests of the scientific community.
In Paper 6 I focused on an enzyme of the α/β-hydrolases family, the Solanum tuberosum
epoxide hydrolase (StEH1). I am the first author and the main contributor of the Paper 6;
I conducted most of the experiments, including MD simulations, and AQUA-DUCT and
CAVER 3.0 computations. Tomasz Magdziarz implemented novel features into AQUA-DUCT
software, Maria Bzówka helped with the evolutionary analysis, Agnieszka Stańczak helped
with AQUA-DUCT and CAVER analysis and Artur Góra supervised the work. StEH1 is
a well-known enzyme with a buried active site located between the core and cap domains and
well-defined tunnel providing access to the catalytic pocket (168,242). The active site of StEH1
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consists of a catalytic triad, Asp105, Asp265, and His300, and two tyrosines, Tyr154 and
Tyr235, assisting in opening of epoxide ring. The enzyme was intensively studied using both
experimental (168,214–216,242–245) and computational methods (214–219). Previous studies
have shown that several mutant variants of the StEH1 enzyme were designed (168,242–248)
to test and modify the mechanism of the reaction, substrate specificity, enantioselectivity,
regioselectivity and pH dependence. Most of the targeted residues are located in the binding
cavity, while a few of them are located on the protein’s surface. Therefore, I used small ligand
tracking approach to investigate in detail the water flow through the protein’s interior and
identify residues which may be important for further modifications of protein’s functionality.
I ran in total 250 ns of MD simulations of the wild-type Solanum tuberosum epoxide hydrolase
and analyse the water molecules flow through the active site cavity using AQUA-DUCT.
I identified three main tunnels leading to the active site and named them as (Figure 11): TM1
tunnel used by the vast majority of the identified water molecules, permanently open and,
located in a pocket between two long loops in the main domain (Ser129-Met139 from the NCloop, and Tyr183-Pro204 from the cap-loop, and Pro271); TC/M tunnel located on the border
of the main and cap domains, with an entrance/exit separated from that of TM1 by Ile148 and
Ile270 residues, and used for about 9% of all tracked water molecules; and TM2 tunnel with
its entrance/exit located between two loops Ser129-Met139 and Pro247-Pro256
(approximately 1% of detected water molecules).
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Figure 11. Main entrances/exits identified in Solanum tuberosum epoxide hydrolase (StEH1) using
CAVER 3.0 and AQUA-DUCT. TC/M tunnel is shown as green lines and green balls, TM1 as pink
lines and balls and TM2 as orange lines and balls. The outlier inlet and its corresponding tunnel are
shown as grey lines and ball. The protein is shown as white cartoons and the Object as orange shape.
CAVER 3.0 identified tunnels as a set of lines, while AQUA-DUCT presented clusters of inlets on the
surface of the entrance/exit.

In four out of five simulations water molecules that were able to pass through the protein’s core
and leave/enter its interior in distinct regions were detected. Trajectories of such water
molecules represent rare events in protein functionality analysis demonstrating alternative
pathways for water molecules transportation. Investigation of such rare events may provide
some clues for protein engineering. During careful investigation of the StEH1 structure,
I detected several small cavities capable of hosting water molecules, located mostly close to
the protein surface and a few of them were buried deep in the protein core. Using the small
molecules tracking approach, with a focus on the molecules penetrating the protein core,
excluding the incoming and outgoing parts of the pathways, it was possible to investigate the
shape of the internal cavities. Interestingly, the cavities consist mostly of aromatic or
hydrophobic residues, which are acting as cages, trapping water molecules and preventing their
leakage. Three cavities were detected: Cavity I located between the cap and the main domain
in close vicinity to the TC/M tunnel entrance/exit; Cavity II separated from Cavity I by His300
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and Phe301 residues, and Cavity III located in the hinge region between the core and cap
domains.
Based on the differences in the distribution of water molecules within the protein core, it was
possible to identify the regions in which water molecules were trapped due to highest levels of
water densities. These regions are called hot-spots and may be important for positioning of
water molecules. The results of this study identified hot-spots within TC/M and TM2 tunnels:
two cavities adjacent to Cavity I and Cavity II, and within the main funnel. A higher density
region corresponding to the catalytic E35 residue was found and therefore confirmed its role
in the positioning of catalytic water molecule.
Our hot-spots analysis identified two regions which might be of interests for the purposes of
protein engineering: one located in proximity of Pro188, Leu266, and Ile270 near the
entrance/exit of the TC/M tunnel, and the other located in the vicinity of Leu109, Val130,
His131, Phe132, Ser133, Leu238, Asn241, and Trp242 residues. Among those regions Leu266
and Leu109 residues were mutated by Carlsson et al. (245) to change the enzyme’s
enantioselectivity. Another region where water molecules were trapped is located in proximity
of Tyr183, Arg184, Ala299, His300, and Phe301. Interestingly, no hot-spots were identified in
the vicinity of Cavity III.
Paper 6 showed that the local distribution of solvent molecules implemented in AQUA-DUCT
provides useful information which can be used for protein engineering and/or drug design.
Such an approach enables identification of regions which are “more attractive” for solvent
molecules relative with other regions. This method has a potential to be applicable for
simulations of proteins with other small molecules used as molecular probes, such as
mixed-solvent MD simulations (MixMD) using additional cosolvents. MixMD simulations are
used to provide information for pharmacophore design and drug design.
December 2019 have brought an outbreak of atypical pneumonia associated with the novel
coronavirus of zoonotic origin (SARS-CoV-2), which took place in Wuhan City, China (249).
Since the genome sequence of the novel coronavirus shows a substantial similarity with an
already known virus causing SARS (Severe Acute Respiratory Syndrome) (250,251), several
in silico attempts have been made aiming at repurposing of known SARS drugs against novel
SARS-CoV-2 disease (COVID-19). Most of those papers were focused on the main protease
of SARS-CoV-2, an enzyme which is crucial for the viral life cycle (252–255). Together with
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other members of the Tunneling Group, we decided to join the combat with SARS-CoV-2
(Paper 7). In this Paper I shared the first authorship with Maria Bzówka; we were responsible
for conducting a set of classical molecular dynamics simulations and mixed-solvent molecular
dynamics and analyse them using AQUA-DUCT software, writing the manuscript, and
responding the Reviewers. Agata Raczyńska and Aleksandra Samol ran evolutionary analyses,
and Artur Góra and Jack Tuszyński supervised the work.
Paper 7 presents how a combination of ligands tracking approach together with local
distribution of solvent molecules can be used to provide a detailed description of the internal
architecture of a particular protein. Despite the overall structural similarity between the
SARS-CoV and SARS-CoV-2 main proteases, the size and shape of their binding cavities
differ substantially. It should be noted that the entrance to the binding cavity of both
SARS-CoV and SARS-CoV-2 Mpros are surrounded by loops, one of which, namely C44-P52
loop shows an interesting behaviour. The C44-P52 loop is highly flexible in simulations of apo
structures of both Mpros, while in simulations of Mpros with co-crystalized N3 inhibitor, which
was removed prior to simulation run, it is less flexible. The results also showed that the
maximal accessible volume of structures with N3 inhibitor are significantly smaller than those
of apo structures, which suggests that the C44-P52 loop is regulating the access to the active
site.
Evolutionary analysis of the SARS-CoV-2 main protease showed that the majority of residues
within the binding cavity are prone to mutate, even residues forming the catalytic dyad.
Hotspots analysis of six different cosolvents molecules with different chemical properties
(i.e., acetonitrile, benzene, dimethyl sulfoxide (DMSO), methanol, phenol and urea), identified
other “attractive” regions of the main protease. One such alternative region involved in
dimerization of the Mpro, was proposed as a target of drug and inhibitor design against
COVID-19. Paper 7 proved that analysis of the local distribution of solvent molecules can be
used in protein engineering and drug design. The work initiated in Paper 7 will be continued
and potential inhibitors targeting the alternative region will be tested experimentally.

Other applications using water molecules for analysis of macromolecules
properties
The last paper that is included in this thesis (Paper 8) (256) is an comprehensive review of
other software that also use water molecules or their approximation for analysis of
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macromolecules properties. I am the first author of this Paper and I was involved in the
manuscript preparation, based on a great literature search done by Agata Raczyńska, Weronika
Bagrowska. Maria Bzówka helped me with organizing the data and Artur Góra supervised the
work. The described software were divided into three groups: i) software for protein hydration
analysis (and also for preparation the protein structures prior to MD simulations), ii) software
for water site detection and ligand binding analysis, and iii) software for tunnels detection and
analysis of the transportation phenomena within the protein. As it was stressed out in the paper,
water molecules are small enough to penetrate the macromolecule’s interior to stabilise its
native structure and to participate in processes occurring inside its core. However, the quality
of a particular experimentally solved structure, which is subsequently submitted to the Protein
Data Bank, depends highly on the crystal quality. The better the crystal quality, the more
detailed 3D models will be containing structural information on the macromolecules residues
coordinates and the water molecules network within the protein itself and on its surface.
Unfortunately, in the case of lower quality models and/or homology models, the information
on the water molecules network is missing. Paper 8 presents three groups of software that are
useful in above mentioned cases. Those software reconstruct information on the protein
hydration shell using three different approaches: i) based on the docking of water molecules,
ii) based on the reference interaction site model theory, and iii) based on the assumption that
closely related proteins will have similar internal water network.
Methods for the protein hydration analysis are underestimated and often omitted prior to
running series of MD simulations using a particular protein structure (256). Water molecules
play important role in protein folding and also stabilise its internal architecture (257–260).
Since the residence time of a water molecule trapped inside a protein’s cavity depends on the
location and how (and if) the cavity is connected with the environment (261–263), it is
important to fill the cavities prior to running MD simulations in order to reduce the bias related
to errors in the internal protein structure. Increasing the length of the minimisation and
equilibration steps could also be helpful to facilitate efficient water exchange between the
cavities and the environment; such a procedure is recommended in the case of proteins with
large internal voids, homology models and models of proteins with introduced mutations.
The information obtained on the basis of water molecules movements during the course of MD
or MC simulations, or even a single protein structure, are also useful in determining the water
sites (i.e., regions of high-water density) and evaluation of poses of bound ligands. Water sites
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act as locations that attract water molecules and can be used to describe its behaviour around
other chemical molecules. Since water molecules were found to mediate interaction with the
protein structure in 85% of 392 analysed complexes (264,265), including interactions with ions,
cofactors, substrates, inhibitors and other macromolecules, such determining such water sites
is useful in drug design and protein engineering. The displacement of a water molecule within
a binding cavity can contribute to the binding free energy and therefore impact the affinity of
ligands’ binding (266,267). Therefore, a lot of effort is focused on predicting the effect of
displacing a water site on the binding affinity of a ligand (268). Two of the most popular
approaches for predicting the water sites and analysing the ligand binding poses are:
i) grid-based, and ii) Inhomogeneous Fluid Solvation Theory (IFST) based. The grid-based
methods use a regular array of grid-points established throughout and around the protein to
calculate the energetics contribution in each point (205). Methods based on IFST calculate the
contributions of each individual water molecule to both the enthalpy by computing the average
interactions energies, and to the entropy on the basis of intramolecular correlations (269).
AQUA-DUCT software, which was also described in Paper 8, is also capable to identify those
water sites, which are called hot-spots in AQUA-DUCT. The local solvent distribution is
similar to the grid-based methods described above.
The last group of software described in Paper 8 are used for tunnels detection and
transportation analysis. Within this group trj_cavity software (270) is the most popular, but its
potential in tunnel detection was only determined once (256). In most cases trj_cavity is used
to analyse the volume of a particular cavity and their changes during the simulation course.
Other approaches are rarely used, probably due to the fact that: i) their results may be difficult
to interpret, ii) they offer only residual results (pathways visualization only), or iii) they require
non-equilibrium MD simulations. To mitigate the aforementioned limitations, AQUA-DUCT
provides the user detailed statistical data on the water and/or other small molecules flow
through the macromolecule’s interior. In addition, AQUA-DUCT allows visualization of the
pathways of selected solvent and/or ligand molecules, but - more importantly - extends the
standard tunnels identification with additional pockets and hot-spots analysis.
Explicit solvent molecular dynamics simulations are an abundant source of information on the
macromolecules’ behaviour and structural properties. However, it is important to keep in mind
that the results of theoretical analyses might be biased due to inaccurate protein model, force
fields and water model used during the simulation as well as poor sampling of the MD
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simulations caused by the length and the number of replicates of the simulation. The
crystallographic structure, homology model or a model of a known protein with introduced
mutations, must be carefully prepared prior to running MD simulations. In addition, water
molecules need to be included at the very first steps by providing the proper level of protein
hydration. Furthermore, during analyses of MD simulations, water molecules will become the
important source of information which might be used for drug design or protein engineering
covering: i) the potential binding sites, ii) regions involved in protein-protein and/or proteinligand interactions, iii) identification of protein’s functional tunnels and iv) identification of
regions attracting water molecules.

47

Conclusions and future plans
In this thesis I showed a simple geometry-based method to distinguish between static and
flexible loops. As it was shown in Paper 1, the AnEH flexible loop exhibits three
conformational states: “open”, “semi-open” and “closed” according to their shape and the
distance from the active site. It was assumed that when the AnEH loop moves toward the
“open” conformation, the amount of water molecules that were able to enter the enzyme’s
active site will rapidly increase, and when the loop changes its conformation to the “closed”
position, the water molecules flux through the enzyme’s active site will be smaller and that the
water molecules will be trapped inside the cavity. However, our analysis demonstrated that
there is no correlation between loop conformation and the number of water molecules that
entered the active site. Therefore, the loop movements do not regulate the flow of water
molecules through the enzyme's active site. To identify the role of the loop movements, further
more advanced analysis are required.
I also participated in development and validation of AQUA-DUCT, a ligand tracking tool,
which I shown to be useful in analysing the structural and functional properties of enzymes
with a buried active site (Papers 2-3). I presented that water molecules are crucial for the
enzyme’s functionality and that simple modifications of the residues in proximity with the
active site, and sometimes even far away from the active site, might significantly impact the
protein’s functionality (Papers 4-7). In addition, this thesis also presents detailed review of the
literature of tools used to study macromolecules and the effect of water molecules to their
structure and function. Currently, I am involved in several projects related to the usage of
cosolvents as molecular probes to describe the structural properties of other enzymes with
buried active sites, such as human soluble epoxide hydrolase (hsEH) and SARS-CoV-2 Mpro,
and proteins related to rare diseases, such as Alg13 and alpha-1-antitrypsin, conducted in
cooperation with the National Research Institute of Oncology in Gliwice. I was also awarded
by the Own Scholarship Fund of the Silesian University of Technology in year 2019/2020 to
conduct research on: The importance of key amino acids for substrate transportation to drug
and inhibitor design from a personalized medicine perspective (Znaczenie aminokwasów
kluczowych dla transportu substratów w spersonalizowanym podejściu do projektowania
leków i inhibitorów), grant number: 919.RN2/RR4/2019.
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Abstract: Loops are the most variable and unorganized elements of the secondary structure of
proteins. Their ability to shift their shape can play a role in the binding of small ligands, enzymatic
catalysis, or protein–protein interactions. Due to the loop flexibility, the positions of their residues in
solved structures show the largest B-factors, or in a worst-case scenario can be unknown. Based on
the loops’ movements’ timeline, they can be divided into slow (static) and fast (flexible). Although
most of the loops that are missing in experimental structures belong to the flexible loops group,
the computational tools for loop reconstruction use a set of static loop conformations to predict the
missing part of the structure and evaluate the model. We believe that these two loop types can adopt
different conformations and that using scoring functions appropriate for static loops is not sufficient
for flexible loops. We showed that common model evaluation methods, are insufficient in the case of
flexible solvent-exposed loops. Instead, we recommend using the potential energy to evaluate such
loop models. We provide a novel model selection method based on a set of geometrical parameters
to distinguish between flexible and static loops without the use of molecular dynamics simulations.
We have also pointed out the importance of water network and interactions with the solvent for the
flexible loop modeling.
Keywords: structure prediction; loop reconstruction; flexible loop; static loop; protein structure

1. Introduction
Loops are the least organized elements among proteins’ secondary structures. On average, more
than half of protein residues are located on loops [1]. The primary role of loops is to connect the
more organized α-helices and β-strands, which allows the proteins to adapt their shapes. Therefore,
loops are also linkers between domains in multi-domain proteins [2] and contribute to protein stability
by the regulation of the folding process. They are mainly responsible for the dynamics of proteins’
shapes, and changes in their physico-chemical properties [3]. Loops can be involved in the proteins’
catalytic mechanism as regulatory elements [4], where they maintain the functional specificity of the
protein by mediating biological processes such as the binding of small molecules and/or DNA, and/or
access to the active site [4]. Loops are also found on the protein’s surface, where they are involved
in protein–protein interaction, site recognition, signaling cascades, ligand and/or DNA binding, and
catalysis [5]. Particular regions within proteins may remain flexible and unstructured due to its
function, those are so-called intrinsically disordered proteins, which are highly abundant in nature [6].
Loops located on the protein’s surface, which are flexible and more solvent-exposed than other
secondary structures, are especially problematic to characterize through experimental techniques such
as CryoEM or X-ray crystallography. On the other hand, it was shown that nuclear magnetic resonance
Int. J. Mol. Sci. 2020, 21, 2293; doi:10.3390/ijms21072293
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(NMR) could be helpful in determining the 3D structures of flexible loops, such as in Tim21 [7],
and intrinsically disordered small proteins, such as amyloid-β fibrils [8]. Loop mobility introduces
significant disorder: about 69% of the structures deposited in the Protein Data Bank (PDB) [9,10] are
incomplete, and most often the loop regions are missing. The lack of part of the structural information
of the experimentally solved structure might be related to the low resolution of the obtained structure
and/or the flexibility of that particular region [11]. Based on the timescales of their dynamics, loops can
be divided into slow (static, structural) and fast (dynamic, flexible, solvent-exposed) [2]. Fast loops
have a relatively flat energy surface when compared to the thermal energy unit (kB T) which can be
easily reshaped in the presence of a particular ligand. On the other hand, slow loops exhibit a higher
energy barrier between different substrates, which may be difficult to reshape by introducing another
substrate [2].
All types of loop are also susceptible to amino acid insertions and deletions, and are therefore
considered as less conserved secondary structures. This means that homologous proteins are mostly
different in their loop regions [12]. Due to the fact that the correct conformation of a given fragment
has to be predicted based mainly on its sequence, loop reconstruction is a mini protein folding problem.
Loops are generally too short to provide information about their local fold [13]. The missing residues
may be reconstructed using protein structure prediction methods, such as homology modeling [14,15] or
Ab initio modeling [16]. Homology modeling is one of the template-based structure prediction methods
that use an experimentally solved structure of a close homologous protein as a template to predict the
structure of the target protein. Ab initio modeling is based only on the physico-chemical information
provided by the protein sequence. Among loop modeling software using homology modeling or
Ab initio methods, a few are available as web servers, e.g., GalaxyLoopPS2 [17], DaReUs-Loop [18],
LoopIng [19], Sphinx [20], and RCD+ [21], while some are available as standalone tools, such as
MODELLER [22] and Rosetta-NGK (Next-generation KIC) [23]. A paper by DaReUs-Loop’s developers
gives a brief comparison of the accuracy of these methods [18].
The aim of structure prediction software is to provide the most accurate models. Therefore, the
method used to discriminate between native-like conformations and a set of decoys (non-native-like
conformations) is as important as the model building technique itself. Most of the presented software
use energy functions to point out the “best” models. RCD+ [21] uses an ICOSA energy function based
on a pairwise coarse-grained contact potential of the inter-residue distance and orientation, LoopIng
scores models based on a confidence function, and MODELLER uses the DOPE (Discrete Optimized
Protein Energy) score [24], a pseudo energy score which is a sum of many terms, including some terms
from the CHARM22 molecular dynamics force field, with spatial restraints based on the distribution of
distances and dihedral angles in known protein structures [25]. SOAP-Loop and SOAP-PP (Statistically
Optimized Atomic Potentials) [26] are also part of MODELLER; the SOAP potentials are attributed to
the scoring of the orientation instead of distance, as well as the use of the recovery functions instead of
a reference state.
To assess the accuracy of loop modeling and to evaluate the ability of the scoring function to select
the “best” models, most of the software [27–30] use a dataset, such as Loops In Proteins (LIP) [31],
containing experimentally solved proteins’ structures or loop regions as benchmark for their prediction
method. Such an approach provides a convenient metric to compare the software with each other,
although it says nothing about the accuracy of the prediction of loops without experimentally solved
structures. Also, by using a dataset of already solved structures, the structure prediction software
might be constantly improved towards less flexible, static loops [32]. Therefore, we hypothesize that
current structure prediction software provide more accurate models of static loops, but might give
inaccurate prediction of flexible solvent-exposed loops’ conformations making them similar to the
static loops’ conformations [32]. Since the coordinates of flexible loops are often missing in the crystal
structure, we believe that it is a quite common approach to reconstruct a flexible loop with a static loop
template. In this paper, we consider the method for the selection of accurate loop models of static and
flexible loops and their accuracy examination using classical molecular dynamics (MD) simulations. We
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Figure 1. The set of nine geometry-based loop parameters (see Methods section for details). The
analyzed loop is shown as black lines, with Cα atoms marked as small balls. The red lines show the
distances used for calculations; the orange shape represents the ConvexHull approximation of the
volume of loop atoms.
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2.1. Static Loop Reconstruction
2.1. Static Loop Reconstruction
We conducted a single 100 ns MD run of each selected model to examine the accuracy of static
We conducted a single 100 ns MD run of each selected model to examine the accuracy of static
loop models. The SL models were stable, the reconstructed loop remaining in the same position as it
loop models. The SL models were stable, the reconstructed loop remaining in the same position as it
was at the beginning of the simulation. Since the crystal structure of the selected SL is known, we ran
was at the beginning of the simulation. Since the crystal structure of the selected SL is known, we ran
an additional 100 ns MD simulation and referred to it as a wild-type model (WT). One of the three
an additional 100 ns MD simulation and referred to it as a wild-type model (WT). One of the three
proposed loop models (starting point model: SL_m2) had similar RMSD (Root Mean Square Deviation)
proposed loop models (starting point model: SL_m2) had similar RMSD (Root Mean Square
and RMSF (Root Mean Square Fluctuation) values to the wild-type and to the model with the lowest
Deviation) and RMSF (Root Mean Square Fluctuation) values to the wild-type and to the model with
DOPE score (starting point model: SL_mDOPE) (Figure S2). After more than 66 ns of the simulation,
the lowest DOPE score (starting point model: SL_mDOPE) (Figure S2). After more than 66 ns of the
the SL_m2 model had slightly changed the analyzed loop’s conformation from about 1.04 Å on average
simulation, the SL_m2 model had slightly changed the analyzed loop’s conformation from about 1.04
to about 0.45 Å on average, which made it more similar to the wild-type model. The other SL models
Å on average to about 0.45 Å on average, which made it more similar to the wild-type model. The
had higher RMSD values; in a simulation where the SL_m3 model was the starting point, the RMSD
other SL models had higher RMSD values; in a simulation where the SL_m3 model was the starting
values reached the maximum at 3.21 Å. We analyzed the normal modes of the selected models using
point, the RMSD values reached the maximum at 3.21 Å . We analyzed the normal modes of the
frames collected every 1 ns and observed that points representing simulations where the wild-type
selected models using frames collected every 1 ns and observed that points representing simulations
model, the model with the lowest DOPE score, and one of the proposed loop models (SL_m2) had been
where the wild-type model, the model with the lowest DOPE score, and one of the proposed loop
used as starting points, were all found in the same conformational space, while points representing two
models (SL_m2) had been used as starting points, were all found in the same conformational space,
other simulations were found separately. The normal modes graph showed also that the SL models are
while points representing two other simulations were found separately. The normal modes graph
focused in small groups, which suggests that each model adopts a particular conformation and does
showed also that the SL models are focused in small groups, which suggests that each model adopts
not switch to others (Figure 3A). By comparing the normal modes of the simulations of the SL models
a particular conformation and does not switch to others (Figure 3A). By comparing the normal modes
with the simulation of the wild-type structure, we were able to select the method of loop reconstruction
of the simulations of the SL models with the simulation of the wild-type structure, we were able to
which gave the model that was the most similar to the wild-type. We also averaged the coordinates of
select the method of loop reconstruction which gave the model that was the most similar to the wildeach model during the whole simulation run to search for the closest converged model. The structure
type. We also averaged the coordinates of each model during the whole simulation run to search for
of the model with the lowest DOPE score averaged along the simulation frames was the most similar
the closest converged model. The structure of the model with the lowest DOPE score averaged along
to the averaged structure of the wild-type model (Table 1, Figure S4). These results are in agreement
the simulation frames was the most similar to the averaged structure of the wild-type model (Table
with the commonly used approach, and the selection of the model with the lowest DOPE score for the
1, Figure S4). These results are in agreement with the commonly used approach, and the selection of
reconstruction of a static loop can be recommended. The high number of created loop models will only
the model with the lowest DOPE score for the reconstruction of a static loop can be recommended.
improve model quality.
The high number of created loop models will only improve model quality.
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Figure 3. Normal modes analysis results of the (A) static loop (SL) and (B) flexible loop (FL) simulations
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2.2. Flexible Loop Reconstruction
2.2. Flexible Loop Reconstruction
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of the are
wild-type
model.
Although
in the PDBwe
database
crystal
results
with
simulations
of
the
wild-type
model.
Although
in
the
PDB
database
three
different
crystal
structures of AnEH are available, each of them has a gap of missing coordinates in the FL region.
structures we
of AnEH
areapproach
available,that
each
themto
has
gapanalysis,
of missing
coordinates
in the FL
region.
Therefore,
used an
is of
similar
thea SL
using
the FL_mDOPE
model
as
Therefore,
we
used
an
approach
that
is
similar
to
the
SL
analysis,
using
the
FL_mDOPE
model
as
the
the reference point and the FL models gave significantly different results. Two of the loop models
reference
point and
the(FL_m1
FL models
significantly
different
results. Two
of the
models used
used
as starting
points
and gave
FL_m3)
underwent
conformational
changes
in loop
the reconstructed
as
starting
points
(FL_m1
and
FL_m3)
underwent
conformational
changes
in
the
reconstructed
flexible loop region; during these simulations, the RMSD values reached the maximum at 3.83 and
flexible
loop region; At
during
the RMSD
reached
themodel
maximum
at 3.83
and
3.06
Å, respectively.
aboutthese
68 nssimulations,
of the simulation
time, values
where the
FL_m3
was the
starting
3.06
Å
,
respectively.
At
about
68
ns
of
the
simulation
time,
where
the
FL_m3
model
was
the
starting
point, we observed changes in its overall conformation from 2.06 up to 3.29 Å (Figures S3 and S5).
point,
we observed
changesshowed
in its overall
conformation
fromloop
2.06models
up to 3.29
and S5).
The
normal
modes analysis
that the
three proposed
usedÅ as(Figures
startingS3
points
for
The
normal
modes
analysis
showed
that
the
three
proposed
loop
models
used
as
starting
points
for
MD simulations (FL_m1, FL_m2, and FL_m3) were found in a different conformational space to the
MD
simulations
(FL_m1,
FL_m2,
and
FL_m3)
were
found
in
a
different
conformational
space
to
the
simulation of the model with the lowest DOPE score (FL_mDOPE). Also, the points representing the
simulation of
withloop
the lowest
(FL_mDOPE).
Also, and
the points
representing
the
simulations
ofthe
themodel
proposed
modelsDOPE
were score
spread
out on that space
overlapped
with each
simulations
of
the
proposed
loop
models
were
spread
out
on
that
space
and
overlapped
with
each
other, whereas the simulation of the FL_mDOPE model was separated (Figure 3B). The analyzed FL is
other, whereas
the simulation
of core
the FL_mDOPE
modelnot
was
separated by
(Figure
The analyzed
FL
located
at the border
between the
and cap domains,
surrounded
other 3B).
secondary
structures,
is located
at the
border
between
and cap domains,
surrounded
by other secondary
and
therefore
displays
greater
scopethe
forcore
conformational
changesnot
than
the static loop.
structures, and therefore displays greater scope for conformational changes than the static loop.
2.3. Flexible and Static Loops’ Comparison
2.3. Flexible and Static Loops’ Comparison
During the analysis of the differences between the simulations of the FL and SL models, we found
During
the analysis
of the differences
between
simulations
of the FL
we
that the
distribution
of geometry-based
parameters
wasthe
significantly
different.
Forand
the SL
FL models, the
found that related
the distribution
of geometry-based
parameters
was significantly
different.ach-ach-dist
For the FL
parameters
with the loop’s
arch-shape, such
as loop-ref-min,
loop-max-distance,
models,
the parameters related
withdistributed
the loop’s arch-shape,
such
as loop-ref-min,
and
loop-anchor-mean,
are widely
(RSD > 8%),
whereas
for the SLloop-max-distance,
models, only the
ach-ach-distshows
and loop-anchor-mean,
widely
distributed
(RSD
> 8%),
whereas
ach-ach-dist
such high varianceare
(RSD
= 12.9%)
(Table S1).
The
position
of thefor
SL the
loopSLismodels,
limited
only the ach-ach-dist shows such high variance (RSD = 12.9%) (Table S1). The position of the SL loop
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is
by the secondary
neighboring
secondary
and
therefore
number
of its possible
by limited
the neighboring
structures
and structures
therefore the
number
of its the
possible
conformation
is also
conformation
is
also
restricted.
Hence,
the
main
shape
of
the
SL
remains
unchanged,
and
the greatest
restricted. Hence, the main shape of the SL remains unchanged, and the greatest variability
of the
variability
of
the
created
models
is
between
the
anchoring
residues
(Figure
2A).
We
believe
that
this
created models is between the anchoring residues (Figure 2A). We believe that this is a quite common
is
a
quite
common
situation
for
static
loop
reconstruction
to
fill
the
gap
between
other
secondary
situation for static loop reconstruction to fill the gap between other secondary structures of the protein.
structures
of the
protein.
As for the
ofby
theadjacent
loop is not
restricted
by adjacent
As
for the FL
model,
the position
of FL
themodel,
loop isthe
notposition
restricted
secondary
structures;
the
secondary
structures;
the
FL
might
be
exposed
towards
the
solvent
or
coiled
near
the
protein
surface
FL might be exposed towards the solvent or coiled near the protein surface or, as it is in our case,
or,
asthe
it isentrance
in our case,
near
the entrance
the also
active
site. We
also found that
the loop-ref-min,
near
to the
active
site. Weto
have
found
thathave
the loop-ref-min,
loop-max-distance,
loop-max-distance,
FL models,parameters
and ach-ach-dist
the statistically
SL models,
ach-ach-dist for theach-ach-dist
FL models, for
andthe
ach-ach-dist
for theparameters
SL models,for
show
show
statistically
significant
differences.
The
changes
in
the
loop-anchor-mean
parameter
significant differences. The changes in the loop-anchor-mean parameter describe the ability of describe
the loop
the
ability
the loop
to bend
and adopt different
conformations.
in the case of
SL
to bend
andofadopt
different
conformations.
Therefore,
in the case ofTherefore,
the SL reconstruction,
wethe
were
reconstruction,
we
were model
able toon
select
the “best”
on the the
basis
of therepresenting
PCA results;simulations
the points
able to select the
“best”
the basis
of themodel
PCA results;
points
representing
simulations
where
the
SL_m2
and
SL_mDOPE
were
used
as
starting
points
were
where the SL_m2 and SL_mDOPE were used as starting points were overlapping with the simulation
overlapping
with
the simulation
the representing
wild-type structure.
Also, the
representing
each
of the wild-type
structure.
Also, the of
points
each simulation
werepoints
less spread
out (Figure
3).
simulation
were
less
spread
out
(Figure
3).
In
the
case
of
the
FL
reconstruction,
where
the
structure
In the case of the FL reconstruction, where the structure of the wild-type was unknown, the PCA
of
the wild-type
was unknown,
PCA
results were
ambiguous,
since the
three
simulations
of
results
were ambiguous,
since thethe
three
simulations
of particular
FL models
used
as starting
points
particular
FLwhile
models
starting points
overlapped,
separated
andrepresented
less spread
overlapped,
oneused
wasas
separated
and less
spread out.while
The one
less was
spread
out points
out.
The
less
spread
out
points
represented
the
simulation
of
the
FL
model
with
the
lowest
the simulation of the FL model with the lowest DOPE score (FL_mDOPE), which was foundDOPE
in the
score
found
in the same
spaceofasSL,
thepossibly
simulation
of the wildsame (FL_mDOPE),
conformationalwhich
space was
as the
simulation
of theconformational
wild-type structure
suggesting
that
type
structure
of
SL,
possibly
suggesting
that
the
FL_mDOPE
model
represents
static-like
the FL_mDOPE model represents static-like conformation rather than flexible-like (Figure 4). On the
conformation
flexible-like
(Figure 4). On
thethree
other
hand,
the points
representing
the
other hand, therather
pointsthan
representing
the simulations
of the
other
FL models
(FL_m1,
FL_m2, and
simulations
of
the
three
other
FL
models
(FL_m1,
FL_m2,
and
FL_m3)
were
widely
spread
across
the
FL_m3) were widely spread across the conformational space and overlapped with each other, which
conformational
and overlapped
with each
other,
which
might
might suggest thespace
possibility
of conformational
changes
of the
analyzed
FL,suggest
which isthe
alsopossibility
intuitively of
in
conformational
changes
of
the
analyzed
FL,
which
is
also
intuitively
in
agreement
with the FL
agreement with the FL characteristics.
characteristics.

Figure 4. The results of normal modes analysis of five repetitions using particular FL models as a
Figure 4. The results of normal modes analysis of five repetitions using particular FL models as a
starting point for simulation during (A) 100 and (B) 500 ns MD runs. For picture clarity, only every 5th
starting point for simulation during (A) 100 and (B) 500 ns MD runs. For picture clarity, only every
point on the right panel is shown. The points representing FL_m1 are blue, FL_m2 are red, FL_m3
5th point on the right panel is shown. The points representing FL_m1 are blue, FL_m2 are red, FL_m3
are green, and FL_mDOPE are orange. The points representing each group of simulations with a
are
green, FL
andmodel
FL_mDOPE
orange.point
The points
representing
each
group of
withthe
a
particular
used asare
a starting
are widely
spread and
overlap.
Onsimulations
the left panel,
particular
FL
model
used
as
a
starting
point
are
widely
spread
and
overlap.
On
the
left
panel,
the
points representing the FL_mDOPE model populate a region of the conformational space which is not
points
the FL_mDOPE
a region
of the conformational
space which
is
visited representing
by other models.
On the rightmodel
panel,populate
the points
representing
the FL_m1 and FL_m2
models
not
visiteda by
otherofmodels.
On the right panel,
the FL_m1
and
models
populate
region
the conformational
space the
notpoints
visitedrepresenting
by other models
(shown
asFL_m2
(a) (blue)
and
populate
a
region
of
the
conformational
space
not
visited
by
other
models
(shown
as
(a)
(blue)
and
(b) (red)) which is related to movements of the N-terminal meander. The thickness of each structural
(b)
(red))
which
is
related
to
movements
of
the
N-terminal
meander.
The
thickness
of
each
structural
element is related to its movements against the averaged structure.
element is related to its movements against the averaged structure.

2.4. The Effect of Running Repetitions of Simulations
2.4. The effect of Running Repetitions of Simulations
Since the results of the flexible loop’s reconstruction were ambiguous, we decided to run four
moreSince
repetitions
of the
eachreconstruction
FL model (FL_m1,
FL_m3,
FL_mDOPE)
to
the results
ofsimulations
the flexible of
loop’s
were FL_m2,
ambiguous,
we and
decided
to run four
enhance
the conformational
sampling.
obtained
in total
2 µs of
MD simulations
(four
models, five
more
repetitions
of the simulations
of We
each
FL model
(FL_m1,
FL_m2,
FL_m3, and
FL_mDOPE)
to
repetitions;
ns each). Wesampling.
still observed
conformational
in simulations
the reconstructed
loop, but
in
enhance
the 100
conformational
We obtained
in total 2changes
µ s of MD
(four models,
five
the
simulations
of
only
two
models
FL_m1
(in
one
run
the
RMSD
value
reached
3.83
Å)
and
FL_m3
repetitions; 100 ns each). We still observed conformational changes in the reconstructed loop, but in
(in
run the RMSD
from- 1.79
Å to
- whereas
simulations
of the3.83
twoÅother
the one
simulations
of onlychanged
two models
FL_m1
(in4.74
oneÅ)
run
the RMSD
value reached
) andmodels,
FL_m3
(in one run the RMSD changed from 1.79 Å to 4.74 Å ) - whereas simulations of the two other models,
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FL_m2 and FL_mDOPE, were stable (fluctuating around 2.0 Å) (Figures S6–S9). These observations
FL_m2 and FL_mDOPE, were stable (fluctuating around 2.0 Å ) (Figures S6–S9). These observations
are related to the shape of the reconstructed loop; during the simulations of the stable FL_m2 and
are related to the shape of the reconstructed loop; during the simulations of the stable FL_m2 and
FL_mDOPE, the loop was wrapped towards the active site, whereas during the simulations of the
FL_mDOPE, the loop was wrapped towards the active site, whereas during the simulations of the
flexible models FL_m1 and FL_m3, the loop was more solvent-exposed. Such differences are shown on
flexible models FL_m1 and FL_m3, the loop was more solvent-exposed. Such differences are shown
the normal modes graph, where points representing simulations of each FL model populate the same
on the normal modes graph, where points representing simulations of each FL model populate the
conformational space, but there are also regions where one of them prevails (Figure 4). However, the
same conformational space, but there are also regions where one of them prevails (Figure 4).
statistical analysis did not show similarities between each group of repetitions (Figure S10). To gain
However, the statistical analysis did not show similarities between each group of repetitions (Figure
insights on the conformational states of the FL and possible transitions between them, we used four
S10). To gain insights on the conformational states of the FL and possible transitions between them,
statistically significant geometrical parameters (loop-anchor-mean, loop-ref-min, ach-ach-dist, and
we used four statistically significant geometrical parameters (loop-anchor-mean, loop-ref-min, achloop-max-distance), which were employed for the loop’s shape description and clustered the states into
ach-dist, and loop-max-distance), which were employed for the loop’s shape description and
groups representing the “open”, “closed”, and “semi-open” conformations (Figure 5, Table S3). We
clustered the states into groups representing the “open”, “closed”, and “semi-open” conformations
observed that dividing the data set into more clusters caused some overlap between the averaged loop
(Figure 5, Table S3). We observed that dividing the data set into more clusters caused some overlap
conformations. The simulations of the FL_m2 model, which was also one of the most stable models,
between the averaged loop conformations. The simulations of the FL_m2 model, which was also one
did not undergo any conformational changes and were mostly in the “closed” conformation, whereas
of the most stable models, did not undergo any conformational changes and were mostly in the
during simulations of other models, switching between states occurred. Using more repetitions of the
“closed” conformation, whereas during simulations of other models, switching between states
same starting point model enhanced conformational sampling and helped determine the loops’ states.
occurred. Using more repetitions of the same starting point model enhanced conformational
We were also able to search for the most-populated loop state depending on the starting point model.
sampling and helped determine the loops’ states. We were also able to search for the most-populated
The proposed model selection method provided models that represented three different conformations
loop state depending on the starting point model. The proposed model selection method provided
of the analyzed loop during simulations (FL_m1 - the “closed” and “semi-open” conformations,
models that represented three different conformations of the analyzed loop during simulations
FL_m2 - the “closed” loop, and FL_m3 - the “open” loop), whereas the commonly used FL_mDOPE
(FL_m1 - the “closed” and “semi-open” conformations, FL_m2 - the “closed” loop, and FL_m3 - the
model remained in the “semi-open” position during the simulations and very rarely switched to other
“open” loop), whereas the commonly used FL_mDOPE model remained in the “semi-open” position
conformations (Table S2).
during the simulations and very rarely switched to other conformations (Table S2).

Figure 5. The time evolution of the four statistically significant loop parameters during five 100 ns MD
Figure 5. The time evolution of the four statistically significant loop parameters during five 100 ns
runs using particular flexible loop models as a starting point: (A) FL_m1, (C) FL_m2, (D) FL_m3, and (F)
MD runs using particular flexible loop models as a starting point: (A) FL_m1, (C) FL_m2, (D) FL_m3,
FL_mDOPE, and (B) averaged loop structures in identified conformations: “open” (green), “semi-open”
and (F) FL_mDOPE, and (B) averaged loop structures in identified conformations: “open” (green),
(orange), and “closed” (red), and (E) top view. The numbers on the horizontal axes represent the
“semi-open” (orange), and “closed” (red), and (E) top view. The numbers on the horizontal axes
simulation repetition. Please note the colored points representing each loop conformational state and
represent the simulation repetition. Please note the colored points representing each loop
how the loop changes its conformation depending on the loop model used as a starting point.
conformational state and how the loop changes its conformation depending on the loop model used
as aEffect
starting
point.
2.5. The
of Extending
the Simulation Length

extended
each run
check whether
2.5. We
The Effect
of Extending
thetoSimulation
Length we would be able to observe more transitions and
conformational changes. By extending the simulations to a total of 10 µs (four models, five repetitions,
extended
run tobetter
checkconformational
whether we would
be able
to observe
more
and
500 nsWe
each)
we did each
not ensure
sampling.
We still
observed
onlytransitions
one transition
conformational changes. By extending the simulations to a total of 10 µ s (four models, five repetitions,
500 ns each) we did not ensure better conformational sampling. We still observed only one transition
per simulation run, with only rarely switching back to the initial state (Figure 6, Table S3). The RMSD
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per
simulation
run,
switching back to the initial state (Figure 6, Table S3). The RMSD
and RMSF plots gave the same level of information on loop behavior as the 100 ns MD simulations
and RMSF plots gave the same level of information on loop behavior as the 100 ns MD simulations
with five repetitions did (Figures S11–S14). Generalized linear models (GLM) analysis showed that
with five repetitions did (Figures S11–S14). Generalized linear models (GLM) analysis showed that
the extension of the simulations did not improve the variability of the models (Table S4). We also
the extension of the simulations did not improve the variability of the models (Table S4). We also
observed that the conformational space populated during extended simulations shifted left to the
observed that the conformational space populated during extended simulations shifted left to the
top-left space of the PCA results graph. These conformational changes are related to the movements of
top-left space of the PCA results graph. These conformational changes are related to the movements
the N-terminal meander region of the AnEH structure. Longer simulations of the FL_mDOPE model
of the N-terminal meander region of the AnEH structure. Longer simulations of the FL_mDOPE
also slightly increased the sampling of the “open” loop conformation compared to shorter simulations
model also slightly increased the sampling of the “open” loop conformation compared to shorter
(7.2% of “open” conformation during 100 ns MD runs and 32.4% of “open” conformation in 500 ns
simulations (7.2% of “open” conformation during 100 ns MD runs and 32.4% of “open” conformation
MDs) (Table S3).
in 500 ns MDs) (Table S3).

Figure 6. The time evolution of the four statistically significant loop parameters during five 500 ns MD
Figure 6. The time evolution of the four statistically significant loop parameters during five 500 ns
runs using particular flexible loop models as a starting point: (A) FL_m1, (C) FL_m2, (D) FL_m3, and (F)
MD runs using particular flexible loop models as a starting point: (A) FL_m1, (C) FL_m2, (D) FL_m3,
FL_mDOPE, and (B) averaged loop structures in identified conformations: “open” (green), “semi-open”
and (F) FL_mDOPE, and (B) averaged loop structures in identified conformations: “open” (green),
(orange), and “closed” (red), and (E) top view. The numbers on the horizontal axes represent the
“semi-open” (orange), and “closed” (red), and (E) top view. The numbers on the horizontal axes
simulation repetition. Please note the colored points representing each loop conformational state and
represent the simulation repetition. Please note the colored points representing each loop
how the loop changes its conformation depending on the loop model used as a starting point. The loop
conformational state and how the loop changes its conformation depending on the loop model used
structures representing each state are close to those from a similar analysis for 100 ns MD runs.
as a starting point. The loop structures representing each state are close to those from a similar
analysis for between
100 ns MD
2.6. Relationship
theruns.
Total Energy and DOPE Score

We decidedbetween
to also the
check
theEnergy
relationships
between
2.6. Relationship
Total
and DOPE
Score the time evolution of the potential energy
of each system and their DOPE score (Figure 7). In the case of the SL reconstruction, the values of
We decided
to also
check thebetween
relationships
between the
evolution
potential
of
the DOPE
score were
comparable
the simulations
oftime
wild-type
and of
thethe
loop
model energy
with the
each system
their
DOPE score
case ofenergy
the SL of
reconstruction,
the values
ofthe
the
lowest
DOPEand
score,
SL_mDOPE.
The(Figure
values7).
of In
thethe
potential
this system were
closer to
DOPE
score
were
comparable
between
the
simulations
of
wild-type
and
the
loop
model
with
the
values observed in the simulations of other loop models than to the wild-type model. On the other
lowest
DOPE
score,
SL_mDOPE.
The
values
of
the
potential
energy
of
this
system
were
closer
to
the
hand, during the simulation of the SL_m3 model, which had the highest DOPE score and potential
values observed
the simulations
other of
loop
modelssecondary
than to thestructures
wild-type(see
model.
On theofother
energy,
the loop’sinshape
affected theofshape
adjacent
the shape
the
hand,
during
the
simulation
of
the
SL_m3
model,
which
had
the
highest
DOPE
score
and
potential
β-strand below the SL in Figure 7). In the case of the FL reconstruction, the results are quite different:
energy,the
thesimulation
loop’s shape
affected
the
shape
adjacent
secondary
structures
(seeDOPE
the shape
the βduring
of the
model
with
theof
lowest
potential
energy
values, the
scoreofvalues
strand
thewhile
SL induring
Figurethe
7). simulation
In the case of
of the
the model
FL reconstruction,
the DOPE
results score,
are quite
different:
were
thebelow
highest
with the lowest
FL_mDOPE,
during
the
simulation
of
the
model
with
the
lowest
potential
energy
values,
the
DOPE
score
the potential energy values were second lowest. The most favorable FL conformation, according values
to the
were the
highest
thewas
simulation
the model
with
the lowest
DOPE
FL_mDOPE,
DOPE
score,
was while
whenduring
the loop
partiallyoffolded
into an
α-helix,
whereas
thescore,
potential
energy
the potential energy values were second lowest. The most favorable FL conformation, according to
the DOPE score, was when the loop was partially folded into an α-helix, whereas the potential energy
favored the solvent-exposed shapes of the FL. Therefore, we recommend the potential energy as the
model evaluation method of a solvent-exposed loop rather than the DOPE score.
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Figure 7. The relationship between the potential energy of the system, its DOPE (Discrete Optimized
Figure 7. The relationship between the potential energy of the system, its DOPE (Discrete Optimized
Protein Energy) score and the shape of its reconstructed SL using particular SL models (left side) and
Protein Energy) score and the shape of its reconstructed SL using particular SL models (left side) and
FL models (right side) as starting points for simulations. The potential energy (black lines) and DOPE
FL models (right side) as starting points for simulations. The potential energy (black lines) and DOPE
score (blue lines) values are relative to show the distances between the models. The upper panel shows
score (blue lines) values are relative to show the distances between the models. The upper panel
clusters of each (A) SL and (B) FL model in the context of their potential energy during MD simulation
shows clusters of each (A) SL and (B) FL model in the context of their potential energy during MD
and the DOPE score of the loop model. The lower panel shows the shapes of the analyzed (C) SL and
simulation and the DOPE score of the loop model. The lower panel shows the shapes of the analyzed
(D) FL models in particular simulations. It should be noted that the almost α-helically folded shape of
(C) SL and (D) FL models in particular simulations. It should be noted that the almost α-helically
the FL is the most favorable by DOPE score and at the same time the least favorable in terms of the
folded shape of the FL is the most favorable by DOPE score and at the same time the least favorable
potential energy of the system.
in terms of the potential energy of the system.

3. Discussion
3. Discussion
Protein structure prediction software is specialized towards the modeling of properly packed and
Protein
structure
prediction
software
is specialized
towards thewith
modeling
of properly packed
compact
structures.
It provides
models
of high
accuracy comparable
the experimentally
solved
and compact
structures.
It providesmethods
models of
high
accuracy
comparable
with thebetween
experimentally
structures.
Many
model evaluation
have
been
developed
to discriminate
decoys
solved
structures.
Manye.g.,
model
evaluation
have DFIRE
been developed
to discriminate
between
and
native-like
models,
DOPE
score inmethods
MODELLER,
[39], VERIFY3D
[40], PROSA
[41],
decoys
and native-like
models, e.g.,
DOPE
in MODELLER,
DFIRE [39],
VERIFY3D
[40], PROSA
and
PROCHECK
[42]. Although
in the
casescore
of highly
flexible intrinsically
disordered
regions
within
[41], and[6],
PROCHECK
[42]. Although
inwhich
the case
of highly
flexible
intrinsically
disordered
regions
proteins
and solvent-exposed
loops
could
be related
to the
enzyme’s catalysis,
substrate
within proteins
[6],release,
and solvent-exposed
loops
which could
beLiu
related
the enzyme’s
catalysis,
binding,
or product
these methods can
be insufficient
[32].
et al. to
provided
a comprehensive
substrate
or product
these
methods
can beofinsufficient
[32].
Liu et al.regions
provided
review
onbinding,
computational
toolsrelease,
focused
on the
prediction
intrinsically
disordered
anda
comprehensive
review
on
computational
tools
focused
on
the
prediction
of
intrinsically
disordered
proteins [43]. In the case of flexible loop reconstruction, there is no “best” model, but a number of
regions models,
and proteins
[43].
In the
loop
is noof“best”
model, but a
“good”
which
might
be case
usedoftoflexible
observe
thereconstruction,
conformationalthere
changes
the reconstructed
number
“good” models,
which might be
used
observe their
the conformational
of the
loop.
Weof
hypothesize
that solvent-exposed
loops
aretolowering
potential energychanges
by interacting
reconstructed
loop.
We
hypothesize
that
solvent-exposed
loops
are
lowering
their
potential
energy
with water molecules in their surroundings. In a recently published study on the crystallographic
by interacting
with water
molecules
in theirhydrolase
surroundings.
a recently
study on the
structures
of Aspergillus
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crystallographic structures of Aspergillus usamii E001 epoxide hydrolase (PDB IDs: 6ix2 and 6ix4), the
reconstructed flexible loop was found in a conformation similar to the “open” state presented here
(Figure S15). Also, such hypotheses that solutes could alter loops’ conformations have been
supported by other papers, such as a work by Kim et al. [44,45] where they showed that bulky PEGs
effectively block the substrate-induced conformational changes of vitamin B12 transporter, BtuB [45].
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flexible loop was found in a conformation similar to the “open” state presented here (Figure S15).
Also, such hypotheses that solutes could alter loops’ conformations have been supported by other
papers, such as a work by Kim et al. [44,45] where they showed that bulky PEGs effectively block
the substrate-induced conformational changes of vitamin B12 transporter, BtuB [45]. β-Lactoglobulin
forms a water network to ensure an open state of a loop located near the active site. When the water
network is disturbed, the loop adopts a partially closed conformation. The loop closes access to the
active site at a pH below 7 [46]. We suggest that structure prediction software should include the water
network effect on the loops in their predictions.
In this paper, we propose a novel approach towards loop model selection and evaluation for flexible,
solvent-exposed loops, based on the statistically significant loop parameters, i.e., loop-anchor-mean,
loop-ref-min, ach-ach-dist and loop-max-distance, describing the loop’s shape. We have also found
that the distribution of geometry-based parameters is different in FL and SL models, giving us a
simple method to distinguish between those two different loop types. The SL models have a wider
distribution of the ach-ach-dist parameter related to the distance between loop anchoring residues.
This suggests that the general shape of the SL remains the same, while the most diverse part is the
anchoring residues. Although the distance between the anchoring residues might affect the accuracy of
the loop prediction [32,47], we think that this is not the case here. The SL models retain most contacts
with the surrounding residues and therefore remain in almost the same position in every 10,000
loop models. In the case of FL, all four parameters have shown great variability and we have found
statistically significant differences in their distributions, hence we were able to identify several FL
loop’s conformations without the use of molecular dynamics simulations. In our systems of interests,
the FL is located at the border between the core and the cap domains, where it is distant from the other
secondary structures and may be interacting with the solvent.
We have also shown that in the case of static loop reconstruction, the DOPE scoring method is
efficient (when using a relatively large set of created models) and provides accurate models. On the
other hand, we have shown that in the case of flexible loops, the DOPE score would favor partially
folded structures rather than solvent-exposed conformations which could be adopted by flexible loops
engaged in catalytic processes. Therefore, for the reconstruction of flexible, solvent-exposed loops,
which are often missing from the crystal structures, we propose the use of the potential energy rather
than DOPE score to evaluate the model. We have shown also how the loop reconstruction approach
can be used to identify alternative flexible loop conformations.
We have also shown that extending the simulations’ length from 100 up to 500 ns does not
significantly enhance the conformational sampling or provide better understanding of the transitions
between the loop’s states. In contrast, we observed AnEH’s conformational changes related to the
N-terminal region’s movements when we extended the simulations, in line with the study of [48].
We therefore recommend for MD simulations using more repetitions of sufficient length, rather than
extending the simulations towards microsecond lengths. Longer unrestrained simulations might have
a tendency to move away from the native-like structures [49].
4. Materials and Methods
4.1. Loop Reconstruction
The Aspergillus niger epoxide hydrolase (AnEH, PDB ID: 1qo7 [50]) and Bombyx mori juvenile
hormone epoxide hydrolase (BmJHEH, PDB ID: 4qla [51]) structures were downloaded from the
Protein Data Bank (PDB). Both AnEH and BmJHEH belong to the microsomal epoxide hydrolase
sub-family, share the α/β-hydrolase scaffold [33], and their sequences are 29.4% identical, according
to a BLAST search [52]. The structure of AnEH has a gap of missing coordinates representing a
9-amino-acid-long loop region, which represents the flexible loop. The other available crystal structures
(PDB IDs: 3g02 and 3g0i [53]) are also missing such information. This AnEH region corresponds to
the BmJHEH extended all-α cap domain region with residual flexibility only, which is the static loop
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template for the missing flexible loop. The BmJHEH structure is complete and there are no other
isoforms available on the PDB database. For comparison, we have selected two corresponding loops
representing static loops in both structures. They are located between the β5 strand and the α5 helix of
the conserved α/β-hydrolase scaffold. In the latter part of this paper, we shall refer to loops involved in
static loop reconstruction as SL and those used in flexible loop reconstruction as FL. The corresponding
SL and FL were reconstructed using MODELLER 9.17 to build 10,000 homology models for each loop
following the Basic homology modeling tutorial (https://salilab.org/modeller/tutorial/basic.html). Each
homology model was optimized and then refined using molecular dynamics with simulated annealing
(md_level=refine.very_slow). Figure S1 shows the diagram of the loop reconstruction and model
selection method.
4.2. Model Selection
As the input data, the DOPE and SOAP scores obtained from MODELLER 9.17 were combined
with nine geometrical parameters describing the loop’s shape (see Figure 1):
-

-

-

loop-anchor-mean: mean distance from the Cα atoms of loop residues and the centroid of the Cα
atoms of the loop attachment points (residues 188 and 196 in BmJHEH and residues 318 and 326
in AnEH),
loop-ref-min: minimum distance from the Cα atoms of loop residues to the centroid of the Cα
atoms of a conserved Trp residue located in the proximity of the active site in both structures
(Trp154 in BmJHEH and Trp117 in AnEH),
ach-ach-dist: distance between the Cα atoms of the attachment points,
loop-max-distance: maximum distance between Cα atoms of the loop,
every-two-mean: mean value of the distance between Cα atoms of every second residue of
the loop,
every-three-mean: mean value of the distance between Cα atoms of every third residue of
the loop,
loop-max-cons-distance-bb: maximum distance between the loop backbone atoms (Cα, C and N),
loop-prot-sh: the minimum distance between the loop and protein (non-loop) atoms,
loop-prot-v2a: measure of loop sphericity; a ConvexHull approximation of the volume to area
ratio of the loop.

The calculated data were then preprocessed using WEKA software [54], using its implementation
of principal component analysis (PCA) to reduce the variability of the geometry-based parameters.
Clustering was then performed using a Simple K-means method to divide the preprocessed data into
separate clusters. As a representative of each cluster, the model which was the median was chosen. The
model with the lowest DOPE score, which represents the most commonly used approach for model
selection, was chosen for comparison. As a result of the model selection method, median models for
SL and FL were selected; we shall refer to them as SL_m1, SL_m2, and SL_m3 for models of the static
loop, and as FL_m1, FL_m2, and FL_m3 for models of the flexible loop. The models with the lowest
DOPE score are marked in the latter part of the paper as SL_mDOPE and FL_mDOPE for the static and
flexible loop models, respectively.
4.3. Statistical Analysis of Loop Parameters
To model the relationship between the parameters and simulation lengths, we used generalized
linear model analysis with a Poisson distribution and log link function for all measurements [55]. Only
significant relationships between the parameters and models were chosen for further analyses. DOPE
and SOAP scores were log model transformed to improve the performance of the models. Post hoc
Tukey’s honestly significant difference (HSD) tests were used to determine the statistical significance
of differences in mean parameters and simulation lengths (sim). Statistical analyses were performed
using STATISTICA software [56].
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4.4. Molecular Dynamics Simulations and Normal Modes Analysis
H++ server [57] was used to protonate each structure using standard parameters and pH 7.5.
LEaP [58] was used to add counterions and immerse models in a truncated octahedral box of TIP3P
water molecules. Water molecules were placed inside the protein using the combined methods of
3D-RISM [58] and the Placevent algorithm [59]. Amber 14 [58] was used to run one 100 ns simulation
of BmJHEH wild-type and the selected models, and 500 ns simulations of AnEH loop models. The
minimization procedure consisted of 2000 steps, involving the 1000 steepest descent steps, followed
by 1000 steps of conjugate gradient energy minimization, with decreasing constraints on the protein
backbone (500, 125, and 25 kcal·mol−1 ·Å−2 ) and a final minimization with no constraints on conjugate
gradient energy minimization. Gradual heating was performed from 0 to 300 K over 20 ps using a
Langevin thermostat with a temperature coupling constant of 1.0 ps in a constant volume periodic
box. Equilibration and production were run using constant pressure periodic boundary conditions
for 2 ns with a 1 fs time step and 100 ns with a 2 fs time step, respectively. A constant temperature
was maintained using the weak-coupling algorithm for 100 ns of the production simulation time,
with a temperature coupling constant of 1.0 ps. Long-range electrostatic interactions were modeled
using the Particle Mesh Ewald method with a non-bonded cut-off of 10 Å and the SHAKE algorithm.
The coordinates were saved at intervals of 1 ps. The normal modes analysis was conducted by
CPPTRAJ [60] from the Amber18 suite, the coordinates being saved every 1 ns.
5. Conclusions
Using the model selection method based on geometrical parameters presented in this paper,
we were able to determine different loop conformations without using MD simulations. Such a
model selection method is also useful for discrimination between static and flexible loops, since
their shapes and overall behavior are different. We also pointed out the effect of the solvent on the
loop’s conformations. The flexible, solvent-exposed loops might by lowering their potential energy by
interacting with the water molecules from the solvent.
Supplementary Materials: Supplementary materials can be found at http://www.mdpi.com/1422-0067/21/7/2293/s1.
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Abstract
Motivation: The identification and tracking of molecules which enter active site cavity requires
screening the positions of thousands of single molecules along several thousand molecular dynamic
steps. To fill the existing gap between tools searching for tunnels and pathways and advanced tools
employed for accelerated water flux investigations, we have developed AQUA-DUCT.
Results: AQUA-DUCT is an easy-to-use tool that facilitates analysis of the behaviour of molecules
that penetrate any selected region in a protein. It can be used for any type of molecules, e.g. water,
oxygen, carbon dioxide, organic solvents, ions.
Availability and Implementation: Linux, Windows, macOS, OpenBSD, http://www.aquaduct.pl.
Contact: a.gora@tunnelinggroup.pl or info@aquaduct.pl
Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction
Enzymes provide their service immersed in a solvent that contributes
to catalyst stability, activity and selectivity (Hendil-Forssell et al.,
2015; Richard et al., 2014). In enzymes with a buried active site and
connected to the surrounding solvent by tunnels, the solvent flux can
be controlled much more precisely by the molecular properties of
amino acids constituting tunnels, or in more sophisticated enzymes by
gates controlling the opening and closing of the access pathways (Gora
et al., 2013). Information regarding the exchange of solvent molecules
between the protein core and a bulky solvent is embodied in the results
of molecular dynamic (MD) simulations. However, due to the requirements of the simultaneous tracking of many thousand interactions, the
results for particular molecules are difficult to access. To the best of
our knowledge, there is no universal software that could facilitate this
type of analysis. Existing methods provide only visual information regarding water traffic (Vassiliev et al., 2010) or use an advanced approach to direct the water flow in a particular direction (Benson and
Pleiss, 2014). Other existing tools can provide information about the
geometry of possible tunnels, however, since there are overlooked
chemical properties of amino acids, the detected pathways do not have

to correspond to their actual usage (Brezovsky et al., 2013, 2016).
AQUA-DUCT (AQ) is filling this gap and facilitates the analysis of the
movement of any small ligand(s) during MD simulations.

2 How does it work?
AQ is a tool for tracing, analyzing and visualizing molecular trajectories
throughout MD simulations. Calculations in AQ are divided into 6
stages, which include statistical analyses and subsequent visualization
(Supplementary Fig. S1). During the first stage, a list of all the molecules
to trace is created. This is performed by screening the entire trajectory
for molecules that enter a user-defined region of interest, the so-called
object region of the macromolecule. AQ then traces molecules only
within the second user-defined region, i.e. the scope region which usually encompasses the entire macromolecule (Fig. 1). The second stage of
calculations relates the list of all traceable molecules to abstract coordinates at the center of masses for each molecule in all frames of the MD
simulation. This result, stored as a list of raw paths, is used in the third
stage of calculations to create a list of separate paths. Each path comprises data for one molecule. A molecule may enter and leave the scope
and the object areas many times over an entire MD simulation. Each
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Input data: The compulsory user input is minimal; by default AQ
requires only MD data and definition of the scope and object areas.
Parsing of the MD data is implemented using the MDAnalysis library
(Michaud-Agrawal et al., 2011) and therefore AQ uses MDAnalysis
Selection Commands for definitions of the scope and object. Each object
definition should be comprised of two elements: name(s) of the molecules
that will be traced (e.g. WAT for water molecules) and spatial constraints
that limit the area of the object. The scope can be defined in a similar
manner, i.e. by providing the name of the molecules and some spatial
constraints that should be broad enough to encompass the object.
Another possibility is to define the scope as an interior of a convex hull
of some atoms, for example, the macromolecule backbone atoms.

Statistics: The results of AQ calculations are summarized in a collection of tables and saved into a separate text file (Supplementary
Fig. S8). The tables begin with some general data such as the number
of traced molecules, number of paths, inlets and clusters. Then,
more specific statistics are presented, such as sizes of clusters, mean
lengths of paths belonging to particular cluster–cluster transitions,
and exact lengths of all paths.
AQ can optionally smooth raw paths. This smoothing can be used
for visualization purposes, or can also be effective for statistical calculations. In the latter case, the original (raw) traces are replaced by the
smoothed ones to diminish the Brownian character of the paths. This
decline of Brownian character depends on the smoothing method employed and consequently impacts the results of statistical analyses.
Visualization: AQ uses PyMOL (PyMOL, Schrödinger, 2014)
for visualization purposes and can prepare visualization objects in
two different ways. It can either start PyMOL, provide it with visualization data, and save a session file, or it can prepare a visualization script that can be later used to load data into PyMOL. The
latter method can be very useful in command line only environments
and does not require access to PyMOL or graphic mode.
AQ offers visualization of all found paths including averaged
paths generated for transition phenomena. Paths can be visualized in
a raw form or after optional smoothing (Fig. 1). Incoming, outgoing
and object components of all paths are displayed in different colors.
Clusters are visualized as scatters of spheres. It is also possible to display only selected frames of MD simulation and convex hull shapes.
Data analysis: Analysis of statistical data allows the user to gather
precise information regarding tunnel network usage, the number of molecules that enter and egress from a specific region of the protein, and information about ligands that traverse a protein i.e. enters and leaves by a
different exit (Supplementary Table S3). Analysis of visualization can
identify the paths and cavities penetrated by ligands (Supplementary Figs
S5 and S9) and key residues that control or block the flow of molecules
through the proteins tunnel networks (Supplementary Figs S10–S12).
Other: AQ implements several algorithms for smoothing paths,
and it also has a method for trimming paths down to the surface of
the macromolecule (Supplementary Figs S6 and S7).
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Fig. 1. Summary of AQ results. View of the protein (frame 1) shown in gray. The
convex hull of alpha carbon atoms (frame 1) is displayed as a magenta frame. The
object shape (colored orange) is visualized as a convex hull of atoms in the object
area. Clusters are displayed as scatterings of sand, cyan, purple and gray spheres.
Smooth paths of traced water molecules are displayed as lines. Red, green and blue
lines correspond to incoming, object and outgoing parts, respectively. The number
of molecules which enter or egress a specific tunnel, as well as those which permanently occupy the active site, are provided. Numbers and arrows were added in postprocessing (Color version of this figure is available at Bioinformatics online.)
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event is considered by AQ to be a separate phenomenon and is thus represented by a distinct separate path. However, the ID and number of occurrence are retained and can easily be retrieved.
Each separate path can be divided into three components: incoming, object and outgoing. The incoming component corresponds to the
path that runs from the point in which a molecule enters the scope to
the point in which it enters the object for the first time. The outgoing
component corresponds to the path that runs from the point at which
the molecule finally leaves the object to the point that it leaves the
scope and thus the separate path ends. The remainder of the separate
path corresponds to the object component in which a molecule may
leave and enter the object many times but it never leaves the scope.
Each of the separate paths has a beginning and an end. If either or
both of these are at the boundaries of the scope, they are considered as
inlets, i.e. points that mark where the traceable molecules enter or leave
the scope. The fourth stage of AQ calculations uses inlets to find clusters that are anticipated to mark the endings of tunnels in the macromolecule (Fig. 1). Next, clusters are used to arrange separate paths into
groups that correspond to the flux of the examined molecules through
the macromolecule inside separated tunnels or between different tunnels. Optionally, paths belonging to the particular transition can be
averaged and one mean path is created thereby allowing for convenient
visualization and calculation of the general transitional properties.
The last two stages involve statistical analyses (Supplementary
Fig. S8) and visualization of the results (Fig. 1).
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Abstract
Motivation: Tunnels, pores, channels, pockets and cavities contribute to proteins architecture and performance.
However, analysis and characteristics of transportation pathways and internal binding cavities are performed separately. We aimed to provide universal tool for analysis of proteins integral interior with access to detailed information
on the ligands transportation phenomena and binding preferences.
Results: AQUA-DUCT version 1.0 is a comprehensive method for macromolecules analysis from the intramolecular
voids perspective using small ligands as molecular probes. This version gives insight into several properties of macromolecules and facilitates protein engineering and drug design by the combination of the tracking and local mapping approach to small ligands.
Availability and implementation: http://www.aquaduct.pl.
Contact: info@aquaduct.pl
Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

2 Materials and methods

One of the most extensively used methods for the in silico study of
macromolecules is molecular dynamics (MD) simulation. MD simulations have increased our knowledge of the conformational changes
of proteins’ regulatory elements such as gates (Gora et al., 2013) or
loops (Kreß et al., 2018). They improved our understanding of the
role of water in protein folding and stability, in shaping enzyme activity and selectivity, or in drug design (Mondal et al., 2017;
Spyrakis et al., 2017). Finally MD simulations enabled analysis of
intramolecular voids, described as cavities (Stank et al., 2016) and
tunnels (Kingsley and Lill, 2015; Marques et al., 2016), contributing
to the macromolecules’ stability, functionality, activity and selectivity (Kokkonen et al., 2019). More than 64% of enzymes are
equipped with active sites buried inside the protein core (Pravda
et al., 2014), and investigation of the ligands’ entry pathways is considered as essential for future improvements in de novo designed
enzymes (Huang et al., 2016). However, the description of protein
interior dynamics is not a trivial problem, since the commonly used
sphere approximation fails to give an accurate description of asymmetric volumes and neglects the physicochemical properties of the
interior—factors essential for the transportation of reagents
(Kaushik et al., 2018).

AQUA-DUCT 1.0 is an extension of the approach focused on molecules tracking (Magdziarz et al., 2017). It goes beyond identification
of the functionally relevant tunnels towards identification of structurally important residues and/or regions of macromolecules, approximation of free energy profiles of transportation pathways and
an analysis of the evolution of the voids’ and hot-spots dynamics
(Fig. 1 and Supplementary Fig. S1). It reverses the standard approach of describing the evolution of macromolecules’ dynamics
through their atoms’ movement analysis and enables investigation
of macromolecules from the perspective of ‘intramolecular voids’.
To achieve this goal, we sample macromolecules’ dynamics employing small entities in simulations (most frequent water molecules, but
also other co-solvent, ions or other ligands). They are used as specific ‘chemical probes’, and their trajectories (Supplementary Figs S2
and S3) and occupancies (Supplementary Fig. S4) are analyzed to
discriminate between functionally relevant compartments and to
overcome the limitations of geometrically based approaches.

C The Author(s) 2019. Published by Oxford University Press.
V

2.1 Small molecules tracking analysis
AQUA-DUCT 1.0 allows not only to detect, describe and compare
tunnels’ relevance and performance based on the number of
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identification of functionally important residues (e.g. gates) or molecules (e.g. catalytic water molecules), the description of hydrophilic/
hydrophobic regions in the protein core (Supplementary Figs S11
and S12) and also for drug design (Fig. 1e).

2.3 Modes

3 Conclusions
Fig. 1. An example of AQUA-DUCT analysis. (a) Paths (lines) and entry/exit locations (small balls) of water molecules passing via cytochrome P450 3A4-binding
cavity during 50-ns MD simulation. (b) Statistical data of tunnels entry utilization
(upper) and flow between tunnel entries (lower part). Colors reflect ones used in (a).
N indicates trajectories which start or end in protein interior. (c) Energy profile of
water transportation between ‘2e’ and ‘s’ tunnel entries (shown as isolines) in cytochrome P450 3A4. The smoothed path colored according to energy scale, the energy
profile calculated in 10-ns time-window. (d) Rare events analysis—detected leakage
of water molecules in LinB haloalkane dehalogenase via pathway used for de novo
tunnel design. Main tunnels entries are shown as isolines, leaking molecules as small
balls. Modified residues indicated by red sticks. (e) Hot-spots of water (blue spheres)
and DMSO (red spheres) identified by distribution analysis in human epoxide
hydrolase in 50-ns simulation (middle panel). Inner pockets shown in surface representations. Overlap of detected hot-spots and inhibitors during analysis of different
time frames of simulations are shown on bottom (3-[4-(benzyloxy)phenyl]propan-1ol) and top (6-amino-1-methyl-5-(piperidin-1-yl)pyrimidine-2,4(1H,3H)-dione)
panel. (Color version of this figure is available at Bioinformatics online.)

Our method is able to analyze dynamic changes in the spatial distribution of the physicochemical properties with user-defined timescales and resolution, and also with easy and fast insight into the
geometry of macromolecules’ interiors and the approximation of
transport energy barriers via particular pathways. The application
of ‘ligands-tracking’ and ‘local-distribution’ approaches together
with the introduction of a ‘chemical probe’ overcomes most of the
limitations of currently available tools. The user receives direct access to information about the active site, potential hot-spots, functional residues, the network of internal transportation pathways and
functional voids and cavities and benefits from modules that can facilitate the understanding of macromolecules, protein engineering
and drug design.
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The AQUA-DUCT 1.0 provides four distinct modes of analysis
(Supplementary Fig. S13). The standard mode is used for the routine
analysis of a single MD simulation. The sandwich mode enables the
parallel analysis of multiple runs of individual simulations with different topologies (approximation of a macroscopic picture of the
analyzed molecule). The time-window mode allows the analysis of
long trajectories in pre-defined time windows and thus facilitates the
identification of equivalent or alternative states (Supplementary Fig.
S12). Different and rare conformations can be correctly described
with the consolidator mode (Supplementary Fig. S14). Pre-selected
frames of the simulation can be merged together to provide a
pre-treated trajectory with enhanced sampling of a rare event [e.g.
substrate entry (Supplementary Fig. S14) or the rare opening of an
alternative pathway Fig. 1d] and efficiently analyzed. The obtained
data can be used for the alternative design of enhanced catalysts or
new inhibitors, as well as used as high-quality preliminary data comparable with Markov model results.
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D-amino acid oxidase (DAAO) degrades D-amino acids to produce α-ketoacids, hydrogen
peroxide and ammonia. DAAO has often been investigated and engineered for industrial
and clinical applications. We combined information from literature with a detailed analysis of
the structure to engineer mammalian DAAOs. The structural analysis was complemented
with molecular dynamics simulations to characterize solvent accessibility and product
release mechanisms. We identified non-obvious residues located on the loops on the border
between the active site and the secondary binding pocket essential for pig and human
DAAO substrate specificity and activity. We engineered DAAOs by mutating such critical
residues and characterised the biochemical activity of the resulting variants. The results
highlight the importance of the selected residues in modulating substrate specificity, product
egress and enzyme activity, suggesting further steps of DAAO re-engineering towards
desired clinical and industrial applications.
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Introduction
D-amino acid oxidase (DAAO) catalyses the dehydrogenation of nonpolar and hydrophobic Damino acids (EC 1.4.3.3) [1]. Previous investigations in yeast and mammalian DAAOs have elucidated copious details on the reaction mechanism using structural characterization [1–9]. Residues in the first shell of DAAO’s active site position the substrate against the mandatory
cofactor, flavin adenine dinucleotide (FAD), which is noncovalently bound to DAAO. The
cofactor FAD receives hydrogen from the substrate to produce an intermediate imino acid and
hydrogen peroxide. The imino acid spontaneously deaminates to its respective α-ketoacid and
releases ammonia. Oxygen channels bring molecular oxygen into the active site, which reoxidizes FAD at the end of the reaction cycle [10,11]. Despite the presence of water molecules in
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the active site that assist in hydrogen peroxide production, the hydrophobic environment
around FAD is imperative for the substrate oxidation step [1,5,6,8,10,12].
Many similarities can be identified among DAAOs from yeast (Trigonopsis variabilis,
TvDAAO, and Rhodotorula gracilis, RgDAAO) and mammals (pig, pkDAAO, and human,
hDAAO). Notwithstanding their overall structural similarity, yeast DAAOs differ from the
mammalian DAAOs in their stability, activity, the rate-limiting step and substrate specificity
[1,2,4,13]. Both pkDAAO and hDAAO possess an ‘active site loop’ that functions as the ‘lid’ of
the funnel-shaped entrance to the active site [1–3,6,9,12–15]. The active site plasticity of both
pkDAAO and hDAAO is the result of the remarkable conformational dynamics exhibited by
the lid loop, which consists of a key residue (Y224) that functions as a gate [12,16] and is an
essential residue for DAAO activity. The lid loop movement regulates access to the active site,
inhibitor/substrate specificity and provides the hydrophobic environment required around
FAD. The slow conformational switching of the lid loop and Y224 from the closed to open position influences product release, which defines the rate-limiting step of pkDAAO and hDAAO
[1,2,9,10,14,17,18].
Besides the active site, pkDAAO and hDAAO are equipped with a hydrophobic secondary
binding site, whose entrance is lined by hydrophobic residues. The secondary binding site, in
particular, influences the orientation/specificity of the substrate/inhibitor in mammalian
DAAOs [1–3,5,6,16–19]. Yeast DAAOs, which lack the sophisticated features of pkDAAO and
hDAAO, such as the dynamics of the lid loop and the Y224 gate, as well as a well-defined secondary binding pocket, have FAD reduction as the rate-limiting step.
Many intensive engineering investigations have been performed on yeast and mammalian
DAAOs [1,2,9,14,15,20–25] by mutating multiple residues (including those located in various
loops) to investigate possible modifications of functional properties. The activity of DAAO has
been shown to be essential for human health. Therefore, DAAO-related substrates, analogues,
metabolites, and inhibitors have been proven to be valuable, not only for industrial and biotechnology purposes but also in pharmaceutical applications [26–39]. However, the complete
mechanisms of product release, substrate specificity modulation and activity variation among
DAAOs remain unclear.
Growing evidence highlights the importance of access pathways and gates as crucial features regulating the activity and substrate specificity of enzymes with a buried active site [40–
43]. Since pkDAAO and hDAAO have a buried active site and product egress is their rate-limiting step, we concentrated on the initial analysis on their active sites, secondary binding sites
and surroundings [3,4]. Solvent access investigations presented substantial details and identified critical residues, which were congruent with available literature data on (i) the structure
and functional characterization of DAAOs [1–24,28–37], (ii) the analysis of the dynamics of
the D-amino acid oxidase–benzoate complex of pkDAAO [44] and (iii) the aromatic cage regulating active site access and modulating the features of monoamine oxidase (MAO) [45].
Over 50 pkDAAO and hDAAO variants were designed and constructed, and their activity
and substrate specificity were characterized using a high-throughput method [46]. These
results were further combined with an analysis of the solvent access pathway. Finally, hDAAO
wild-type Y55A and Y55A-L56T variants were select for a detailed computational study of
their dynamics. The biochemical activity of these variants towards 19 D-amino acids and glycine substrates was measured.
Our results show that by facilitating solvent and substrate access, we were able to modulate
the substrate specificity of pkDAAO and hDAAO. As a result, we have designed, constructed
and characterized variants that extend the industrial, biotechnology and clinical applications
of DAAO.
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Results
Initial mutant selection and variants design
We focused on those DAAO residues that might regulate substrate access and/or product
release. We included residues that otherwise remained so far as non-obvious choices for engineering investigations. Therefore, besides residues in the first and second shell of the pkDAAO
active site, residues located in the vicinity of the lid loop of pkDAAO and hDAAO were
selected. We designed pkDAAO and hDAAO variants by introducing specific mutations to
the chosen residues (Table 1 and S1 Table). Residues belonging to the first and second shell of
pkDAAO were mutated to alanine (variants 1–16 in Table 1) and, additionally Y55 was
mutated to all other 18 residues (variants 16–34). Finally, (alanine or glycine) mutations and
deletions were introduced in the active site lid loop and combined with Y55A mutations, both
for pkDAAO and hDAAO (variants 37–46).

High-throughput screening of the engineered DAAO variants
An available high-throughput screening method [46] was employed to screen the biochemical
activity of DAAO variants for their activity towards 19 D-amino acids and glycine (as well as
substrate analogues) to clarify the role of specific residues. Commercially available pkDAAO,
wild-type DAAO and wild-type glycine oxidase constructs, as well as empty expression constructs, were included as controls. The screening results revealed that most alanine variants
(1–16 in Table 1) lost their activity (S1 Fig). However, among the alanine mutants, the Y55A
mutant was active towards many substrates, while T56A, N134A, Y228A and G313A mutants
displayed a comparable activity towards the high-affinity D-Met, D-Phe, D-Pro and D-Tyr
substrates. Moreover, the Y55A mutant presented a different specificity towards most of the
D-amino acid analogue substrates when compared to the wild-type pkDAAO (S2 Fig). For
instance, the Y55A activity against D-homoserine and D-hydroxyproline decreases in comparison to wild-type pkDAAO. Such a result confirmed the relevance of the Y55 position. The
pkDAAO T56A mutant displayed some resilience to mutation by retaining activity and also
improving substrate specificity.
The variants 35–36 in Table 1 that contained glycine mutations to the active site lid loop
residues were then screened along with the wild-type and Y55A variants of pkDAAO (variants 16 and 4 in Table 1). The effect of glycine mutations to the lid loop residues in combination with the Y55A mutation was characterized to assess the change in solvent access
through the lid loop residues due to the loss of their side chains. When compared to the variants with glycine mutations, that displayed a loss of activity towards most substrates, Y55A
retained or raised its activity towards most substrates (S3 Fig). Additionally, to investigate
the effect of each of the side chain of residues (222, 223, and 234) of the lid loop in combination with the Y55 against their wild-type on pkDAAO activity, the variants with alanine
mutations to Y55 and the lid loop residues (variants 4, 10, 16 and 37–41 in Table 1) were
screened (S4 Fig). The Y55A mutant was again found to retain its activity towards most
substrates, while the Y224A displayed a deficient activity towards the D-Ala and D-Val substrates when compared to their wild-type. Therefore, comparing either the glycine mutations of the lid loop residues or their individual alanine mutations, Y55A mutant presented
a better substrate specificity profile when compared to the pkDAAO wild type. Loop deletion variants (residues 221–225 joined by removing the G222-I223-Y224 residues) in combination with Y55A or their corresponding wild types were subjected to further analysis to
compare the influence of solvent access through the lid loop spanning the active site and
Y55 in pkDAAO and hDAAO.
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Table 1. List of DAAO variants designed for screening/measurement of their biochemical activity towards the substrates: 19 D-amino acids and glycine as well as a
few homologues.
S.
No

Origin

Location

Modification

Experiment

1–
15

pkDAAO

First and second shell

Alanine mutations of L51, Q53, P54, Y55, T56, N96, N134, I215, H217, Y224,
Y228, I230, F242, R283, G313.

Pilot screening

16–
34

pkDAAO

Y55

Wild type Y55 and its 18 amino acid substitutions (except alanine)

Pilot screening and
Measurement

35–
36

pkDAAO

Active site ‘lid’ loop residues 223–225
I223-Y224-N235), and Y55

Glycine mutations to lid loop residues: I223G-Y224G-N235G, and their
combination with the Y55A mutant: Y55A- I223G-Y224G-N235G

Pilot screening

37–
41

pkDAAO

Active site ‘lid’ loop residues
I223-Y224, and Y55

Alanine mutations of I223 and Y224, and their combinations with Y55A
mutation: I223A, Y55A-I223A, Y55A-Y224A, I223A-Y224A and Y55A/I223A/
Y224A

Pilot screening

42–
46

pkDAAO and
hDAAO

Active site ‘lid’ loop deletion, and Y55

‘Lid’ loop residues R221 and N225 joined (by deleting G222-I223-Y224
residues), in combination with their corresponding wild types and Y55A
mutations

Pilot screening and
Measurement

47–
52

pkDAAO and
hDAAO

Y55 and T56 or L56

Swap mutations interchanging T56L/L56T positions between pkDAAO and
hDAAO in combination with Y55A or Y55W mutations

Measurement

https://doi.org/10.1371/journal.pone.0198990.t001

Finally, the lid loop-deletion variants of pkDAAO and hDAAO along with their corresponding wild types and their Y55A mutants (16, 4, 42–46 in Table 1) were screened. Variants
with loop-deletion displayed deficient activity or inactivity towards most substrates (S5 Fig).
Such a loss of activity identified in pkDAAO and hDAAO variants with mutation/deletion to
their lid loop residues confirmed their crucial role [14,15] in securing the hydrophobic environment around the FAD, which is indispensable for the DAAO activity and substrate specificity. The Y55A variant again presented a slightly improved activity towards a few substrates
when compared to its respective wild types.
The overall screening results of the selected pkDAAO and hDAAO variants suggested that
(i) the Y55 and T/L56 could withstand mutations and maintain activity, (ii) the Y55 and T/L56
modulate substrate specificity, and (iii) the role of the lid loop residues (including Y224) is
imperative in governing DAAO activity.

Computational analysis of mammalian DAAO dynamics and solvent access
The selected mutations to Y55 and T/L56 of pkDAAO and hDAAO were located in the region
regulating access to their active sites. However, investigation of substrate entry or products
egress is distinctive for a particular substrate/product pair that remains difficult to interpret in
a broader context [47]. Therefore, we decided to use water molecules as a kind of non-specific
probe and performed detailed computational simulations to investigate possible mechanisms
regulating solvent access to the active site to identify changes introduced by specific mutations.
Molecular Dynamics simulations (MD) of DAAOs in water were done using AMBER package
[48], the tunnel network analysis was performed using CAVER [49], and a water tracking
study was done using AQUA-DUCT software [50]. The mentioned procedure was applied for
pkDAAO, hDAAO and selected hDAAO mutants. Additionally, accelerated Molecular
Dynamics simulations (aMD) of hDAAO Y55A/L56T with indol-3-pyruvate (IND), which is
the reaction product of D-Trp substrate, was studied using AMBER package [48]. (see ‘Materials and Methods’ section for details).
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Comparison of tunnel networks, solvent access pathways and crucial
residues in pkDAAO and hDAAO
MD simulations combined with CAVER analysis were run to search for tunnels that could
provide access to the pkDAAO and hDAAO active sites. Three tunnels, T1, T2 and T3, whose
entrances/exits were located in the vicinity of the lid loop, were identified as the main access
pathways. Other tunnels that were shown to be very narrow and long, or identified rarely,
were discarded from further analysis. Y55 from the 53–57 loop separated the T1 exit from the
T2 exit, while Y224 from the lid loop separated the exits of T1 and T3 (Fig 1).
The geometry of the tunnels of both pkDAAO and hDAAO were quite similar. However
access to the pkDAAO active site remained hindered (S2 Table, S6 Fig). The tunnel-opening
events of pkDAAO were detected less frequently, were narrower and also of shorter duration
than in hDAAO. T1 was the predominant tunnel in hDAAO. T2 and T3 were identified less
frequently and were also narrower. However, the T2 and T3 tunnels opened remarkably during MD simulations. Since CAVER analysis does not provide information about the role of
specific tunnels in ligands transportation, we decided to track all water molecules entering the
active site during simulations using AQUA-DUCT software. It provided information about
identified inlets and outlets of solvent molecules accessing the space constituted by the aromatic network of the Y55, Y224 and Y314 (Fig 1C). These inlets and outlets correspond to the
exits of the T1, T2 and T3 in pkDAAO and hDAAO and further confirm the differences
between the analysed proteins (S6 Fig). The total number of water molecules penetrating the
pkDAAO active site was fewer than that seen with the hDAAO active site (583 vs 644) and
more importantly shows different geometrical distribution (Table 2, S6 Fig). In pkDAAO two
tunnels T1 and T3 are widely used for water access to the active site, whereas in hDAAO, this
role is predominantly fulfilled by the T1 tunnel.
The results from the combined CAVER and AQUA-DUCT analysis suggested that the Y55
residue, along with Y224 and Y314, controls the properties of T1, T2 and T3 tunnels. The Y55
residue anchors the closed conformation of Y224 and the lid loop, to enable the hydrophobic
environment required for the reaction. Meanwhile, Y224’s conformational flexibility is favourably assisted by interactions with Y314 from the adjacent loop. The closed orientation of the
Y55 aromatic side chain is sandwiched between Y224 and Y314 and probably is responsible
for water molecules trapping inside active site cavity (Fig 2). Comparison of the trajectories of
water molecules either entering or leaving the active site shows that only in few cases water
was not trapped (water path no. 4 and 55 on Fig 2D). In most cases, water molecules had to
wait prior to release in a region in the vicinity of Y55 or Y224 side chain (yellow part of trajectories on Fig 2D). By taking the conformational plasticity of Y224 and the lid loop into
account, we identified that the tight anchoring guaranteed by Y55 plays a major role in influencing access to the active site.

Access modulation in hDAAO variants with Y55A mutation
We introduced in silico an alanine residue in the place of Y55 residue in hDAAO using FoldX
[51]. Only the most stable Y55A conformation was retained. Despite the loss of the large tyrosine side chain (which could rotate significantly), the main tunnel parameters of the Y55A
mutant remained similar to the wild-type (S2 Table). However, the Y55A mutation dramatically impacted solvent access to the active site. The single large surface of water inlets suggests
the apparent vanishing of the borders between the T1, T2 and T3 tunnels’ exits. The mutation
greatly facilitated water access, as 1133 ± 355 water molecules were found to penetrate the
active site of the hDAAO Y55A mutant in comparison to the 644 ± 111 found in the wild type
(Table 2, Fig 3A and 3B). Also, the average time for a single water molecule to travel through
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Fig 1. Geometry of main entities allowing entry to the active site of hDAAO. (A) tunnels represented by mesh, residues dividing tunnels by sticks, protein by cartoon,
cofactor FAD is shown in black (wireframe), (B) (protein rotated approximately 30˚), tunnels identified in single frame, tunnels represented by balls, protein by the solvent
accessible surface. (C) tunnels and inlets of water molecules identified in entire MD simulation, tunnels represented by lines, water inlets by small spheres, protein by the
solvent accessible surface. Tunnels calculated by CAVER, water inlets by AQUA-DUCT, picture prepared by PyMOL.
https://doi.org/10.1371/journal.pone.0198990.g001

particular tunnels, as well as an average time the water molecule to spend in the active site cavity is the longest for pkDAAO, and shortest in the designed mutants (Table 3). Close inspection of the surroundings of the tunnels’ exits indicated that Y314 rotated and anchored the lid
loop and Y224 is mimicking Y55’s behaviour in the wild type (Fig 4A and 4B). The lack of the
bulky aromatic side-chain of the tyrosine in the Y55A mutant made the space for the Y314
side chain rotation.
We further studied the effect of the gain/loss of the (–OH) hydroxyl group in pkDAAO
and hDAAO through T56L and L56T mutations respectively. An L56T mutation was in silico introduced in the hDAAO Y55A. Marked changes in the access pathways of hDAAO
double mutant Y55A-L56T (S2 Table) came to the fore. Key differences included the
increase of the bottlenecks of all tunnels. Active site accessibility markedly improved, with
over 2000 water molecules passing through the active site (Table 2, Fig 3C). The dynamics
of the loop containing residues 53–57, together with the lid loop (especially the A55-Y224
distance), chiefly controlled access and the bottleneck radii of tunnels, similarly to the
hDAAO wild-type and Y55A single mutant. The additional L56T mutation appeared to stabilize an open conformation between the side chains of the Y224 and Y314 residues. The
observed modulation of lid loop dynamics suggested potential facilitation of large substrate/
product transportation (Fig 4C).

Table 2. Number of water molecules entering and leaving active site by main tunnels. Data calculated from AQUA-DUCT results from 4 independent 50 ns long
simulations.
pkDAAO
inlets

hDAAO
inlets

hDAAO Y55A
inlets

hDAAO Y55A/L56T
inlets

T1

379 ± 470

613 ± 106

1050 ± 380

1367 ± 442

T2

22 ± 24

8±6

21 ± 17

701 ± 683

T3

257 ± 147

23 ± 23

62 ± 106

23 ± 37

SUM

583 ± 363

644 ± 111

1133 ± 355

2091 ± 627

https://doi.org/10.1371/journal.pone.0198990.t002
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Fig 2. Geometry of tyrosine’s controlling access to the main entrance of the active site of hDAAO. (A) closed conformation (A—at 2452ps of MD simulations) and
opened one (B—at 36838ps) shows the movement of Y55 side chain and shape of the main tunnel calculated by CAVER. The calculated profile of tunnels (C) shows
significant narrowing of the tunnel when Y55 rotates and is sandwiched between Y224 and Y314. The Y55 is probably responsible for water molecules trapping inside
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active site cavity, (D) trajectories of selected water molecules which has entered active site during MD simulations calculated by AQUA-DUCT. Each figure presents
trajectory of single water molecule divided into 4 parts: inside active site cavity (green line), from surface to the active site cavity (red lines), from active site cavity to the
surface (blue lines) and that parts when water has left active site and travel back again due to geometrical constrains (yellow line), the number corresponds to raw path
numbering by AQUA-DUCT. Please note that most of yellow part is located below Y55 residue (region I, visible on path no. 1, 5, 12, 19, 24, 45, 74, 84, 108, 230) or
below Y224 residue (region II, visible on path no.1, 12, 74, 108). Only in two examples, water was traveling smoothly through analysed region (4,55) and in two cases,
the water was trapped between Y224 and Y55 and had to re-enter the active site prior to release (region III, visible on path no.1 and 108). For clarity of pictures, regions
are shown on the first trajectory only. Pictures visualised in PyMOL.
https://doi.org/10.1371/journal.pone.0198990.g002

Egress of reaction products
Egress of indol-3-pyruvate (IND) which is the reaction product of hDAAO’s activity towards
its largest substrate, D-Trp, was studied. Our analysis revealed fast IND egresses from the
hDAAO Y55A/L56T double mutant active site. The analysis of egress pathways and the corresponding conformational changes shed light on the orchestrated tunnel-opening events and
the increased Y224-Y314 distance, which enabled IND egress. The lack of the large aromatic
side chain of Y55, which was previously anchoring the Y224 from the lid loop in the wild type,
facilitated the wide opening required for product egress (Fig 5).

Influence of substrate binding for active site accessibility
Our simulations suggest that the proposed combination of mutations (Y55A + L56T) greatly
facilitates the access of water to the sites of action and the hydrophobic secondary binding
pocket. However, such facilitation would be in contrast with the previous analyses [1,3,6,8–10]
that underlined a hydrophobic environment around FAD being imperative for the hydride
transfer step of substrate oxidation. Therefore, we investigated further how the binding of the
substrate would modify the tunnel network. The D-Trp substrate was docked into the active
site of hDAAO Y55A-L56T double mutant. 50 ns MD simulations showed that the D-Trp substrate in the active site decreased the site’s accessibility, as expected (S2 Table). The tunnels
were less frequently detected, even less than in the wild type of pkDAAO, the most closed
structure investigated so far, and was much narrower than in the mutant without reaction
substrate.

Fig 3. An examples of AQUA-DUCT results of tracking of water molecule passing during 50 ns of MD simulations through active site of: (A) hDAAO, (B) Y55A
hDAAO, (C) Y55AL56T hDAAO.
Protein shown as cartoon, active site object as orange wireframe, Y224, Y55 and Y314 as red, blue and yellow sticks, respectively. The inlets of water molecules entering/
leaving the protein scope shown as small spheres.
https://doi.org/10.1371/journal.pone.0198990.g003
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Table 3. Average time of single water molecule trajectory along analysed tunnels (T1, T2 and T3) and average time of water molecule stay in the active site cavity
(AS). Data calculated from AQUA-DUCT results from 4 independent 50 ns long simulations.
pkDAAO
Time [ns]

hDAAO
Time [ns]

hDAAO Y55A
Time [ns]

hDAAO Y55A/L56T
Time [ns]

T1

5.10 ± 3.13

3.17 ± 0.63

1.24 ± 0.19

1.27 ± 0.52

T2

4.70 ± 1.22

2.36 ± 1.05

1.26 ± 0.50

1.09 ± 0.47

T3

5.79 ± 3.53

2.54 ± 0.58

1.01 ± 0.29

2.45 ± 1.22

AS

4.04 ± 2.68

2.57 ± 0.64

1.01 ± 0.16

0.99 ± 0.52

https://doi.org/10.1371/journal.pone.0198990.t003

Biochemical analysis of pkDAAO and hDAAO selected variants
Variants containing mutations to Y224 or the lid loop showed a marked activity decrease and
were discarded from further biochemical activity measurements. Only variants containing specific mutations of the Y55 and T/L56 residues (and their combinations) were further characterized: variants 4, 16–34 and 47–52 (Table 1). We proceeded with large-scale bacterial
expression of the variants and subsequently purified them to homogeneity. Oxygen consumption measurements were used to calculate specific activity (S3 Table).

Fig 4. Dynamics of key residues in hDAAO Y55A and Y55A-L56T mutants during 50 ns MD simulations: Structures corresponding to particular snapshots (upper
panel), the distance between Y224 and Y314 residues (lower panel). (A) The open conformation of Y314 in Y55A mutant, (B) closed conformation of Y314 in Y55A
mutant, and (C) open conformation of Y314 in the Y55A-L56T mutant.
https://doi.org/10.1371/journal.pone.0198990.g004
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Fig 5. Passage of D-Trp product (IND: Indol-3-pyruvate in cyan stick representation) in hDAAO Y55A-L56T double mutant. Distances between key residues
(A55-Y224-Y314) with respect to the distance between IND and FAD cofactor (middle panel); geometry of active site entrance corresponding to chosen snapshot (lower
and upper panel; panels rotated by approximately 90o).
https://doi.org/10.1371/journal.pone.0198990.g005
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The overall behaviour of both the pkDAAO and hDAAO variants towards most substrates
were similar (Fig 6). Nevertheless, hDAAO variants containing same mutations (such as Y55A
and Y55P, or T56A/L56A) resulted in higher specific activity when compared to their corresponding pkDAAO variants.
Principal component analysis (PCA) of the specific activity of pkDAAO and hDAAO variants (S7 Fig) shows separation in the variants based on their origin (pkDAAO and hDAAO).
However, wild-type pkDAAO and hDAAO and their T56L or L56T mutations, respectively
appear in close proximity in PCA space, reflecting the similarity in their functional properties.
The difference in behaviour of pkDAAO Y55P is driven by its higher activity (see S3 Table)
towards D-His, D-Met, D-Phe, D-Trp and D-Tyr.
Moreover, we focused our attention towards the activity pattern of pkDAAO and hDAAO
variants (Fig 7A, 7B and 7C) regarding the clinically relevant substrates [29–33,37]. We found
no variation of specific activity, and at times only a mild variation, of the variants with mutations at position 55 and 56 towards D-Ala and D-Ser substrates, but a notably increased specific activity towards D-Trp in the case of hDAAO Y55A. In particular, hDAAO Y55A

Fig 6. Enzyme specific activities (µmol/min/mg) of pkDAAO and hDAAO variants (all measurements in two replicates, from S3 Table over 16 D-amino acids and
glycine substrates.
https://doi.org/10.1371/journal.pone.0198990.g006

PLOS ONE | https://doi.org/10.1371/journal.pone.0198990 June 15, 2018

11 / 23

Modulating DAAO specificity through facilitated solvent access

Fig 7. Specific activity (µmol/min/mg, from S3 Table) of pkDAAO and hDAAO towards the substrates: A) D-Ala, (B)
D-Ser, and (C) D-Trp.
https://doi.org/10.1371/journal.pone.0198990.g007

exhibited almost twice the activity towards the D-Trp substrate in comparison to the other
hDAAO variants (Fig 7C).

Discussion
Our focus was to identify residues in the first and second shell of the active site and lid loop of
mammalian DAAOs that could help modulating activity/substrate specificity through facilitated product egress. The lid loop (Y224 residue, in particular) of the mammalian DAAOs is
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considered to be primarily responsible for their (slower) product release and probably for substrate specificity variations [1–3,5,6,9,12–19]. Residues from other loops (such as 43–56 loop
consisting Y55 and T/L56) that are around the mammalian DAAO active sites were so far
neglected for a detailed analysis. In contrast to the decreased activity that we identified in our
analysis due to either removal or glycine/alanine mutations to the residues of the mammalian
lid loop, Y55 sustained mutations and improved enzyme characteristics. In the yeast DAAOs
such as TvDAAO and RgDAAO [20–23], no loop similar to the mammalian lid loop that influences enzyme properties had so far been identified. Therefore, we used structure-based multiple sequence alignments of yeast and mammalian DAAOs (data not shown) to identify that
RgDAAO F58 and TvDAAO F54 are the mammalian DAAO Y55 position equivalents [20,22],
which are located in loops around their binding pockets. The alignment also revealed that the
residue at position 56 is threonine for pkDAAO, but leucine for all other mammalian DAAOs,
including hDAAO. The T56/L56 difference between pkDAAO and hDAAO remained unexplored. Moreover, the conclusion of pkDAAO engineering study [24] through Y55F mutation
suggested the loss of hydroxyl group (-OH) at the sidechain is inconsequential for activity.
In our research, we took advantage of the growing awareness of the relevance of solvent
flow, transport pathways and gating residue dynamics regulating enzyme properties [40–42].
We used a combination of experimental and computational approaches to fine-tune mammalian DAAO properties. We combined all the clues on structural and structure-based computational [1–3,5–7,9,10,12–19,44] as well as the functional relevance of DAAO residues with our
biochemical and computational analysis. The synchronised dynamics of a network of aromatic
residues, Y55, Y224, Y228 and Y314, from the adjacent active site-spanning loops of mammalian DAAOs controls access to the active site. Such synchronisation of the residues and loop
dynamics correlates to the opening and closing of tunnels, to the regulation of product release
and probably the substrate entry. When Y224 and the lid loop were in open conformation, the
hydrogen bonding that existed between Y228 and the ligand/inhibitor (similar to that between
the ligand/inhibitor and both R283 and G313) was lost. The Y55 residue containing the (–OH)
hydroxyl functional group compensated for that through additional hydrogen bonding to the
ligand/inhibitor in the hydrophobic secondary binding pocket in such ligand-bound structures [16–19]. Notwithstanding the hydrophobicity of the secondary binding pocket of mammalian DAAOs, a few water molecules were located in its vicinity. The probable effects of the
polar side chain of T56 pkDAAO or the hydrophobic side chain in L56 hDAAO lining the secondary binding pocket on the availability of water molecules in the vicinity, as well as the flow
of solvent in/out of the active site, remained unexplored.
In our research, we have focussed our attention on the role of residue Y55 and the regulation of solvent passage around the region controlled by the lid loop. By combining all these
aspects, we could realize (i) the relevance of lid loop of mammalian DAAOs, (ii) the importance of the residues on the loops located at the funnel-shaped entrance of mammalian DAAO
active-site and secondary binding site and (iii) the predominant role of Y55 (and Y314) in solvent access-substrate/inhibitor positioning in the active site/secondary binding site when Y224
sidechain assumes alternate (open/closed) conformations.
Our analysis highlights the crucial roles of Y55 residue in pkDAAO and hDAAO. The Y55
residue (i) anchors the lid loop in the closed conformation, (ii) separates the exits of the T1
and T2 tunnels, while the dynamics of Y314 locks the dynamics of Y55, (iii) modifies tunnel
properties, and (iv) regulates solvent access, water trapping inside active site cavity and product release. The results of the MD simulations suggest that in those hDAAO variants involving
the Y55A mutation, Y314 takes over a similar anchoring role to that carried out by Y55 in the
wild type. The lack of bulky Y55 side chain makes space for Y314 rotation. Such a situation
provided an unexpected stabilisation of the closed conformation of the lid loop (and Y224) by
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Y314 when compared to Y55 in the wild-type hDAAO. Although the anchoring residues were
successfully substituted, the modified properties of the gate-anchoring residue pair changed
that significantly improved access to the active site, which can be seen from water access analysis. Such results explain the improvement identified in the activity of the Y55A mutant towards
bulky substrates, such as D-Trp, in the high-throughput screening results.
However, the larger Y224-Y314 distances in those hDAAO variants containing the Y55A
mutation suggest the facilitation of both the opening of the lid loop and access to the active
site. This phenomenon became apparent by the remarkable increase in the exit/entry points
for the solvent molecules as identified by our AQUA-DUCT analysis. This effect can be further
improved by the introduction of additional L56T mutation. Our extended aMD simulations
suggested that the Y314 side chain rotation controls the process of product egress in the Y55A/
L56T mutant. The improved accessibility of the active site, suggests easier access of bulky substrates but also water molecules into catalytic site. The docking results suggest that, despite the
increased access of the solvent to the active site due to Y55A mutation, loops surrounding the
active and rear side cavity undergo sufficient conformational change after substrate binding to
protect the hydrophobicity around FAD, which is required for the first step of the reaction.
The dynamics of the bulky aromatic side chain of the Y314 residue of pkDAAO and
hDAAO also shields the required hydrophobic environment of G313 and T316 from the surrounding solvent. Any further modification of Y314 should be performed carefully, since
G313 and T316 in the neighbourhood are involved in crucial (hydrogen bonding) interactions
to either the substrate/product [2,3,5,29] or the FAD cofactor. Therefore, we recommend Y314
for future extensive computational and engineering analysis, by mutating it in combination
with the Y55 and Y224 gates as well as the substrate-positioning Y228 and R283 residues.
Since the wild-type pkDAAO active site access remains more hindered in comparison to
the wild-type hDAAO, we suspect that its Y55 substitutions ease access to a greater extent than
those of hDAAO, which is reflected in their substrate specificity profiles (S3 Table). Results
from the specific activity measurements further confirm the role of Y55 and T56/L56 in controlling access pathways and consequently enabling additional access that facilitates product
egress, which is the rate-limiting step of the mammalian DAAO catalytic cycle. Hence, mutations of Y55 and T/L56 improved substrate specificity profile of mammalian DAAOs, including the clinically relevant D-Ser, D-Ala, and D-Trp substrates as well as substrate analogues.
Such optimisation, as well as delicate modulation (such as hDAAO Y55A and Y55W substitutions in combination with L56/T56 swap-mutations) of substrate specificity, renders the identification of these variants containing non-obvious targets attractive for industrial and clinical
applications of DAAO. We recommend our hDAAO variants for further investigations of
inhibitor/ligand design and substrate specificity modulation since they complement the variations in hDAAO expression/activity/substrate specificity identified in severe diseases
[2,5,24,27–31], especially schizophrenia [32,35]. All in all, we engineered DAAOs with a low
mutation load and modulated their substrate specificity without losing activity, including that
towards the clinically relevant substrates, such as D-Ala, D-Ser and D-Trp. Our rational
approach showcases the advantages of predicting promising candidates that influence and regulate solvent access pathways for engineering enzymes with optimised functional properties.
Subtle modulation of solvent access and consequently substrate specificity also brings variants
valuable for applications in single-pot reactions, enantiospecific reactions and enzyme
cascades.
In summary, we identified a delicate modulation of specific activity in all the pkDAAO and
hDAAO variants that we designed, without losing activity. Our computational analysis deciphered the sophisticated mechanism involved in the product release and the regulation of solvent access pathways through the synchronised dynamics of the Y55, Y224 and Y314 residues
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from adjacent loops. Those pkDAAO variants with substitutions to the Y55 residue that varied
substrate specificity to a greater extent, such as the Y55P would be attractive for industrial
applications. Although we have added to the available knowledge on the critical residues influencing access pathway modulation to the active site and the hydrophobic secondary binding
pocket, further investigations are warranted.

Materials and methods
Materials
All reagents used were of analytical grade. All D-amino acids and its analogues as well as glycine substrates, 3,3’-Diaminobenzidine tetrahydrochloride (DAB), Peroxidase from Horseradish (HRP), cofactor flavin adenine dinucleotide FAD, sodium benzoate and lysozyme were
purchased from Sigma-Aldrich.

Preparation of plasmid constructs and mutagenesis
Codon-optimized gene constructs as SacI-[GENE]-SalI-TAA-XhoI were synthesised and subcloned into the multiple cloning site of the pET-28a (+) vector via SacI/XhoI by GenScript for
all variants. UniProt identifiers (sequences) for the yeast TvDAAO, pig pkDAAO, human
hDAAO and glycine oxidase (GO) that were synthesised/used for biochemical activity analysis
in this study are Q99042, P00371, P14920, and O31616, respectively. GenScript performed all
mutations described. All constructs and mutants were verified by automated DNA sequencing.
Every expression product contains extra amino acids arising out of the restriction sites of the
cloning vector: 38 amino acid stretch (including a His-tag, which is highlighted and underlined in the sequence) attached to the N-terminal {LTLRRRYTMGSSHHHHHHSSGLVPRGS
HMASMTGGQQMGRGSEFEL} and two additional amino acids (VD) at its C-terminal.

Screening E. coli with expressed Pig-DAAO
E. coli BL21 (DE3) harboring the pET-28a (+) vector containing the DAAO gene were grown
in LB (Lysogeny Broth) medium, supplemented with 50 µg/ml kanamycin, at 37˚C with shaking up to an optical density of about 1.2–1.5 at 600 nm, and protein expression was induced by
addition of isopropyl β-D-1-thiogalactopyranoside (IPTG) to a concentration of 0.01mM. Cultures were grown for a further 18–20 hours. Cells were harvested by centrifugation and re-suspended in a small volume of supernatant to achieve a 25-fold concentration. 2.5 µl volumes of
these concentrates were dot blotted onto a nitrocellulose membrane (Protran BA85 from
Whatman) and dried in the air. The membranes were incubated in 1% (w/v) BSA and 0.2% (v/
v) Triton X-100 in 100mM KPi (pH 7.0) for 20–30 minutes at RT and washed with 50 mM
sodium pyrophosphate (pH 8.3). The E. coli cells were then activity stained by addition of 10
mM D-amino acid, 0.2 mg/ml 3,3’-Diaminobenzidine tetrahydrochloride (DAB), 0.5 mg/ml
Peroxidase from Horseradish (HRP) in 50 mM sodium pyrophosphate (pH 8.3). Incubation
was performed on a rocking platform, protected from (day) light, until the dots of E. coli cells
with active DAAO/GO were visualised as brown spots.

Protein expression and purification
Proteins (pkDAAO and hDAAO variants) were expressed in 800 ml cultures (Lysogeny Broth
medium supplemented with 50 µg/ml kanamycin) of E. coli BL21 (DE3) transformed with the
pET-28a (+) vector containing the DAAO/GO gene. Cultures were grown at 37˚C with vigorous shaking up to an optical density of about 1.2–1.5 at 600 nm, and protein expression was
induced by addition of isopropyl β-D-1-thiogalactopyranoside (IPTG) to a concentration of

PLOS ONE | https://doi.org/10.1371/journal.pone.0198990 June 15, 2018

15 / 23

Modulating DAAO specificity through facilitated solvent access

0.01mM. Cultures were grown for a further 18–20 hours. Cells were harvested by centrifugation and stored frozen at -20˚C. Cell pellets were suspended up to 0.1 g/ml in 50 mM sodium
pyrophosphate pH 8.3, 20 µM FAD and 1 mg/ml sodium benzoate. Lysozyme was added up to
1 mg/ml, together with a few crystals of DNaseI, and cells were lysed on ice for 1 hour. Cell disruption was subsequently completed by sonication on a Branson Sonifier B12 equipped with a
5mm tip, using four cycles of 30 s 40% output and 15 s intervals. Cell debris was precipitated
by centrifugation. Ammonium sulphate was added to the supernatant to a final concentration
of 150 mg/ml, and the solutions were stored O/N at 4˚C. The precipitate was collected by centrifugation and dissolved in His-Trap binding buffer containing 20 µM FAD and 1 mg/ml
sodium benzoate. The DAAO in suspension was applied to a 1 ml HisTrap™FF column (GE
Healthcare) and rinsed thoroughly with His-Trap binding buffer. DAAO was eluted with HisTrap Elution buffer and the yellow coloured fractions were pooled. DAAO was concentrated
by a second ammonium sulfate precipitation (up to 200 mg/ml) at 4˚C, and the pellet was
resuspended in a small volume of 50 mM sodium pyrophosphate pH 8.3, supplemented with
20 µM FAD and 1 mg/ml sodium benzoate, quickly frozen in liquid Nitrogen and stored at
-80˚C. The purity of the DAAO was checked using SDS-PAGE (Bio-Rad Mini-PROTEAN System) and PageBlue staining. Before use, DAAO isolate was desalted on an Econo-Pac1 10DG
Desalting Column (Bio-Rad) eluted with 50 mM sodium pyrophosphate pH 8.3. The UV-VIS
spectrum in the range 250-600nm was measured on a Shimadzu UV-2501PC spectrophotometer. The concentration of every pkDAAO and hDAAO variant (S3 Table) was calculated using
its molar extinction coefficient and average molar weight calculated from http://web.expasy.
org/protparam/. Finally, FAD was added up to a final concentration of 20 µM.

Determination of specific activity
An OxyTherm Clark-type oxygen electrode system (Hansatech) was used to determine the initial oxygen consumption during the oxidative deamination of D-amino acid and glycine substrates. The assay solution (final volume, 1.0 ml) contained 10 mm D-amino acid or glycine
substrate, 20 μm FAD, and about 10 μg enzyme in air-saturated 50 mM sodium pyrophosphate
(pH 8.3) at 25˚C. Data acquisition and analysis were performed using Oxygraph Plus software
(Hansatech).

Protein data bank accession codes
The structure factors and coordinates for the hDAAO and pkDAAO structures have been
obtained from the Protein Data Bank [52] with accession codes 2DU8 and 1VE9, respectively.
To save calculation time and computational costs, only the chain A was used in our study. We
have assumed that the changes caused by mutations will have larger influence than that caused
by dimerization. These assumption was justified by comparison of our data with previously
reported [44,53].

Protein structure preparation and classical molecular dynamics
simulations
H++ server [54] was used to protonate each structure at pH 8.3. LEaP [48] was used to prepare
protein structures to MD simulation using ff14SB force field [55], add counterions and
immerse models in a truncated octahedral box of TIP3P water molecules and divalent ion
parameterized for Particle Mesh Ewald and TIP3P water model. The FAD cofactor was parameterized based on work by Medvedev and Stuchebrukhov [56]. Amber 14 [48] was used to run
multiple 50 ns long simulations for pkDAAO and hDAAO proteins separately. Minimization
procedure consisted of 2000 steps, involving 1000 steepest descent steps followed by 1000 steps
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of conjugate gradient energy minimization, with decreasing constraints on the protein backbone (500, 250, 125, 75 and 25 kcal mol-1 Å-2) and a final minimization with no constraints of
conjugate gradient energy minimization. Gradual heating was performed from 0 K to 300 K
over 25 ps using a Langevin thermostat with a temperature coupling constant of 1.0 ps in a
constant volume periodic box. Equilibration and production were run using the constant pressure periodic boundary conditions for 2 ns with 1 fs time step and 50 ns with a 2 fs time step,
respectively. The constant temperature was maintained using the weak-coupling algorithm for
50 ns of the production simulation time, with a temperature coupling constant of 1.0 ps. Longrange electrostatic interactions were modelled using the Particle Mesh Ewald method with a
nonbonded cut-off of 10 Å and the SHAKE algorithm. The coordinates were saved at intervals
of 1 ps. The trajectories were visually inspected with VMD (Visual Molecular Dynamics) program [57].

Tunnels identification and analysis
The CAVER Analyst 1.0 [58] was used for preliminary tunnels identification and parameters
adjustment. The standalone version of CAVER 3.02 [49] was utilised for the calculation of tunnels in the 50 ns simulations of the wild type and all mutants. For all systems 50000 snapshots
from molecular dynamics production run were analysed. Water molecules or ligands were
removed before the tunnel calculation, and the non-hydrogen atoms of the structure were
approximated by 6 spheres of the size of a hydrogen atom. As initial starting points of the tunnel search the centres of gravity of atoms FAD N2, L51 CD2 and R283 CZ were selected. Starting points positions were automatically optimised to prevent its collision with protein atoms.
Tunnels were calculated using a probe radius of 0.7 Å, shell depth– 3 Å, shell radius– 3 Å, clustering threshold– 5. Tunnels were clustered using hierarchical average-link clustering. CAVER
3.01 plugin for PyMOL [59] was used for visual inspections of calculated tunnels.

Water tracking
AQUA-DUCT [50] software version 0.4.dev3 was used to trace water molecule paths that have
entered or left the DAAO active site. In this version of AQUA-DUCT the paths are trimmed
to fit exactly into the protein surface and also new method of clusterization was developed.
AQUA-DUCT was tracking paths of all water molecules that were found within 5 Å of the N2
atom of the FAD cofactor. The scope was defined as an interior of the convex hull of C-alpha
atoms of the protein. Each water molecule path was cut to fit the protein surface (Auto-Barber
set to protein). All inlets were then clustered using Barber method with cutting correction to
the van der Waals radius of the closest atom.

Substrates/products docking
Docking simulations were performed with AutoDock Vina v1.1.2 software [60]. Ligands were
initially processed by a set of standardisation procedures with the standardised tool software
[61]. Starting 3D structures were generated by simple geometry optimisation by UFF [62] as
implemented in RDKit [63]. Partial charges of Gasteiger-Marsilii type [64], selection of rotable
bonds, and assignment of AutoDock Vina specific atom types were done automatically in
AutoDock Tools suite v1.5.7 [65]. DAAO protein structure was obtained by averaging the first
nanosecond (1000 frames) of production of “empty” double mutant Y55A-L56T. The protein
structure was preprocessed using AutoDock Tools v1.5.7 suite. Amber partial charges were
retained and AutoDock Vina atom types were assigned automatically. The size of the search
space was set to 20 × 20 × 20 Å, and it was centered at expected binding site residues, i.e., at
Y224, Y228, R283, A55, T56 residues. Docking simulations resulted in twenty different
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docking poses for each ligand. The maximal allowed energy range between the best and the
worst binding mode was set to 3 kcal/mol. The global search exhaustiveness parameter controlling the search algorithm accuracy was set to 12. Final poses were manually selected after
careful visual inspection.

Accelerated MD simulations
Accelerated MD simulations were performed for human DAAO (an average structure from
first nanosecond of cMD production run of A chain). The system consists of FAD cofactor
and D-Trp product—indol-3-pyruvic acid docked in the active site of hDAAO. Product was
parameterized using antechamber and parmchk from Amber 14 [48]. Minimization procedure
consisted of 2000 steps, involving 1000 steepest descent steps followed by 1000 steps of conjugate gradient energy minimization, with decreasing constraints on the protein backbone (500,
250, 125, 75 and 25 kcal mol-1 Å-2) and a final minimization with no constraints of conjugate
gradient energy minimization. Gradual heating was performed from 0 K to 310 K over 25 ps
using a Langevin thermostat with a temperature coupling constant of 1.0 ps in a constant volume periodic box. Equilibration was run using the constant pressure periodic boundary conditions for 2 ns with 1 fs time step. Production was run for 200 ns with 2 fs time step in constant
pressure. The aMD implementation in AMBER [66] allows for the possibility of boosting the
whole potential with an additional boost to the torsions (iamd = 3). alphaD is defined as the
product of 0.2, 3.5 kcal/mol/residue, and the number of protein residues. EthreshD is defined
as the product of 3.5 kcal/mol/residue and the number of protein residues (including FAD
cofactor and product), added to the average dihedral based on average over 5000 steps of cMD
production. alphaP is defined as the product of 0.2 and the total atoms. EthreshP is defined as
the sum of alphaP and the average EPtot over 5000 steps of cMD production. The coordinates
were saved at intervals of 2 ps. The trajectories were visually inspected with VMD (Visual
Molecular Dynamics) program [57].

Supporting information
S1 Table. Variant list.
(PDF)
S2 Table. Main parameters of tunnels in pkDAAO wild type, hDAAO wild type, hDAAO
Y55A, hDAAO double mutant Y55A/L56T. Freq–frequency of tunnels identified with probe
radius 0.9 during 50 ns MD simulations; Avg B–average bottleneck radius [Å], Avg L–average
length [Å].
(PDF)
S3 Table. Enzyme specific activity (µmol/min/mg) of the purified pkDAAO and hDAAO
variants measured (in two replicates) towards 19 D-amino acids and glycine substrates.
Rows represent the DAAO variant, where P is pkDAAO and H is hDAAO. Columns represent
the corresponding substrate used (D-Ala to D-Val).
(PDF)
S1 Fig. Screening the activity of pkDAAO variants expressed in BL21 host cells: Equal
amounts of crude cell lysates blotted on a membrane. The variants 1–15 from S1 Table were
designed by mutating the first and second shell residues of pkDAAO to an alanine. Each panel
in S1 Fig represents the activity of all the variants towards a specific substrate (D-Ala, D-Arg,
A-Asn, to D-Val). Equal amounts of the BL21 host cell (that lack the expression vector, but
similarly induced) crude lysates were blotted alongside to observe any background activity.
The numbers mentioned beside the corresponding blotted samples (19–33) represent the
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following alanine mutants, where the variant numbers in S1 Table are shown within parenthesis. 19: L51A (1), 20: Q53A (2), 21: P54A (3), 22: Y55A (4), 23: T56A (5), 24: N96A (6), 25:
N134A (7), 26: I215A (8), 27: H217A (9), 28: Y224A (10), 29: Y228A (11), 30: I230A (12), 31:
F242A (13), 32: R283A (14), 33: G313A (15).
(TIF)
S2 Fig. Screening the activity of pkDAAO wild type (Variant 16 in S1 Table) and Y55A
(Variant 4 in S1 Table, which is 22 in S1 Fig) towards D-amino acids, glycine and D-amino
acid analogues in crude cell lysates on the membrane (in duplicate). Equal amounts of the
BL21 host cell (that lack the expression vector, but similarly induced) crude lysates were blotted alongside to observe any background activity. The columns (1–15) represent the following
substrates. 1. Sarcosine (synonym: N-Methylglycine), 2. D-Norleucine, 3. D-Norvaline, 4.
D-Ornithine monohydrochloride, 5. D-2-Aminobutyric acid, 6. D-Citrulline, 7. D-Homoserine, 8. D-Penicillamine (synonym: 3,3-Dimethyl-D-cysteine), 9. D−(−)-α-Phenylglycine (synonym: D-2-Phenylglycine), 10. cis-4-Hydroxy-D-proline (synonym: D-allo-Hydroxyproline),
11. D-Pipecolinic acid (synonym: D-Homoproline), 12. D-Methionine, 13. D-Arginine, 14.
D-Serine, 15. D-Valine.
(TIF)
S3 Fig. Screening the activity of pkDAAO variants (4, 16, 35 and 36 in S1 Table) on the
membrane towards 19 D-amino acids and glycine substrates. Alongside the pkDAAO variants (approx. 50μM purified) also containing Y55A mutation or glycine mutation to the lid
loop residues, in duplicate, an equal amount of the commercially available pkDAAO wild type
(Calzyme) was blotted to compare activities. The rows represent each variant screened, where
A is Y55A, GGG is I223G-Y224G-N235G and AGGG is Y55A- I223G-Y224G-N235G. Columns represent the substrate used to screen the activity of the variants, from D-Ala to D-Val.
(TIF)
S4 Fig. Screening the activity of (Approx. 50μM purified) pkDAAO variants (4, 10, 16, 37–
41 in S1 Table) on the membrane towards 19 D-amino acids and glycine substrates. Alongside the pkDAAO variants, in duplicate, an equal amount of the BL21 host cell (that lacks the
expression vector, but similarly induced) was blotted to observe any background activity. The
rows represent each variant screened, where the wild type, Y55-I223-Y224, is YIY, and the corresponding alanine mutation is denoted in red. Columns represent the substrate used to screen
the activity of the variants, from D-Ala to D-Val.
(TIF)
S5 Fig. Screening the activity of pkDAAO and hDAAO variants (4, 10, 16, 42–46 in S1
Table) containing loop deletion in combination with their corresponding Y55A and wild
types. Crude cell lysates were blotted on the membrane, and the activities towards 19 D-amino
acids and glycine substrates were analysed. Every panel in the figure represents the activity of
the variants towards a specific substrate (D-Ala to D-Val), and BL21 host cells were dot-blotted
as a control to compare background activity. Rows with either P or H denote the pkDAAO or
hDAAO, respectively. In the columns, the following representation is followed: Y is the wild
type, YΔ is the loop deletion mutant, A is the Tyr55Ala mutant, and AΔ is the double mutant
involving both Tyr55Ala mutation and loop deletion.
(TIF)
S6 Fig. Comparison of tunnels detected by CAVER (represented by lines) and water inlets
(represented by small spheres) detected by AQUA-DUCT in pkDAAO wild type (A) and
hDAAO wild type (B). Residues dividing tunnels are represented by stick (Y55 blue, Y224 red,
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Y314 yellow), protein by semitransparent cartoon), Panel on the right shows same region of
the protein rotated approximately 90˚.
(TIF)
S7 Fig. PCA of the all DAAO variants whose specific activity (µmol/min/mg) is measured
(from S3 Table).
(TIF)
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Abstract: The cupin-type phosphoglucose isomerase (PfPGI) from the hyperthermophilic
archaeon Pyrococcus furiosus catalyzes the reversible isomerization of glucose-6-phosphate to
fructose-6-phosphate. We investigated PfPGI using protein-engineering bioinformatics tools to
select functionally-important residues based on correlated mutation analyses. A pair of amino acids
in the periphery of PfPGI was found to be the dominant co-evolving mutation. The position of
these selected residues was found to be non-obvious to conventional protein engineering methods.
We designed a small smart library of variants by substituting the co-evolved pair and screened
their biochemical activity, which revealed their functional relevance. Four mutants were further
selected from the library for purification, measurement of their specific activity, crystal structure
determination, and metal cofactor coordination analysis. Though the mutant structures and metal
cofactor coordination were strikingly similar, variations in their activity correlated with their fine-tuned
dynamics and solvent access regulation. Alternative, small smart libraries for enzyme optimization
are suggested by our approach, which is able to identify non-obvious yet beneficial mutations.
Keywords: Protein engineering; Comulator; cupin phosphoglucose isomerase; Pyrococcus furiosus;
solvent access
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1. Introduction
An enormous variety of enzymes can be found in nature, providing a rich source of potential
biocatalysts for industrial purposes. However, in the course of natural evolution, these enzymes have
been optimized to function optimally in in vivo environments, which may differ substantially from
in vitro industrial conditions. Therefore, often there is a need for protein engineering to optimize
proteins for their applicability in an industrial setting. Generally, this is achieved by the generation of
large libraries of protein variants, from which mutants with improved features are selected. However,
the screening of such large libraries is typically costly and time inefficient. Hence, the recently
introduced ‘smart library design’ approach, which involves reductions in library size by choosing only
a small set of promising amino acid candidates and their substitutions, is considered an appreciable
step forward [1–7]. Smart library design requires the identification of key residues, often through
functional predictions using bioinformatics followed by high-throughput experimental analyses.
Many such recently-developed bioinformatic approaches can be used to identify promising amino
acid candidates, following the semi-rational method, which is a combination of directed evolution and
rational design methodologies [1,3,6]. Specifically, the Molecular Class-Specific Information Systems
(MCSIS)-based bioinformatics tools, which include the components of (structure-based) large-scale
multiple sequence alignments, co-evolution, structure, and automated literature mining, have been
shown to be immensely beneficial for a semi-rational method of protein engineering [8–10]. An example
of such an MCSIS-based bioinformatics approach is our 3DM software suite that contains the standalone
‘Comulator’ tool, which uses a correlated mutation analysis (CMA) algorithm to identify co-evolved
residues in large structure-based multiple sequence alignments (MSAs) [11].
Two very distinct roles have been linked to CMA-based residue prediction. On the one hand,
correlated residues are proven to represent contact positions in the protein structure, and as such
these residues can be used for the prediction of amino acid side chain interactions of the correlated
residues [12–14]. On the other hand, whenever the correlated residues do not contact each other,
and hence are not directly involved in packing within the protein structure [15], co-evolved mutations
play a vital role in the protein function [15,16]. Recent studies have shown that the correlated residues in
the CMA and their networks of 3DM and other MCSIS-based tools are well suited for the identification
of functionally relevant residues [17].
The subject of this study is the cupin superfamily, a large group of structurally-related proteins
present in all three domains of life [18]. Members of this superfamily cover a wide range of functions,
including isomerases, dioxygenases, oxidoreductases, and storage proteins. The name cupin is
derived from the Latin word “cupa” (small barrel), reflecting the conserved beta-barrel structure.
High-resolution structures have been obtained for many members of the cupin superfamily [19].
One of the best-characterized members is the phosphoglucose isomerase (PGI) of the archaeon
Pyrococcus furiosus (PfPGI; EC 5.3.1.9). The aquatic anaerobic hyperthermophilic archaeon P. furiosus
was first isolated in a near boiling hydrothermal vent [20]. Extensive studies on this hyperthermophile
revealed that its optimal growth temperature is 100 ◦ C, and its proteins and enzymes are extremely
thermo-stable as well as highly resistant to heat shock and radiation. PfPGI is a glycolytic enzyme that
catalyzes the reversible isomerization of glucose-6-phosphate to fructose-6-phosphate (F6P) [21,22].
The bi-directional activity of PfPGI is essential as the enzyme also functions in gluconeogenesis.
Several crystal structures of this homodimer (monomeric subunit is 21.5 kDa) have been solved,
the coordination of the catalytic metal ion (cofactor) has been elucidated using electron paramagnetic
resonance (EPR) analysis, and ample insight into the catalytic mechanism of the enzyme has
been gained [23–25]. A convergent line of PGI evolution was also elucidated through earlier
investigations [26] of the (cofactor) metal-dependent cupin-type phosphoglucose isomerase subfamily
and the phosphomannose isomerase (PMI) subfamily of the cupin family. Many structural and
combined quantum mechanics/molecular mechanics (QM/MM) studies on PfPGI have also revealed
the importance of the indirect and intricate interactions between the cofactor metal ion and critical
amino acids (such as His158 and Tyr152) in regulating the potential channel for proton exchange
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between the substrate and solvent [27]. Moreover, several practical features make PfPGI an ideal
candidate for our engineering analysis: Very efficient expression in Escherichia coli, straightforward
purification and activity assay, and last but not least, the native enzyme is very stable [21].
In this study, we describe our protein engineering investigations on the hyperthermophilic PfPGI
through our combined bioinformatics, biochemical, and biophysical approaches. Our bioinformatics
analysis suggested a hot spot located at the periphery of our model enzyme PfPGI (Figure 1) to be
the chief co-evolved pair. In our analysis on the complete cupin family CMA, the hot spot residues
were (3DM numbers) 27 and 28 in the cupin family, corresponding to Pro132 and Tyr133 in PfPGI,
which were highly represented as co-evolving mutations. This hot spot remained non-obvious to other
routine protein engineering investigations, which often identify hot spots closer to the binding sites for
cofactor and substrate, or involved in the enzyme mechanism or allosteric regulation [28]. Moreover,
we could not find any further investigations that followed up on the signature patterns observed in
cupin-type PGIs [26]. Since recent studies have highlighted that cold adaptation of enzymes is achieved
through conformational changes of regions far from the active site [29,30], we wanted to verify if
such changes are also applicable to hyperthermophilic enzymes such as PfPGI. We generated a small
‘smart’ library of variants by randomly substituting the two highly-correlated amino acids based on the
suggestions of our bioinformatics tool and performed biochemical screening experiments. We further
validated the confirmed relevance of the co-evolved residues by our detailed analysis of selected
mutants, including their specific activity, metal coordination, overall 3D structures, molecular dynamics,
and a solvent access study. These results show that with regard to designing small ‘smart’ libraries
to optimize enzymes through protein engineering, our bioinformatics tool is useful for identifying
non-obvious, yet functionally-relevant and beneficial, mutations. However, prudence is recommended
during the amino acid candidate selection procedure.
2. Materials and Methods
2.1. PfPGI-Correlated Mutation Analysis
A refined structure-based MSA of the cupin superfamily, containing a total of 1711 sequences,
was used as an input for the Comulator software. The Comulator algorithm derives the CMA scores as
described in [31].
2.2. Protein and Synthetic Gene Library
Yeast glucose-6-phosphate dehydrogenase was purchased from MP Biomedicals. Chemicals were
purchased from Sigma-Aldrich and Roche. The PfPGI mutant library was created by BaseClear
(The Netherlands), and the genes were cloned in expression vector pET24d (Novagen).
2.3. PfPGI Mutant Library
The cloning of the gene pgiA has been described previously [22]. A site-saturation library was
designed and created based on CMA using the Comulator software. The constructed library consisted
of pgiA variants that had alterations in two strongly correlated amino acids: Pro132 and Tyr133.
The corresponding numbering in the 3DM alignment was Pro27 and Tyr28. The created pgiA mutants
were cloned in expression vector pET24d and used to transform E. coli.
2.4. PfPGI Expression and Purification
Starter cultures of the pgiA mutants were inoculated from a glycerol stock and grown in
Luria Bertani medium supplemented with 50 µg ml−1 kanamycin (LB/Km) in a 37 ◦ C shaker.
The overnight culture was used to inoculate (0.2% v/v) sterile glass tubes containing 10 mL LB/Km
medium. When the optical density of the culture reached A600 = 0.5, gene expression was induced
by the addition of 0.1 mM isopropyl-1-thio-β-D-galactopyranoside (IPTG). Growth was continued
overnight at 37 ◦ C, after which the cells were harvested by centrifugation (4600× g for 15 min).

Biomolecules 2019, 9, 212

4 of 16

Pelleted E. coli cells were resuspended in 20 mM Tris-HCl buffer (pH 8.0) and disrupted by sonication.
DNase was added to degrade the DNA in the cell lysate to reduce viscosity. Cell debris was removed
by centrifugation (16,000× g for 15 min). E. coli proteins were denatured by heating the cell-free extract
at 70 ◦ C for 30 min and removed by centrifugation (16,000× g for 15 min). The result was a heat-treated
cell-free extract containing mainly PfPGI. Its purity was checked by SDS-PAGE. Protein concentrations
were determined by Coomassie Brilliant Blue G250 31, using bovine serum albumin as reference and
analysis by SDS-PAGE (Quantity One® , Bio-Rad).
PfPGI was purified to homogeneity using an FPLC method similar to that described previously [31].
The heat-treated cell-free extract was diluted to lower the salt concentration, filtered through a 0.45 µm
filter and loaded onto a Q-Sepharose Fast Flow column (Amersham Pharmacia Biotech). The column
was equilibrated with 20 mM Tris-HCl (pH 8.0). PGI activity eluted at 180 mM of NaCl during a linear
gradient of 0 to 1 M NaCl. The fraction with the highest activity was loaded onto a pre-equilibrated
Superdex 200 GL column and eluted with 20 mM Tris-HCl (pH 7.0) containing 100 mM NaCl.
The protein concentrations and purity were determined, after which the purified enzyme fraction was
used for activity assays.
2.5. PfPGI Activity Assay
Any divalent metal was stripped from the purified PfPGI using 50 mM EDTA by incubating at
50 ◦ C for 20 min just before the activity measurement. PfPGI activities were determined by measuring
NADPH formation in a coupled enzyme assay with yeast glucose-6-phosphate dehydrogenase.
This yeast enzyme was present in excess to ensure that the detection of NADPH absorbance at 340 nm
(ε = 6.3 mM−1 cm−1 ) corresponded to PfPGI activity. The assay mixture contained 0.5 mM NADP,
5 mM F6P, and 0.35 units of D-glucose-6-phosphate dehydrogenase, all in 20 mM Tris-HCl buffer (pH 7.0).
All assays were performed using a Hitachi U2001 spectrophotometer with a temperature-controlled
cuvette holder set at 50 ◦ C. The optimal activity was measured after careful titration with MnCl2 ,
while an excess of this salt resulted in enzyme inhibition.
2.6. PfPGI Crystallization
For crystallization, PfPGI was overexpressed and purified as described previously [32]. For each
mutant, the protein was concentrated to 11.5 mg mL−1 in a solution of 10 mM Tris/HCl, pH 8.0,
50 mM F6P, and 5 mM MnCl2 . Mutants P132R/Y133G (RG) and P132A/Y133G (AG) were crystallized
from hanging drops by mixing equal volumes of protein solution with a reservoir solution containing
0.35 M MgCl2 , 0.1 M sodium acetate, pH 5.5, and 10–35% PEG4000. For mutants P132A/Y133D (AD)
and P132V (VY), crystals were grown using a Hydra Plus One robot and commercial screens. AD was
crystallized from a solution of 0.2 M calcium acetate, 0.1 M sodium acetate, pH 6.5, and 40% PEG300;
whereas VY was crystallized from a solution of 0.2 M sodium nitrate, 0.1 M Bis Tris Propane, pH 6.5,
and 20% PEG4000. A total of 50 mM F6P was added to the AD and VY crystals before mounting.
For each different mutant, a single crystal was briefly washed in a cryoprotectant consisting of 25%
ethylene glycol in the crystallization buffer, flash cooled to 100 K, and stored in liquid nitrogen before
data collection on the Diamond synchrotron light source. Data were processed using Xia2 software [33],
and structures determined by molecular replacement using the wild-type PfPGI coordinates as a search
model (PDB code: 1X82) [23] and the program Phaser [34]. Rounds of model building using Coot [35]
and refinement in Refmac [36] gave acceptable models, verified using MolProbity [37]. For each
structure, electron density was present for all the polypeptide chain, and the models had no missing
residues. However, the density was weak for the side chains of Lys21, Lys188, and Lys189 (AG); Arg25,
Glu114, Asp116, Lys118, Lys188, and Lys189 (RG chain A); Glu114, Lys188, and Lys189 (RG chain B)
and Lys188 and Lys189 (AD and VY, chains A and B). Data collection and refinement statistics are
given in Supplementary Tables S1 and S2. The four mutant structures were compared to the wild-type
Mn/5PAA structure (PDB code: 1X7N) by superposition of all the protein atoms of the residues that
coordinate the Mn (His88, His90, Glu97 and His136).
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2.7. EPR Spectroscopy
Electron paramagnetic resonance spectra were obtained from circa 5 mg ml−1 samples of PfPGI
mutants in 10 mM Tris-HCl, pH 8.0, to which 0.2 mM of MnCl2 was added anaerobically. Spectra were
also taken for the PfPGI ternary complexes produced by 10 min incubation with 10 mM F6P. X-band
spectra were collected on a Bruker ECS-106 spectrometer using a microwave frequency of 9.45 GHz,
a microwave power of 0.126 mW or 126 mW, a modulation frequency of 100 kHz, a modulation
amplitude of 6.3 gauss, and a sample temperature of 13 K.
2.8. Protein Data Bank Accession Codes
The structure factors and coordinates for the four mutant PfPGI structures have been deposited in
the Protein Data Bank with accession IDs: 4LTA (RG), 4LUK (AG), 4LUL (AD), and 4LUM (VY).
2.9. Protein Structure Preparation and Molecular Dynamics Simulations
In the AG structure, crystal symmetry relates the two subunits, and; therefore, the two active
sites are identical. In the other three structures of the mutants, both active sites are slightly different.
Therefore, for all the studied proteins, both wild-type and mutants, the structures of the dimers were
prepared for molecular dynamics (MD) simulations. The ligands were manually removed from the
active site; only the Mn2+ ion was present in the binding cavity. The H++ server [38] was used to
protonate each structure using standard parameters and a pH of 7.0. LEaP [39] was used to add
counterions, immerse models in a truncated octahedral box of TIP3P water molecules, and to add
divalent ion parameters for Particle Mesh Ewald and TIP3P water molecules. The parameters for
the Mn2+ ion were taken from [40]. Amber 14 [39] was used to run a 100 ns simulation for each
analyzed system: the wild-type and the four structures of the mutants. The minimization procedure
consisted of 2000 steps, involving 1000 steepest descent steps followed by 1000 steps of conjugate
gradient energy minimization, with decreasing constraints on the protein backbone (500, 250, 125,
75, and 25 kcal·mol−1 ·A−2 ) and a final minimization with no constraints of conjugate gradient energy
minimization. Gradual heating was performed from 0 to 300 K over 25 ps using a Langevin thermostat
with a temperature coupling constant of 1.0 ps in a constant volume periodic box. Equilibration and
production were run using the constant pressure periodic boundary conditions for 2 ns with a 1 fs time
step and 100 ns with a 2 fs time step, respectively. A constant temperature was maintained using the
weak-coupling algorithm for 100 ns of the production simulation time, with a temperature coupling
constant of 1.0 ps. Long-range electrostatic interactions were modelled using the Particle Mesh Ewald
method with a nonbonded cut-off of 10 Å and the SHAKE algorithm. The coordinates were saved at
intervals of 1 ps.
2.10. AQUA-DUCT Analysis
AQUA-DUCT software version 0.7.12 [41] was used to trace the paths of all water molecules that
were identified during each simulation in each of the analyzed cavities. The analysis of the main cavity
was carried out with the object defined as a sphere of 6 Å radius from the center of masses of Val130,
Ala135 and the manganese ion, whereas the rear-side cavity analysis was carried out with the object
defined as a sphere of 5.5 Å radius from the center of masses of the C-alpha atoms of His90, Leu93,
Pro131 and His136. The different radii reflect the size of the cavities detected in the crystal structures.
The scope was defined as the interior of the convex hull of C-alpha atoms of each monomer. Each water
molecule path was cut to fit to the protein surface (auto_barber set to protein). All inlets were then
clustered using the Barber method with cutting sphere correction to the van der Waals radius of the
closest atom (auto_barber_tovdw set to True). For the results’ visualization, PyMOL [42] software
was used.
AQUA-DUCT was also used for the analysis of the local water molecules’ distribution in the
area corresponding to all the paths of all traced molecules. The high-density points or hot spots were
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located. These are regions where water molecules are either attracted by favorable interactions with
nearby amino acids or where they are trapped in hydrophobic cages. In both cases, hot spots can mark
regions of2018,
particular
importance
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3.1. DM Analysis of Cupins and Comulator Predictions
A PfPGI library was generated based on the results of the Comulator CMA algorithm, as previously
A PfPGI library was generated based on the results of the Comulator CMA algorithm, as
described [31]. We used a refined structure-based MSA of the cupin superfamily, containing a total
previously described [31]. We used a refined structure-based MSA of the cupin superfamily,
of 1711 sequences. The amino acid pair with the highest pair-wise correlated mutation score was
containing a total of 1711 sequences. The amino acid pair with the highest pair-wise correlated
Pro132 and Tyr133 in PfPGI (3DM-numbers 27 and 28) (Figure 1). This amino acid pair is located
mutation score was Pro132 and Tyr133 in PfPGI (3DM-numbers 27 and 28) (Figure 1). This amino
in a structurally-conserved peripheral surface loop [31], distant from the catalytic residues and the
acid pair is located in a structurally-conserved peripheral surface loop [31], distant from the catalytic
cofactor binding site, which can be found in most members of the cupin super-family including PfPGI
residues and the cofactor binding site, which can be found in most members of the cupin super-family
(Figure 2). Previous experiments have shown that a PfPGI double mutant of these two residues
including PfPGI (Figure 2). Previous experiments have shown that a PfPGI double mutant of these
exhibited elevated PGI activity levels, while the two single mutants were less active than wild-type
two residues exhibited elevated PGI activity levels, while the two single mutants were less active
PfPGI [31]. These results would not necessarily be predicted, since this peripheral surface loop is not
than wild-type PfPGI [31]. These results would not necessarily be predicted, since this peripheral
in close proximity to the catalytic residues.
surface loop is not in close proximity to the catalytic residues.
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Figure 1. Residue pair frequency table of amino acid couple 27 and 28 (3DM numbering). In wildtype cupin-type P. furiosus phosphoglucose isomerase (PfPGI), these residues correspond to Pro132
and Tyr133. The correlated mutation analysis (CMA) scores are shown and are relative to the number
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of unique sequences containing such occurrences in the superfamily alignment.

(a)

(b)

Figure 2. Structure details of wild-type PfPGI. (a) Cartoon representation of the dimer (white and
green subunits) of the wild-type PfPGI Mn2+ /5PAA 3D structure (Protein Data Bank (PDB) code: 1X7N).
The correlated amino acid pair “PY” is indicated in red. Shown in yellow are those residues involved
in manganese (purple sphere) binding, including a water molecule (red sphere). The inhibitor
5-phospho-D-arabinonate (5PAA) is shown as a stick model (green). (b) Location of main and rear
cavities in PfPGI structure. Histidines 88, 90, and 136 separating main and rear cavities are shown
as red sticks, Pro132 and Tyr133 separating rear-side cavity from solvent as green sticks, Mn2+ ion
as magenta.

3.2. PfPGI Mutant Activity Levels
To examine the effect of the correlated residues Pro132 and Tyr133 on PfPGI activity in more
detail, we selected 15 mutants (out of the 400 possible) that correspond to amino acid pairs that are
either (highly) abundant or (almost) absent within the refined cupin superfamily alignment (Figure 1).
Cultures of these mutants could be grown as described previously, and PfPGI expression could be
induced successfully for all the mutants. As a control, we included E. coli harboring the empty vector
(plasmid pET24d), in order to have a correction for background protein concentrations and to exclude
possible background activity. Most E. coli proteins could be removed from the cell lysate by a heat
treatment step and subsequent centrifugation. PfPGI was stripped with EDTA to remove any bound
divalent cations and subsequently titrated with Mn2+ as the cofactor, as this cation results in the
highest in vitro activity [24]. The resulting heat-stable cell-free extract was used for PfPGI activity
measurements, to compare the activity of the selected mutants with wild-type PfPGI (Figure 3a).
We could detect PGI activity in the lysates of all the fifteen mutants; none of the PfPGI mutants
completely lost activity. The negative control (strain with empty vector) was free of background
activity. Hence the measured PGI activity originated only from PfPGI. Significant differences were
detected between the specific activities of the examined PGI mutants. Interestingly, we observed
elevated activities for those amino acid combinations that, based on the CMA, are abundant in the
protein family alignment (for pair frequencies, see Figure 1). For those combinations of amino acids
that are absent or less abundant than wild-type PfPGI in the MSA, typical activity levels were observed
that were comparable or lower than wild-type PfPGI (amino acid pair PY). These findings suggest
a positive correlation between the natural prevalence of an amino acid pair and the activity of the
corresponding mutant.

elevated activities for those amino acid combinations that, based on the CMA, are abundant in the
protein family alignment (for pair frequencies, see Figure 1). For those combinations of amino acids
that are absent or less abundant than wild-type PfPGI in the MSA, typical activity levels were
observed that were comparable or lower than wild-type PfPGI (amino acid pair PY). These findings
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(a)
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Figure 3. The results of activity measurement: (a) Graphical representation of the relative activity of each
PfPGI mutant (Y-axis) compared to the amino acid pair occurrence according to the Comulator-based
CMA predictions (X-axis). All phosphoglucose isomerase (PGI) activities are relative to wild-type
P. furiosus PGI (PfPGI; PY; in red). (b) The specific activity of wild-type PfPGI (PY) compared to selected
high-occurrence/activity mutants P132R/Y133G (RG) and P132A/Y133G (AG), and lower or similar
occurrence/activity mutants P132A/Y133D (AD) and P132V (VY). Manganese was used as co-factor and
added via titration.

To validate these values, we selected some of these abundantly-expressing mutants for further
purification to homogeneity, to enable a more precise analysis of the PfPGI specific activity. In total,
we grew five large-batch cultures: wild-type PfPGI (P132/Y133) and mutants P132A/Y133G (AG),
P132R/Y133G (RG), P132A/Y133D (AD), and P132V (VY). The first two mutants were chosen because
of their high activity in the crude lysates and because their residue pair is highly abundant, while the
other two mutants represent an amino acid combination that is either not found in the MSA (VY) or
found at a low frequency (AD) compared to the wild-type.
The five PfPGI variants were purified to homogeneity by heat treatment and two subsequent
chromatography steps. The resulting pure protein fractions were used to determine the specific activity
of each of the PfPGI variants (Figure 3b). When we compared the specific activities of the purified
PfPGI variants with those described above for the cell lysates (Figure 3a), similar values were observed.
However, the relative activities of the cell lysate fractions were slightly overrated, due to difficulties in
obtaining accurate protein concentrations. In comparison with the wild-type PfPGI (PY), we again
observed an increased activity for both mutant RG and mutant AG, while both mutant VY and mutant
AD had a similar or decreased specific activity, respectively, compared to PY.
The intriguing question to address is the underlying molecular basis of the observed differences in
PGI activity. The surface loop carrying the correlated mutations is located somewhat distant from the
active site. However, we wanted to examine whether the mutations in the loop have an effect on the
active site structure. In addition, we wanted to ascertain whether the mutations had an effect on the
delicate solvent channel-based proton exchange between the substrate and solvent that occurs around
the manganese metal cofactor [44,45] and the substrate.
3.3. Structure Analysis of the Mutation-Carrying Loop
To examine possible conformational changes in the enzyme structure or metal coordination,
we initiated crystallization trials for the four PfPGI mutants. First crystallization attempts were set
up with manganese as the incorporated cofactor and F6P as substrate. These co-crystallization trials
successfully yielded well-diffracting crystals for both the mutants RG and AG.
For the other two mutants (VY and AD), no ternary complex structures were obtained by
co-crystallization and thus protein crystals were grown in the presence of MnCl2 , and subsequently
soaked in a solution of F6P for two hours before X-ray data collection. This approach was successful
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for mutant VY, resulting in a structure with F6P in the active site. For the mutant AD, the only structure
that could be obtained contained solely Mn2+ in the active site.
The crystal structures of the four mutants revealed that, in each one, clear electron density was
present for the 132–133 loop that carries the substitutions. Such clear electron density demonstrates that
this loop is not disordered in any of the structures, and that the native fold of PfPGI can accommodate
the substitutions within its structure, as inferred from the Comulator predictions. However, as might
be expected, a number of differences are noted when comparing the loop structure in detail. In the
Biomolecules
2018,wild-type
8, x FOR PEER
REVIEW
of 16
structure
of the
enzyme
(P132/Y133), one face of the side chain of Pro132 packs against 9the
carbonyl, Cα and Cβ of Asp94, with the carboxyl of Asp94 pointing away from Pro132. The side
Pro132
packspacks
against
the carbonyl,
andofCβ
of Asp94,
with the carboxyl
of Asp94
pointing
away
chain
of Tyr133
against
the mainCα
chain
Leu93,
with additional
interactions
forming
between
from
Pro132.
The
side
chain
of
Tyr133
packs
against
the
main
chain
of
Leu93,
with
additional
the edge of the phenyl moiety and the side chain of Leu93. The other face of the Pro132–Tyr133
interactions
forming
between
the
of the
phenyl
moiety
and thepart
sideof
chain
Leu93.
other
loop
packs against
the side
chains
ofedge
the Tyr3
residue
and
the aliphatic
Lys4offrom
the The
second
face ofinthe
packs against
thefour
sidemutants,
chains ofthe
the main
Tyr3 residue
and the aliphatic
part
subunit
thePro132–Tyr133
PGI dimer. Inloop
the structures
of the
chain conformation
of the
of
Lys4
from
the
second
subunit
in
the
PGI
dimer.
In
the
structures
of
the
four
mutants,
the
main
131–134 loop remains remarkably consistent, with only minor changes in the positions of the main
chain
conformation
the
131–134
remains
remarkably
consistent,
with more
only minor
changes
chain
atoms.
However,of
the
changes
in loop
the side
chains
of Pro132 and
Tyr133 have
marked
effects in
main chain
the
changes
inthe
theposition
side chains
of Pro132
and Tyr133
onthe
thepositions
positionsofofthe
residues
92–94atoms.
of the However,
90–96 loop,
and
also on
of the
N-terminal
five
have
more
marked
effects
on
the
positions
of
residues
92–94
of
the
90–96
loop,
and
also
oninthe
residues from the adjacent subunit of the dimer. There are also some small consequential changes
ofof
the
N-terminal
five residues
from
the adjacent
subunit
theposition
positions
second
shell residues
packing
against
these two
loops.of the dimer. There are also some
small consequential changes in the positions of second shell residues packing against these two loops.

(a)

(b)

(c)

(d)

Figure 4. Comparison of the structure of the loops adjacent to the mutation position in the four mutant
structures. In each panel, the structure of the wild-type enzyme (PDB code: 1X7N) is shown in white,
Figure 4. Comparison of the structure of the loops adjacent to the mutation position in the four mutant
with the relevant residues highlighted in stick representation and labelled. Y30 and K40 refer to the
structures. In each panel, the structure of the wild-type enzyme (PDB code: 1X7N) is shown in white,
N-terminal strand from the adjacent subunit in the dimer. (a) Mutant AD (slate), (PDB code: 4LUL);
with the relevant residues highlighted in stick representation and labelled. Y3′ and K4′ refer to the N(b) mutant RG (wheat), (PDB code: 4LTA); (c) mutant AG (yellow), (PDB code: 4LUK); and (d) mutant
terminal strand from the adjacent subunit in the dimer. (a) Mutant AD (slate), (PDB code: 4LUL); (b)
VY (pink), (PDB code: 4LUM).
mutant RG (wheat), (PDB code: 4LTA); (c) mutant AG (yellow), (PDB code: 4LUK); and (d) mutant
(pink),
(PDB code: 4LUM).
ForVY
the
P132R–Y133G
mutant (Figure 4b), the loss of the tyrosine side chain at position 133

is somewhat alleviated by the side chain of R132 occupying approximately the same position in
For the P132R–Y133G mutant (Figure 4b), the loss of the tyrosine side chain at position 133 is
somewhat alleviated by the side chain of R132 occupying approximately the same position in the
structure. There are movements of up to 0.5 Å in the positions of both the Leu93–Asp94 and Tyr3–
Lys4 loops, compared to the structure of the wild-type enzyme. In the P132V (VY) single mutant
(Figure 4d), the change of the proline side chain to valine pushes the Leu93–Asp94 loop away, in
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the structure. There are movements of up to 0.5 Å in the positions of both the Leu93–Asp94 and
Tyr3–Lys4 loops, compared to the structure of the wild-type enzyme. In the P132V (VY) single mutant
(Figure 4d), the change of the proline side chain to valine pushes the Leu93–Asp94 loop away, in order
to accommodate the larger bifurcated side chain of valine. Movements of 0.4 and 0.7 Å are seen
between the Cαs of Leu93 and Asp94, respectively. In the mutant AD (Figure 4a), the movements of the
alpha carbons of Leu93 and Asp94 away from 132–133 are 0.7 and 0.9 Å, respectively. In mutant AD,
the change from tyrosine to the negatively-charged aspartic acid has little effect on the position of the
Biomolecules 2018, 8, x FOR PEER REVIEW
of 16
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Figure 5. A stereo representation of the mFO –DFC electron density (grey mesh), contoured at 1.5σ,
Figure 5. A stereo representation of the mFO–DFC electron density (grey mesh), contoured at 1.5σ, for
for the P132A, Y133G mutant PfPGI structure (mutant AG, PDB code: 4LUK), showing the manganese
the P132A, Y133G mutant PfPGI structure (mutant AG, PDB code: 4LUK), showing the manganese
(purple sphere), coordinating water (red sphere), 5PAA and metal coordinating residues (sticks).
(purple sphere), coordinating water (red sphere), 5PAA and metal coordinating residues (sticks).

In all four PGI mutant structures, the manganese is six-coordinated with an octahedral geometry
In6a–d).
all fourThree
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structures,
is six-coordinated
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(Figure
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The fourth
ligand
is one
of the carboxyl
oxygens
of Glu97.
The fifth and
ligands
are oxygen
atoms
and are
different
depending
on the bound
substrate;
nevertheless,
the sixth
relative
positions
of the
atoms and are different depending on the bound substrate; nevertheless, the relative positions of the
coordinating atoms are equivalent. In the mutant AD, water molecules provide these two ligands. In
the two structures with 5PAA, mutants RG and AG, the fifth ligand is one of the carboxylate oxygens
of 5PAA and the sixth ligand a water molecule. In the F6P-soaked crystal structure of mutant VY,
both the fifth and sixth ligands are provided by the F6P substrate; one is the C2 carbonyl and the
other the C1 hydroxyl. In this short F6P-soaked crystal structure, there is no indication that any of
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coordinating atoms are equivalent. In the mutant AD, water molecules provide these two ligands.
In the two structures with 5PAA, mutants RG and AG, the fifth ligand is one of the carboxylate oxygens
of 5PAA and the sixth ligand a water molecule. In the F6P-soaked crystal structure of mutant VY,
both the fifth and sixth ligands are provided by the F6P substrate; one is the C2 carbonyl and the other
the C1 hydroxyl. In this short F6P-soaked crystal structure, there is no indication that any of the F6P
has
been converted
G6P, REVIEW
as the electron density clearly shows the C2 carbon to have trigonal 11
(sp2)
Biomolecules
2018, 8, x into
FOR PEER
of 16
geometry, and the C1 carbonyl to be tetrahedral (sp3), indicating the presence of the ketone isomer of
the substrate.
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Figure 6. Mn2+ coordination in the mutant PfPGI structures. For all mutant structures, the Mn2+
ion (purple sphere)
is coordinated in an octahedral arrangement: (a) Mutant AD (blue), (PDB code:
Figure 6. Mn2+ coordination in the mutant PfPGI structures. For all mutant structures, the Mn2+ ion
4LUL); (b) mutant RG (wheat), RG (PDB code: 4LTA); (c) mutant AG (yellow), (PDB code: 4LUK);
(purple sphere) is coordinated in an octahedral arrangement: (a) Mutant AD (blue), (PDB code: 4LUL);
and (d) mutant VY (pink), (PDB code: 4LUM), respectively. 5PAA and F6P shown as sticks.
(b) mutant RG (wheat), RG (PDB code: 4LTA); (c) mutant AG (yellow), (PDB code: 4LUK); and (d)
mutant the
VY (pink),
4LUM),
and F6Pofshown
as sticks. and 93–94 loops
Despite
quite (PDB
largecode:
changes
inrespectively.
the relative5PAA
positions
the 132–133

between the different mutants, the position of the manganese coordinating residue His90, which lies
Despite the quite large changes in the relative positions of the 132–133 and 93–94 loops between
only three residues away from the moving residue Leu93, is very similar in all the structures
the different mutants, the position of the manganese coordinating residue His90, which lies only three
(Supplementary Table S3). The same is true for His88, Glu97 and His136. For a more sensitive
residues away from the moving residue Leu93, is very similar in all the structures (Supplementary
investigation of the coordination state of the bound manganese during catalysis, EPR spectral analyses
Table S3). The same is true for His88, Glu97 and His136. For a more sensitive investigation of the
were performed on the four PfPGI mutants, comparing PfPGI without any substrate as well as in
coordination state of the bound manganese during catalysis, EPR spectral analyses were performed
a complex with F6P (Supplementary Figure S1). We found that the addition of F6P to any of the
on the four PfPGI mutants, comparing PfPGI without any substrate as well as in a complex with F6P
manganese-containing PfPGI mutants lead to a collapse of the hexacoordinate manganese signal.
(Supplementary Figure S1). We found that the addition of F6P to any of the manganese-containing
Additionally, there is a considerable change in the signal to that of pentacoordinate manganese,
PfPGI mutants lead to a collapse of the hexacoordinate manganese signal. Additionally, there is a
leading to a substantial increase in the pentacoordinate to hexacoordinate ratio, indicating a shift
considerable change in the signal to that of pentacoordinate manganese, leading to a substantial
towards pentacoordinate metal, the same as that observed for wild-type PfPGI [25]. As the coordination
increase in the pentacoordinate to hexacoordinate ratio, indicating a shift towards pentacoordinate
of the Mn2+ observed in the crystal structures of the mutants and the dynamic changes in coordination
metal, the same as that observed for wild-type PfPGI [25]. As the coordination of the Mn2+ observed
seen in the EPR spectra are both the same as those observed for wild-type PfPGI [25], it is reasonable to
in the crystal structures of the mutants and the dynamic changes in coordination seen in the EPR
conclude that the mutations do not have a large effect on the binding of the metal cofactor.
spectra are both the same as those observed for wild-type PfPGI [25], it is reasonable to conclude that
the mutations do not have a large effect on the binding of the metal cofactor.

3.5. Molecular Dynamics Calculations and Water Access Analysis
Structural analysis revealed no drastic changes in the conformation and cofactor coordination in
the mutants, compared to the wild-type PfPGI. However, it revealed a (rear-side) cavity in all mutants
between the highly correlated 132–133 residues and the metal-binding residues His88, His90 and
His136. Recent studies on ‘protein sectors’ [47,48] have pointed out that correlated amino acids that
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3.5. Molecular Dynamics Calculations and Water Access Analysis
Structural analysis revealed no drastic changes in the conformation and cofactor coordination in
the mutants, compared to the wild-type PfPGI. However, it revealed a (rear-side) cavity in all mutants
between the highly correlated 132–133 residues and the metal-binding residues His88, His90 and
His136. Recent studies on ‘protein sectors’ [47,48] have pointed out that correlated amino acids that
are specially located at inter-modular sections could influence activity. Additionally, the dynamics of
residues with bulky/aromatic side chains could influence solvent access and subsequently enzyme
properties due to their side chain dynamics [49,50]. The water molecules can be even exchange
between internal cavities and the bulk solvent by transient tunnels [51]. Since the highly-correlated
Pro132-Tyr133 pair and the His88, His90, and His136 residues coordinated to the cofactor Mn2+ in
PfPGI (along with the His158 and Tyr152 that are involved in the proton transfer) contain such side
chains, we considered that their dynamics could similarly vary the solvent access. The presence of
water in the rear-side cavity of the mutants also suggested that if the dynamics of these residues
(and their side chains) varies, the resulting movement of water through the enzyme will affect activity.
Hence, we computed molecular dynamics simulations and solvent access in the four mutants and
wild-type PfPGI to understand the effect of mutations on solvent access through them.
The manganese coordination and the presence of water molecules coordinated to it play a role
in the activity of PfPGI, as do His158 and Tyr152, which are both involved in the proton transfer
and coordinate with the substrate directly or through water molecules [27]. We; thus, instigated a
combined molecular dynamics and solvent access analysis similar to our previous investigation [43,50].
For this, we used the dimer structures of the four mutants and the wild-type PfPGI, and changes in
each chain were analyzed independently. Careful analysis of the MD simulations of the wild-type
PfPGI confirmed the presence of a small rear-side cavity located between the 132–133 residue pair
and the His88, His90, and His136 residues, as well as a large active-site cavity (Figure 2b). The small
rear-side cavity could accommodate two or three water molecules in it, and the large active-site cavity
accommodated substrates. We analyzed in total 500 ns simulations of water flux, which revealed that
the main cavities of all variants were permanently open for solvent access with fast exchange of water
molecules between the active site cavity and the bulk solvent (Supplementary Table S4).
Interestingly, mutations in the 132 and 133 positions in almost all cases had a decreased water flux
to the main cavity by the main tunnel (Supplementary Table S1). Only in two cases, RG mutant chain B
and AG mutant chain A, was an additional cluster of inlets detected, which was associated with the
observed large movements of the side chains of His88 and the loss of the contact between His88 and
the Mn2+ ion (Figure 7). In the AD and VY mutants, a small His88 rotation was observed; however,
ion coordination by all the three histidines was preserved and water entry/exits were distributed in a
similar manner to the wild-type (WT), where no movement of His88 was observed. It is worth adding
that, for all mutants, the water molecules which were seen in the MD simulations were also trapped in
the main cavity, whereas in WT there was no such observation.
Additionally, we inspected the water distribution in the rear-side cavity. During simulations,
two or three water molecules were observed in the rear-side cavities in the WT, RG, AG, and VY mutants.
In the low activity AD mutant, only one water molecule was present in the rear-side cavity; however, in one
chain (exceptionally for a short period) up to three molecules were observed. Concerning water exchange
with the bulk solvent, for most of the analyzed variants, the rear-side cavities were separated from the
surrounding solvent. Access from the surrounding solvent to the rear-side cavity could probably occur via
a bottleneck consisting of Phe89, Leu93, and residue 133; however, excluding the VY mutant, such access
was not observed during 100 ns of simulations. These results underline the possible role of the mutants in
which the side chains of Pro132 and Tyr133 are substituted in the control of water access. The analysis of
water distribution in the main and rear cavities has shown that the local water density in the rear cavity is
smallest in the AD mutant, which has the lowest activity (Figure 7).
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dynamics of the amino acid side chains might have influenced solvent access regulation in the vicinity
of the Mn2+ ion, and they can provide an alternative explanation of the observed differences in the
mutants’ activity. Since this specific hot spot has a critical effect in inferring functional information,
we believe that prudence is required in the selection of correlated resides for such structures and
function prediction tools.
Supplementary Materials: The following are available online at http://www.mdpi.com/2218-273X/9/6/212/s1,
Table S1: Crystallography data—collection statistics, Table S2: Crystallography data—refinement statistics,
Table S3: Mn2+ ligands and coordination distances (Å), Table S4: Average time required for the exchange of water
molecules between the main cavity and bulks solvent for the wild-type and four mutant structures, Figure S1:
Invariance of EPR spectra from the PfPGI mutants.
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Abstract: Several different approaches are used to describe the role of protein compartments and
residues in catalysis and to identify key residues suitable for the modification of the activity
or selectivity of the desired enzyme. In our research, we applied a combination of molecular
dynamics simulations and a water tracking approach to describe the water accessible volume of
Solanum tuberosum epoxide hydrolase. Using water as a molecular probe, we were able to identify
small cavities linked with the active site: (i) one made up of conserved amino acids and indispensable
for the proper positioning of catalytic water and (ii) two others in which modification can potentially
contribute to enzyme selectivity and activity. Additionally, we identified regions suitable for de novo
tunnel design that could also modify the catalytic properties of the enzyme. The identified hot-spots
extend the list of the previously targeted residues used for modification of the regioselectivity of
the enzyme. Finally, we have provided an example of a simple and elegant process for the detailed
description of the network of cavities and tunnels, which can be used in the planning of enzyme
modifications and can be easily adapted to the study of any other protein.
Keywords: epoxide hydrolases; cavities; tunnels; water trajectories; protein engineering;
MD simulations; AQUA-DUCT; hot-spot

1. Introduction
The reaction catalysed by an enzyme is dependent on substrate availability. Whereas access
of the substrates to the active site can be straightforward for enzymes with an active site exposed
to the surroundings, for enzymes with buried active sites the situation seems to be much more
complicated, and the substrates entry or the products exit phenomenon, occurring via tunnels, can
define the rate-limiting step of the reaction [1,2]. Here an immediate question appears: ‘Why has
nature complicated the structure of some biocatalysts and hid the active site inside a buried protein
cavity?’ The constrained active site arrangement in 3D space, providing precise prepositioning of
the amino acid functional groups, is one obvious answer [3]. Tunnels provide an access to the
buried active sites and ensure more precise control of the substrates selection [4,5]. However, the
possibility of controlling the reaction environment seems to be just as important as the geometrical
constraints. Each enzyme provides its service immersed in the solvent that contributes to catalyst
stability, activity, and selectivity [6–8]. Since water molecules can greatly influence the catalytic
event, a variety of mechanisms regulating water access to the active site have been developed during
natural evolution [9–11]. The division of the hydrophobic and hydrophilic compartments in the
protein core can separate processes requiring distinct dielectric conditions. In enzymes with a buried
Biomolecules 2018, 8, 143; doi:10.3390/biom8040143

www.mdpi.com/journal/biomolecules

Biomolecules 2018, 8, 143

2 of 17

active site connected with the surrounding solvent by tunnels, the water flow can be controlled much
more precisely by the molecular properties of the amino acids constituting the tunnels or, in more
sophisticated enzymes, by gates controlling the opening and closing of the access pathways [10–12].
Such control mechanisms can be much more complicated than one might expect. Various arrangements
of tunnels and gates can provide the delivery of substrate or water molecules ‘on request’, thus
protecting hydrophobic conditions when required and guaranteeing the water access for a hydrolytic
event [13,14]. However, our understanding of solvent distribution and the flow of water molecules
inside the protein core has been limited, mainly due to the lack of proper tools facilitating such analysis.
We found that the exchange of water molecules occupying the active site cavity and penetrating the
protein core can be investigated reasonably successfully by the use of classical molecular dynamics
(MD) simulations. It is not a simple task, even though the MD simulations packages contains a
variety of tools for atoms or molecules selection and the tracking of collections of molecular entities.
The identification and tracking of water molecules that enter into regions important for catalysis
require the screening of the positions of several thousands of single molecules along several thousands
of MD steps. To fill the existing gap between tools searching for tunnels and pathways and advanced
tools for accelerated water flux investigations, we have developed AQUA-DUCT, an easy-to-use tool
facilitating the analysis of the behaviour of water (and if necessary other solvent molecules) penetrating
any selected region in a protein [15].
An epoxide hydrolase from Solanum tuberosum (StEH1) is a well-studied enzyme with a buried
active site and a well-defined main tunnel providing access into the catalytic triad. As an attractive
target for protein engineering, it has been intensively studied using both experimental [16–23]
and computational methods [18,20,23–27]. Solanum tuberosum epoxide hydrolase belongs to the
α/β-hydrolase family. The core domain comprises a central eight-stranded β-sheet flanked by
α-helices, with a mainly helical cap-domain (or lid-domain) positioned over the core, forming a
buried active site. The active site consists of a catalytic triad, D105, D265 and H300, of the α/β domain,
with two tyrosines (Y154 and Y235) from the cap domain assisting in epoxide ring opening [16,17].
Previously, several mutants have been designed to test and modify the mechanism of the reaction,
substrate specificity, enantioselectivity, regioselectivity, and pH dependence (Supplementary Table
S1) [16,17,19,21,22,28–30]. Most of the targeted residues were positioned in the binding site cavity;
however, a few of them were distinct and were located on the protein surface (Supplementary
Figure S1). Initial studies were dedicated to investigating the role of active site residues. Elfström
and Widersten [16] mutated four catalytic candidate residues, D105, Y154, Y235, and H300, into
residues with non-ionisable functional groups. They constructed seven mutants, D105A, Y154F, Y235F,
Y154F/Y235F, H300A, H300N, and H300Q, with very low activity towards different TSO (trans-stilbene
oxide) enantiomers and no detectable activity towards other tested epoxides [16]. Almost a decade
later, Amrein et al. [30] described H300N and E35Q/H300N mutants in order to establish the principles
underlying the activity and selectivity of StEH1 and proposed to expand the ‘catalytic triad’ to include
E35 and H104 residues, which according to the authors’ results are indispensable for epoxide hydrolase
activity. They resolved the crystal structure of the H300N mutant, which revealed a substantial
perturbation of the active site.
Thomaeus et al. [19] investigated the importance and role of a putative proton wire in the StEH1
catalysis mechanism. The proton transfer path was suggested to begin from donor oxonium ions in the
bulk solvent through a chain of water molecules that led to the Y154 residue in the active site. Water
molecules in the main StEH tunnel were coordinated by the following residues (starting from the
active site to the protein surface): Hydroxyl group of Y154 → imidazole moiety of H153 → backbone
carbonyl of L266 → hydroxyl of Y149 → backbone carbonyl of H269 → backbone carbonyl of P186.
Three mutant variants, Y149F, H153F and Y149F/H153F, were constructed to validate the Y149’s and
H153’s integral role in this chain. The introduced single mutations resulted in a protein with a shorter
estimated half-life than the wild-type (about 1 h, whereas the wild-type enzyme was stable for about
2 h and 15 min at 55 ◦ C), whereas the double mutant showed a dramatic drop in enzyme activity
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with an interpolated half-life of 20 min. The single mutants H153F and Y149F also lost one and two
protein-water hydrogen bonds, respectively, which destabilised the structure. Losing three hydrogen
interactions in the double mutant Y149F-H153F was linked with the lowering of the protein’s half-life.
The influence of salt bridges situated between the core and cap domain and on the surface on
protein stability and regioselectivity was studied by Lindberg et al. [28]. Four mutations, K179Q, E215Q,
R236K and R236Q, introduced at the interface of the α/β-hydrolase fold core and the lid domains
and between residues in the lid domain (residues 139–237) disrupted the salt-bridging interactions
between K179-D202, E215-R41 and R236-E165 and caused increased flexibility of the protein, lower
thermostability and a decrease in activity with a general trend of wild-type > K179Q > E215Q > R236K
> R236Q.
The analysis of StEH1 enantioselectivity was performed in the series of studies [21,22,26,29]. Four
hotspots were targeted by random mutagenesis that consisted of: A single F33 residue (hotspot A),
the Y106 and L109 residues (hotspot B), V141, L145, and I155 residues (hotspot C) and I180 and F189
residues (hotspot D) [21]. Several constructed mutants were investigated in details [21,22] and the
crystal structures were solved for four of them: R-C1 variant (V141K, I155V), R-C1B1 variant (W106L,
L109Y, V141K, I155V), R-C1B1D33 variant (W106L, L109Y, V141K, I155V, F189L), and R-C1B1D33E6
variant (W106L, L109Y, V141K, I155V, F189L, L266G) [26,29]. All the targeted residues were situated in
the binding site cavity, apart from F189, which was located behind the active site cavity. The R-C1B1
variant had an increased volume of the binding site cavity caused by the Y109 side chain’s rotation
away from the binding site. The additional F189L substitution in the R-C1B1D33 variant and the
L266G in the R-C1B1D33E6 variant further increased the volume of the active site pocket. The R-C1B1
variant was studied by Bauer et al. [29], who pointed out that the origin of the observed enantio- and
regioselectivity is related not only to active site cavity enlargement but also to water penetration into
the active site. Analysis of the F189L variant [26] also showed the importance of the F33 residue, which
was found to be involved in substrate binding and might explain the degree of conservation of this
residue during directed evolution (only exchanges to tyrosine were observed) [22].
Keeping in mind all the above-mentioned findings, we used AQUA-DUCT with wild-type StEH1
to investigate in detail the water flow in the vicinity of the binding site cavity and also to identify
residues which may perhaps be important for the further modification of the activity and selectivity of
this enzyme.
2. Materials and Methods
2.1. Protein Preparation
The crystal structure of Solanum tuberosum epoxide hydrolase (StEH1; PDB ID: 2CJP [17]) was
downloaded from the Protein Data Bank [31]. Chain A and the ligand were removed manually from
the crystal structure.
2.2. Molecular Dynamics Simulations
The H++ server [32] was used to protonate the structure using standard parameters and pH
6.8. Water molecules were placed using the combined method of 3D Reference Interaction Site
Model (3D-RISM) [33] and the Placevent algorithm [34]. The AMBER 14 LEaP [35] was used to add
counterions and immerse models in a truncated octahedral box of TIP3P water molecules and prepare
the system for simulation using ff14SB force field [36]. Amber 14 [35] was used to run five repetitions
of 50 ns simulations of Solanum tuberosum epoxide hydrolase. The minimisation procedure consisted of
2000 steps, involving 1000 steepest descent steps followed by 1000 steps of conjugate gradient energy
minimisation, with decreasing constraints on the protein backbone (500, 125 and 25 kcal ·mol−1 ·Å−2 )
and a final minimisation with no constraints of conjugate gradient energy minimisation. Gradual
heating was performed from 0 K to 300 K over 20 ps using a Langevin thermostat with a temperature
coupling constant of 1.0 ps in a constant volume periodic box. Equilibration and production were
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run using the constant pressure periodic boundary conditions for 2 ns with 1 fs time step and 50 ns
with a 2 fs time step, respectively. The constant temperature was maintained using the weak-coupling
algorithm for 50 ns of the production simulation time, with a temperature coupling constant of 1.0 ps.
Long range electrostatic interactions were modelled using the Particle Mesh Ewald method with a
non-bonded cut-off of 10 Å and the SHAKE algorithm. The coordinates were saved at intervals of 1 ps.
2.3. Tunnel Identification
CAVER 3.02 [37] was used for tunnel calculation and clustering. The parameters used in CAVER
3.02 for the modelled protein were as follows: minimum probe radius—0.9; shell depth—4; shell
radius—3; and clustering threshold—5. A portion of the 1000 tunnels was clustered by average-link
clustering and used as training data. The remaining tunnels were clustered using a classifier trained
on the results of the average-link clustering. The starting point was placed at the centre of mass of the
catalytic active site residues’ Cα atoms, including D105, H300, D265, Y154, and Y235.
2.4. Water Tracking, Hot-Spot and Pocket Detection
The tracking of water molecules and the analysis of water paths, inlets and flow were performed
with AQUA-DUCT software [15]. It is a universal tool that allows for the extraction, analysis and
visualisation of the behaviour of solvent molecules during MD simulations.
AQUA-DUCT traces molecules that are found in the so-called object, which is usually an area of
special research importance. In the present study, the object area was defined as a 4 Å sphere around
the centre of geometry of five amino acids from the active site, namely D105, Y154, Y235, D265, and
H300. The tracing of solvent molecules outside of the macromolecule is not particularly informative in
enzyme studies. AQUA-DUCT allows setting spatial limits in which molecules are traced by allowing
the user to define the so-called scope area. Here, it was defined as the interior of a convex hull of Cα
atoms of the protein. Using a convex hull approach has the advantage of being very fast; however, it is
quite a crude representation of the macromolecule’s shape. AQUA-DUCT allows the mitigation of this
by running the Auto-Barber procedure, which additionally trims the paths of the traced molecules to
the approximated surface of the macromolecule or any part of it. In order to mimic the protein surface,
Auto-Barber was set to all protein atoms and van der Waals radii correction was also used.
Inlets of paths, i.e., points at which the traced molecules enters or leaves the macromolecule,
were submitted to clustering routines to separate the tunnels’ exits in space, filter out outlier exits and
facilitate statistical analysis.
AQUA-DUCT was also used to detect pockets in the protein core and identify amino acids
surrounding cavities. This was performed by analysis of the local water molecules’ distribution in
the area corresponding to all the paths of all traced molecules. The outer pocket corresponds to the
maximal possible space explored by all traced molecules. AQUA-DUCT also calculates the inner
pocket, which represents an area that is easily accessible by water molecules. Together with the inner
pocket, AQUA-DUCT also locates high-density points or hot-spots. These are regions where water
molecules are either attracted by favourable interactions with nearby amino acids or where they are
trapped in hydrophobic cages. In both cases, hot-spots can mark regions of particular importance for
the enzyme’s functions.
2.5. Evolutionary Analysis
The Multiple Sequence Alignment of 312 sequences of close homologues of soluble epoxide
hydrolases deposited with the BALCONY package [38] was used for evolutionary analysis. The
alignment was trimmed to span only the sequences corresponding to the analysed StEH1 structure.
The phosphatase domain was removed as well as terminal leftovers. For the StEH1 crystal structure,
the reference UniProt sequence was matched based on RCSB PDB information.
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Using BALCONY, we analysed the MSA and mapped selected residues that made up hot-spots
and cavities onto the correct positions in aligned reference UniProt sequences. The Schneider metrics
were calculated for each alignment position [39].
The residues composing internal cavities identified in MD simulations of Solanum tuberosum
soluble epoxide hydrolases were appropriately mapped with MSA, and Schneider entropy values were
collected. Next, collected entropy values for all residues making up cavities were compared with the
entropy values of the remainder of the protein with the non-parametric Kolmogorov-Smirnov test [40].
3. Results
The B chain of StEH1 crystal structure, consisting of 319 amino acids, was immersed into
about 9000 water molecules, including water molecules present in the crystal model. The backbone
root-mean-square deviation (RMSD) values for each simulation fluctuated near 1.2 Å (Supplementary
Figure S2a). Also, the root-mean-square fluctuation (RMSF) plots for each simulation were similar.
Unique high peaks stood for movements of T249 located on a P247-P256 loop between an α8 helix and
a β7 sheet during the 1st simulation and for G280 located in the middle of an α10 helix during the 3rd
simulation (Supplementary Figure S2b). In every simulation the two sharp peaks around G67 and N95
correspond to loops flanking α2 helix and 30-amino-acid-long peak stands for amino acids 189–219,
part of the cap-domain.
3.1. Water Trajectories—Tunnels and Incidental Pathways
The cross-section of the protein structure shows a huge cavity permanently opened to the
surroundings and going deep into the protein core up to the active site (Figure 1a). It also has two
branches that end close to the surface. Analysis performed by AQUA-DUCT identified that all three
locations are also the main entrance/exit areas for water molecules penetrating the Solanum tuberosum
epoxide hydrolase structure (Figure 1a). We named them as: TM1—used by the vast majority (about
90%) of the identified water molecules, permanently opened, located in a pocket between two long
loops in the main domain (S129-M139 from the NC-loop, and Y183-P204 from the cap-loop, and P271);
TC/M located on the border of the main and cap domains, with an entrance/exit separated from that
of TM1 by I148 and I270 residues, and used for about 9% of the water molecules; and TM2 with an
entrance/exit located between two loops S129-M139 and P247-P256 (approximately 1% of detected
inlets, in 1st repetition, higher flexibility of the P247-P256 loop caused increase of detected inlets up to
3%) (Figures 1 and 2, Supplementary Figure S2b and Table S2). Other regions with high flexible are
far from detected water trajectories. The NC-loop separated the TM1 cluster from TM2. Additionally,
a few outliers were detected, which identified less important, but still permeable, pathways.
The TM1 entrance corresponded to the large funnel, which provided the shortest access to the
active site residues. The majority of water molecules that entered through the TM1 entrance also left
by the same entrance. Only 15% of the water molecules utilising the TM1 exit came from different
entrances. In contrast, in the case of the second most abundant exit, TC/M, was mostly used as a
transient one, only about 11% of the water molecules entered and left by the TC/M exit. There was no
preference concerning the direction of the water flow (Figure 2, Supplementary Tables S3 and S4).
We compared the identified water entry points with those recognised by the geometry-based
approach. For this purpose, we used CAVER 3.02 [37] standalone version and a probe size of 0.9
Å. In each MD simulation, we were able to identify that five up to nine tunnels opened for at least
20% of the time during 50 ns MD simulations (Supplementary Table S5). In general, the main tunnel
exits identified by CAVER corresponded to the egress of water molecules identified by AQUA-DUCT
(Supplementary Figure S3a and Table S5). However, the main entrance, TM1, corresponded to three
different tunnels identified by CAVER (Supplementary Figure S3b). This result is not surprising,
keeping in mind that the CAVER is using Voronoi diagram construction for tunnels detection. Since
the main cavity is very wide and asymmetric, it can accommodate several tunnels in the same frame of
MD simulation, which can give an artificial picture of the tunnel network.

than 1 ns) (Supplementary Table S6 and Figure S4). This observation can explain why outliers
identified by AQUA-DUCT corresponded to the less populated tunnels identified by CAVER
(Supplementary Figure S5). The reason may arise from the different ideas behind these tools. CAVER
identifies a tunnel as a pathway that in each frame provides continuous access for a defined probe
size between the starting point and the surroundings, whereas AQUA-DUCT mimics ‘real’
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Besides the main tunnels, in four out of five simulations, we detected incidental water molecules
that were able to pass through the protein core end and enter/leave the protein in distinct regions
(Figure 3, Supplementary Tables S4 and S6). The trajectories of such water molecules can be used
to investigate alternative pathways, which possibly can be widened by rational engineering. Both
the entry and egress of water outliers were detected, being localised in three regions: (i) the region
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I between the main and cap domains comprising R41, W210, L211, E215, and S212 residues; (ii) the
region II between the residues of the cap domain loop (Y183-V205); and (iii) and the region III—the
hinge region of the cap domain (E165, F168, F228, and the surrounding residues). The Figure 4 shows
two views of protein with indicated outliers entry/exit regions and identified cavities described in
Section 3.2. Cavities and pockets section.
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amino acids, whereas the largest one was observed in the 5th repetition and was surrounded by 24
residues (Table 1, Supplementary Figure S6a,b). Cavity II was observed in four repetitions and was
positioned in the main domain. It had quite a stable water-accessible volume in all repetitions in a
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range of 70–100 Å3 and was composed of 8–13 residues; it was separated from cavity I by residues:
F301 and the catalytic H300 (Table 1). The third cavity explored by water molecules, which was
observed in all repetitions, was located in the hinge region, and the water-accessible volume changed
from 70 to 170 Å3 and was surrounded by 8–15 residues (Table 1).
Table 1. Amino acids making up the walls of cavities detected in particular MD simulations. Residues
detected in three or more simulations in bold, residues which made up the wall of two cavities are
underlined, residues reported as catalytic marked with red star, residues reported in the literature as
having mutated in blue.
Cavity I

Cavity II

Cavity III

MD1

I180, T182, Y183, R184, F189,
D265 *, L266, A299, H300 *, F301

H31, G32, F33, E35 *, S39,
W40, H104 *, D105 *,
G107, H300 *, F301

F33, P34, F158, F168,
V176, L177, I180, F191,
F223, G227, F228, T229,
G230, A231, V232

MD2

I180, T182, Y183, R184, F189,
W210, L266, A299, H300 *, F301,
E305

G32, F33, P34, E35 *,
H104 *, D105 *, H300 *,
F301

F33, Y154 *, F158, F168,
I180, F189, F191, I200

MD3

I180, L181, T182, Y183, R184,
D185, P186, A187, F189, L207,
W210, F264, D265 *, L266, A299,
H300 *, F301, E305

-

F33, P34, Y154 *, F158,
F168, V176, K179, I180,
F189, L197, I200, F228

MD4

I180, T182, Y183, R184, D185,
F189, A203, L207, S208, W210,
F264, D265 *, L266, A299, H300 *,
F301, E305

H31, G32, F33, E35 *, S39,
W40, H104*, D105 *,
L128, H300 *, F301, V302,
S303

F33, P34, Y154 *, F158,
F168, V176, L177, K179,
I180, F189, F191, L197,
I200, F228

MD5

K179, I180, L181, T182, Y183,
R184, D185, P186, A187, A203,
P204, L207, S208, W210, F264,
D265 *, L266, A298, A299, H300 *,
F301, V302, Q304, E305

G32, F33, P34, E35 *,
H104 *, D105 *, H300 *,
F301,

F33, Y154 *, F158, F168,
V176, K179, I180, F189,
F191, L197, I200, F228,
V232

We compared the identified cavities with the crystal structure of chain B of StEH1. Interestingly,
we observed that the aliphatic regions of bound valpromide were located inside cavities I and III. Also,
one of the crystallographic water molecules was found inside cavity II, ideally situated to play its role
during the second step of the reaction (Figure 5) [17]. Analysis of water molecules trajectories in the
rear side of the active site cavity showed that the region identified by AQUA-DUCT as cavity II could
hold two water molecules, and cavities I and III could accommodate even longer substrate chains
(Figure 5).
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The high density of water observed in the vicinity of the E35 residue clearly confirms its crucial
role in the correct positioning of catalytic water
Our analysis suggests that one of the hot-spots surrounded by the P188, L266, and I270 residues
is positioned at the entrance to the TC/M tunnel. Among them, L266 was mutated by Carlsson et al.
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The high density of water observed in the vicinity of the E35 residue clearly confirms its crucial
role in the correct positioning of catalytic water
Our analysis suggests that one of the hot-spots surrounded by the P188, L266, and I270 residues is
positioned at the entrance to the TC/M tunnel. Among them, L266 was mutated by Carlsson et al. [22];
however, it was an additional mutation in multiple variants and therefore it is difficult to interpret
the role of the L266 residue. A hot-spot at the TC/M tunnel entrance was detected in all simulations.
In contrast, in case of the TM2 tunnel, only in two simulations were we able to detect an increased
distribution of local water molecules, and in both cases different residues were responsible for this
effect (Supplementary Table S7)
Several hot-spots were identified in the funnel providing access to the active site cavity. In the
majority of cases, water molecules were trapped in the vicinity of the L109, V130, H131, F132, S133,
L238, N241 and W242 residues. Among them, only the L109 residue has been investigated so far, in
the previously mentioned paper by Carlsson et al. [22].
The outliers provide information about water leakage, which in half of the identified cases was
combined with trapping of water molecules. These phenomena were observed for cavity I, where
during the 2nd simulation a water molecule was trapped for 25 ns prior to entering the active site,
and during the 3rd simulation, where a water molecule was trapped for over 17 ns prior to exit.
This observation was confirmed by hot-spot detection, where Y183, R184, A299, H300 and F301 were
identified as key residues. A water molecule was also trapped in this cavity in the 4th and 5th
simulation; however, no leakage was observed. In contrast to cavity I, water molecules that were
leaking via cavity III were not trapped and left the cavity within 1 ns. Also, no hot-spot residues were
detected for this cavity. Interestingly, in the 5th simulation we observed two water molecules that were
trapped prior to entry to the active site for ~15 ns; however, they were trapped in a region between the
surface and cavity II, which was not identified as a hot-spot.
3.4. Evolutionary Analysis
The Multiple Sequence Alignment (MSA) of 312 sequences of close homologues of soluble epoxide
hydrolases deposited with the BALCONY (Better ALignment CONsensus analYsis) package [38] was
downloaded to perform an evolutionary study. Prior to analysis, the MSA was truncated. The
phosphatase domain, as well as terminal leftovers were removed. The remaining part of the MSA was
used to calculate entropy values for all the amino acids. We then compared the entropy of the amino
acids identified as common hot-spots.
Functional and structural perspective as well as higher number of mutations positioned on the
surface suggest that variable residues are preferably located on the protein surface [41–43]. Indeed,
the most variable residues in StEH1 are the hot-spots amino acids positioned at the surface, at the
entrance to the TC/M tunnel (L266 and I270) and at the back of cavity I, separating this cavity from its
surroundings (R184). Surprisingly, the majority of the residues detected in the vicinity of hot-spots
areas in the interior of the protein were also annotated as variable (Supplementary Table S8). Residues
that were identified as conserved created the active site (D105, H300) or played a role in catalytic water
positioning (E35). H131 was identified as the only exception to this rule. It was positioned inside the
funnel close to its exit, and water trapping by histidine was assisted by S133.
Since, according to our procedure, hot-spots are individual points in 3D space, we extended
our evolutionary analysis for residues making up cavities—possibly functional compartments. The
entropy scores were associated with amino acids and visualised. Close inspection suggested a large
difference between the entropy scores of residues making up particular cavities (Figure 7a–c). The
analytic comparisons were carried out with Kolmogorov-Smirnov tests in a similar way to that reported
elsewhere [38]. According to the test results, the cavities indeed presented different evolutionary rates.
Residues composing cavity II were classified as conservative ones, namely with lower entropy scores,
whereas for the residues forming cavity I and III the Kolmogorov-Smirnov test failed for most of the
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4. Discussion
Depending on the planned improvement of the enzyme, protein redesign methods can vary
significantly. A strategy aiming at protein stabilisation seeks to obtain better residue packing or
the introduction of covalent bonds or salt bridges [44–48]. On the other hand, modification of the
enzyme’s selectivity targets the binding site cavity or the residues composing or controlling the access
pathways [1,49,50]. Recent examples show that substrate specificity regulation can be achieved by
subtle changes, at a distance from the active site, which modify water or solvent accessibility [51–53].
Also, an entropy contribution to both binding affinity and catalysis is greatly affected by internal water
positioning and dynamics, therefore mutations of residues positioning water can modify enzyme
properties significantly [54–56]. Therefore, we applied a ligand tracking approach to examine water
traffic in the interior of StEH1 and to identify potential hot-spots or regions suitable for further
enzyme modification.
We assumed that our conceptually simple approach, analysis of water distribution, can identify
regions where water is either attracted by favourable interactions with nearby amino acids or trapped
in hydrophobic cages. In both cases, such hot-spots can mark regions of particular importance for
the enzyme’s functions. Indeed, using such a procedure for hot-spot identification in the protein core,
we were able to detect the most important residues and regions in the StEH1 enzyme. The active site
cavity, E35 (a residue responsible for catalytic water positioning), as well as amino acids regulating the
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access of water via the TC/M tunnel, were easily detected. Residues surrounding hot-spots at TC/M
and TM2 tunnels entry can contribute to dynamic of tunnels entrance and work as gates controlling
not only solvent flow but also substrates entry or products egress. It was clearly visible during 1st
repetition, where high flexibility of residues of P247-P256 loop caused an increase of water molecules
traffic via TM2 tunnel. Besides these, we identified several key amino acids that can be considered for
further modification of StEH1’s properties.
Using the water tracking approach, we identified and described three cavities that were directly
connected with the active site and contributed to enzyme selectivity and activity. Two of them were
previously reported [17] as narrow volumes that lie on the ‘inside’ of the active site cavity and in
chain B of the crystal structure; they were partly filled by the two aliphatic tails of valpromide. The
authors pointed out that one branch (in our study cavity I) consisted of mixed hydrophobic and
polar components and eventually led out to the solvent, while the other (cavity III) was lined almost
exclusively with phenylalanine side chains and was completely enclosed. In our research, we could
detect both cavities in all simulations. Cavity I had the ability to expand significantly and thus protein
dynamic allows to host even larger substrates than valpromide (Supplementary Figure S5a,b). In
contrast to cavity I, cavity III had rather a constant size probably due to large number of π-π interactions
between aromatic residues; however in one simulation, significant enlargement was observed with
the cavity reaching surface residues. The AQUA-DUCT results suggested that both cavities can be
permeable for water molecules; however, the events occurred over different time scales. Cavity I, which
was filled by both polar and aromatic residues, provided fast transfer of water molecules, whereas
‘aromatic’ cavity III trapped water molecules prior to exit or after entry. Interestingly, passages via both
cavities were reported during the entire simulation only on a few occasions. According to evolutionary
analysis, both cavities (I and III) are made up of non-conserved amino acids, and thus provide an
opportunity for their modification, which could run in two directions: (i) widening of a potential
tunnel and thus opening an alternative pathway that could modify solvent access and thus influence
substrate specificity or selectivity; or (ii) reshaping of cavities able to host larger substrates. The first
strategy was successfully reported for haloalkane dehalogenase from Sphingomonas paucimobilis UT26
(LinB) [49], where a de novo tunnel was designed, and for D-amino acids oxidase, where modification of
selectivity was achieved by water access modification [53]. The second strategy was previously applied
to StEH1 [22,26] and other epoxide hydrolases, for example Bacillus megaterium epoxide hydrolase [57],
where the cavity at the back was opened to accommodate larger substrates.
Interesting suggestions can arise from the merged analysis of structural and evolutionary data.
The low entropy of the residues composing cavity II suggest its importance in catalysis, whereas the
more variable residues creating the walls of cavities I and III suggest the possibility of their reshaping
towards changed substrate specificity with potentially tolerable effect on enzyme stability. Indeed,
among the residues mutated by Carlsson et al. [22], there are two, F189 and L266, that make up the
walls of cavity I. The F189L and L226G mutations increased the volume of the active-site pocket without
rearrangement of the position of other residues. In the case of F189L substitution, the possibility of the
binding of aromatic substrates in ‘sandwiched’ mode was lost [26]. In contrast, the additional L266F
mutation in the R-C1B1D33 variant had to influence the rearrangement of the surrounding amino acid
side chains; however, there has been no experimental or theoretical investigation providing insight
into the incorporated changes. All the tested mutants influenced the regio- and enantioselectivity of
the enzyme, which proves the importance of this region in substrate positioning. The analysis of our
data suggests several additional potential residues that could be used to reshape cavity I and thus
further modify the enzyme’s properties.
Two amino acids detected by our approach as residues surrounding expanded cavity III have been
mutated, and their impact into enzyme activity was reported in the literature. The Y154F mutant was
inactive and verified the role of the hydroxyl group of the Y154 residue in the proposed mechanism of
reaction [16]. The K179Q mutant was designed to examine salt-bridges’ role in enzyme stability [28].
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According to our knowledge, none of the other residues surrounding cavity III have been used for
StEH1 redesign so far.
As we have already pointed out, in contrast to the non-conserved cavities I and III, cavity II
was found to be built by highly conserved residues. In fact, it is located in close vicinity to the
36HGXP39 sequence (where X is an aromatic residue), one of the most highly conserved motifs
among EHs due to its crucial role in shaping the active site. Without the cis-peptide bond provided
by this motif, the catalytic water molecule will not be correctly placed for the second step of the
reaction. The alkyl-enzyme intermediate is hydrolysed by the attack of a water molecule that has been
activated through proton extraction using the H300-D265 charge relay. In crystallographic structures, a
crystallographic water molecule (water molecule 21 and 49 in structures A and B, respectively) was
found to be ideally positioned to play this role. Its position was stabilised by the side chains of H300
and E35, as well as the backbone carbonyl oxygen of F33 [17]. The crystallographic water molecule
was positioned in the entrance to cavity II. In two repetitions of our MD simulations, we detected an
opening of the 2nd cavity in a manner that allowed it to accommodate two water molecules. Thus,
cavity II can play a role as a reservoir of water molecules required for reaction, and protein dynamics
can ensure water molecule availability after the alkyl-enzyme intermediate’s creation. As we stated in
the introduction, the importance of the E35 and H104 residues was confirmed by Amrein et al., and led
these authors to propose the expansion of the catalytic triad with these two residues [30]. We should
also mention that in contrast to cavities I and III, we did not observe any leakage of water molecules
from cavity II, which suggests that the control of the water molecule’s presence in the position required
for the reaction is truly exceptional.
5. Conclusions
Summarising, using water molecules as a ‘molecular probe’ and employing the molecule tracking
approach, we were able to investigate the structural properties of the interior of the StEH1 enzyme,
providing insight into the structural compartments and hot-spots that can be targeted to reshape and
modify enzyme functionality.
Supplementary Materials: The following are available online at http://www.mdpi.com/2218-273X/8/4/143/s1,
Table S1: List of known StEH1 mutants, Table S2: Parameters of inlet clusters detected in StEH1 structure, Table S3:
Parameters of water pathways detected in StEH1 structure, Table S4: Summary of water flow detected in all MD
simulations of StEH1 structure, Table S5: Main parameters of tunnels identified by CAVER in each simulation of
StEH1 structure, Table S6: Statistical data of incidental water trajectories, Table S7: Amino acids identified within
3 Å distance from detected hot-spots, Table S8: Schneider entropy scores calculated for amino acids hot-spots
identified in at least 3 simulations, Figure S1: Internal water molecules trajectories merged with amino acids
which were reported in the literature as selected for mutations, Figure S2: Backbone RMSD (a) and Cα RMSF (b)
plots of five 50 ns simulations of StEH1 structure, Figure S3: Top 10 tunnels identified by CAVER (a) and close-up
figure of main entry (b), Figure S4: Histogram presenting time required for water molecules passage through
StEH1 protein, Figure S5: Superposition of identified outliers exits and corresponding tunnels from CAVER in: (a)
1st, (b) 2nd, (c) 3rd MD simulations, Figure S6: Examples of trajectories of water molecules penetrating cavity I.
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Abstract: The novel coronavirus whose outbreak took place in December 2019 continues to spread
at a rapid rate worldwide. In the absence of an effective vaccine, inhibitor repurposing or de novo
drug design may offer a longer-term strategy to combat this and future infections due to similar
viruses. Here, we report on detailed classical and mixed-solvent molecular dynamics simulations of
the main protease (Mpro) enriched by evolutionary and stability analysis of the protein. The results
were compared with those for a highly similar severe acute respiratory syndrome (SARS) Mpro
protein. In spite of a high level of sequence similarity, the active sites in both proteins showed major
differences in both shape and size, indicating that repurposing SARS drugs for COVID-19 may be
futile. Furthermore, analysis of the binding site’s conformational changes during the simulation
time indicated its flexibility and plasticity, which dashes hopes for rapid and reliable drug design.
Conversely, structural stability of the protein with respect to flexible loop mutations indicated that
the virus’ mutability will pose a further challenge to the rational design of small-molecule inhibitors.
However, few residues contribute significantly to the protein stability and thus can be considered as
key anchoring residues for Mpro inhibitor design.
Keywords: coronavirus; SARS-CoV; SARS-CoV-2; COVID-19; molecular dynamics simulations;
ligand tracking approach; drug design; small-molecule inhibitors; evolutionary analysis

1. Introduction
In early December 2019, the first atypical pneumonia outbreak associated with the novel
coronavirus of zoonotic origin (SARS-CoV-2) appeared in Wuhan City, Hubei Province, China [1,2].
In general, coronaviruses (CoVs) are classified into four major genera: Alphacoronavirus,
Betacoronavirus (which primarily infect mammals), Gammacoronavirus, and Deltacoronavirus
(which primarily infect birds) [3–5]. In humans, coronaviruses usually cause mild to moderate
upper-respiratory tract illnesses, such as the common cold, however, the rarer forms of CoVs can be
lethal. By the end of 2019, six kinds of human CoV have been identified: HCoV-NL63; HCoV-229E,
belonging to Alphacoronavirus genera; HCoV-OC43; HCoV-HKU1; severe acute respiratory syndrome
(SARS-CoV); and Middle East respiratory syndrome (MERS-CoV), belonging to Betacoronavirus
genera [4]. Of the aforementioned CoVs, the latter two are the most dangerous and have been
associated with the outbreak of two epidemics at the beginning of the 21st century [6]. In January
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2020, SARS-CoV-2 was isolated and announced as a new, seventh type of human coronavirus. It was
classified as a Betacoronavirus [2]. On the basis of the phylogenetic analysis of the genomic data
of SARS-CoV-2, Zhang et al. indicated that SARS-CoV-2 is most closely related to two SARS-CoV
sequences isolated from bats in 2015 and 2017. This suggests that the bat CoV and SARS-CoV-2 share a
common ancestor, and the new virus can be considered as a SARS-like virus [7].
The genome of coronaviruses typically contains a positive-sense, single-stranded RNA but it
differs in size ranging between ≈26 and ≈32 kb. It also includes a variable number of open reading
frames (ORFs), from 6 to 11. The first ORF is the largest, encoding nearly 70% of the entire genome
and 16 non-structural proteins (nsps) [3,8]. Of the nsps, the main protease (Mpro, also known as a
chymotrypsin-like cysteine protease, 3CLpro), encoded by nsp5, has been found to play a fundamental
role in viral gene expression and replication, and thus it is an attractive target for anti-CoV drug
design [9]. The remaining ORFs encode accessory and structural proteins, including spike surface
glycoprotein (S), small envelope protein (E), matrix protein (M), and nucleocapsid protein (N).
On the basis of the three sequenced genomes of SARS-CoV-2 (Wuhan/IVDC-HB-01/2019,
Wuhan/IVDC-HB-04/2019, and Wuhan/IVDC-HB-05/2019, provided by the National Institute for
Viral Disease Control and Prevention, CDC, China), Wu et al. performed a detailed genome annotation.
The results were further compared to related coronaviruses—1008 human SARS-CoV, 338 bat SARS-like
CoV, and 3131 human MERS-CoV, indicating that the three strains of SARS-CoV-2 have almost identical
genomes with 14 ORFs, encoding 27 proteins including 15 non-structural proteins (nsp1–10 and
nsp12–16), 4 structural proteins (S, E, M, N), and 8 accessory proteins (3a, 3b, p6, 7a, 7b, 8b, 9b, and
orf14). The only identified difference in the genome consisting of ≈29.8 kb nucleotides consisted of five
nucleotides. The genome annotation revealed that SARS-CoV-2 is fairly similar to SARS-CoV at the
amino acid level, however, there are some differences in the occurrence of accessory proteins, such as
the fact that the 8a accessory protein, present in SARS-CoV, is absent in SARS-CoV-2, as well as the fact
that the lengths of 8b and 3b proteins do not match. The phylogenetic analysis of SARS-CoV-2 showed
it to be most closely related to SARS-like bat viruses, but no strain of SARS-like bat virus was found to
cover all equivalent proteins of SARS-CoV-2 [10].
As previously mentioned, the main protease is one of the key enzymes in the viral life cycle.
Together with other non-structural proteins (papain-like protease, helicase, RNA-dependent RNA
polymerase) and the spike glycoprotein structural protein, it is essential for interactions between the
virus and host cell receptor during viral entry [11]. Initial analyses of genomic sequences of the four
nsps mentioned above indicate that those enzymes are highly conserved, sharing more than 90%
sequence similarity with the corresponding SARS-CoV enzymes [12].
The first released crystal structure of the Mpro of SARS-CoV-2 (PDB) ID: 6lu7) was obtained
by Prof. Yang’s group from ShanghaiTech by co-crystallisation with a peptide-like inhibitor N-[(5
methylisoxazol-3-yl)carbonyl]alanyl-L-valyl-N~1-((1R,2Z)-4-(benzyloxy)-4-oxo-1-{[(3R)-2-oxopyrrolidin
-3-yl]methyl}but-2-enyl)-L-leucinamide (N3 or PRD_002214) [13]. The same inhibitor was co-crystallised
with other human coronaviruses, such as HCoV-NL63 (PDB ID: 5gwy), HCoV-KU1 (PDB ID: 3d23), or
SARS-CoV (PDB ID: 2amq). This enzyme naturally forms a dimer, each of whose monomer consists of
the N-terminal catalytic region and a C-terminal region [14]. Although 12 residues differ between both
CoVs, only one, namely, S46 in SARS-CoV-2 (A46 in SARS-CoV), is located in the proximity of the
entrance to the active site. However, such a small structural change would typically be not expected to
substantially affect the binding of small molecules [12]. Such an assumption would routinely involve
the generation of a library of derivatives and analogous on the basis of the scaffold of a drug that
inhibits the corresponding protein in the SARS-CoV case. As shown in the present paper, regrettably,
this strategy is not likely to succeed with SARS-CoV-2 for Mpro as a molecular target.
In this study, we investigated how only 12 different residues, located mostly on the protein’s
surface, may affect the behaviour of the active site pocket of the SARS-CoV-2 Mpro protein. To this end,
we performed classical molecular dynamics simulations (cMD) of both SARS and SARS-CoV-2 Mpros,
as well as mixed-solvents molecular dynamics simulations (MixMD) combined with small molecules’
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highest
in each structure reflects the position of the catalytic water molecule.
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Figure 5. Localisation of the evolutionary-correlated residues of Mpros (black sticks). The correlated
mutation analysis (CMA) analysis provided four groups of evolutionary-correlated residues. The
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the C44-P52 loop. As was shown, the mutation of amino acids distant from active site residues,
which are evolutionary correlated, is most likely to modify the active site accessibility [34].
In the interest of examining the energetical effect of the 12 amino acid replacement in the
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Figure 6. Potential mutability of SARS-CoV-2 Mpro. (A) Structure of SARS-CoV-2 Mpro with the most
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3. Discussion
analysis of water molecules’ distribution and trajectories can be used for the analysis of
3. The
Discussion
proteins’ structural features and biochemical properties. It also provides additional support to the
drug design and investigation of protein interior [29,37,38]. As we have shown in previous research,
tracking of water molecules in the binding cavity combined with the local distribution approach can
identify catalytic water positions [39]. Indeed, despite differences in the size and dynamics of the
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binding cavities of SARS-CoV and SARS-CoV-2 Mpros, the main identified water was always found in
a position next to the H41 residue (Figure 2), and this location is assumed to indicate catalytic water of
Mpro replacing the missing third catalytic site amino acid [28]. That was the first quality check of our
methodology that approved our approach, and has initiated further investigations.
As reported in the previous research, the overall plasticity of Mpro is required for proper enzyme
functioning [26,40]. In the case of SARS-CoV the truncation of the linker loop (F185-T201) gave rise
to a significant reduction in protein activity and confirmed that the proper orientation of the linker
allows the shift between dimeric and monomeric forms [41]. Dimerisation of the enzyme is necessary
for its catalytic activity, and the proper conformation of the seven N-terminal residues (N-finger) is
required [42]. In SARS-CoV-2 Mpro, the T285 is replaced by alanine, and the I286 by leucine. It has been
shown that replacing S284, T285, and I286 by alanine residues in SARS-CoV Mpro leads to a 3.6-fold
enhancement of the catalytic activity of the enzyme. This is accompanied by changes in the structural
dynamics of the enzyme that transmit the effect of the mutation to the catalytic centre. Indeed, the
T285A replacement observed in the SARS-CoV-2 Mpro allows the two domains III to approach each
other a little closer [43].
The comparison of MD simulations of both main proteases initiated from different starting
conformations (with and without N3 inhibitor) suggests that besides plasticity of the whole protein,
there can be large differences between the accessibility to the binding cavity and/or the accommodation
of the shape of the cavity in response to the inhibitor that can be bound. There are also differences
in the outer pockets’ maximal accessible volumes between the two structures of SARS-CoV main
proteases; the apo SARS-CoV Mpro structure used as a starting point of MD simulations has shown
the largest MAV of all the analysed systems. These results suggest that the SARS-CoV main proteases’
binding cavity is highly flexible and changes both in volume and shape, significantly altering the
ligand binding. This finding indicates a serious obstacle for a classical virtual screening approach
and drug design in general. Numerous novel compounds that are considered as potential inhibitors
of SARS-CoV have not reached the stage of clinical trials. The lack of success might be related to
the above-mentioned plasticity of the binding cavity. Some of these compounds have been used for
docking and virtual screening research aimed not only at SARS-CoV [44,45] but also at the novel
SARS-CoV-2 [15–21]. Such an approach focuses mostly on the structural similarity between the binding
pockets, but ignores the fact that the actual available binding space differs significantly. In general,
a rational drug design can be a very successful tool in the identification of possible inhibitors in
cases where the atomic resolution structure of the target protein is known. For a new target, when a
highly homologous structure is available, a very logical strategy would be seeking chemically similar
compounds or creating derivatives of this inhibitor, as well as finding those compounds that are
predicted to have a higher affinity for the new target structure than the original one. This would be
expected to work for SARS-CoV-2 proteins (such as Mpro) using SARS-CoV proteins as templates.
However, our in-depth analysis indicates a very different situation taking place, with major shape
and size differences emerging due to the binding site flexibility. Therefore, repurposing SARS drugs
against COVID-19 may not be successful due to major shape and size differences, and despite docking
methods, the enhanced sampling should be considered.
The continuous effort of Diamond Light Source group [46] performing massive XChem
crystallographic fragment screen against Mpro has resulted in 22 non-covalent hits in the active
site and 44 covalent hits in the active site (March 17th). Interestingly, two hits were identified on the
dimer interface. The positions of the hits inside the active site overlap with the position of the maximal
accessible volume calculated from MD simulations and supports our finding on large binding site
flexibility (Figure S7).
The analysis of the water hot-spots shows the catalytic water hot-spot dominated water distribution
inside the binding cavity. The remaining water hot-spots corresponded to a much lower water density
level and were on the borders of the binding cavity, which suggests a rather hydrophobic or neutral
interior of the binding cavity. The MixMD simulations performed with various cosolvents further
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confirmed these observations. The largest number and the densest hot-spots were located within the
binding cavity and the region essential for Mpro dimerisation [31], between the II and III domains.
The deep insight into the local hot-spot distribution of the various cosolvents underlines the large
differences in binding sites plasticity. The smaller binding cavity of the SARS-CoV-2 enlarged
significantly in the presence of a highly hydrophobic cosolvent. The benzene hot-spots were detected
deep inside the cavity, and also near the C44-P52 loop. In contrast, in the case of SARS-CoV, benzene
hot-spots were located only in the vicinity of the C44-P52 loop. Such a conclusion may also imply that
a sufficiently potent inhibitor of SARS-CoV and/or SARS-CoV-2 Mpros needs to be able to open its
way to the active site before it can successfully bind to its cavity. These results support the regulatory
role of the C44-P52 loop and again alert against unwarranted use of simplified approaches for drug
repositioning or docking.
The difficulties in targeting the active site of the Mpros are also explained by evolutionary study
and potential mutability analysis. As already pointed out, the C44-P52 loop is likely to regulate the
access to the active site by enabling entrance of favourable small molecules and blocking the entry of
unfavourable ones. The second important loop, F185-T201, which starts in the vicinity of the binding
site and links I and II domains with the III domain contributes significantly to Mpro dimerisation [41].
The initial analysis of the effect of the 12 amino acid replacements in SARS-CoV Mpro on the
SARS-CoV-2 Mpro structure stability was expected to provide neutral or stabilising contribution to
protein folding. Indeed, all replacements were found to stabilise the protein’s folding (e.g., H134F:
−0.85 kcal/mol) or have an almost neutral character (e.g., R88K, S94A, T285A, I286L). The analysis of
the potential risk of further Mpro structure evolution within the binding cavity suggests that mutations
of residues that contribute to ligand binding or access to the active site are energetically favourable,
and are likely to occur. Some of the residues that are prone to mutate would provide the inactive
enzyme (e.g., the residues forming the catalytic dyad) and therefore could be considered as a blind alley
in enzyme evolution, but others (e.g., amino acids from the C44-P52 loop, T45, S46, E47, L50) could
significantly modify the inhibitors binding mode of Mpro. The locations of residues on the regulatory
loop, which are prone to mutate puts in question the efforts to design inhibitors of the MPro active
site as a viable long-term strategy. However, our results also indicate residues that are energetically
unfavourable to mutate (e.g., P39, R40, P52, G143, G146, or L167), which could provide an anchor for
successful drug design that can outlast coronavirus Mpro variability in future. Alternatively, we would
suggest targeting the region between II and III domains, which contributes to the dimer formation.
4. Materials and Methods
4.1. Classical MD Simulations
The H++ server [47] was used to protonate the SARS-CoV-2 (PDB IDs: 6lu7, and 6y2e) and
SARS-CoV main proteases’ structures (PDB IDs: 2amq, and 1q2w) using standard parameters at pH
7.4. The missing 4-amino-acids-long loop of the 1q2w model was added using the corresponding loop
of the 6lu7 model, and the quality of the loop refinement was confirmed by comparison with 2h2z
structure of SARS-CoV (Figure S8). Additionally, 4 and 3 Na+ ions were added to the SARS-CoV-2 and
the SARS-CoV, respectively. Water molecules were placed using the combination of 3D-RISM [48] and
the Placevent algorithm [49]. The AMBER 18 LEaP [50] was used to immerse models in a truncated
octahedral box with 12 Å radius of TIP3P water molecules and prepare the systems for simulation using
the ff14SB force field. PMEMD CUDA package of AMBER 18 software [50] was used to run a total
of 2 µs (10 replicas of 50 ns for each system) simulations of both SARS-CoV-2 and SARS-CoV Mpros
systems using apo structures and structure with co-crystalised N3 inhibitor (removed before starting
the simulations) to provide more starting points for simulations. To improve conformation sampling,
the starting geometry for each system was kept but the initial vectors were randomly assigned. The
minimisation procedure consisted of 2000 steps, involving 1000 steepest descent steps followed by 1000
steps of conjugate gradient energy minimisation, with decreasing constraints on the protein backbone
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(500, 125, and 25 kcal × mol−1 × Å−2 ) and a final minimisation with no constraints of conjugate gradient
energy minimization. Next, gradual heating was performed from 0 K to 300 K over 20 ps using a
Langevin thermostat with a collision frequency of 1.0 ps−1 in periodic boundary conditions with
constant volume. Equilibration stage was run using the periodic boundary conditions with constant
pressure for 1 ns with 1 fs step using Langevin dynamics with a frequency collision of 1 ps−1 to maintain
temperature. Production stage was run for 50 ns with a 2 fs time step using Langevin dynamics with a
collision frequency of 1 ps−1 to maintain constant temperature. Long-range electrostatic interactions
were modelled using the particle mesh Ewald method with a non-bonded cut-off of 10 Å and the
SHAKE algorithm. The coordinates were saved at an interval of 1 ps. The number of added water
molecules is shown in Table S4.
Because our analysis was focused on the binding site that is surrounded by short loops only,
to keep a reasonable combination of the number and length of simulations, the single simulation
length was set to 50 ns. As has been shown elsewhere [51,52], longer simulations do not provide
additional information and could even have a tendency to move away from the native-like structures.
This hypothesis was verified on 200 ns long simulations where all observed changes were combined
with the movement of the III domain (Figure S9).
Normal mode analysis for each system was conducted using cpptraj from AmberTools 18.
Only heavy atoms of the protein were included for analysis.
4.2. Mixed-Solvent MD Simulations—Cosolvent Preparation
Six different cosolvents: acetonitrile (ACN), benzene (BNZ), dimethylsulfoxide (DMSO), methanol
(MEO), phenol (PHN), and urea (URE) were selected to perform the mixed-solvent MD simulations.
The chemical structures of cosolvent molecules were downloaded from the ChemSpider database [53],
and a dedicated set of parameters was prepared. Parameters for ACN were adopted from the work
by Nikitin and Lyubartsev [54], and parameters for URE were modified using the 8Mureabox force
field to obtain parameters for a single molecule. For the rest of the co-solvent molecules, parameters
were prepared using Antechamber [55] with Gasteiger charges [56]. The number of added water
and cosolvents molecules is shown in Table S5, and the parameters for cosolvents are available in
Tables S6–S11.
4.3. Mixed-Solvent MD Simulations—Initial Configuration
The Packmol software [57] was used to build the initial systems, consisting of protein (protonated
according to the previously described procedure), water, and particular cosolvent molecules. We added
4 and 3 Na+ ions to the SARS-CoV-2 Mpro and the SARS-CoV Mpro, respectively. It was assumed that
the percentage concentration of the cosolvent should not exceed 5% (in the case of ACN, DMSO, MEO,
and URE), or should be about 1% in the case of BNZ and PHN phenol (see Table S5). The mixed-solvent
MD simulation procedures (minimization, equilibration, and production) carried out using the AMBER
18 package were identical to the classical MD simulations. Only the heating stage differed—it was
extended up to 40 ps. PMEMD CUDA package of AMBER 18 software [50] was used to run two
replicas of 50 ns for each cosolvent of both SARS-CoV-2 and SARS-CoV Mpro systems using apo
structures and structure with co-crystalised N3 inhibitor (removed before starting the simulations),
thus providing a total of 2.4 µs of MixMD simulations.
4.4. Water and Cosolvent Molecule Tracking
The AQUA-DUCT 1.0 software [30] was used to track water and cosolvent molecules. Molecules
of interest, which entered the so-called Object, defined as a 5 Å sphere around the centre of geometry of
active site residues, namely, H41, C145, H164, and D187, were traced within the Scope region, defined
as the interior of a convex hull of both COVID-19 Mpro and SARS Mpro Cα atoms. All visualisations
were made in PyMol [58].
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AQUA-DUCT was used to analyse maximal accessible volume (MAV), defined as the outer
pocket [30]. Pockets were calculated by analysis of paths found during molecules tracking step in
AQUA-DUCT. A regular grid was constructed, spanning all paths. The grid size was 1 Å. For each
grid cell, the density of tracked molecules was calculated. Grid cells with nonzero density were used
for pocket detection; the outer pocket represented the maximal possible space that could be explored
by tracked molecules.
To analyse the significance of the changes of the maximal accessible volume between systems, we
used generalized linear models with a Poisson distribution based on AIC comparisons and model fit.
Wald tests were used to test the significance of the variables. All tests were performed in Statistica
(StatSoft 2019).
4.5. Hot-Spot Identification and Selection
AQUA-DUCT [30] was used to detect regions occupied by molecules of interest, as well as to
identify the densest sites using a local solvent distribution approach. Those so-called hot-spots could
be calculated as local and/or global, on the basis of the distribution of tracked molecules that visited
the Object (local) or just the Scope without visiting the Object (global); here, they were considered as
potential binding sites. For clarity, the size of each sphere representing a particular hot-spot was
changed to reflect its occupation level. The selection of the most significant hot-spots consisted of
indicating points showing the highest density in particular regions. From the set of points in the space,
small groups of hot-spots were determined. Groups were further defined by distance (radius) from
each other. Any point found within a distance shorter than the determined radius (3 Å) from any other
point being part of a given group was counted toward the group. For each so designated group of
points, one showing the highest density was chosen as representing the place.
4.6. Obtaining SARS-CoV-2 Mpro Gene Sequence
SARS-CoV-2 Mpro was downloaded from the PDB as a complex with an N3 inhibitor (PDB ID: 6lu7).
Tblastn [59] was run on the basis of the protein amino acid sequence. We obtained 100% identity with
10055–10972 region of SARS-CoV-2 Mpro complete genome (Sequence ID: MN985262.1). Blastx [60]
calculations were run with the selected region, and orf1a polyprotein (NCBI reference sequence:
YP_009725295.1) amino acid sequence, identical with the previously downloaded SARS-CoV-2 Mpro,
was received.
4.7. Energetic Effect of Amino Acid Substitutions
FoldX software [35] was used to insert substitutions into the structures of SARS-CoV and
SARS-CoV-2 Mpros. To analyse the changes in energetic contribution to the protein stability of the two
structures, 12 single-point mutations were introduced to the SARS structure using the BuildModel
module. The BuildModel module introduces substitution(s) of selected amino acid(s), optimizes
the structure of a new variant, and calculates the difference in the Gibbs free energy of protein
folding between the wild-type and mutant variant in kilocalories per mole. The lower the difference in
energetical terms, the more stable the mutant variant should be. Each of the residues in SARS-CoV Mpro
was mutated to the respective SARS-CoV-2 Mpro residue, and the difference in total energies between
the wild-type SARS-CoV-2 Mpro and the mutant structures were calculated. Then, to investigate
further possible mutations of SARS-CoV-2 Mpro, single nucleotide substitutions were introduced to
the SARS-CoV-2 main protease gene. If a substitution of a single nucleotide caused translation to
an amino acid different than the corresponding residue in the wild-type structure, an appropriate
mutation was proposed with FoldX software.
4.8. Comulator Calculations of Correlation Between Amino Acids
SARS-CoV Mpro was downloaded from the PDB (PDB ID: 1q2w). Blast [61] was run on the
basis of the amino acid sequence. As a result, 2643 sequences of viral main proteases similar to chain
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A SARS-CoV Mpro were obtained. Clustal Omega [62] was used to prepare an alignment of those
sequences. Comulator [33] was then employed to calculate the correlation between amino acids and,
on the basis of the results, groups of positions in SARS-CoV Mpro sequence were selected whose amino
acid occurrences strongly depended on each other.
5. Conclusions
In this paper, we reported on molecular dynamics simulations of the main protease (Mpro), whose
crystal structures have been released. We compared the Mpro for SARS-CoV-2 with a highly similar
SARS-CoV protein. In spite of a high level of sequence similarity between these two homologous
proteins, their active sites showed major differences in both shape and size, indicating that repurposing
SARS drugs for COVID-19 may be futile. Furthermore, a detailed analysis of the binding pocket’s
conformational changes during simulation time indicated its flexibility and plasticity, which dashes
hope for rapid and reliable drug design. Moreover, our findings show the presence of a flexible C44-P52
loop regulating the access to the binding site pocket. A successful inhibitor may need to have an ability
to relocate the loop from the entrance to bind to the catalytic pocket. However, mutations leading
to changes in the amino acid sequence of the C44-P52 loop, although not affecting the folding of the
protein, may result in the putative inhibitors’ inability to access the binding pocket and provide a
probable development of drug resistance. To avoid this situation in which the future evolution of
the Mpros can undermine all our efforts, we should focus on key functional residues or those whose
further mutation will destabilise the protein (e.g., P39, R40, P52, G143, G146, or L167). Alternatively,
we would suggest targeting the region between II and III domains, which contributes to the dimer
formation. Our results provide the basis for drug design efforts aimed at this important protein target
as part of the multifaceted global effort to eradicate COVID-19. In view of the presented challenges to
finding a potent drug targeting Mpro, in our opinion, the most successful strategy would be to screen a
large database of compounds with diverse structures involving or designing inhibitors de novo using
a fragment-based approach. Both of these strategies, unfortunately, take much longer than a currently
preferred approach based on repurposing existing FDA-approved compounds and hence should be
pursued as a long-term plan of preparedness for future outbreaks of COVID epidemics involving this
and other strains of the virus.
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a b s t r a c t
Water molecules maintain proteins’ structures, functions, stabilities and dynamics. They can occupy certain positions or pass quickly via a protein’s interior. Regardless of their behaviour, water molecules can
be used for the analysis of proteins’ structural features and biochemical properties. Here, we present a list
of several software programs that use the information provided by water molecules to: i) analyse protein
structures and provide the optimal positions of water molecules for protein hydration, ii) identify highoccupancy water sites in order to analyse ligand binding modes, and iii) detect and describe tunnels and
cavities. The analysis of water molecules’ distribution and trajectories sheds a light on proteins’ interactions with small molecules, on the dynamics of tunnels and cavities, on protein composition and also on
the functionality, transportation network and location of functionally relevant residues. Finally, the correct placement of water molecules in protein crystal structures can significantly improve the reliability of
molecular dynamics simulations.
Ó 2020 The Authors. Published by Elsevier B.V. on behalf of Research Network of Computational and
Structural Biotechnology. This is an open access article under the CC BY license (http://creativecommons.
org/licenses/by/4.0/).
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1. Introduction
Life began to evolve in an aqueous milieu, and the unique properties of water determine the chemistry of all living organisms.
Water is a ubiquitous and essential substance in cells, accounting
for about 70% of their mass. It is not only the environment for biological processes, but also an integral part of them [1]. At a macromolecular level, water contributes to biomolecules’ formation and
their stability, dynamics and functions [2–4]. Water serves as a
⇑ Corresponding author.
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reaction reagent or mediates ligand–protein and protein–protein
interactions. Water molecules are small enough to penetrate a
macromolecule’s core, to stabilise its native structure and also to
participate in processes occurring in the protein’s core [5,6].
X-ray [7] and neutron diffraction [8] crystallography provide an
insight into the spatial distribution of water molecules in the vicinity of biomolecular surfaces and confined regions such as active
sites, pockets and cavities. Depending on the crystal quality, atomic
resolutions can be achieved [9–11]. Protein structures deposited in
the Protein Data Bank (PDB) [12] contain an abundance of information, i.e., alternative conformations of amino acid side chains and
potential rearrangements of protein compartments. Information

https://doi.org/10.1016/j.csbj.2020.02.001
2001-0370/Ó 2020 The Authors. Published by Elsevier B.V. on behalf of Research Network of Computational and Structural Biotechnology.
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about water molecules’ positions is usually incomplete or can be
strongly influenced by experimental conditions. Therefore, it is
unclear how closely the distribution of crystal water molecules
resembles the native conditions of the biomolecule. Nuclear Magnetic Resonance (NMR) is useful for discovering the hydration
properties of proteins, especially their dynamics. Unfortunately,
this technique cannot provide information about the threedimensional structure of the hydration sites, and its time scales
are shorter by an order of magnitude than the residence times of
water molecules [4,13].
The limitations of experimental methods can be overcome by
computational techniques. Ab initio and DFT (Density Functional
Theory) methods can be used for a precise description of a reaction
mechanism, including the contribution of water [14,15]. Molecular
dynamics (MD) and Monte Carlo (MC) simulations provide a
detailed atomic description of a biomolecule and a solvent, along
with their dynamics [16,17]. These simulations, however, do not
tackle many equilibrium and long-time-scale kinetic properties
[18].
The increasing awareness of the significant role of water molecules has given rise to a range of software focused on the analysis
of water molecules’ behaviour. Recent reviews focused on virtual
screening strategies describe several docking software applications
that are capable of utilising information related to water molecules
[19–21]. This paper provides a review of the available computational methods that employ water molecules for the analysis of
macromolecules’ properties and structure dynamics. In the first
part, we provide an overview of the techniques used for the prediction of water molecules’ locations. The following chapter describes
the water sites that may participate in ligand binding. Next, water
molecules are analysed in terms of ligand transportation and the
detection of tunnels and cavities. For all three chapters, a list of
software along with their functionality and/or their characteristics
and principles is provided. The last chapter comprises conclusions
and general remarks, as well as perspectives on the further development of software.

2. Software for protein hydration analysis
Water molecules not only maintain the functions of proteins
but also stabilise their native structure [13]. The presence of water
molecules in proteins’ internal cavities is conserved among homologous proteins families, as well as the key residues are [22]. It was
shown, by reducing the amount of water during crystallisation [23]
or by using mutants of particular proteins [24], that internal water
molecules contribute to the structural folding and the stability of
enzymes, ion channels, proton pumps and other macromolecules
[25–27]. However, as we pointed out above, the experimental
results are insufficient and can be inconsistent with each other
[28]. The water molecules inside a protein’s structure may also
be distorted, and their position may depend on the orientation of
a particular side chain. They may also be trapped inside a protein’s
cavity due to a process of large conformational changes.
The residence time of a water molecule buried in an internal
cavity or trapped in a narrow cleft depends on its location and connectivity with the bulk solvent [29,30]. Fast minimisation and
short equilibrium stages can provide insufficient or inaccurate solvation of the protein interior and can bias the results. Therefore, it
is important to fill the internal cavities with water molecules precisely, prior to running MD simulations. Lengthening the minimisation and equilibration procedure can provide sufficient
exchange of water molecules between the surroundings and
the protein interior; however, it is strongly system-dependent.
Application of software developed to place water molecules into
a protein’s cavities and its surroundings is proposed as an alternative strategy, especially for systems with large interior volumes,
homology-modelled proteins or proteins with mutations introduced inside their cores (Table 1).
Three different methods (Fig. 1) have been implemented for the
placement of water molecules in a protein’s interior: i) based on
the docking of water molecules, such as Dowser [31] and WaterDock [32], ii) based on the reference interaction site model (RISM),
such as 3D-RISM [33], GAsol [34] and Placevent [35], and iii) based

Table 1
List of available software to predict water molecules’ positions and orientation.
Software
Dowser [30]
Dowser+ [31]
Dowser++ [39]
WaterDock [32]

WaterDock 2.0 [47]

3D-RISM [33]
GAsol [34]
Placevent [35]

ProBis H2O [37]
PyWATER [36]

Testing set
Docking-based
14 crystal structures of OppA; D- and K-channels of cytochrome c oxidase;
Photosystem II
14 crystal structures of OppA; HIV-1 protease;
ribonuclease A; GluR2 ligand binding core;
concanavalin A; glutathione S-transferase;
carbonic anhydrase
14 crystal structures of OppA; HIV-1 protease;
GluR2 ligand binding core; bovine pancreatic trypsin; glutathione
S-transferase;
HSP90; PIM1; series of 184 BRD4-BD1 complexes; androgen receptor; casein
kinase II; thrombin; carbonic anhydrase
RISM-based
Alanine dipeptide; HIV-1 protease
HIV-1 protease; neuraminidase; bovine pancreatic trypsin; series of 184 BRD4BD1 complexes
HIV-1 protease; rotor ring of F-ATP synthase
Similarity-based
Src kinase with bound bosutinib; human programmed death 1 (hPD) with ligand
(hPD-L1); DNA Gyrase B; human matrix metalloproteinase (hMMP-1)
thrombin; trypsin; BPTI; bromodomain-containing protein 4; MHC class I
proteins; class A b-lactamases

Accuracy*

Remarks

63%
74%
85%
88%

Not available
Not available
Dowser++ standalone link
the code is available with the
WaterDock 2.0 Pymol plugin: –
link

91%

WaterDock 2.0 standalone link
WaterDock 2.0 Pymol plugin link

–
94.3%

Not available
BSD 3-clause license link

water position error
~0.5 Å

the code and tutorial link

–

GUI – PyMOL integrated link

identified all
crystallographic water
molecules

GUI – PyMOL integrated link

*Accuracy was calculated based on the number and quality of identified crystallographic water molecules. The numbers were taken from original publications. Please note
that there are some differences in the details of the accuracy measurements. Information about currently unavailable software is in italics.
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on the assumption that internal water molecules are conserved
among similar proteins’ structures (PyWATER [36] and ProBiS
H2O [37]).
The docking-based methods assume that the protein structure
is the target and the water molecule is the ligand. Both Dowser
and WaterDock utilise the commonly available docking software
- AutoDock Vina [38]. These methods are fast and provide accurate
positioning of the water molecules determined by crystallography.
The water molecule docking algorithms have improved over new
software versions, and for the Dowser software ‘generations’, the
average accuracy of their predictions have increased from 63% in
Dowser, to 74% in Dowser+ and up to 85% of the water molecules
in Dowser++ [39], when compared to high-resolution crystallographic structures. WaterDock software presented a higher accuracy of crystallographic water molecules’ prediction than Dowser
++: it was 88% for the original WaterDock and 91% for WaterDock
2.0; however, it should be kept in mind that there were some differences in the details of the accuracy measurements described in
the original publications [39]. Along with their ability to predict
water molecules’ positions, both WaterDock software releases are
also able to determine if water molecules are displaced or ordered.
WaterDock 2.0 comes with an easy-to-use PyMOL plugin.
The RISM theory is used for calculating the distribution of solvent molecules around a solute and has its roots in statistical,
mechanical integral equation theories (IET) of liquids [34]. Due to
the fact that the distribution calculated by 3D-RISM theory is continuous, it is difficult to directly examine specific solvent interactions, especially when they are numerous. 3D-RISM has been
successfully used to locate water molecules in proteins as compared to experiment [40] and simulation [41], to calculate hydration free energies [42] and to predict fragment and drug
positions [43]. The Placevent algorithm gave an average error for
water molecules’ positions of about 0.5 Å [35]. The GAsol software,
in which the 3D-RISM theory was combined with a genetic algorithm and a desirability function, showed the highest accuracy,
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with 93.4% of the predicted water molecules within 2 Å from their
crystallographic positions [34]. Generally, RISM-based methods for
water molecules’ prediction are slower than docking-based ones,
and the computational time is system-size-dependent. However,
they can be more accurate, especially for complex systems (e.g.,
metalloproteins, proteins equipped with large cavities or in complexes with nucleic acids) [44]. Moreover, it was shown that the
RISM theory may break down in larger systems and systematically
underestimates the partial molar volume (PMV) of amino acids
[13].
As an alternative to the methods based on the physicochemical
properties comes a simple similarity-based approach, implemented in PyWATER [36] and ProBiS H2O [37], which both superimpose crystallographic structures similar to the target protein and
cluster the positions of conserved water molecules inside the protein cavities. ProBiS H2O is the first software that utilises the ProBiS algorithm [45] to perform local superimposition of the detected
conserved water molecules. It also reduces the bias introduced by
comparing similar protein structures or structures in different conformations than the query protein. PyWATER searches for similar
structures using the PDB database [46]. The accuracy of such an
approach strongly depends on the number, similarity and quality
of related structures. Generally, ProBiS H2O gives fewer clusters
with more tightly packed water molecules in comparison to
PyWATER due to the clustering algorithms used (PyWATER uses
hierarchical clustering, while ProBis H2O uses a Python implementation of 3D-DBSCAN (Three Dimensional Density-Based Spatial
Clustering of Applications with Noise)). In addition, PyWATER
stores information on the degree of conservation of each water
molecule cluster with related atom numbers of water oxygen
atoms from the superimposed protein structures.
All the tools mentioned above provide relatively fast, intuitive
and accurate modelling of the water molecules in low-quality crystal structures and thus provide a more accurate starting point for
an MD or MC study. Their usage can be also recommended for in

Fig. 1. Strategies for placement of water molecules in the protein’s interior. (A) Docking-based, (B) RISM-based, and (C) similarity-based strategies.
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silico prepared mutant structures, where substitution of residues
enlarges or significantly reshapes internal cavities. However, the
user should keep in mind that none of these methods assume flexibility or large conformational changes in the target structure. Also,
in the case of preparing a very demanding protein structure, i.e., an
unrefined homology model or a sole representative of a particular
protein family, the user should be encouraged to avoid similaritybased or docking-based methods and focus on the RISM-based
software to properly sample the positions of water molecules.
3. Software for water site detection and ligand binding analysis
Studies of protein–ligand interactions are crucial for a better
understanding of the mechanisms of biological processes and their
regulation [48]. Water-mediated interactions were found in 85% of
392 analysed protein–ligand complexes. Structural and thermodynamic data indicate that water molecules mediate interactions
between proteins and ions, substrates, cofactors, inhibitors and
other macromolecules [49,50]. Water molecules are placed methodically within the surroundings and inside the protein, and display a
particular structure characterised by the presence of hydration or
water sites – regions of high-water density. They act as locations
that attract water and can be used to describe water behaviour
around chemical molecules [7,51,52]. The hydration/dehydration
balance is relevant for protein–ligand formation and binding affinity, involving both entropic and enthalpic contributions [53,54].
During the binding process, water molecules can either be displaced
or conserved, bridging the protein–ligand interactions in the latter
case [55]. The presence of water molecules in protein binding sites
may imply different effects on the energy, entropy and enthalpy of
the system. Depending on the situation, such effects may be favourable or unfavourable. For example, in a case where water molecules
are trapped in a hydrophobic cavity filled by residues that cannot
make appropriate hydrogen bonds, the enthalpic contribution is
unfavourable. An opposite situation occurs when water molecules
are engaged in forming hydrogen bonds to hydrophilic residues,
and here the enthalpic effect may be favourable [56]. The displace-

ment of such water molecules can contribute to the binding free
energy, impact affinity during ligands’ association and govern
enthalpy and entropy partitioning, according to the properties of
the individual water molecules compared to those in the bulk phase
[49]. Developing a ligand with a high binding affinity towards a
specific target is one of the most important steps during the entire
drug design process. Thus, a lot of effort is focused on the prediction
of whether a water site should be displaced and whether this would
cause an increase in a ligand’s affinity.
Different approaches, both experimentally-based (i.e., location
in crystal structures and B-factors) and knowledge-based (i.e., free
energy, water’s contribution to binding free energy, entropic contribution), have been reported to assess information about water
sites [55]. One of the very first experimentally-based software programs, GRID [57], uses a regular array of ‘grid points’, established
throughout and around the protein, to calculate the energetics of
water probes inside a macromolecular binding site (Fig. 2a). GRID
places a chemical probe and calculates an empirical interaction
energy at all grid points [55]. An approach using crystallographic
B-factors to determine which water molecules in a protein’s structure are likely to be displaced has been implemented in Consolv
[58] and WaterScore [59] software. Using geometric criteria can
also indicate the positions of water molecules mediating protein–
ligand interactions. Such a procedure has been included in the
AcquaAlta program [60] for estimating the propensities of ligand
hydration. In HINT software [61], the Gibbs free energy of noncovalent interactions is based on van der Waals interactions and
partial atomic partition coefficients. A knowledge-based approach
has been implemented, e.g., in AQUARIUS [62] or AQUARIUS2
[63] software. The probable positions for hydration sites are predicted based on solvent distributions surrounding particular amino
acids derived from the analysis of a protein’s structure. However,
most of the software applications mentioned above are not currently used or are used very rarely. This is due to the fact that
another class of methods, describing the thermodynamic properties of water by analysing data from MD and MC simulations,
became very popular and easy to use.

Fig. 2. Strategies of analysis of water sites and ligand binding modes. (A) Strategy using a grid to calculate energetics based on water local distribution, and (B) strategy using
IFST (Inhomogeneous Fluid Solvation Theory) to assess the role of structural water molecules by calculating their contribution to the thermodynamics of protein solvation.
Grid cells (squares at row A) are coloured according to increasing number of water molecules detected in cells (green – low, red – high). Cells with highest occupancy provide
information about the energetically preferred position of the water molecules. Calculated isolines (row B) provide information about the same values of the thermodynamic
factors calculated for water molecules in protein cavities. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this
article.)
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Table 2
List of software for analysis of ligand binding and drug design with respect to the water molecules in the binding cavity.
Software
AcquaAlta [60]

FLAP [73]
JAWS [77]

SZMAP [75]

WaterFLAP [74]

WaterScore [59]

WATGEN [72]

WATsite [71]
WRAPPA [76]

WScore [78]

AQUA-DUCT [79,80]
AquaMMapS [85]
GIST [68]

SPAM [84]

Testing set

Functionality

Input – a single structure
generating of explicit water molecules at the ligand–
trypsin; dihydrofolate reductase;
protein interface; searching for water molecules
thymidine kinase; VEGFR2;
interacting with generic functional groups of small organic
glycogen phosphorylase; human phosphodiesterase; beta
molecules; generating water molecules bridging
trypsin;
interactions between ligand and protein considering the
holo-glyceraldehyde 3P dehydrogenase; HSP90; AmpC
hydration propensities of the involved functional groups
beta-lactamase; 2CDK2; ACE; COMT; HIV-1 protease;
and aromatic moieties
non-nucleoside adenosine deaminase; ACK1; coagulation
factor Xa; EGFR
a set of 23 protein kinase structures
target-based pharmacophores; comparison of multiple
protein targets; docking ligands into protein targets
neuraminidase; scytalone dehydratase; Major Urinary
determining the optimal placement of water molecules in a
Protein 1; bovine b-lactoglobulin; cyclooxygenase-2
binding site; binding free energy estimation
HIV-1 protease; neuraminidase;
trypsin; factor Xa; scytalone dehydratase; oligopeptidebinding protein (OppA);
adenosine A2A StaR receptor in complex with triazine

cutinase; xylose isomerase;
penicillopepsin; galactose/glucose binding protein; proteinase
A; rhizopus pepsin; actinidin; DNase I; cholesterol oxidase;
RNAse A; thermitase; lipid binding protein; Fv fragment of
mouse monoclonal antibody D1.3; dihydrofolate reductase
126 protein–peptide binding interface structures

three different structures of protein–ligand complexes of
factor Xa
vinculin binding-site; truncated SNARE complex;
potassium channel fragment;
human relaxin-3; RNA complexed with Rev peptide; Kv1.3
channel blocker Tc32
a set of 542 binding sites within 506 protein–ligand
complexes, associated with 22 receptors

Solanum tuberosum epoxide hydrolase [88]
casein kinase 2;
A2A adenosine receptor
Cucurbit[7]uril (CB7); factor Xa

computation of binding free energies and the
corresponding thermodynamic components for water
molecules in the binding site
generating and scoring water networks for both apo and
ligand-complex structures; binding path prediction;
lipophilic hot-spot calculation
determine conserved water molecule positions; scoring of
protein–ligand interactions and determination of ligand
binding mode with respect to bound and displaced water
molecules
identification of water sites; selection of the ‘best’ water sites
for ligand docking; solvation thermodynamics; binding free
energy estimation
identification of water sites; free energy estimation
identification of water sites, referred to as dehydrons

predicting the location of water sites; producing a detailed
map of the water structure and displacement free energies;
ligand docking and scoring

Input – MD simulations
high-density water sites’ and/or co-solvent sites’ identification
identification of spatial hot spots within the protein
binding site
high-density water sites’ identification; map of regions
where the solvent interacts favourably with the surface or
has unfavourable entropy
qualitative estimation of the thermodynamic profile of
water in hydration sites; binding free energy estimation
identification of water sites
computation of contribution of discrete ordered water
molecules to the solvation thermodynamics; determine and
analyse water sites
determine and analyse water sites

WATCLUST [69]

HIV-1 protease;
hen egg-white lysozyme
Caspase 3
HIV-1 protease-ligand complex;
concanavalin A-carbohydrate complexes;
cyclophilin A-ligand complexes
AmpC beta-lactamase

Water-swap [82]

neuraminidase in complex with oseltamivir

calculation of binding free energy by water-swap reaction
coordinate

WaterMap [67,89]

streptavidin;
Cox-2;
antibody DB3;
HIV-1 protease
Green Fluorescent Protein;
Mannitol 2-Dehydrogenase

identification of water sites; solvation thermodynamics;
entropic and enthalpic contributions to the free energy

SSTMap [81]
STOW [70]

WatMD [83]

identification of water sites

Remarks
available on
request: link

commercial,
standalone: link
implemented in a
modified version of
MCPRO, v. 2.1 [87]
commercial link

commercial,
standalone: link
link (currently
unavailable)

no information
available
link (currently
unavailable)
web server: link

no information
available

standalone: link
no information
available
implemented in
AmberTools
implemented in
AmberTools
link
no information
available
VMD plugin: link
the direct transfer
of the information
to Autodock
part of the
Siremol’s Sire
application: link
commercial, part of
the Schrödinger
package: link
no information
available

*Information about currently unavailable software is in italics.

Most of the recently developed tools are based on Inhomogeneous Fluid Solvation Theory (IFST) derived in 1998 by Lazardis
[64]. IFST is a statistical mechanical method that calculates free
energy differences from short MD or MC simulations by quantifying the effect of a solute acting as a perturbation to bulk water. The
solute may be different molecules, such as proteins, peptides or
other molecules. One of the major advantages of IFST is that the

system is spatially decomposed to consider the contribution of
specific regions to the total solvation free energies. The contributions of each individual water molecule to the enthalpy are calculated by computing the average interaction energies, whereas the
contributions to the entropy are calculated from intermolecular
correlations. The Gibbs free energy equation can be used to calculate the contribution to the free energy from the enthalpy and
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entropy. The result is then compared with the contribution of one
water molecule to the free energy of bulk water, again calculated
using IFST. The results of IFST depend on the accuracy of the force
field and the water model that was used: a detailed discussion can
be found elsewhere [65,66]. IFST is implemented in WaterMap
[67], GIST [68], WATCLUST [69], STOW [70] and WATsite [71] software. Methods based on IFST are limited to the analysis of highoccupancy hydration sites and therefore omit solvent molecules
found in lower density regions [68] (Fig. 2b).
Some of the software listed in Table 2 perform calculations
based on static input (WATsite, WATGEN [72], FLAP [73], WaterFLAP [74], SZMAP [75], WRAPPA [76], WaterScore [59], AcquaAlta
[60], JAWS [77] and WScore [78]), while some of them rely on data
obtained from MC or MD simulations (AQUA-DUCT [79,80], GIST
[68], WATCLUST [69], STOW [70], SSTMap [81], WaterMap [67],
Water-swap [82], WatMD [83], SPAM [84] and AquaMMapS
[85]). In static structure-based software, hydration and water sites
are determined by investigating potential binding sites through the
placement of water probes. The only exception is WATsite, which
conducts MD simulations based on the static input structure. In
simulation-based software, the system is simulated with explicit
water molecules, which are free to explore the system’s space.
These water molecules are then clustered in hydration sites, and
their thermodynamic properties are calculated. Some of the software only identifies the water sites, without any further information, while some can estimate the binding free energy and the
corresponding thermodynamic components for water molecules
in the binding sites. In a very recent paper, the authors combined
WATsite data with neural networks and deep learning to significantly improve the speed of water site identification and the calculation of the free energy contributions [86]. The authors claim that
such an approach will allow the inclusion of solvation components,
such as water-mediated interactions or enthalpically stable hydration networks in proximity to the protein–ligand complex, in
structure-based ligand design.

4. Software for tunnel detection and transportation phenomena
analysis
The intramolecular voids inside a protein structure, such as cavities, tunnels, channels and pores, are often important for protein
functions [90]. While we have already shown the importance of
cavities, this section focuses on the function of tunnels and channels. For proteins with a buried active site, tunnels facilitate substrate entry and enable product egress. Tunnels, as well as the
whole protein structure, should not be seen as rigid bodies. In fact,
a reasonable degree of flexibility is often required to maintain the
catalytic reaction. The geometry and amino acid composition of a
particular tunnel determine the shape and chemical properties of
a potential ligand. Tunnels are also equipped with a much more
sophisticated mechanism of small molecule discrimination – gates.
Gates are capable of controlling substrate access to the active site,
preventing solvent access to particular protein regions and synchronising processes occurring in distant parts of the protein
[91]. Tunnels, pores, gates and cavities constitute a dynamic network inside a protein. Therefore, for proper tunnel detection, a single crystal structure of a protein may be insufficient. MD
simulations provide a picture of a protein’s movements in an aqueous solution. Reasonably long simulations give insights into the
dynamics of the tunnel network. Well-defined tunnels allow fast
water exchange over a time of about 10 9 s, while transient tunnels extend the required time up to 10 3 s. In comparison, the
exchange time of water molecules at the protein surface with bulk
ones is in the sub-nanosecond range [92]. Therefore, from the computational point of view, the lengths of the required molecular

dynamics simulations depend on the studied system. In the case
of buried active sites linked with the solvent via a network of tunnels, hundreds of nanoseconds are enough to provide good sampling [88,93–96], whereas to observe the exchange of deeply
buried water molecules with the bulk solvent up to as much as
tens of milliseconds are necessary [30]. Shorter simulations can
provide information about the potential pathways of such an
exchange and can suggest mutations that can open an alternative
tunnel [80]. The second parameter which might influence the
required length of simulations is the frequency of gating phenomena. Gates defined by a single amino acid’s rotation require shorter
experiments than those defined by, e.g., loops or controlled by proteins’ breathing motions [91].
The first tunnel detection software used a geometry-based
approach to identify ‘empty spaces’ inside protein structures
[90]. The most successful ones, such as Mole 2.0 [97], CAVER 3.0
[98], and CAVER Analyst 1.0 and 2.0 [99,100], are widely used by
the scientific community, predominantly to describe tunnels identified in crystal structures. The most successful strategy employs
the construction of a Voronoi diagram to detect and describe voids
within the macromolecule [101,102]. Using a defined probe radius
and internal cavity identification, the software is able to detect
tunnels providing access from the selected area to the surroundings. Such a strategy assumes that the tunnels are a summation
of connected cavities and is very often used for the analysis of single crystallographic structures. The structural information
obtained on such a basis is mostly incomplete, due to tunnels’ flexibility. Moreover, using spherical probes for tunnel exploration
provides only an approximation of tunnels to tubes with symmetrical diameters and thus prevents analysis of tunnels’ asymmetry.
It is also difficult to analyse the regulation and direction of the solvent flow, as well as the contribution of tunnels to an enzyme’s
activity and selectivity. Some of these weaknesses were targeted
in 2014 by a non-spherical approach by Benkaidali et al. [103];
however, due to its complex implementation the tool was rarely
used. Results provided by geometry-based tunnel detection software were unable to answer questions about solvent flow direction
and how tunnels contribute to this.
To analyse the solvent flow direction and tunnels’ contribution
to this parameter, we need to concentrate on solvent/ligand analysis. Several different methods have been implemented, based on
very diverse approaches (Fig. 3). The first attempt was made in
2008 by Bidmon et al. [104], who introduced the Visual Abstractions of Solvent Pathlines method. The pathways of solvent molecules passing through the particular region of interest (so-called
ROI) were pre-processed and visualised as Bézier curves. The next
attempt at such an analysis was carried out in 2010 by Vasiliev
et al. [105]. Their streamline tracing method was applied to photosystem II and was used to visualise water flux in particular regions
of the protein. However, the results of the calculations are hard to
interpret, and only a few applications of this method can be found
in the literature [106]. In 2014, Benson and Pleiss proposed a solvent flux method to study water influx in the Candida antarctica
lipase B protein cavity from the triglyceride-water interface
[107]. They introduced a solvent concentration gradient and the
reorientation and rescaling of the velocity vectors of selected water
molecules in order to accelerate the influx and increase the probability of rare events in the study. Similarly to widely used strategies
(aMD, REMD, SMD and RAMD), it was applied to investigate rare
events in a reasonable computing time range (e.g., it overcame
the significant energy barriers of slow biophysical events). In contrast to known methods, this technique allowed the flow of multiple molecules, including the selected solvent molecules, to be
precisely investigated during a single simulation. Since artificial
external forces are introduced to classic MD simulations, one could
be concerned about misleading biases and the complicated proto-
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Fig. 3. Strategies for tunnel detection and description based on water molecule analysis. (A) Streamline tracing, (B) Solvent Flux, (C) trj_cavity, and (D) AQUA-DUCT water
tracking approach.

Table 3
List of software and methods for tunnel detection and transportation phenomena observation.
Software or method

AQUA-DUCT [79,80]

Applicability
Functionality

Mus musculus epoxide hydrolase

water molecule tracking
tunnel and gating residue detection

D-amino-acid

oxidase [111]
Pyrococcus furiosus phosphoglucose isomerase [93]

Solvent flux method [107]

Claudin-2 ion channel [112]
Candida antarctica lipase B

Streamline tracing [105]

photosystem II
squalene–hopene cyclase [106]

trj_cavity [108]*

Der p 2 protein; TM pore; pullulanase

polydicyclopentadiene [114]; herkinorin [115]; glycidoxypropyltrimethoxy silane [116]; mammalian translocator membrane protein [117]; human G-protein coupled
receptors [118]; amyloid fibrils [119]; sperm whale
myoglobin [120]; 07A metalloprotease [121]; human
erythrocyte anion exchanger 1 (Band 3 protein) [122];
amorphous silica [123]; full-length TLR4 dimer [124];
profilin [125]; human serum albumin [126]; laccase
[127]; dengue capsid protein (C protein) [128]; horseradish peroxidase; lactoperoxidase [129]; OmpC–MlaA
complex [130–132]; MATE transporter [133]
cholesteryl ester transfer protein [134]; acyl carrier
proteins [135]
mouse myoglobin [109]
Visual Abstractions of
Solvent Pathlines [104]
Watergate [113]

Remarks

System

TEM b-lactamase [136]
haloalkane dehalogenase mutants

water molecule tracking and occupancy analysis in
the internal cavity
ion transportation pathways identification
identification of water access pathway; hot-spot
identification
fibre tracing; tunnel detection; gating residue (access
control points) identification
changes in water flow after introducing amino acid
substitution
generating the trajectory of discovered cavities,
quantification of time-dependent cavity volume,
solvent presence inside a particular cavity; tunnel
detection
cavity analysis

can be used also for
cavity and hot-spot
detection Standalone:
link
based on an artificial
gradient. Code not
available.
visual analysis only;
code available on
request
implemented in
GROMACS: link

time-dependent cavity analysis
analysis of the movement of ligands, movements
within the cavities and tunnels of proteins
identification of the role of water in gating loop
flexibility
visualisation of water molecule trajectories

visual analysis only;
code not available
visual analysis only;
code available on
request

*For trj_cavity software only recent applications are presented (2017–2019). Information about currently unavailable software is in italics.

col that is dependent on the system. In 2014 another software program emerged as a GROMACS plugin, called trj_cavity [108]. Trj_cavity is capable of cavity and tunnel identification together with
time-dependent calculations of their volume and solvent capacity.
In the vast majority of research papers, trj_cavity is used only for

the identification of cavities and calculating their volumes and
occupancy, while only one study was found where the authors
used trj_cavity to actually trace ligands [109]. The existing gap
between tools searching for tunnels and pathways, and advanced
tools for accelerated water flux investigations was filled in 2017
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by AQUA-DUCT [79], an easy-to-use tool facilitating analysis of the
behaviour of water (and, if necessary, other solvent molecules)
penetrating any selected region in a protein. AQUA-DUCT comprises a Valve module, which is capable of tracking water molecules, clustering their trajectories and enabling visualisation in
PyMOL [110]. The Valve module was used to investigate relatively
small proteins, such as D-amino-acid oxidase (DAAO) [111] and
Pyrococcus furiosus phosphoglucose isomerase [93], as well as ion
channels such as claudins [112]. In contrast to the geometrybased approach, water tracking analysis provides information
about tunnels’ functionality, allows their permeability to be compared and facilitates the detection of the gating residues controlling access to the binding cavity. At the same time, Watergate, a
software application for statistical overview of the overall solvent
flow, water trajectory clustering, and visualisation was developed
[113]. The software programs using water molecules for tunnel
detection are listed in Table 3.
Tools based on water molecules as a molecular probe for tunnel
detection (listed in Table 3) can provide much more complex information about proteins than simple geometry-based methods. Since
they are focused on the information provided by the solvent itself,
they also take into account the physicochemical properties of the
solute. Such information is useful for examining the effects of the
introduced mutation on the solvent flow and thereby the enzyme’s
activity. By using the pathways of the solvent molecules, the user is
able to identify the key residues important for the enzyme’s activity and selectivity, and the amino acids that contribute to gating
residues and control small ligands’ entry/egress. These tools can
additionally facilitate the description of cavity shape evolution
during simulation time, which can be used for inhibitor design or
hot-spot detection for substrate specificity modification, and also
the identification of residues distant from the active site which
contribute to the activity and selectivity, and thus can be considered as a safe alternative to smart mutant library design. However,
it should be kept in mind that to properly sample events such as
substrate entrance, product release or the exchange of the trapped
solvent molecules with the bulk solvent, the analysed simulations
must be of reasonable length and conducted in physiological-like
conditions (please see the Summary and outlook section for more
details).

5. Summary and outlook
The important role of water molecules in structural biology is
reflected by a large number of different software programs dedicated to various types of water-molecule-based analysis. Most of
the software presented here is focused only on particular aspects
of water’s presence in a macromolecular structure, such as its contribution to protein stability, ligand binding and drug design, or
cavity and tunnel description.
Among all the described software, the role of software in optimising water placement inside proteins’ cavities is probably the
most underestimated, although placing water molecules is not a
trivial task. Three different strategies, RISM theory, the docking
of water molecules, and the analysis of conserved water molecules
among similar proteins, are used and complement each other. The
RISM-based software probably provides the most accurate model;
however, it is time-consuming. Docking-based methods are the
fastest; however, they may provide biased results for systems, such
as metalloproteins, proteins with large cavities and protein-nucleic
acids complexes, that are problematic for such software. Both
methods can be considered for the prediction of differences in
water rearrangement when mutant structures are designed. The
third strategy requires a collection of similar structures and may

not be sensitive enough to provide correct predictions when a single mutation occurs. Therefore, depending on the investigated system, different strategies are optimal for water placement and can
provide reliable starting points for molecular dynamics studies.
As already stated, the water placement method should be considered as a standard approach for homology models or structures
with introduced amino acid modifications.
Concerning the role of water in the description of ligand binding, the most commonly used methods are based on IFST. Given
a water site, the software can predict how much free energy is
gained (or lost) by displacing the water molecules that occupied
the potential ligand-binding site. The solvent contribution cannot
be neglected, as was shown in several excellent papers [137–
139], and therefore continuous progress in both the accuracy and
parallel analysis of alternative states is highly desired. Binding
enthalpies and entropies of water molecules may also be calculated based on Grid Cell Theory (GCT) [140]. This is a recently
developed method for investigating hydration thermodynamics
from a molecular dynamics or Monte Carlo standpoint. In the
GCT approach, the density, enthalpy, entropy and free energy of
water are evaluated for an arbitrary region of space around a system of interest. These parameters refer to the water molecules
which enter a particular hydration site of the protein(s) from the
bulk concentration. However, this theory has not yet been implemented in known software. The recent AQUA-DUCT version provides an approach combining information on water and cosolvent high-occupancy sites. It can be used for pharmacophore
design and suggests directions for future software development.
All of the abovementioned methods can provide additional support
to drug design and provide more accurate results in comparison to
methods neglecting water molecules’ contribution.
In the third group of software, water molecules are used as a
molecular probe to sample the ‘empty spaces’ in proteins during
molecular dynamics simulations to detect tunnels and cavities.
This field is so far monopolised by a widely used geometry-based
approach which on the one hand is very simple, but provides
rather approximate results. It neglects the tunnels’ asymmetry
and the physicochemical properties of the tunnel-lining amino
acids. Therefore, it is difficult to use such software for analysis of
tunnels’ functionality. The alternative approaches presented in
our review are a most diverse group of software utilising water
as a molecular probe. Depending on the implemented algorithms,
they provide information about local water flow changes (such as
the streamline tracing method), changes in cavity volumes (trj_cavity) or can provide a holistic picture of water flow via tunnel
networks and an approximation of the energy profiles of particular
pathways (AQUA-DUCT). The utilisation of water for cavity and
tunnel description removes most of the limitations of the standard
approach. It seems that using water molecules as a molecular
probe enables more sophisticated analysis of the substrate transportation network provided by tunnels, handling tunnels and cavities together and describing the protein interior in a holistic way
as a single entity. However, so far it is hard to provide an estimation of how accurate they are. This problem is caused not only by
difficulties in experimental verification of their findings, nor the
question of how accurately the hydrophobic cavities can be
described, but also due to the lack of benchmarks for the performance inside protein structures of the different water models used
in MD simulations.
Protein engineering is one of the most promising, but still largely unexplored, fields of application for software focused on the
analysis of water as a molecular probe. So far, most of the examples
of such studies are focused on understanding the changes introduced by mutant proteins’ construction. However, there are papers
showing the potential applicability of the water-based approach
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for hot-spot detection [88] and mutant library design [111]. Successful verification of such a strategy can greatly facilitate protein
engineering and provide an interesting and easy-to-apply technique. Also, using the information on the water molecules’ (or
small ligands, or other types of solvent molecules) tracking, the
user gains knowledge on a protein’s internal architecture, which
might be used to develop a successful strategy for further modifications; for instance, to search for more potent inhibitors which
will explore previously unused cavities, or to improve the protein’s
activity and/or selectivity by adjusting the pathways leading to and
from the active site.
Since the analysis of water-mediated interactions has become
of greater interest, we hope that the number and quality of software programs using water molecules to analyse macromolecules’
properties will only increase. However, progress in this promising
area cannot be achieved without the further joint efforts of theoreticians and experimentalists. One needs to consider that the
majority of the tools described above depend on water models
and force fields (e.g., tools based on Inhomogeneous Fluid Solvation Theory or benefiting from MD simulations). Both force fields
and water models are being constantly upgraded to provide more
accurate descriptions of studied systems. For example, the most
recent papers of Huang, et al. provide force fields which can be
used for both ordered and disordered proteins [141]. Recent
four-point water models have improved the description of its thermodynamic properties; however, water molecules’ non-bonded
interactions still require validation [142]. Nevertheless, the majority of computational studies employ simple non-polarizable models of water (e.g., TIP3P, SPC/E, TIP4P) and assume that they will
describe water molecules in macromolecular surroundings equally
well as in the bulk water. Unfortunately, there is no study that can
confirm such a presupposition, simply due to the limited access to
experimental data providing insight into water’s behaviour inside a
protein’s core. Moreover, even the benchmark analysis of a particular software data’s dependency on the used parameters is very
limited. As we mentioned above, the comparison of the IFST results
obtained with different water models suggests that the quantitative application of IFST to biological systems is strictly modeldependent and has to be carefully analysed. Fortunately, several
successful verifications of the findings guided by the software
developed to analyse the behaviour and/or properties of water
molecules have accelerated research in the field of protein research
and each year bring to the scientific community new, optimised,
versatile and reliable tools which greatly improve our understanding of nature.
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K. Mitusińska et al. / Computational and Structural Biotechnology Journal 18 (2020) 355–365
[97] Sehnal D et al. MOLE 2.0: advanced approach for analysis of
biomacromolecular channels. J Cheminf 2013;5(1):39.
[98] Chovancova E et al. CAVER 3.0: a tool for the analysis of transport pathways in
dynamic protein structures. PLoS Comput Biol 2012;8(10):e1002708.
[99] Kozlikova B et al. CAVER Analyst 1.0: graphic tool for interactive visualization
and analysis of tunnels and channels in protein structures. Bioinformatics
2014;30(18):2684–5.
[100] Jurcik A et al. CAVER Analyst 2.0: analysis and visualization of channels and
tunnels in protein structures and molecular dynamics trajectories.
Bioinformatics 2018;34(20):3586–8.
[101] Kim D-S, Sugihara K. Tunnels and voids in molecules via voronoi diagram. In:
2012 Ninth International Symposium on Voronoi Diagrams in Science and
Engineering. p. 138–43.
[102] Pavelka A, Sebestova E, Kozlikova B, Brezovsky J, Sochor J, Damborsky J.
CAVER: algorithms for analyzing dynamics of tunnels in macromolecules.
IEEE/ACM Trans Comput Biol Bioinf 2016;13(3):505–17.
[103] Benkaidali L et al. Computing cavities, channels, pores and pockets in
proteins from non-spherical ligands models. Bioinformatics 2014;30
(6):792–800.
[104] Bidmon K, Grottel S, Bös F, Pleiss J, Ertl T. Visual abstractions of solvent
pathlines near protein cavities. Comput Graph Forum 2008;27(3):935–42.
[105] Vassiliev S, Comte P, Mahboob A, Bruce D. Tracking the flow of water through
photosystem II using molecular dynamics and streamline tracing.
Biochemistry 2010;49(9):1873–81.
[106] Gustafsson C, Vassiliev S, Kürten C, Syrén P-O, Brinck T. MD simulations
reveal complex water paths in squalene-hopene cyclase: tunnel-obstructing
mutations increase the flow of water in the active site. ACS Omega 2017;2
(11):8495–506.
[107] Benson SP, Pleiss J. Solvent flux method (SFM): a case study of water
access to Candida antarctica lipase B. J Chem Theory Comput 2014;10
(11):5206–14.
[108] Paramo T, East A, Garzón D, Ulmschneider MB, Bond PJ. Efficient
characterization of protein cavities within molecular simulation
trajectories: trj_cavity. J Chem Theory Comput 2014;10(5):2151–64.
[109] Chintapalli SV, Anishkin A, Adams SH. Exploring the entry route of palmitic
acid and palmitoylcarnitine into myoglobin. Arch Biochem Biophys
2018;655:56–66.
[110] The PyMOL Molecular Graphics System, Version 2.0 Schrödinger, LLC.
[111] Subramanian K et al. Modulating D-amino acid oxidase (DAAO) substrate
specificity through facilitated solvent access. PLoS ONE 2018;13(6):
e0198990.
[112] Irudayanathan FJ, Wang X, Wang N, Willsey SR, Seddon IA, Nangia S. Selfassembly simulations of classic claudins—insights into the pore structure,
selectivity, and higher order complexes. J Phys Chem B 2018;122
(30):7463–74.
[113] Vad V et al. Watergate: visual exploration of water trajectories in protein
dynamics. Vcbm 2017:33–42.
[114] Elder RM, Long TR, Bain ED, Lenhart JL, Sirk TW. Mechanics and nanovoid
nucleation dynamics: effects of polar functionality in glassy polymer
networks. Soft Matter 2018;14(44):8895–911.
[115] Marmolejo-Valencia AF, Martínez-Mayorga K. Allosteric modulation model of
the mu opioid receptor by herkinorin, a potent not alkaloidal agonist. J
Comput Aided Mol Des 2017;31(5):467–82.
[116] Chowdhury SC, Elder RM, Sirk TW, van Duin ACT, Gillespie JW. Modeling of
glycidoxypropyltrimethoxy silane compositions using molecular dynamics
simulations. Comput Mater Sci 2017;140:82–8.
[117] Zeng J et al. Structural prediction of the dimeric form of the mammalian
translocator membrane protein TSPO: a key target for brain diagnostics. Int J
Mol Sci 2018;19(9):2588.
[118] Cao R, Giorgetti A, Bauer A, Neumaier B, Rossetti G, Carloni P. Role of
extracellular loops and membrane lipids for ligand recognition in the
neuronal adenosine receptor type 2A: an enhanced sampling simulation
study. Molecules 2018;23(10):2616.
[119] Choi H, Chang HJ, Lee M, Na S. Characterizing structural stability of amyloid
motif fibrils mediated by water molecules. ChemPhysChem 2017;18
(7):817–27.

365

[120] Espinosa YR, Caffarena ER, Grigera JR. The role of hydrophobicity in the cold
denaturation of proteins under high pressure: a study on apomyoglobin. J
Chem Phys 2019;150(7):075102.
[121] Polêto MD, Alves MP, Ligabue-Braun R, Eller MR, De carvalho AF. Role of
structural ions on the dynamics of the Pseudomonas fluorescens 07A
metalloprotease. Food Chem., Jul. 2019;286:309–15.
[122] Kalli AC, Reithmeier RAF. Interaction of the human erythrocyte Band 3 anion
exchanger 1 (AE1, SLC4A1) with lipids and glycophorin A: molecular
organization of the Wright (Wr) blood group antigen. PLoS Comput Biol
2018;14(7):e1006284.
[123] Chowdhury SC, Wise EA, Ganesh R, Gillespie JW. Effects of surface crack on
the mechanical properties of Silica: a molecular dynamics simulation study.
Eng Fract Mech 2019;207:99–108.
[124] Patra MC, Kwon H-K, Batool M, Choi S. Computational insight into the
structural organization of full-length toll-like receptor 4 dimer in a model
phospholipid bilayer. Front Immunol 2018;9.
[125] Kadirvel P, Anishetty S. Potential role of salt-bridges in the hinge-like
movement of apicomplexa specific b-hairpin of Plasmodium and Toxoplasma
profilins: A molecular dynamics simulation study. J Cell Biochem 2018;119
(4):3683–96.
[126] Tiwari G, Verma CS. Toward understanding the molecular recognition of
albumin by p53-activating stapled peptide ATSP-7041. J Phys Chem B
2017;121(4):657–70.
[127] Liu Y et al. Effect of surfactants on the interaction of phenol with laccase:
MOLECULAR docking and molecular dynamics simulation studies. J Hazard
Mater 2018;357:10–8.
[128] Boon PLS et al. Partial intrinsic disorder governs the dengue capsid protein
conformational ensemble. ACS Chem Biol 2018;13(6):1621–30.
[129] Chen M, Zeng G, Xu P, Zhang Y, Jiang D, Zhou S. Understanding enzymatic
degradation
of
single-walled
carbon
nanotubes
triggered
by
functionalization using molecular dynamics simulation. Environ Sci Nano
2017;4(3):720–7.
[130] Yeow J et al. The architecture of the OmpC–MlaA complex sheds light on the
maintenance of outer membrane lipid asymmetry in Escherichia coli. J Biol
Chem 2018;293(29):11325–40.
[131] Hughes GW et al. Evidence for phospholipid export from the bacterial inner
membrane by the Mla ABC transport system. Nat Microbiol 2019;4
(10):1692–705.
[132] Yeow J, Chong Z-S, Marzinek J, Bond P. Molecular basis for the maintenance of
lipid asymmetry in the outer membrane of Escherichia coli. BioRxiv 2017.
192500.
[133] Krah A, Zachariae U. Insights into the ion-coupling mechanism in the MATE
transporter NorM-VC. Phys Biol 2017;14(4):045009.
[134] Revanasiddappa PD, Sankar R, Senapati S. Role of the bound phospholipids in
the structural stability of cholesteryl ester transfer protein. J Phys Chem B
2018;122(15):4239–48.
[135] Farmer R, Thomas CM, Winn PJ. Structure, function and dynamics in acyl
carrier proteins. PLoS ONE 2019;14(7):e0219435.
[136] Bös F, Pleiss J. Multiple molecular dynamics simulations of TEM b-lactamase:
dynamics and water binding of the X-loop. Biophys J 2009;97(9):2550–8.
[137] Darby JF et al. Water networks can determine the affinity of ligand binding to
proteins. J Am Chem Soc 2019;141(40):15818–26.
[138] Syrén P-O, Hammer SC, Claasen B, Hauer B. Entropy is key to the formation of
pentacyclic terpenoids by enzyme-catalyzed polycyclization. Angew Chem
Int Ed 2014;53(19):4845–9.
[139] Chen D et al. Effective lead optimization targeting the displacement of
bridging receptor–ligand water molecules. Phys Chem Chem Phys 2018;20
(37):24399–407.
[140] Gerogiokas G, Calabro G, Henchman RH, Southey MWY, Law RJ, Michel J.
Prediction of small molecule hydration thermodynamics with grid cell
theory. J Chem Theory Comput 2014;10(1):35–48.
[141] Huang J et al. CHARMM36m: an improved force field for folded and
intrinsically disordered proteins. Nat Methods 2017;14(1):71–3.
[142] Beauchamp KA, Lin Y-S, Das R, Pande VS. Are protein force fields getting
better? A systematic benchmark on 524 diverse NMR measurements. J Chem
Theory Comput 2012;8(4):1409–14.

