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Acceleration of chemical reactions by the enzymes optimized using protein engineering represents one of the key
pillars of the contribution of biotechnology towards sustainability. Tunnels and channels of enzymes with buried
active sites enable the exchange of ligands, ions, and water molecules between the outer environment and active
site pockets. The efficient exchange of ligands is a fundamental process of biocatalysis. Therefore, enzymes have
evolved a wide range of mechanisms for repetitive conformational changes that enable periodic opening and
closing. Protein-ligand interactions are traditionally studied by molecular docking, whereas molecular dynamics
is the method of choice for studying conformational changes and ligand transport. However, computational
demands make molecular dynamics impractical for screening purposes. Thus, several approximative methods
have been recently developed to study interactions between a protein and ligand during the ligand transport
process. Apart from identifying the best binding modes, these methods also provide information on the energetics
of the transport and identify problematic regions limiting the ligand passage. These methods use approximations
to simulate binding or unbinding events rapidly (calculation times from minutes to hours) and provide energy
profiles that can be used to rank ligands or pathways. Here we provide a critical comparison of available
methods, showcase their results on sample systems, discuss their practical applications in molecular bio
technologies and outline possible future developments.

1. Introduction
Enzymes are essential biomolecules catalysing chemical reactions
and key components of molecular biotechnologies. A substrate molecule
undergoes a chemical reaction and is converted into a new product
molecule. To initiate the catalytic cycle, the substrate needs to pass into
a microenvironment of the active site. The active site is often buried
inside the protein, shielding it from the outer environment. Access
pathways in enzymes have the shape of a tunnel connecting the outer
environment with the active site and possessing one opening (Fig. 1). In
contrast, proteins may contain also a channel enabling a ligand to pass
through the entire macromolecule with openings on both sides, often
connecting different cellular environments or several enzymes in a

biochemical pathway (Gora et al., 2013). The shape and physicochem
ical properties of these access pathways influence the selectivity of the
enzyme for particular ligands. Furthermore, residues lining these path
ways can be targeted by protein engineering to design enzyme variants
with modified substrate specificity, activity or stability (Brezovsky et al.,
2016; Kaushik et al., 2018; Marques et al., 2016).
The classical approach for studying binding and unbinding processes
is to perform enzyme kinetics experiments to measure the rates or
residence times of the ligands (Schuetz et al., 2017). In silico methods
can be used as a complementary approach for experimental studies.
Molecular docking (Morris et al., 2009; Trott and Olson, 2010; Verdonk
et al., 2003) aims to identify optimal binding modes of a ligand. These
methods search for local minima of the binding free energy by
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perturbating the ligand conformation in the binding site and evaluating
the binding energy by a scoring function. The use of these methods is
essential for virtual screenings and drug design (Kitchen et al., 2004).
Molecular docking provides information about the best binding mode,
but it does not consider the transport processes. Therefore, molecular
docking usually does not provide information on transport kinetics or
energy barriers related to ligand passage through access pathways.
Molecular dynamics (MD) simulations are state-of-the-art methods
to analyse the motion of protein systems in time and their interactions
with ligands (Gelpi et al., 2015; Haliloglu et al., 1997). MD simulations
can be used to study changes in the protein conformation or the binding
and unbinding of ligands (Kokkonen et al., 2018; Marques et al., 2017).
Unfortunately, ligand binding and unbinding are often beyond the time
limits of classical MD simulations. Therefore, many enhanced sampling
methods have been developed to sample a larger conformational space
(Rydzewski and Nowak, 2017). These methods either implement an
external force or apply different strategies to sample rare events during
the simulation.
The setup, execution, and assessment of MD simulations require a
broad knowledge of molecular modelling. To facilitate specific model
ling scenarios, tools employing MD, sometimes in the form of userfriendly webservers, have been developed (Bruce et al., 2019; Kingsley
and Lill, 2014; Stank et al., 2017; Yang et al., 2019). Even with the
steady improvement of computational power in high-performance
computing, methods based on MD are not feasible for large-scale
screening studies. Therefore, prediction tools applying approximations
to describe the process of ligand binding or unbinding have been
developed. This Review provides a detailed and critical comparison of
currently available methods, highlights the advantages and limitations
of individual algorithms and their applicability for mechanistic studies
and discusses possible future developments in this research field.

a critical development step that must be undertaken before applying
theoretical methods to any new system. Thorough and quantitative
validation with multiple protein targets indicates a trustable and
generally applicable tool.
2.1. SLITHER
SLITHER (Lee et al., 2009) was developed to predict the passage of
ligands through channels in proteins. This method applies iterative
docking in a predefined grid box set up around the channel of interest.
The docking can be carried out by either the Lamarckian genetic algo
rithm from AutoDock4 (Morris et al., 2009) or the evolutionary
Gaussian algorithm implemented in MEDock (Chang et al., 2005). After
the first round of docking has finished and the first energy minimum has
been found, the method searches for additional minima close to the first
docked conformation. The newly found conformations may overlap with
the previously found ones or additional minima may be found in the grid
box. All found conformations are clustered, and the tool reports the
largest cluster. Owing to the original design of the method for studying
channels, the tool cannot be used for the exploration of narrow and
curved tunnels. The developers tested SLITHER with the human glucose
transporter Glut1 and α-D-glucopyranose in the original publication (Lee
et al., 2009). They were able to explore the potential conformations of
the ligand in the channel and identify a steric bottleneck linked to a
barrier in the energy profile.
2.2. MoMA-LigPath
This method (Devaurs et al., 2013) is not based on a docking algo
rithm but uses principles from robot motion planning. The underlying
algorithm in MoMA-LigPath is the Manhattan-like variation of the
rapidly-exploring random tree (ML-RRT) (Cortes et al., 2008). This
method considers both ligand and protein sidechains as movable ob
jects. The algorithm translates the conformation parameters of movable
parts into so-called active and passive variables. The active variables are
essential for the unbinding of a ligand, whereas residues defined as
passive variables move when they block the movement of other movable
atoms. During the simulation, the algorithm tries to find the possible
unbinding pathways and analyses atoms that must be moved to allow

2. Approximative methods for simulation of ligand transport
and their validation
Five different methods suitable for the study of ligand binding and
unbinding are described in this section. Provided is a detailed descrip
tion of each method and the extent of their validation by their respective
authors. Validation of a theoretical method against experimental data is

Fig. 1. Visualisation of an enzyme tunnel with one opening and a protein channel with two openings. Structure of cytochrome P450 2E1 (PDB ID 3LC4) with the
buried active site and access tunnel (left) and aquaporin Z (PDB ID 1RC2) with a channel passing through the protein structure (right).
2

O. Vavra et al.

Biotechnology Advances 60 (2022) 108009

the unbinding. The algorithm changes the conformation of these atoms
to help the ligand leave the protein and generate the ligand trajectory.
Although the resulting trajectory is continuous, it only gives information
about the possibility of a ligand fitting and passing through a certain
pathway based on its size and geometry. This method does not consider
the impact of non-covalent interactions and does not provide any in
formation about the binding energy. The method was tested on a hex
americ insulin complex with phenol in the original publication (Devaurs
et al., 2013). The authors identified two unbinding pathways. When
comparing the results with the random accelerated MD simulation,
MoMA-LigPath could not find the third pathway that appeared in the
simulation. The authors concluded that it would be necessary to
consider the protein backbone flexibility to model the unbinding
through this third pathway.

a smoothed, continuous upper-bound trajectory. We demonstrated the
applicability of CaverDock with a large variety of proteins, tunnel ge
ometries, and ligands. We showcased the tool’s potential to reproduce
docking results and complexes of bound ligands in crystal structures
(Filipovic et al., 2019), find the tunnel preference, ligand specificity,
analyse proteins with engineered tunnels, and make critical compari
sons with all other published tools (Vavra et al., 2019). CaverDock
showed high robustness and successfully completed jobs with >70
protein structures and 100 ligands.
2.5. GPathFinder

ART-RRT (Nguyen et al., 2018a) applies the rapidly-exploring
random tree (RRT) algorithm (LaValle, 1998) for motion planning to
sample the conformational space and move the ligand through the
pathway. The ligand atoms in the system are defined as active variables.
In ART-RRT, the RRT part of the method samples only the active vari
ables. In each step, a new ligand conformation further into the tunnel is
obtained. The protein atoms are translated into passive variables
sampled through the as-rigid-as-possible (ARAP) technique (Alexa et al.,
2000). ARAP extends the implementation of RRT to reduce the dimen
sionality of the system and decrease the computational time. Each
generated conformation of the system is minimised through the FIRE
(Bitzek et al., 2006) method. This method uses minimisation constrained
to the hyperplane orthogonal to the current expansion direction to relax
the system but not revisit previous conformations. Lastly, ART-RRT
performs a transition test similarly to Metropolis Monte Carlo methods
(Binder, 1986) to accept or reject generated states. The ART-RRT
method is part of the software package SAMSON (INRIA, 2017). Dur
ing the calculation, the user can use the integrated GROMACS package
(Abraham et al., 2015) to evaluate the system’s energy in each step and
score the predicted pathways. The method was subsequently enhanced
(Nguyen et al., 2018b) by implementing a clash remover and adding a
way to optimise the predicted pathways using the nudged elastic band
method (Jónsson et al., 1998). The authors benchmarked the method
with three protein-ligand complexes with available data based on biased
MD simulations of ligand unbinding. They successfully reproduced
pathways from previously published studies in all three cases. Further
more, the authors compared their method with MoMA-LigPath and
stated that their ART-RRT was up to 26-times faster.

GPathFinder (Sánchez-Aparicio et al., 2019) was developed to
extend the modular multi-objective package for molecular modelling
Gaudi-MM (Rodríguez-Guerra Pedregal et al., 2017). It implements the
NSGA-II multi-objective genetic algorithm (Deb et al., 2002). The
GPathFinder method was developed as a new module for the Gaudi-MM
tool. The workflow of the processes is separated into three modules:
pathway generation, evaluation, and refinement. The algorithm pro
duces possible trajectories connecting the predefined initial and final
points in space during the calculation of pathways. The ligand trajec
tories can follow a straight line or be U, L, or S-shaped. In each step, the
ligand is moved by a given distance from the starting point of the found
pathway to its centroid (default 0.8 Å). The flexibility of the ligand is
based on the free rotation of dihedral angles on single bonds. The protein
offers global and local flexibility. For global flexibility, GPathFinder
implements the normal mode analysis from the ProDy package, which
models changes in the protein backbone caused by the position of the
ligand. The local flexibility of sidechains is based on the Dunbrack or
Dynameomics rotamer libraries (Scouras and Daggett, 2011; Shapova
lov and Dunbrack, 2011). In the next step, the quality of generated
frames is evaluated. The tool uses a scoring module, which scans the
conformation of the protein-ligand complex for clashes. Afterwards, the
ligand is minimised by the algorithm from AutoDock Vina (Trott and
Olson, 2010). The scoring by Vina is also used to obtain the energy
profile for the ligand passage. The resulting ligand trajectory is then
refined by RRT-Connect (Kuffner and LaValle, 2000), which generates
ligand positions in places where the ligand movement was not contig
uous, such as around the narrowest parts (i.e. bottlenecks) in the path
ways. The authors tested the method with a benchmarking set of 20
protein-ligand complexes. The data for testing were collected from
previous computational and experimental analyses. GPathFinder found
all the previously annotated pathways in this test and also new ones. The
authors claimed that the novel pathways were biologically relevant
based on the energy profiles and geometry.

2.4. CaverDock

3. Critical comparison of available approximative methods

CaverDock is a tool for studying ligand binding and unbinding
through protein tunnels and channels (Filipovic et al., 2019; Vavra et al.,
2019). The calculations are based on a predefined tunnel geometry
calculated by CAVER 3.02 (Chovancova et al., 2012). The tunnel ge
ometry can be acquired from a single crystal structure or models and
also from ensembles of structures from MD simulations. If the user an
alyses multiple structures they must set up separate CaverDock calcu
lations for each of the snapshots. The identified tunnel is discretised into
a set of discs, which are used to guide the ligand through the protein
during the simulation. It implements the docking engine from AutoDock
Vina (Trott and Olson, 2010) for ligand minimisation and energy eval
uation. The calculation comprises two parts. Firstly, the ligand is docked
to each disc in the tunnel without any constraints to construct the lowerbound trajectory. The lower-bound represents the trajectory with the
lowest energy but does not guarantee continuous movement. Secondly,
the ligand is docked again, but any rapid changes in the conformation
are disallowed between consecutive discs by another constraint.
Furthermore, a specialised backtracking algorithm is applied to generate

This section critically compares four freely available tools for
approximative simulations of ligand binding and unbinding: SLITHER,
MoMA-LigPath, CaverDock and GPathFinder. Special attention is
devoted to energy calculations and algorithms implemented to treat
protein flexibility, which is currently the most challenging problem of
approximative methods. Information about the input, output and other
parameters of the compared tools is summarised in Table 1. Listed is also
the envisaged interpretation of output data, which could assist with the
identification and prioritization of transport pathways for specific li
gands, study of ligand (substrate, product, inhibitor) passage through
protein tunnels and channels during (un)binding processes, and identi
fication of critical (bottleneck, gating) residues for site-directed muta
genesis of focused directed evolution experiments.

2.3. ART-RRT

3.1. SLITHER
SLITHER is available as a webserver. The user must provide the
protein and ligand structure in PDB or PDBQ files. The protein structure
3
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Table 1
Comparison of requirements and parameters of approximative tools suitable for the analysis of ligand transport.
Software

SLITHER

MoMA-LigPath

CaverDock

GPathFinder

Input
preparation

Receptor, ligand, tunnel aligned
with the y-axis, grid box
surrounding the tunnel
Protein PDB or PDBQ, ligand PDB
or PDBQ
Unbinding
SLITHER settings, docking
algorithm, docking settings
Flexible receptor, relaxed receptor

Ligand docked in the active
site

Receptor and ligand, tunnel geometry, tunnel
discretisation, grid box surrounding the tunnel,
Vina configuration file
Protein PDBQT, ligand PDBQT, discretised
tunnel
Unbinding and binding
Vina docking parameters

Complex with the ligand in the
binding site, the configuration file

Input files
Trajectory
Settings
Additional
options
Run time
Output data
Mechanistic
interpretation

Minutes
Ligand trajectory in a single PDB
file, energy information in
REMARK
Identification and prioritization of
transport pathways; analysis of
ligand (un)binding process

Complex PDB
Unbinding
Standard settings, advanced
RRT algorithm settings
Flexible receptor

Flexible receptor

Minutes
Ligand trajectory in multiple
PDB files, missing information
about energies
Identification of potential
transport pathways

Minutes–hours
Ligand trajectory in single PDBQT file, energy
information in REMARK, bottleneck residues,
interacting residues
Identification and prioritization of transport
pathways; analysis of ligand (un)binding
processes; identification of hot spots for
mutagenesis

Protein MOL2, ligand MOL2
Unbinding and binding
Pathway settings, evaluation
method
Minimisation of receptor snapshots
Minutes–hours
Ligand trajectory and receptor
snapshots in multiple PDB files,
score file with energies
Identification and prioritization of
transport pathways; analysis of
ligand (un)binding processes

Individual tools provide different output data, which can be used for mechanistic enzymology, drug design, and protein design studies.

graphical user interface. When using the standalone version, the user
must prepare a PDB file of the protein and a PDB or MOL2 file of the
ligand. The standalone CaverDock software requires the installation of
MGLtools to prepare PDBQT files. Using the scripts from MGLtools
(Morris et al., 2009) the user can prepare PDBQT files similarly to
AutoDock Vina docking. The user can set the residue sidechain flexi
bility during the preparation of the receptor or run CaverDock on indi
vidual protein snapshots to introduce protein dynamics. In the next step,
the user needs to calculate tunnels in the protein using CAVER 3.02
(Chovancova et al., 2012) and discretise them to a set of discs using the
provided script in the package. The user can set the distance between
consecutive disks (resolution of the trajectory) and the direction of the
ligand’s pathway through the tunnel (in or out). Together with the grid
box, a configuration file can be generated by another script in the
package. The user can optionally use command line parameters to
generate a file containing a list of bottleneck residues that have an
unfavourable impact on the transport of the molecule and also an output
file with a list of favourable interactions from each disk. These extra files
can be used to simplify subsequent analyses of protein-ligand in
teractions. The results are provided in a PDBQT file containing the tra
jectory and energy values for each ligand snapshot. A provided script
can convert it into a text file with a space-delimited file that can be used
to generate plots of the energy profile of the (un)binding processes.

must be oriented so that the studied tunnel or channel is parallel to the yaxis of the coordinate system. The user can select either the AutoDock 4
or MEDock docking algorithm (Chang et al., 2005; Morris et al., 2009),
the number of iterations for the docking scheme, and either set the grid
box for the calculation manually or let SLITHER calculate it automati
cally. Furthermore, the user can select the flexible-receptor mode to
specify residues with flexible sidechains during the computation or,
through the relaxed-receptor mode, can upload a set of protein confor
mations. When the calculation has finished, the user can download the
ligand trajectory file, which contains binding energy values for each
ligand position.
3.2. MoMA-LigPath
MoMA-LigPath is available as a web server, and the source code is
also available upon request. The user must prepare a PDB complex with
the protein and bound ligand to run the calculations. Next, the number
of calculated pathways must be specified and the simulation is started.
In this tool, the user does not select any type of flexibility. The algorithm
introduces flexibility to residues clashing with the ligand on the fly.
Later, the user is presented with an archive containing PDB files with
snapshots of the protein and ligand for each generated pathway. Un
fortunately, this robotics-based algorithm does not apply any scoring of
the ligand position. The user must re-score the complexes to obtain any
information on energetics.

3.5. GPathFinder

3.3. ART-RRT

GPathFinder is available for installation through the Conda package
management system. This tool also requires the installation of the
Chimera visualisation tool (Pettersen et al., 2004) because it uses some
of its features. First, the user must prepare the protein-ligand complex,
extract the ligand structure, and finally convert both into MOL2 files. In
the next step, the user prepares the configuration file. Sample configu
ration files with different settings for the calculations are provided in the
online documentation for the tool. The user can specify the binding or
unbinding of the ligand, minimisation of the protein structures, the
number of normal modes used for generating different protein confor
mations, the ligand step size, and whether to track clashes between the
ligand and protein. The user can also select an algorithm to score the
ligand snapshots in each trajectory part. The tool can automatically
analyse a set number of possible pathways or use specific coordinates in
a predefined direction specified by the user.
To test the individual tools practically, we analysed a test case of
haloalkane dehalogenase DhaA (PDB ID 1BN7) with 1-chlorobutane.
The purpose of this test was to critically compare individual tools and
gain practical experience in setting the calculation parameters, the time

ART-RRT tool is part of the commercial software platform SAMSON
(INRIA, 2017). Since the software is not freely available to the scientific
community, it is not included in this practical comparison of methods.
3.4. CaverDock
CaverDock is available as downloadable binaries for Linux, a sin
gularity container image, and part of the webserver named Caver Web. A
singularity container image is compatible with any operating system and
does not require further compilation or installations. The developers of
the tool also provide a Python API to improve the usability of CaverDock
for screening calculations. To increase the method’s reach in the com
munity, CaverDock has also been implemented in the user-friendly
Caver Web webserver (Stourac et al., 2019). Caver Web uses an inter
active workflow to calculate and analyse tunnels in a protein of interest.
Using the CaverDock modules, the user can prepare ligands, calculate
identified tunnels, and evaluate the binding/unbinding in a single
4
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demands for job completion and interpretation of calculated results. We
prepared the input files required for each software and ran the calcu
lations to study the unbinding of the ligand from the active site of the
enzyme. All four tools were used to analyse the unbinding process
through the main P1 tunnel (Marques et al., 2019). The extracted ligand
trajectories are shown in Fig. 2. Apparent differences in the step size and
resolution of trajectories are seen in this visualisation. SLITHER gener
ated the lowest number of ligand conformations. MoMA-LigPath was
able to produce the most continuous trajectory. The implementation of
the robotic algorithm in the tool allows the protein residues to move out
of the way of the passing ligand molecule. Therefore, the ligand did not
need to make larger conformational changes, which may not represent
reality sufficiently. When we compared the resolution of generated
trajectories for CaverDock and GPathFinder with default settings, Cav
erDock produced a smoother trajectory. However, both tools enable the
step size to be decreased to obtain a better resolution with a higher
computational time cost. The resulting ligand trajectories were not as
smooth as in the case of the result from MoMA-LigPath. This is because
the docking algorithm must fit the molecule in a certain position in the
tunnel rather than moving the protein residues away from the ligand.
Apart from MoMa-LigPath, the tools also provided the binding en
ergy based on the scoring implemented in the docking algorithms.
SLITHER described only part of the studied pathway in the plot of energy
profiles (Fig. 3). For the comparison, we utilised the scoring function
from AutoDock Vina in the GPathFinder calculation, the same as
implemented in CaverDock. We expected that the binding energy of the
unbinding produced by GPathFinder would be very similar to the one
obtained from CaverDock. However, higher energy barriers were
observed for GPathFinder, which may have been due to the snapshots
produced by normal mode analysis. While the crystal structure was
sufficiently open for the ligand to pass through during CaverDock
calculation, the pathway might have become narrower in the snapshots
generated by GPathFinder.

Fig. 3. Comparison of energy profiles calculated by individual software tools
for the model enzyme haloalkane dehalogenase and substrate 1-chlorobutane.
The energy profiles are provided for SLITHER (blue), CaverDock (green), and
GPathFinder (red). MoMa-LigPath does not generate energy profiles, making it
impossible to prioritize pathways and critically judge their biological relevance.
The trajectory was measured as the distance between the central atom in 1chlorobutane between consecutive snapshots. For the tested case, GPath
Finder suggested a much more rugged energy profile compared to SLITHER and
CaverDock. In general, it is recommended to compare different systems (wild
type versus mutants; substrates versus products; various inhibitors) using one
computational method rather than comparing the results from calculations
using different methods. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

4.1. SLITHER
SLITHER has been used to find binding modes of three RNA aptamers
in the light chain A of zinc-endopeptidase (Chang et al., 2010). The tool
was used to identify the residues that bound to the aptamers. In another
study, the authors used this method to study the potential egress
pathway of small products in prolyl oligopeptidase (Kaushik and
Sowdhamini, 2011). They used different snapshots from MD simulation
to study how the energy profile of product passage changed based on the
size of the β-propeller pore. SLITHER has also been applied to study the
passage of nucleotides through an OmpF porin channel (Hadi-Ali
janvand et al., 2014). It was used to generate potential binding modes
and analyse interactions with the channel. Another study conducted
screening of cytochrome EgP450 CYP71A with various herbicides
(Phongdara et al., 2012) using SLITHER. The EgP450 enzyme was pre
dicted to bind phenylurea type of herbicides with the highest affinity.
The authors confirmed the computational results experimentally using

4. Brief overview of applications of individual tools
This section provides an overview of the wide range of applications
of individual tools to different problems in the fields of enzymology,
protein engineering, metabolic engineering, and drug design. The list of
individual studies is comprehensive, and readers are advised to study
individual published articles for further details. Six selected case studies
are discussed in depth in the following section, illustrating how
approximative methods can facilitate the design of improved enzymes,
provide mechanistic insights into enzyme enantiselectivity and assist in
the development of novel drugs with high affinities and selectivities.

Fig. 2. Comparison of trajectories calculated
by individual software tools obtained for the
model enzyme haloalkane dehalogenase and
substrate 1-chlorobutane. Structure of
enzyme haloalkane dehalogenase DhaA
(PDB ID 1BN7) with visualised P1 tunnel
(green) and extracted ligand trajectories
from the test run: (A) SLITHER, (B) MoMALigPath, (C) CaverDock, and (D) GPath
Finder. Hydrogen atoms have been removed
from the visualisation of ligand trajectories
for clarity. Note the striking differences in
the visualisation of substrate binding trajec
tories for methods A-D. (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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herbicide tolerance tests.

approximative methods were employed to simulate ligand (un)binding.
Available methods have their strengths and limitations. Recently, we
experienced rapid growth in their popularity thanks to the development
of improved algorithms and user-friendly software tools. We have
selected six case studies based on their quality, importance to the
enzymology field and the journal impact. These studies consist of
combined experimental and computational analyses focusing on using
approximative methods for simulation of binding and/or unbinding,
helping to design improved catalysts or explain mechanisms.

4.2. MoMA-LigPath
This method has been used in a series of studies focusing on impor
tant cancer signalling targets, namely the PI3Kγ, AKT1/PKBα, Bcl-2, NFκB, Stat3, and mTOR proteins (Jamal et al., 2014; Rehan, 2017, 2015;
Rehan et al., 2014). These studies followed the same two-step scenario.
Firstly, the inhibitor of interest was docked into the binding site and
MoMA-LigPath was used to produce snapshots of the unbinding. Sec
ondly, these snapshots were analysed in Ligplot+ (Laskowski and
Swindells, 2011) to find residues that might interact with the inhibitors.
A similar strategy was applied in studies of anti-diabetic drug sotagli
flozin for the inhibition of sodium-glucose cotransporter-2 and acetyl
cholinesterase (Shakil, 2017), fluoxetine as an inhibitor of glutathione
reductase (Dalmizrak et al., 2019), and the anti-cancer molecule nir
aparib as an inhibitor of acetylcholinesterase (Shakil, 2020). In these
cases, the authors also used MoMA-LigPath to produce snapshots and
searched for residues interacting with the inhibitor.

5.1. Developing enzymes with modified substrate specificities
5.1.1. A highly efficient variant of CYP153AM.aq with improved substrate
anchoring
5.1.1.1. System description. This study focused on cytochrome P450
CYP153A ω-hydroxylase from Marinobacter aquaeolei (EC 1.14.15.3),
which catalyses the following reaction: octane + 2 reduced rubredoxin
+ O2 + 2H+ = 1-octanol + 2 oxidized rubredoxin + H2O. Rapp et al.
combined mutagenesis strategies to create a highly efficient three-point
mutant variant of CYP153AM.aq (Rapp et al., 2021). Apart from experi
mental measurements, the influence of the mutated residues on the
activity and specificity of the enzyme was investigated by multiple
modelling approaches.

4.3. ART-RRT
ART-RRT has been applied in a complex study of aquaporin-3 (Yadav
et al., 2020). The authors carried out molecular docking of >3 million
small molecules. The best 20 hits were then explored by MD simulations,
and the unbinding pathway of the best binder [1-(4-methoxyphenoxy)3-((4-methoxyphenyl) amino) propan-2-ol] was analysed by the tool.
The authors carried out 10 runs of the calculation with ART-RRT and
observed that the molecule was unbound from the binding site through
the extracellular part of the protein in all trajectories.

5.1.1.2. Protocol and findings. The simulations were conducted for the
transport of octanoic acid into the active site through three distinct
tunnels. It was concluded that the tunnel containing the mutated resi
dues at the opening was most preferred by the substrate molecule. The
simulated trajectory played a major role in explaining the molecular
basis of the increased activity of the engineered enzymes. The obser
vations supported the hypothesis that the increased activity towards
octanoic acid was due to better stabilization in the access tunnel and
active site (Fig. 4). While the mutation Q129R served as an improved
anchor for keeping the substrate in the reactive position, the other two
mutated residues, V141L and M228T, affected the flexibility of the BCloop at the tunnel entrance and changed the shape of the tunnel.

4.4. CaverDock
Apart from the various benchmarks used in the original publications
(Filipovic et al., 2019; Vavra et al., 2019), we have continued using
CaverDock in several other projects. We studied the tunnel preference of
inhibitors in two important pharmacological targets: cytochrome P450
17A1 and leukotriene A4 hydrolase/aminopeptidase (Pinto et al., 2019).
Moreover, we screened >100 ligands and >50 ligands, respectively, and
defined the preferred tunnels based on transport barriers. In another
study (Pinto et al., 2021), trajectories of >4000 drugs were screened in
the tunnel of the S1 domain of the trimeric SARS-CoV-2 spike glyco
protein. We combined the calculation of energies with partial least
squares analysis and identified the top binders as potential inhibitors
with clearly defined quantitative structure-activity relationships. Cav
erDock has also been used in studies to identify the tunnel lining resi
dues that interact with the ligand in acyltransferase (Contente et al.,
2020) and rutinosidase (Brodsky et al., 2020).

5.1.1.3. Critical assessment. This study illustrates the application of
approximative methods for an explanation of experimental observa
tions. It is typical for site-directed mutagenesis or directed evolution to
find exciting variants in protein engineering projects (Brezovsky et al.,
2016; Kokkonen et al., 2018; Rapp et al., 2021). Protein engineers are
always interested in a deeper understanding of how particular mutations
contributed to improved catalysis. Approximative methods, mainly
those available as web applications (Table 1), are straightforward to use
by non-experts without the need for tedious and time-consuming in
stallations. Calculated trajectories and energetic profiles provide intui
tive information about (un)binding processes, which are essential parts
and often rate-limiting steps of the catalytic cycle.

4.5. GPathFinder
This method has been applied as a part of a screening pipeline to
study potential inhibitors from Uncaria tomentosa on the SARS-CoV-2
main protease 3CLpro (Yepes-Pérez et al., 2020). After virtual
screening by classical molecular docking and following transport anal
ysis with GPathFinder, the authors selected the top binding molecules:
ciophylline, cadambine, and proanthocyanidin B2. The produced
ligand-binding pathways showed that all three molecules had a good
binding affinity and could access the S1 cleavage site of the protease.
The obtained complexes were further studied by MD simulations and
MM-GBSA (Genheden and Ryde, 2015) calculations.

5.1.2. Broadening substrate specificity of threonine deaminase through
mutagenesis of gating residues

5. Ligand design and protein design case studies

5.1.2.1. System description. Song et al. have attempted to engineer an
access tunnel in threonine deaminase from Corynebacterium glutamicum
(EC 4.3.1.19) (Song et al., 2020). The enzyme catalyses the following
deamination reaction: L-threonine = 2-oxobutanoate + NH+
4 . The au
thors combined computational analyses to identify the effect of the gate
in the main tunnel, select residues for mutagenesis, and develop an
improved enzyme variant. The novel range of substrate specificity was
confirmed experimentally.

We made a comprehensive overview of articles published in estab
lished scientific journals, where protein tunnels were studied, and

5.1.2.2. Protocol and findings. The study began with molecular docking
of a selected set of natural and unnatural substrates to analyse their fit
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many potential designs in silico before constructing them in the
laboratory.
5.2. Developing enzymes with novel catalytic functions
5.2.1. Re-programming of Fe/α-ketoglutarate-dependent hydroxylase into
halogenase
5.2.1.1. System description. Papadopoulou et al. successfully converted
L-proline cis-4-hydroxylase into a functional cis-3-halogenase (Papado
poulou et al., 2021). The original enzyme originates from Sinorhizobium
meliloti (EC 1.14.11.56) and catalyses the reaction: 2-oxoglutarate + Lproline + O2 = cis-4-hydroxy-L-proline + CO2 + succinate. Mutagenesis
was first carried out to create a variant with a novel function (Fig. 5). By
combining experimental and computational approaches, it was possible
to optimise the catalyst towards increased activity and a better ratio of
created products, as well as explain the impact of the residue sub
stitutions in the engineered enzyme.
5.2.1.2. Protocol and finding. Starting with the substitution of the active
site residues in the coordination sphere of the Fe(II), D180G, the hy
droxylase gained halogenating function with low reaction selectivity.
Using molecular docking with L-proline, two possible binding poses
were found: (i) hydroxylation binding mode, where the C4 of the sub
strate was close to the ferryl intermediate, and (ii) halogenation binding
mode with the C3 atom being closer. Based on these observations, the
study continued with site-directed mutagenesis of residues close to the
docked substrate. This led to the best variant SmP4H-7 (V57L/S107T/
D113E/T115P/R274H) with an 18.7-fold increase in chlorination. The
docking was repeated with the model of the best variant and a slight
decrease in the distance between the C3 and Fe atoms was found. The
authors hypothesized that the increased chlorination activity might be
due to changes in the hydrogen bond network. However, they missed the
main reason behind the increase in activity, i.e. most of the mutated
residues were close to the surface of the protein.

Fig. 4. Visualisation of a substrate molecule bound to the active site of
CYP153AM.aq. The crystal structure of the wild type (PDB ID 5FYG) is shown in
grey with co-crystalized octanoic acid (dark green), the position of docked
octanoic acid (yellow) and mutated residues (green). The heme is depicted as
black lines and the iron atom as an orange sphere. The Q129R mutation sta
bilized the substrate, whereas the other mutations V141L and M228T reduced
the flexibility of the loop at the tunnel entrance. The combined triple-point
mutant exhibited a 151-fold increase in catalytic efficiency and improved
substrate binding. The figure was reproduced from Rapp et al. (Rapp et al.,
2021) https://pubs.acs.org/doi/10.1021/acscatal.0c05193, further permissions
for readers related to the material excerpted should be directed to the ACS. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

into the active site of the enzyme. From the analysis of the active site
cavity and access tunnel by MD simulations, two flexible regions were
identified that created a gate with open or closed conformations. Based
on this knowledge, 47 nonconserved residues were selected from the
gate, hinge, and anchoring regions. Several mutant libraries were
designed and characterised, and the variant CgTDMu7 (V111A/V119N/
K123S/V137I/K260S/R261T) was identified as the most efficient to
wards bulkier substrates. The variant carried the opened gate, which
enabled bulky substrates to enter the protein. The introduced changes
also improved substrate coupling, deprotonation, and imine hydrolysis.
However, catalysis did not occur on the largest molecules in the set
because the mutations in the best variant were only in the gate region
and did not alter the shape and size of the active site. Therefore, these
substrates were not able to bind properly. The improved variant could be
used for the efficient production of natural and unnatural α-keto acids.

5.2.1.3. Critical assessment. The authors modelled the binding trajec
tory of the substrate. The approximative method enabled the identifi
cation of bottleneck residues, which either corresponded with the
mutated residues (V57L/D113E/R274H) or were close to them.
Furthermore, the studied tunnel in the best variant had a wider bottle
neck radius, suggesting that the mutations facilitated the substrate
transport. Papadopoulou et al. nicely combined theoretical and experi
mental approaches to achieve the functional switch in their target
enzyme. Changes in protein function represent one of the most chal
lenging tasks in the protein engineering field. It is advisable to combine
approximative methods with other approaches, like structural analysis,
molecular docking, molecular dynamics, quantum-chemical calcula
tions, site-directed mutagenesis, and focused directed evolution, to
collect complementary evidence for protein design as an interpretation
of effective mutations (Kokkonen et al., 2018; Rapp et al., 2021).

5.1.2.3. Critical assessment. This study demonstrates the power of the
engineering strategy targeting the access tunnels rather than an active
site. Mutagenesis focused on gating residues is particularly effective
since these residues often play a crucial role in the physical steps of the
catalytic cycle (Marques et al., 2017). Mutagenesis of access pathways is
also generally safer than substitutions in the active site. Approximative
methods could have been used to compare the transport of the ligand
through the wild-type and engineered mutant. Although docking to the
active site was analysed, the critical tunnel residues were identified only
using MD simulations. Using an approximative method for (un)binding
could have provided information about bottleneck residues in the tunnel
and shortened the time needed for running MD simulations. Moreover,
the speed of approximative methods (Table 1) allows for the testing of

5.3. Developing structural models for understanding stereochemistry
5.3.1. Studying stereoselective inhibitors of monoamine oxidase isoforms
5.3.1.1. System description. In this study, the authors analysed the
inhibitory effect of selective 1-propargyl-4-styrylpiperidine-like ana
logues on human monoamine oxidase (MAO) isoforms A and B (EC
1.4.3.4). Both isoforms catalyse the same reaction: R-NH2 + H2O + O2 =
R-CHO + NH3 + H2O2. Knez et al. studied both isoforms and the dif
ferences in binding and interaction of different inhibitor isomers (Knez
et al., 2020).
5.3.1.2. Protocol and findings. In the first step, the authors compared
7
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Fig. 5. Reaction scheme of the newly gained halogenation function of the Fe/α-ketoglutarate-dependent hydroxylase. After changing the active site residue chelating
the ferryl, the enzyme acquired a new function. Depending on the orientation of the L-proline substrate upon binding, the carbon atom closest to the ferryl inter
mediate governed the direction of the catalytic reaction. If C4 was closer, hydroxylation of the substrate occurred, whereas if C3 was closer, the substrate underwent
halogenation. The figure was reproduced from Papadopoulou et al. (Papadopoulou et al., 2021) © 2021 The Authors and ChemCatChem published by WileyVCH GmbH.

Fig. 6. Visualisation of the binding of selective isomers in human MAO-A. (A) Cis isomer (yellow sticks) with propargyl group facing the FAD cofactor (green sticks).
(B) Energy profile for binding of the cis isomer. (C) Trans isomer (violet sticks) with propargyl group facing the FAD cofactor (green sticks). (D) Energy profile for
binding of the trans isomer. In MAO-A, the cis isomer had lower binding energy in the visualised correct orientation. Analysis of the binding modes of the trans isomer
showed the position with the lowest binding energy in the wrong orientation, suggesting that this isomer binds weakly because it is not able to form a covalent bond
with the FAD cofactor in MAO-A. The figure was reproduced from Knez et al. (Knez et al., 2020) https://pubs.acs.org/doi/abs/10.1021/acs.jmedchem.9b01886,
further permissions for readers related to the material excerpted should be directed to the ACS. (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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5.4. Studying the impact of tunnel anatomy on catalytic activity

the shape and size of the active sites of both isoforms. In both cases, the
active sites are hydrophobic cavities, but the isoforms differ in the shape
determined by gating residues. In MAO-A, the active site cavity is
monopartite and spherical, whereas in MAO-B, it is flat and elongated. In
an in-house screening campaign, the authors identified an inhibitor with
a stilbene-like motif. The trans isomer of this compound selectively
inhibited MAO-B, while the cis isomer inhibited MAO-A. The binding
trajectories of both isomers were simulated in both MAO isoforms. The
method was able to describe the stereoselectivity through binding en
ergies of the optimal binding modes and differences in the passage
through the tunnels. This structural and energetic analysis provided the
following insights into the mechanism of inhibition. In agreement with
experimental data, the tunnel diameter and energy barriers of the tra
jectory showed that the cis isomer inhibited MAO-A due to better
binding energy. In MAO-A, the trans isomer had the lowest binding
energy in an incorrect orientation, which prevented the formation of a
covalent bond with the FAD cofactor (Fig. 6). In MAO-B, the cis isomer
was too large to enter the narrower access tunnel and only the trans
isomer was able to enter the active site and inhibit MAO-B with good
binding affinity. Furthermore, the modelled conformation of the trans
ligand MAO-B was in agreement with the position in an available crys
talized complex. Based on information from the analysis, the authors
studied the structure-activity relationships of both isomers and designed
a new library of piperidine inhibitors with substituents on the phenyl
ring. Using experimental analyses, they found even more potent inhib
itor analogues for both MAO isoforms. The effects of the newly designed
compounds were successfully tested in vitro, ex vivo, and behavioural in
vivo experiments.

5.4.1. Influence of enzyme conformation on the performance of lipasepowered nanomotors
5.4.1.1. System description. Wang et al. studied the effect of different
types of immobilisation on the conformation of lipase on mesoporous
silica nanoparticles to create improved chemically powered nanomotors
(Wang et al., 2020). The selected lipase (EC 3.1.1.3) originates from
Candida rugosa and catalyses the reaction: triacylglycerol + H2O =
diacylglycerol + fatty acid + H+. The authors investigated the types of
interactions for immobilisation and how the conformation of the
immobilised lipase affects the dynamics of the protein and access of the
substrate into the active site.
5.4.1.2. Protocol and finding. The studied lipase has a mobile domain
(lid) located over the active site which governs the access of substrates.
The authors analysed how different types of immobilisation (i) ionic
adsorption, (ii) covalent bonding, and (iii) hydrophobic interaction,
affected the orientation of the lipase on the nanoparticle (Fig. 7).
Different immobilisations altered the range of motion of the mobile
domain, and therefore the open and closed conformation of the enzyme.
Experimental analyses showed that the most active conformation of the
lipase was achieved with hydrophobic immobilisation. The open and
closed conformations of the enzyme were studied to identify further
details about this mechanism. MD simulations were performed with
both types of conformation and revealed the presence of two distinct
tunnels, T1 and T2, whose geometry was affected by the conformation of
the mobile domain. The binding of the substrate triacetin was simulated
through the two tunnels in both enzyme conformations. The energy
profiles showed that the first tunnel was preferred in both cases.
Furthermore, the profiles for both tunnels showed higher energy barriers
due to bottleneck residues V86 and F87, which formed part of the lid
domain and hindered the substrate access in the closed conformation.

5.3.1.3. Critical assessment. This study provides an excellent example of
applying approximative methods for understanding the differential
binding of two stereoisomers. Enantiodiscrimination of substrates is one
of the hallmarks of enzymatic catalysis. Differential binding of two en
antiomers to the active site is typically considered. At the same time, the
process of substrate entry and product egress is often neglected, even
though these physical steps of the catalytic cycle can contribute to
enantioselectivity. The study by Knez et al. could be easily extended by
analysing products, providing a complete picture of the catalytic cycle.
Moreover, approximative methods are sufficiently fast (Table 1) to allow
virtual screening (Pinto et al., 2019), which can provide valuable data
for quantitative structure-activity relationships (Pinto et al., 2021).

5.4.1.3. Critical assessment. This paper describes a powerful application
of approximative methods to identify preferred (un)binding routes for
specific ligands. It is widespread for geometric algorithms to identify
more than one access tunnel (Gora et al., 2013). Often, it is not
straightforward to propose which tunnels are biochemically relevant
and used for the ligands passage (Brezovsky et al., 2016). Tracking the
water molecules in crystal structures can provide helpful clues. The

Fig. 7. Lipase-powered nanomotors. (A) Schematic of the synthesis of nanoparticles and subsequent immobilisation of lipase using three different techniques: (i)
ionic adsorption; 3-aminopropyltriethoxysilane (APTES), (ii) covalent bonding; APTES + glutaraldehyde (APTES/GLY), (iii) hydrophobic interaction; trimethoxy(octyl)silane (OTES). (B) SEM images showing the nanoparticles. The figure was reproduced from Wang et al.(Wang et al., 2020) © 2020 Wiley-VCH GmbH.
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situation can become even more complex when MD simulations are used
to explore protein conformational space, leading to some tunnels being
temporarily open/closed (Kingsley and Lill, 2014). We advise calcula
tion of tunnels for multiple snapshots, identification of the gating resi
dues and tunnel bottlenecks (narrowest points) and selection of
representative structures to calculate trajectories and corresponding
energy profiles. Further analysis can follow the same protocol used in
this study, i.e., comparing energy profiles to decide on preferred routes
for specific ligands (Wang et al., 2020).

more robust data.
6. Conclusions
Investigating ligand access pathways in enzymes is an essential
component of biocatalysis, molecular enzymology, protein engineering,
and drug design. The use of approximative methods for the simulation of
ligand binding and unbinding allows users from a broad scientific
community to study the mechanisms of these processes in molecular
detail. State-of-the-art methods based on MD simulations, such as
steered MD, random accelerated MD, and umbrella sampling (Kosztin
et al., 1999; Lüdemann et al., 2000; Torrie and Valleau, 1977), use a
high level of computational theory to analyse protein-ligand transport.
These methods require extensive expertise in molecular modelling. In
contrast, the methods and software tools summarised and critically
compared in this review are faster, easier to use and can be applied to a
broad range of applications.
The tools covered by this Review use several approximations that
decrease the level of detail of the studied systems. Probably the most
significant limitation is the inability to fully capture protein dynamics,
although some tools provide solutions by introducing flexibility to
backbone atoms. Current implementations address small backbone
motions but will not work for large-scale conformational changes during
substrate binding or product release (Gora et al., 2013). One solution to
this problem is to run an MD simulation with the free protein, select
several representative snapshots, and perform simulations with ligands
using one of these approximative methods on such an ensemble of
structures. However, the user must consider a reasonable balance be
tween speed and a sufficiently realistic approximation of protein mo
tions. Hybrid approaches combining several different computational
techniques are an attractive prospect for future research, e.g. combina
tion of robotic algorithms (efficiently exploring a conformational space)
with molecular docking and force-field calculations (providing infor
mation on energy barriers).
The computational speed of approximative methods makes them
considerably promising for large-scale screenings of ligands or enzyme
variants. The increasing number of solved experimental structures,
mainly due to advances in protein crystallography, NMR spectroscopy,
and CryoEM (Callaway, 2015), as well as recent breakthroughs in the
accurate structure prediction using AlphaFold2 (Jumper et al., 2021),
provide a plethora of highly attractive protein targets. Large-scale whole
proteome screening campaigns can be used to analyse crosstalk among
individual proteins and small molecules inside living cells. We expect
that further increases in the computational power of classical computers
and quantum computers in the future will stimulate further exploration
of these methods in the scientific and medical community.
What are the open challenges that future tools need to solve? Based
on the literature search summarised in this article, there is an interest in
using these tools for analysing ligand transport in target proteins and
identification of critical interacting residues for experimental muta
genesis. We envisage the further development of specialised databases
containing information about protein-ligand pairs, access pathways,
protein-ligand interactions, and transport events. Development of such
databases is possible owing to the speed and robustness of available
algorithms which can be integrated into complex workflows. Automated
workflows are necessary to keep the established databases updated.
Large databases of protein structures, both experimental and those
predicted by AlphFold2, provide an excellent starting point for
comprehensive whole proteome analyses. There is still much to learn
about substrate binding and molecular recognition, positioning of the
transition state, and product release, as well as the critical role of bio
logically relevant conformational changes, involvement of water mole
cules, and evolution of structural features assisting ligand transport. The
software tools discussed in this Review provide a unique opportunity for
engineering and the discovery of significantly improved functionalities.

5.5. Developing inhibitors for enzymes in a metabolic pathway
5.5.1. Analysis of the effect of antifungal essential oil from Zingiber
officinale on the aflatoxin B1 production cascade in Aspergillus flavus
5.5.1.1. System description. This study examined the impact of verbe
nol, the main constituent of an antifungal essential oil, on an enzymatic
pathway producing aflatoxin B1 (Singh et al., 2021). Based on earlier
studies with Aspergillus flavus, the authors selected three enzymes: Nor-1
norsolorinic acid ketoreductase (EC 1.1.1.349), which catalyses the re
action (1′ S)-averantin + NADP+ = H+ + NADPH + norsolorinic acid;
Omt-1 sterigmatocystin 8-O-methyltransferase (EC 2.1.1.110), which
catalyses the reaction S-adenosyl-L-methionine + sterigmatocystin = 8O-methylsterigmatocystin + H+ + S-adenosyl-L-homocysteine; and Vbs
versicolorin B synthase, which catalyses the reaction (2S–3S)-versico
nal hemiacetal = H2O + versicolorin B. The effect of the essential oil and
verbenol on fungal cells was studied experimentally together with a
detailed computational study of the verbenol binding and mode of
action.
5.5.1.2. Protocol and findings. The authors selected the essential oil
from Zingiber officinale based on previous reports of antifungal activity.
They characterised the content of the oil with GC–MS and found out that
the major component in the oil was verbenol. The antifungal effect of the
oil was validated on Aspergillus flavus cells. Treating the cells with the oil
caused damage to their membrane integrity mainly due to the blocking
of the carbohydrate catabolism pathway and reduction in progesterol
production. This further hindered the function of mitochondria cells.
The study continued by identifying the molecular effect of verbenol on
the production of aflatoxin B1. The authors selected three enzymes from
the toxin production pathway and carried out a series of computational
analyses. Starting with docking, verbenol was found to successfully bind
to the active site of all three enzymes. The binding modes were validated
with MD simulations. Analysis of protein dynamics showed that in the
case of Nor-1 and Omt-1, the verbenol molecule stabilised the complex
through increased compactness and lower fluctuations in motions.
These effects were not seen in the case of Vbs, which remained more
relaxed. Furthermore, simulations showed that verbenol bound deeply
in the interior of Nor-1 and Omt-1, whereas in Vbs, the molecule trav
elled closer to the surface. Without clear evidence of the proposed mode
of action of verbenol, the authors simulated the binding of verbenol into
all three enzymes with an approximative method. The analysis of
binding energies showed that verbenol binds best in the active site and
that it targets this place rather than blocking the access tunnel.
5.5.1.3. Critical assessment. This is a well-designed and carefully con
ducted study, which provided valuable mechanistic information. A po
tential extension of the study would be the analysis of multiple
snapshots from MD simulations. Fast approximative methods are well
suited for this purpose. Such calculations are significantly more infor
mative than those conducted with individual crystal structures since
they consider protein structure fluctuations (Brezovsky et al., 2016;
Bruce et al., 2019; Kokkonen et al., 2018; Rydzewski and Nowak, 2017;
Wang et al., 2020), which may assist or hinder a passage of ligands via
tunnels. Multiple calculations allow for statistical analysis and lead to
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