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Key Points

• In silico tools for the mining and improvement of enzymes are available
• Covered are more than forty relevant and validated software tools
• Focus points from discovery through stabilization to active site re-design
• Substrate access tunnels represent attractive targets for mutagenesis
• Discussed are numerous practical examples related to biocatalysis
• Future opportunities and challenges of the computational enzyme design

Abstract

Computational tools improve protein parameters critical for their utilization in biocatalysis. Here we provide an overview of
more than forty software tools available to the community of protein engineers. We discuss the focus points of rational
protein design together with the task-specific software options, links to the websites and necessary input files. The success
stories from biocatalysis exemplify the application of selected tools to improve practically beneficial enzymes. Finally, we
provide a brief overview of unmet challenges and future development in rational protein design.

Introduction

Biocatalysis provides an access to a more sustainable and efficient approach to chemical synthesis.1 However, the natural proteins
suffer from evolution-derived drawbacks since they evolved for catalysis inside the cells living under specific environmental condi-
tions. Our synthetic needs often differ from the requirements of living organisms, we need to improve the properties and efficiency
of natural enzymes by protein engineering.2 Depending on the intended outcome, the improvement of the desired property can be
a daunting task. Therefore, computational biochemists and enzymologists require proper tools in the same way as their lab-
frequenting colleagues.3–5

Over the last thirty years, a vast number of specialized software tools have been introduced to the community and the currently
available programs can be used to address the whole workflow of biocatalyst optimizationdenzyme discovery from the vast
amount of generated genomic data, prediction of the tertiary structure of the target molecule, evaluation of mutations effects on
stability, catalytic efficiency, substrate selectivity, and reaction outcome.3–5 Moreover, some of the tools integrate several types of
analysis and provide a simple user-friendly interface, which allows their easy use by the community.
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Our book chapter aims at providing a brief overview of software tools that are available to theoreticians as well experimentalists
for computational enzyme design. We focus on those tools, which are well established in the research community and the ones that
provide integrative computational workflowsdcombining several approaches in a single environment. Our ambition is not to
provide a comprehensive list, thus there will be other alternative tools for specific tasks. Included tools are classified based on their
primary use, although many of them are multi-functional. Individual tools are described in terms of their theoretical foundations,
functionality and accessibility. Selected case studies are also presented to illustrate some practical examples of what can be achieved
by their application to solving specific protein engineering problems. We hope that this book chapter will contribute to the more
frequent use of computational tools for enzyme design and discovery.

Enzyme Discovery

Tools able to reliably annotate novel sequences or even predict the catalytic properties of proteins from their sequences constitute an
important part of a toolbox of a protein engineer. The discovery process starts with genomic sequencing and subsequent annotation
of resulting sequence data. Several remarkable tools have been reported that can successfully predict the reaction type catalyzed by
a novel sequence (Table 1). Enzymatic reactions are commonly characterized using EC nomenclature.16 Among the most successful
recent contributions,DEEPre6 is a deep learning utilizing tool for the prediction of EC classification. The tool performed well on the
first two levels of the characterization, however, increased precision on the third and fourth levels where needed. Improvement was
brought in by ECPred,7 which enables EC classification of an enzyme on all four levels of the EC nomenclature using machine
learning. This tool was trained and validated using entries from UniProtKB/Swiss-Prot database and provided an improvement
in prediction at levels three and four. However, the larger success rate at level four remained elusive, largely due to a limited number
of entries necessary for the model training.

To overcome this drawback, the HEC-net8 utilizes the Siamese-Triplet Network approach (STN). The tool was able to signifi-
cantly outperform the aforementioned approaches at the determination of level 4 of EC number. It achieved 91.2% accuracy
and 81.9% F1 score, which is a significant improvement compared to that of 73.8% and 11.3% achieved by ECPred, respectively.
It is important to note that enzymes do not have to catalyze only one reaction. The broadening of the capabilities was achieved by
mlHEC-net,9 which can add multiple EC numbers if necessary due to the incorporation of a second model.

Bio2Rxn10 is a web-based software that utilizes several sequence analysis tools to perform a consensus analysis on EC numbers
up to four levels using six EC prediction tools. The appeal of Bio2Rxn lies in its high speed (annotation is done in the range of
minutes) and a listing of the chemical reaction. This particular feature significantly increases the “friendliness” of this web tool.

Table 1 Selection of tools used for the annotation and discovery of novel proteins.

Tool Use Input Link References

DEEPre Annotation of enzymatic EC
class on two levels

Amino-acid sequence in FASTA format Webserver http://www.cbrc.kaust.edu.
sa/DEEPre/

6

ECPred Annotation of enzymatic EC
class on four levels

Amino-acid sequence in FASTA format Standalone https://github.com/cansyl/
ECPred

Webserver https://ecpred.kansil.org/

7

HEC-net
mlHECnet

Annotation of enzymatic EC
class on four levels

Amino-acid sequence in FASTA format Webserver http://hecnet.cbrlab.org/ 8,9

Bio2Rxn Consensus-based annotation of EC
class on four levels

Amino-acid sequence in FASTA format Webserver http://design.rxnfinder.org/
bio2rxn/

10

EnzymeMiner Identification of putative members of
enzyme families and selection of
promising targets for experimental
validation

Amino-acid sequence(s) in FASTA format
and catalytic residues

Webserver https://loschmidt.chemi.
muni.cz/enzymeminer/

11

LIBRAþ
LIBRA-WA

Recognition of active and binding sites
and corresponding ligands based on
the structural information

Protein structure file in PDB format Standalone http://www.
computationalbiology.it/software/

LIBRAv1.zip
Webserver http://www.
computationalbiology.it/software.html

12,13

GSP4PDB Search for the published structures
that fit the user query of protein-ligand
interaction

User-defined graph-based structural
pattern

Webserver http://gdblab.com/gsp4pdb/
gsp4pdb2/

14

BridgIT Identification enzymes catalyzing
specific reactions

Mol files of ligands and KEGG operators Webserver
https://lcsb-databases.epfl.ch/pathways/
Bridgit

15
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Another approach to the discovery of novel catalysts is to probe sequences obtained by genome mining for altered properties.
This usually stems from previous knowledge about the investigated system. However, it can be challenging to pick a random, previ-
ously uninvestigated protein from the database, since solubility-linked expression issues might arise very quickly. For that reason,
the software tool EnzymeMiner11 was developed, which enables automated search and annotation of entries in the genomic data-
bases (Fig. 1). EnzymeMiner allows the refinement of search parameters to maximize the coverage of sequence space. This is further
visualized in the form of sequence similarity networks and filtration of sequence hits based on the predicted chance of solubility in
Escherichia coli, identity, presence of transmembrane domains, etc. The validation of EnzymeMiner was performed using the search
for novel haloalkane dehalogenase and resulted in the discovery of enzymes with increased activity, thermostability and
enantioselectivity.17

Another approach that can be used for the discovery of novel biocatalysts lies on the premise that the catalytic site is reaction-
specific and its shape can be used as a form of a fingerprint. Tools LIBRA and GSP4PDB take advantage of this. LIBRA suite (LIBRA-
WA server,12 LIBRAD standalone version13) is used for active/ligand binding site prediction. In detail, testing of the LIBRA revealed
its ability to predict the biologically relevant binding site in 96% of the cases and the correct ligand for the binding site in more than
80% of the cases.

GSP4PDB14 provides a way to in fact describe the interaction between the ligand and the protein in the form of a graph-based
structural pattern (GSP) and its use was validated by the search for PDBs containing the Zinc-finger motif. These tools are quite
interesting, however, their use in biocatalysis might be limited for now. However, we assume that with a current spur of machine
learning-based methods for structure determination (discussed later), these tools might become very useful for further annotation
of catalytic properties of the newly solved structures.

Linked to the description of active sites, BridgIT15 is an interesting tool that utilizes the knowledge of an enzymatic active site to
determine the reaction catalyzed by that particular active site. This can be particularly useful, as the authors note, for assigning reac-
tions to the protein sequences in the databases. Particularly interesting is the application of this tool for orphan reactionsdreactions
that do not have protein assigned, since the method is based on the matching of an active site to the substrate shape. A very nice
feature of this tool is its ability to recognize multi-enzymatic reactions. Overall, the discovery of novel biocatalysts is an intrinsic part
of biocatalysis.

Rational Protein Design

Prediction of Protein Structure

The use of in silico tools for protein engineering is predominantly linked to rational protein design. In general, rational design starts
with the careful analysis of the protein properties, particularly the ones linked to its 3D shape, from the viewpoint of the target

Fig. 1 The workflow diagram of EnzymeMiner 1.0. The workflow consists of three steps: (i) sequence homology search, (ii) filtration of functional
sequences, and (iii) annotation of hits. These steps are executed consecutively and automatically. EnzymeMiner requires query sequences and
essential residue templates as inputs. The optional inputs are Other sequences that allow EnzymeMiner to calculate the sequence identity between
these sequences and all the hits. Input files are highlighted by a white background, tools and databases have a light blue background, and outputs
are highlighted by a yellow background. Reproduced with permission from Ref. 11, Oxford University Press.
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parameter. However, if no structure is available, this approach is not applicable. Therefore, the structure of the catalyst had to be
obtained experimentally, predominantly by the use of X-ray crystallography,18,19 NMR spectrometry,20 and cryo-electron
microscopy.21,22

Experimental determination of protein structures can be a lengthy process and the outcome is not certain. Therefore, over the last
thirty years, a great effort has been focused on developing in silico approaches that could reliably a rapidly provide highly accurate
3D models of proteins.23 Regarding the in silico approaches, homology modeling has established itself as probably the easiest and
the most user-friendly method.24 It relies on sequence similarity between the protein of interest and previously solved structures
available in the PDB database, since proteins that possess high sequence homology in a general fold in the same way. However,
the correct prediction of the 3D structure of proteins that bear little or no similarity to previously solved structures has been
a long-standing challenge. The prediction tools are compared in a biannual event called Critical Assessment of Protein Structure
Prediction (CASP) which is focused on the evaluation of the quality of available tools on a set of modeling tasks. In late 2020,
the world has been taken by a storm of news reports that this long-standing problem has been solved by DeepMind during the
CASP14.25 DeepMind’s AlphaFold2 was extremely successful at predicting the 3D structures during the challenge, achieving
more than 90% accuracy (Fig. 2). The scientific publication came out in 202126 and disclosed that the success of the tool stems
from the utilization of machine learning and multiple-sequence alignments that help to uncover the proximity of amino acids
due to their mutation rates as well as the physical properties of previously solved structures.

The success of machine learning-based methods was further corroborated by RoseTTAfold,27 a related machine learning-based
tool that further built on the principles utilized by AphaFold2. Namely, it uses a three-track neural network that would provide
a tighter correlation between the sequence, residue-residue interactions and atomic coordinates. The authors demonstrated the
applicability of RoseTTAfold by helping to solve X-ray and cryo-EM structures using molecular replacement.

The aforementioned methods still have space for improvement.28 However, they are already very valuable for biocatalysis, since
quickly generated reliable 3D models of an enzyme provide reach input information for further modeling. It allows for at least
preliminary analysis using the tools that are described later in the chapterdthe structural information can be further used for
the investigation of reaction mechanism, identification of rigid or loose regions of a protein as well as the hydrophobicity or hydro-
philicity of the target molecule/region and as such, to streamline the efforts aiming to improve the catalyst at hand without the
experimentally verified 3D structure.

Engineering Catalytic Activity

Increasing protein reactivity is arguably one of the main intents of a protein engineer, especially in the field of biocatalysis. The
elevation of the performance of the target reaction can be achieved in several ways that are linked either to the chemical reaction
in question, such as the modification of the active site and/or its access tunnels, or the modification of the stability of the target
biocatalyst, specifically in terms of thermostability, solubility or modification of protein dynamics. A plethora of novel tools of
different focus has been developed over the last years. Sadly, their utilization remains relatively scarce and the cross-validation is
not always easy. Therefore, we have decided to focus this section on the tools that are either the most prominent or the ones
that provide the most benefit in dealing with the often neglected aspects of enzymatic catalysis. Furthermore, the division of this
particular section is based on the primary target of the tool to keep it as simple as possible, even though we have to stress that often

Fig. 2 The workflow diagram of AlphaFold2. The figure illustrates the overall architecture of the network employing multiple sequence alignments
and contact maps. The network was trained using the data from publicly available databases and optimized by multiple rounds of calculations
employing the supercomputers of Google. Importantly, quantitative confidence scores for the individual predicted regions of the protein structure are
calculated. AlphaFold2 is freely available for non-commercial purposes and can be very easily executed using Google Colaboratory (Colab). The figure
was downloaded from DeepMind’s blogpost (November 2020).
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the introduction of mutations influences more than one parameterde.g. mutations increasing the thermostability can influence the
catalytic properties of the enzyme.29

Targeting Active Site
The catalytic properties of a biocatalyst are determined by the interplay of the amino acids stabilizing the substrate and its transition
state. Therefore, if the catalytic performance of an enzyme is to be improved, the active site is the number one target. As such, visu-
alization and parametrization of the enzyme-substrate binding interactions are of paramount importance. In the last decades,
molecular docking has been established as an essential approach allowing researchers to evaluate the compatibility of the active
site and the substrate.30,31 Essentially, molecular docking workflows rely on the evaluation of different binding poses in the target
and the calculation of the energetic difference between the binding modes. The resulting values and images provide a road map that
either aids researchers to find better binding modes during in silicomutagenesis when the wild-type residues are mutated or to ratio-
nalize the experimental results.

There are several approaches and a plethora of software tools for molecular docking, and these have been studied elsewhere.30

Since in this contribution we focus on easy access tools, we will mention two programs that can be used for molecular docking that
have obtained general notoriety and that are often incorporated into other tools (Table 2). AutoDock32 suite is a well-established
software tool enabling various docking-related tasks as well as preparing the input files. Additionally, it incorporates functions for
virtual screening, as well as an automatic binding site detection. AutoDock Vina33 is a docking algorithm that is a part of the suite,
however, it is an open-source docking algorithm that surpasses the AutoDock, especially from the standpoint of the calculation
speed.45

Rosie34 web server is building on the docking capabilities of a Rosetta suite.46 It incorporates 26 free tools for academic users. To
demonstrate its versatility, we would like to mention two recent publications focused on biocatalysis in which the molecular dock-
ing/modeling capabilities of Rosie were used. In the first example, Rosie was used to model the protein-protein interactions in

Table 2 Selection of tools used for the improvement of catalytic activity.

Tool Use Input Link References

AutoDock Molecular docking applications, tools for file preparation
and virtual screening workflows

Protein structure file (receptor)
and files for target molecules
(ligands)

Standalone or incorporated into
other tools https://
autodocksuite.scripps.edu/

32

AutoDock
Vina

Molecular docking applications, are arguably easier to
use but lack some functionalities of Autodock suite.

Protein structure file (receptor)
and files for target molecules
(ligands)

Standalone https://github.com/
ccsb-scripps/AutoDock-Vina

33

Rosie Various molecular docking protocols based on the
Rosetta suite

Protein structure file (receptor)
and files for target molecules
(ligands)

Webserver https://rosie.
rosettacommons.org/

34

FuncLib Improving the catalytic performance of the enzyme
employing evolutionary information and Rosetta

Protein structure file,
assignment of the active site
and catalytic residues

Webserver http://funclib.
weizmann.ac.il/bin/steps

35

nAPOLI Analysis of the protein-ligand interactions Protein structure file (receptor)
and files for target molecules
(ligands)

Webserver http://bioinfo.dcc.
ufmg.br/napoli/

36

SLITHER Search for generation of ligand conformations inside the
access tunnel

Protein structure file (receptor)
and files for target molecules
(ligands), docking grid

Webserver http://slither.rcas.
sinica.edu.tw/

37

MoMA-
LigPath

Analysis of ligand unbinding from the active site Protein structure file (receptor)
and files for target molecules
(ligands)

Webserver https://moma.laas.
fr/

38

GPathFinder Analysis of ligand unbinding from the active site Molecular mol2 files
representing both the ligand
and the receptor

Standalone https://github.com/
insilichem/gpathfinder

39

Caver Web Identification of protein tunnels and channels and analysis of
ligand transport

Protein structure file (receptor)
and smiles codes or files for
target molecules (ligands)

Webserver https://loschmidt.
chemi.muni.cz/caverweb/

40

DeepPocket Identification of pockets in proteins by deep learning Protein structure file Standalone https://github.com/
devalab/DeepPocket

41

Caviar Identification of binding pockets and cavities Protein structure file in PDB
or mmCIF format, trajectory
frames from molecular
dynamics

Standalone https://jr-
marchand.github.io/caviar/

42

DaReUs-
Loop

Homology-based insertion of defined loops into the target
protein

Protein structure file in PDB
format and the amino-acid
sequence of the inserted loop

Webserver https://bioserv.rpbs.
univ-paris-diderot.fr/services/
DaReUS-Loop/

43

LoopGrafter Transferring one or more loops in between homologous
proteins

Protein structure file in PDB
format of the scaffold and the
insert

Webserver https://loschmidt.
chemi.muni.cz/loopgrafter

44
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a study focused on the elucidation of biosynthesis of lovastatin.47 In another example, Rosetta was used for modeling a protein-
ligand complex detailing the enantioselective synthesis of a-trifluoromethyl amines catalyzed by P450. Rosetta–based calculations
were used for elucidating the rationale behind an enantioselectivity preference of the newly engineered catalyst.48

FuncLib35 is a tool focused on the design of multiple-point mutants that will possess elevated catalytic activity. More specifically,
it relies on the evolutionary-sequence analysis and Rosetta atomistic modeling to identify amino acids that are allowed to be present
and to model multiple-point mutants that will increase the catalyst efficiency while maintaining stability. The algorithm was tested
by the authors on two model casesdphosphotriesterase from Pseudomonas diminuta and acetyl coenzyme A synthase from Salmo-
nella enterica. In short, the algorithm helped to design several dozens of 3–6 point mutations that possessed 10–4000-fold increased
catalytic efficiency compared to respective wild-type enzymes. A very nice example of the power of FuncLib was the engineering of
the promiscuous human nicotinamideN-methyltransferase into a small set of biocatalysts that can perform selective N-alkylation of
pyrazols with excellent region-selectivity. Additionally, some of the variants afforded a second regio-isomer with an excellent
selectivity.49

nAPOLI36 is a web server that allows users to investigate interactions between proteins and ligands. However, this tool
approaches the problem in a different way than typical docking software, since it mainly serves to discover and describe interactions
of the ligand in the binding site and can therefore be used as an interesting starting point for the investigation of the active site.
Additionally, due to its ability to process a large amount of data, it can be used to describe also previously unannotated interactions
alongside the ones already reported in the literature, as was demonstrated in the case study performed by the authors.

Targeting Access Tunnels
It is important to note, that even if the ligand fits perfectly into the active site, it is not always certain that it will arrive at its desti-
nation due to unfavorable interactions somewhere around the access route. Therefore, in the last ten years, there have been pub-
lished several notable tools that are focused on the identification of access tunnels that play role in the transport of substrate to
the active sites.3 This is a very relevant problem for biocatalysis, therefore, we have devised a small selection of available tools
(Table 2).

Slither37 is an interesting tool that utilizes the power of molecular docking (enabled by AutoDock32 andMEDock50), to calculate
the binding energy between the ligand and the protein across the access tunnel of the active site. This can be particularly interesting
for the identification of the bottlenecks in access pathways for a new substrate or retrospective rationalization of the effect of muta-
tions localized outside the active site.

MoMA-LigPath38 utilizes a geometrical approach based on the Manhattan-like Rapidly-exploring Random Tree (ML-RRT),
which treats both ligand and the residues as partially flexible and tries to find the path by which the ligand leaves the active site.
The generated output contains a visual representation of the possible unbinding pathways. However, it does not contain any infor-
mation about energy changes during the unbinding.

GPathFinder39 is an interesting tool belonging to the GaudiMM suite and as a part of it, it utilizes the aforementioned Auto-
Dock. Compared to the tools mentioned previously, it allows finding both binding and unbinding pathways of the ligand. The
authors studied its abilities in three different case systemsdtransport of a molecule of glycerol through an aquaporin, unbinding
of a suicide inhibitor from human indoleamine-2,3-dioxygenase and search for access channels if a human cytochrome P450 2C19.
The algorithm was able to find previously described access tunnels and channels as well as some new ones. Additionally, its earlier
version was used to uncover the catalytic mechanism of an exo-hydrolase from a Hordeum.51

Caver40,52,53 suite comprises three tools that allow the identification of channels, tunnels as well as binding trajectories and ener-
gies. Here we will particularly focus on the Caver Web40 since it builds on top of the CaverDock53 and Caver52 itself. This web-based
tool offers a way to detect channels and tunnels as well as a catalytic pocket using Caver, and subsequently, perform an optional
ligand transport analysis using CaverDock software (Fig. 3). The authors used CaverWeb in different study cases. For example, the
analysis of the entrance tunnels of different haloalkane dehalogenases showed a correlation between the size of the active site tunnel
and the preferred size of the accepted substrate. Another example of a possible use reported by the authors was a virtual screening of
leukotriene A4 hydrolase/aminopeptidase inhibitors since CaverWeb allows docking alongside the residues along a tunnel, which
in turn significantly enriched the sampling region. The virtual screening uncovered a possible tunnel-dependent inhibition mech-
anism linked to some of the tested molecules, which would not be possible with the classical approach targeting solely the active
site. The tool stands to be quite useful indeed. There are two publications not originating from the group of authors that report the
successful utilization of CaverWeb toward the improvement of the catalytic activity of a protein. More specifically, it was used to
identify water access tunnels in the study that was focused on increasing of the coupling efficiency of P450 BM3 from Bacillus mega-
terium, in which the change of the tunnel polarity resulted in the lesser presence of water molecules in the proximity of heme in its
active site which correlated with the increased coupling efficiency.54 The tool was further utilized to detect tunnels in a study focused
on the engineering of the acyltransferase fromMycobacterium smegmatis.55 The detailed Caver Web workflow can be found in Fig. 3.

DeepPocket41 is an interesting tool focused on the detection of binding sites. Specifically, it utilizes a 3D convolutional neural
network. In detail, the software strips the input structure of any heteroatoms and solvent molecules and searches for pockets using
the FPocket56 (which is also present in the Caver Web). The resulting list of pocket centers is subsequently processed and ranked
using the convolutional neural network. The performance was tested using four datasets. It appears that the use of CNN together
with the FPocket enabled a more precise determination of the pockets in the evaluation datasets compared to other tested methods,
therefore, this particular tool might serve as an addition to the FPocket in bioinformatics workflows.
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Caviar42 is another recent addition to the active site/cavity detection tools. It is a standalone software that is intended for more
Python-familiar users and as such, it can be more useful for tool developers, similar to the previously mentioned deep pocket.
Compared to the tools dealing with the ligand-pathway search, the last two tools might not be very useful directly, however,
they can provide better basal cavity detection, which can in turn provide an increased performance of the path-finding tools. There-
fore, we are quite curious about the improvements to the methods that we will see in the future.

Targeting Loops
Loop engineering is another interesting approach that can lead to improved performance of the biocatalyst. Overall, this particular
kind of enzyme engineering has been known for quite some time as it can be considered one of the key tools in nature’s repertoire
that leads to the evolution of novel proteins.57 This fact is well known and it has been already utilized for the redesign of enzymes.
The introduction of loops resulted in a rapid activity switch in glyoxalase II, which was transformed into b-lactamase.58 In terms of
biocatalysis, a very nice example of loop remodeling was reported by the Arnold group. In this particular contribution, molecular

Fig. 3 Workflow diagram of Caver Web 1.0. The process consists of four phases: (1) structure pre-treatment, (2) detection of the starting point, (3)
identification of tunnels/channels and (4) analysis of ligand transport. Ligand structures can be uploaded in all formats supported by OpenBabel.
Reproduced with permission from Ref. 40, Oxford University Press.
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dynamics simulation was used to discover the flexibility of a particular loop in Cytochrome P450 TexT.59 This information ulti-
mately led to the development of a variant that possessed altered regioselectivity of the target reaction.

DaReUs-Loop43 is a web-based tool that was developed from its initial standalone version60 to provide easy access to loop
remodeling in the homology models. The webserver utilizes PDB file and a sequence as an input and offers three types of analy-
sisdremodeling, modeling and advanced. Effectively, it can model up to 20 loops in one template that can be between 2 and
30 amino acids in length. There are few input options, but the server is incredibly user-friendly and the outcomes are quite easy
to understand. However, it is solely focused on the homology model application, therefore, it cannot consider the dynamic param-
eters of the loop. Additionally, it does not provide scoring of the final designs.

LoopGrafter44 is a recently published tool that deals with the modeling of loops and is intended to be used for the improvement
of the performance of the target enzyme. The server utilizes two input PDB filesdthe scaffold protein which is going to receive a new
loop and the insert which is going to provide the loop. The web tool navigates the user through six steps (Fig. 4)dsecondary struc-
ture definition, loop exploration, flexibility evaluation, correlation evaluation, loop pairing and finally, loop grafting. The graphical
interface of the tool seamlessly navigates the user to the final calculation with up to 1000 designs listed and scored using Modeller’s
DOPE or Rosetta’s FastRelax scores. The authors applied their loop-grafting strategy to transplant a loop from Renilla luciferase to
a structurally related bifunctional ancestral luciferase. The resulting chimera possessed 40,000-fold elevated fluorescence activity
compared to the scaffold enzyme. Additionally, the grafting process also resulted in higher substrate affinity as well as lesser product
inhibition. The comparison with the aforementioned DaReUs-Loop revealed that LoopGrafter can create novel chimeric sequences,
whereas the DaReUs-Loop requires the full sequence of the final chimera to be defined in the input (Table 2).

Fig. 4 Workflow diagram of LoopGrafter 1.0. Scaffold and insert tertiary structures can be fetched from the PDB database or uploaded by the user.
DSSP and Archer definitions are used for the calculation of secondary structures and loop geometries. Elastic Network Models implemented in
ProDy-GNM and ProDy-ANM provide flexibility and cross-correlations. Flexibility analyses are followed by structural superimposition using CE and
pairing of loops in the two input proteins. A list of designed sequences is generated after a systematic exploration of possible grafting boundaries.
3D models for each of the designed sequences are generated and evaluated with Modeller’s DOPE and Rosetta’s FastRelax scores. Reproduced with
permission from Ref. 44, Oxford University Press.
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Engineering Thermostability

The increased thermostability of biocatalysts often translates to a longer life span in the reaction mixture, which should transform
into a greater yield of the reaction. Together with the fact that the size of a stabilizing or destabilizing effect of a mutation is virtually
impossible to guess by “visual analysis”, software tools enabling the increase of thermostability of any protein are in high demand.
In general, the various tools reported in the literature rely either on machine learning to unearth hidden dependencies or force-field
dependent energy calculations or evolution-based approaches leading to more stable variants. The tools mentioned in this section
are summarized in Table 3.

FoldX61 has been the benchmark to which the tools focused on stabilization are often compared. FoldX is an empirical force
field that serves to evaluate the effects of mutations on total free energy. Over the years, it gave rise to the whole suite of tools
that are ready at the disposal of protein engineers. Its importance can be further stressed by the sheer amount of citations that
the original publication amassed since its release. Currently (May 2022), there are 1400 citation records in Scopus. An example
of FoldX being used as a standalone tool can be the engineering of b-aminotransferase by Rabe and colleagues.61 In their contri-
bution, the FoldX was used to design a two-point mutant with a melting temperature increased by 4 �C and a three-fold increased
half-life.

FRESCO62 is a workflow that helps to design stable variants using FoldX and Rosetta. It was used to design a more stable variant
of cyclohexanol monooxygenase from Rhodococcus sp. HI-31.72 The resulting variant bearing eight mutations exhibited a melting
temperature increased by 13 �C together with a 33-fold increase of half-life at 30 �C. In another example, FRESCO was used to
design a robust u-transaminase.73 In that particular contribution, the best 6-point variant exhibited an increased melting temper-
ature by 25 �C. Additionally, it was also more stable in presence of isopropanol as a co-solvent and exhibited increased catalytic
activity.

PROSS63 enables the quick and user-friendly design of proteins possessing elevated stability. In the original publication, the
authors demonstrate the use of the algorithm by the increasing the thermostability of an acetylcholine esterase from humans
(hAChE), therefore, the tool is listed in the section focused on the thermostability, however, we have to note that the focus of PROSS
is larger and can be used to also improve expression and the solubility of the protein as well as their activity. In detail, the tool
utilizes mutational scanning, in which the amino acids that are allowed to a certain position are derived from the amino acids
that can be observed in the homologous sequences and are subsequently evaluated using Rosetta. This particular approach allowed
authors to avoid false positives and to increase the expression of hAChE variant by almost 2000-fold compared to the wild-type. The

Table 3 Selection of tools used for the improvement of protein thermostability.

Tool Description Input Link References

FoldX Force-field describing the effect of
mutations on the stability of proteins

Protein structure file in PDB format Standalone https://foldxsuite.crg.eu/ 61

FRESCO Stabilization of proteins by the design
of mutant libraries

Protein structure file in PDB format Standalone https://groups.google.com/g/
fresco-stabilization-of-proteins

62

PROSS Design of more soluble and stable
proteins focused on the heterologous
expression in bacteria

Protein structure file in PDB format Webserver https://pross.weizmann.ac.il/
step/pross-terms/

63

ProTSPoM Identification of destabilizing amino
acids in the protein structure

Protein structure file in PDB format Webserver http://cosmos.iitkgp.ac.in/
ProTSPoM/

64

FireProt Design of more stable protein variants
using energy- or evolution-based
analysis

Protein structure file in PDB format Webserver https://loschmidt.chemi.muni.
cz/fireprotweb/

65

DynaMut Analysis of a structure and further
evaluation of the putative influence of
mutations on the protein dynamics

Protein structure file in PDB format Webserver http://biosig.unimelb.edu.au/
dynamut/

66

TKSA-MC Design of more stable variants by the
optimization of protein charge-charge
interactions

Protein structure file in PDB format Webserver http://tksamc.df.ibilce.unesp.
br/

67

pStab Evaluation of the influence of single-
and multiple-point mutants on protein
stability parameters

Protein structure file in PDB format Webserver https://pbl.biotech.iitm.ac.in/
pStab/

68

ThermoNet Evaluating the influence of single-point
mutations on the protein stability

Protein structure file in PDB format Standalone https://github.com/
gersteinlab/ThermoNet

69

Yosshi Stabilization of proteins by the
introduction of disulfide bridges

Protein structure file in PDB format and
the MSA of a protein family

Webserver https://biokinet.belozersky.
msu.ru/yosshi

70

FireProtASR Design of stable mutants using ancestral
sequence reconstruction approach

Single protein sequence or multiple
sequences or multiple sequence
alignment

Webserver https://loschmidt.chemi.muni.
cz/fireprotasr/

71
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usefulness of PROSS was further demonstrated with peroxidases. The resulting variants were successfully expressed in yeast whereas
the parent enzymes were not. The variants possessed elevated stability as well as functional diversity.74 PROSS was further validated
using community-wide evaluation.75 PROSS enhanced expression and solubility, thermostability and activity of 14, 10 and 7 target
proteins, respectively. PROSS contributed to an increase in both soluble expressions (64% in low-throughput screening). Ulti-
mately, elevated thermostability was observed in 9 out of 10 cases.

ProTSPoM64 utilizes FoldX force field to predict the effect of single point mutations on the thermodynamic stability of a protein.
However, it can be postulated, that the success rate of free-energy calculation-based methods significantly drops when the calcula-
tion contains multiple point mutations at the same time.

FireProt65 is a web-based computational workflow that combines sixteen individual tools and three protein strategies for the
fully automated design of stable proteins (Fig. 5). In detail, it divides the workflow into three phasesdannotation, prediction of
single point mutations and design of a thermostable protein and it delivers a validated multiple point mutant designed by
energy-based workflow, the evolution-based workflow or a combinatorial mutant. Tominimize the incorporation of mutation pairs
having an antagonistic effect, the protocol utilizes the incorporated Rosetta tool to avoid possible clashes. FireProt has been exper-
imentally validated on three proteins – haloalkane dehalogenase DhaA, g-hexachlorocyclohexane dehydrochlorinase LinA and
fibroblast-growth factor 2. Remarkably, the tool provided stabilization of 25, 21 and 15 �C, respectively. As a further demonstration

Fig. 5 Workflow diagram of FireProt 1.0. A protein defined by the user is initially annotated using several prediction tools and databases (Phase 1).
The energy-based and evolution-based approach is applied to assemble a list of potentially stabilizing single-point mutations (Phase 2). Finally, three
multiple-point mutants are generated in an additive manner, while removing potentially antagonistic effects of mutations (Phase 3). FireProt 2.0 is
currently in beta testing. Reproduced with permission from Ref. 65, Oxford University Press.
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of its usability, the tool was used to stabilize a ketoreductase ChKRED12.76 The resulting quadruple mutant exhibited increased
temperature optimum by 5 �C and more than 21-fold increased half-life compared to the wild type. Significantly enhanced FireProt
2.0 is currently in beta testing. This new version provides low-risk and high-risk design, several newmodules for stabilization (ances-
tral sequence reconstruction, B-factor analysis, saturation mutagenesis, suppression of antagonistic effects, etc.), AlphaFold2 and
ProMod3 models, visualization in Mol*, and many other improvements.

DynaMut66 is another interesting web-based tool that serves to design stable proteins. Specifically, this tool allows either analysis
of protein dynamics or effects of target mutations on dynamics and stability, using a consensus of three computational methods
which leads to increased performance when compared to the stand-alone tools, sadly, its utilization in biocatalysis remained scarce.

TKSA-MC67 represents a different approach to protein stabilization. This particular web server serves for the optimization of
charge-charge interactions. This is done by the evaluation of protein surface accessibility and its protonation states. The outcome
is presented in a graph form and provides an insight into mutations that contribute to the increase of the free energy and as
such, their mutation to a different amino acid should result in greater stability. The tool was verified experimentally, and was quite
successful, especially in the case of a heat-shock protein from Bacillus subtilis, where a single mutation raised the melting temperature
by 8 �C.

PStab68 is another approach utilizing the calculation of charge-charge interactions. The web server serves for the identification of
possible stabilizing mutations under a variety of different conditions (temperature, pH, ionic strength, for example) and subse-
quently performs virtual mutagenesis up to quadruple mutants. Furthermore, it can generate unfolding curves and it can be
used to identify mutational hot spots as well as to generate fitness landscapes.

ThermoNet69 is a deep 3D convolutional neural network able to predict the mutation-induced changes of DDG. Treats the 3D
structure of a protein as a multichannel voxel grid and uses pre-defined biophysical rules (hydrophobicity, aromaticity, hydrogen
bonding, ionizability and occupancy) to further parametrize each voxel and these are further used as an input to the trained neural
network. Interestingly, ThermoNet was able to outperform commonly used tools in the determination of DDG upon the point
mutation.

Yosshi70 is a web tool that enables locating of the most promising positions for the incorporation of disulfide bridges based on
the input PDB and amultiple sequence alignment of a set of proteins with diverse functions but a related structure and low sequence
identity. There are no biocatalysis-related applications, but it can be an interesting approach or a quick stabilization of proteins with
a low melting point. Related to the multiple sequence alignment, the ancestral sequence reconstruction is used for the identification
of protein sequences that should possess higher stability, based on the idea that earlier versions of the proteins had to work under
harsher conditions. There are several available tools, however, they tend to be rather hard to use for an inexperienced user.

FireProtASR71 offers an automated workflow with an easy to use web-interface that allows to the construction of ancestral
sequences with only an input sequence (Fig. 6). The first phase utilizes the aforementioned EnzymeMiner to collect relevant homol-
ogous sequences and several other tools to then construct a phylogenetic tree containing amaximum of possible genetic diversity. In
the second step, the ancestral sequences are generated based on the users’ input regarding the evolutionary matrix, organism and the
nodes of the phylogenetic tree. The workflow has been validated on haloalkane dehalogenase DhaA. Out of the six ancestral vari-
ants, five were expressed in soluble form in E. coli and all of them possessed enhanced thermostability by more than 20 �C. Addi-
tionally, all five mutants retained the dehalogenase activity and in three cases, the activity was increased. Remarkably, three of these
ancestral proteins exhibited an additional monooxygenase activity. Overall, the above-mentioned methods represent the state of the
art of in silico tools that enable the stabilization of target proteins. The biocatalysts exhibiting enhanced stability can be used for the
intensification of target reactions and they can significantly contribute to the widespread utilization of biocatalysts in chemical
processes. Since there are tools that are easy to use also for non-experts (computational chemists or evolutionary biologists) we
assume they will gain more popularity in the coming years.

Engineering Solubility

The solubility of a biocatalyst relates to its ability to remain solvated in a reaction buffer. In a broader sense, it also relates to the
heterologous expression of correctly folded and active protein.77 It is very important to have a soluble protein for the development
of efficient biocatalytic processes. Several tools have been developed to predict or improve the solubility of an enzyme from its
sequence (Table 4).

ESPRESSO78 is one of the benchmark tools for protein solubility prediction. It utilizes two different approaches, the sequence
property-based method and a sequence pattern-based method. The first approach utilizes 437 features that are extracted from the
nucleotide and amino acid sequence and the second determines sequence patterns associated with expression and solubility. The
useful features lie in both the ability to estimate the feasibility of successful heterologous expression in E. coli or wheat germ cells but
also to suggest a target region for the expression/solubility improvement.

DSResSol79 is a deep learning-based solubility prediction tool that combines squeeze excitation residual networks with dilated
convolutional neural networks. It utilizes 85 features that are extracted from the sequence such as hydrophobicity, secondary struc-
ture, molecular weight and charge, among others. The combination, according to the authors, enables the extraction of difficult-to-
note long-distance interactions. On the available test set, it outperformed the other solubility predictors.

DeepSol80 is a tool based on deep learning that predicts the solubility of target proteins from a sequence. This deep-learning
approach uses a convolution neural network trained on 28,972 soluble and 40,448 insoluble proteins. Ultimately, the tool was
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Fig. 6 Workflow diagram of FireProtASR 1.0. To infer ancestral sequences in a fully automated way, a set of biologically relevant homologous
sequences are collected from genomic databases and reduced to a suitable size (Phase 1). Next, several state-of-the-art methods are utilized to
construct a multiple sequence alignment and a phylogenetic tree, which are then used to support the inference of ancestral nodes and reconstruction
of ancestral gaps (Phase 2). The FireProtASR requires no user intervention beyond providing a query sequence and selecting catalytic residues used
to identify a biologically relevant set of homologous sequences. However, it is also possible to start a calculation with a user-defined initial set of
homologous sequences, MSA, or a phylogenetic tree instead of a single sequence. Reproduced with permission from Ref. 71, Oxford University
Press.

12 Software Tools for Optimization of Biocatalysts



able to match the performance of the state-of-the-art prediction methods and even surpass them after incorporating knowledge
about the biological features linked to the particular sequences.

SoluProt81 is a sequence-based tool that enables the prediction of solubility in E. coli. For the prediction itself, it uses 250 param-
eters that are linked to the features in the sequence, such as amino acid composition, secondary structure content, flexibility, phys-
icochemical attributes and several others. On the test set of 3100 proteins, the tool outperformed other state-of-the-art methods,
including the aforementioned ESPRESSO and DeepSol. SoluProt has also been integrated as a part of an EnzymeMiner workflow
where it helps to prioritize sequences that have the highest chance for successful expression in E. coli.

SOLart82 relies predominantly on structural information, which makes it different from the aforementioned methods utilizing
the information contained in the sequence. The tool utilizes 103 structure-based features together with 28 purely sequence-based
features. The authors decided to validate SOLart on two independent tests test of the 3D structure of Saccharomyces proteins.

SoDoPe83 uses protein structure for solubility prediction. Interestingly, it utilizes the solubility-weighted B-factors for its calcu-
lations. This approach stems from the assumption that flexibility and stability are inherently connected85 and the B-factor is a reli-
able predictor of flexibility in protein structures. During the validation phase, the tool achieved reasonable performance, which is
remarkable considering that it operates with a single parameter.

AGGRESCAN3D 2.084 is a web server that focuses on the prediction and engineering of protein aggregation and solubility.
Aggregation is a medically relevant problem, however, it can still be a very useful parameter when trying to optimize protein expres-
sion yields. It helps to identify single point-mutations that have an anti-aggregation effect on the target structure. It utilizes FoldX to
introduce mutations and then it provides a calculated output in a form of an aggregation score. Aggregation-prone regions are visu-
alized in form of a color-coded 3D structure.

While these tools are getting more sophisticated and precise, there are not a lot of direct biocatalysis-related reports of their use.
While desirable, the biocatalysis community does not seem inclined to utilize these tools. The tools are not able to deliver proteins
that are easy to express and soluble in organic solvents. The solubility in organic solvents remains a large hurdle preventing wider
utilization.86 Many solubility-focused tools outperform their opponents, however, it appears that these comparisons are not very
reliable. Proper experimental validation of the tools by their wider usage is therefore necessary.

Multipurpose Tools

Multipurpose tools allow users to perform different tasks as a part of one tool or provide multiple tools as a part of one suite devel-
oped in one organization (Table 5).

Rosetta is probably the best example of a comprehensive suite covering diverse aspects of computational biochemistry. In this
contribution, Rosetta was already mentioned in the section that detailed the improvement of catalytic activity by various methods.
Rosetta offers a large selection of tools that can be used for protein modeling with a focus on improving the activity and stability, as
well as de novo design of new enzymes, which however requires multiple rounds of directed evolution, for achieving practically
useful catalysts. In 2020, the capabilities of the Rosetta suite have been comprehensively summarized in Nature Methods.46

Table 4 Selection of tools used for the improvement of protein solubility

Tool Use Input Link References

ESPRESSO Prediction of protein expression and
solubility based on the secondary
structure features and sequence
patterns

Amino-acid sequence in FASTA format Webserver http://mbs.cbrc.jp/ESPRESSO 78

DSResSol Prediction of protein solubility using
sequence patterns

Amino-acid sequence in FASTA format Standalone https://github.com/mahan-
fcb/DSResSol

79

DeepSol Deep-learning prediction of the
expression and the solubility based on
the secondary structure features or the
sequence patterns

Amino-acid sequence in FASTA format Standalone https://zenodo.org/record/
1162886#.Yn5WOehByHs

80

SoluProt Prediction of the expression and solubility
of target protein in E. coli based on
machine learning

Amino-acid sequence in FASTA format Webserver https://loschmidt.chemi.muni.
cz/soluprot/

81

SOLart Prediction of solubility using structure-
related features

Protein structure file in PDB format Webserver http://babylone.ulb.ac.be/
SOLART/k_query.php

82

SoDoPe Prediction of the expression and the
solubility of a protein in E. coli, together
with suggestions for improvement

Nucleotide or amino acid sequence in
FASTA format

Webserver https://tisigner.com/sodope 83

AGGRESCAN3D Prediction of protein solubility and in silico
mutagenesis for suppressed
aggregation

Protein structure file in PDB format Webserver http://biocomp.chem.uw.edu.
pl/A3D2/

84
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RosettaRemodel88 allows users to design novel structures and its functionalities included domain insertions and motif grafting as
well as a set of validation tools. Similarly, Rosetta FunFolDes89 provides a method for grafting functional regions onto proteins.
Capabilities of the Rosetta suite were used to support the effort focused on the engineering of subunit-fused nitrile hydratase. There,
the utilization of Rosetta resulted in an increase in thermostability and catalytic efficiency29 by the introduction of single point
mutations into a part of the protein that is associated with stability.

Hotspot Wizard87 is an example of a fully automated web-based multi-purpose tool. It allows users to design small-but-smart
libraries solely from the input sequence (Fig. 7). The tool can process the sequence to either obtain the structure file from the PDB
database or construct a homology model using Modeller90 and I-Tasser.91 Furthermore, it contains an internal validation module
that serves to alert the user about the low-quality regions of the structure that should be used for modeling only with great caution.
Subsequently, the structure is processed by a variety of tools to determine functional and stability (back-to-consensus and structure-
based) hot spots as well as correlation-derived hot spots. The resulting hot spots can be then used to generate smart libraries of
variants. The software provides information on the putative effects of the mutations in terms of mutations being stabilizing or desta-
bilizing. After the mutations are selected, the user can determine precisely which amino acids should be tested on which position
and is presented with the list of necessary degenerated codons together with the report on presence of undesired amino acids in the

Table 5 Selection of multi-purpose tools.

Tool Functionalities Link References

Rosetta suite Molecular docking, molecular modeling, protein design Standalone https://www.rosettacommons.org/home 46
Hotspot Wizard Design of small-but-smart libraries and point mutations to

improve stability, activity, specificity and selectivity
Webserver https://loschmidt.chemi.muni.cz/
hotspotwizard/

87

Fig. 7 Workflow diagram of HotSpot Wizard 3.0. The workflow consists of four phases: (1) construction of a model of a structure, (2) annotation
of a protein, (3) identification of mutagenesis hot spots and (4) design of mutations and a smart library. Phase 1 is applied only when a sequence is
submitted as the input information and this option was added to version 3.0. Reproduced with permission from Ref. 87, Oxford University Press.
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library as well as the frequencies stemming from the chosen codon. The web-server contains also molecular docking and function-
alities allowing visualization of tunnels and cavities. This vast functionalities are enable by plethora of incorporated tools. For
example, aforementioned Caver is used to detect tunnels, and Rosetta is used for design of single and multiple point mutants.
The performance of the server was evaluated experimentally by saturation mutagenesis of the residue L177 located at the entrance
tunnel of haloalkane dehalogenase LinB.

Over the years, HotSpot Wizard was used in a large number of research projects. Here, we list three biocatalysis-related publi-
cations that demonstrate software’s versatility. Its ability to calculate cavity sizes was utilized for the development of a hybrid bio-
catalyst by anchoring a Grubbs-Hoveyda catalyst inside the b-barrel protein scaffold. The resulting catalyst was subsequently
employed for ring-opening, ring-closing as well as cross metathesis.92 Moreover, it was also used to detect the active site in xylanase
from Talaromyces leycettanus during the study focused on improving its thermostability.93 Moreover, together with Caver, it was used
to engineer ketoreductase from Chryseobacterium sp. CA49 (ChKRED20) to enable the reduction of arylketoesters.94

Protein visualization is an integral part of protein design. Therefore, it would be a mistake to not mention visualization tools,
with the most widely used examples such as PyMol,95 UCSF Chmiera96 and Yasara.97 These tools provide an indispensable ability
to look inside the protein structure, annotate and color residues, measure distances and angles, mutate residues, etc. Moreover, they
provide an environment to further processing of 3D structures. For example, Chimera and Yasara offer docking functionalities, and
Yasara is known for its molecular dynamics functionalities. Chimera is for free, while PyMol and Yasara require a purchase of
commercial licenses to unlock the advanced functionalities.

Summary and Outlook

This chapter introduces over 40 software tools that in our opinion constitute a state-of-the-art toolbox for rational protein design.
We have focused on the tools that span from the conception of the biocatalytic process to the improvements of the catalysts by
optimization of activity, specificity or stability, therefore, we have listed some notable achievements while trying to adhere to bio-
catalytic applications. However, we have to admit that the utilization of these tools for computational enzyme design is not as wide-
spread as is desirable. Whether it owes to the prejudice among experimentalists or the low success rate of the tools is unclear.

Even though the in silico tools have undergone tremendous improvement in the last few decades and they have contributed
significantly to the growth of the field, several challenges have to be addressed to catch up with current experimental trends. For
example, there is a growing interest in de novo protein design,98 which would provide practically useful biocatalysts embedded
into novel folds. It might be caused by a vast amount of protein sequences that are available in genomic databases that have
not been studied experimentally, which comprise a limited number of protein folds.

Related to de novo protein design is the development of new-to-nature reactions.99 These reactions are designed by humans but
they do not have their nature-born counterparts. The alteration of enzymes to perform new-to-nature reactions was perfectly
demonstrated by the Nobel Prize winner Frances Arnold and coworkers in the seminal publications that described the power of
directed evolution approaches by modification of heme-containing enzymes for the formation of carbon-boron100 and carbon-
silicon bonds.101 We envision computational tools that will be able to design active sites based on the spatial configurations of
transition states and reaction intermediates, and subsequently graft them onto already known protein folds or come up with entirely
novel ones.

Moreover, there has been a large increase in methods that aim to expand the available genetic code.102 We expect that currently
available tools will be forced to adapt to the increased use of non-natural amino acids103 and new co-factors.104 This particular tech-
nology holds a great promise to expand the protein building blocks from twenty to possibly hundreds. These can be used in several
ways, e.g., different amino acids can unlock novel reaction manifolds due to the possibility to precisely tune the properties of the
active site and by providing diverse functional groups.

An essential part of this book chapter is focused on the enhancement of protein expression and solubility. Prediction of stabi-
lizing mutations can be considered a solved problem. There is a great number of computational approaches, which provide suffi-
ciently accurate predictions to correctly identify mutations improving protein thermodynamic stability. The most successful are
hybrid approaches, combining predictions from fundamentally different approaches, like protein evolution, molecular mechanics,
neural networks, etc. Ancestral reconstruction based on phylogenetic analysis and reconstruction of ancient proteins represents
another powerful approach for obtaining robust biocatalyst.

Another layer of complexity is represented by the design of enzymes stable in organic solvents. This is because certain chemical
reactions are sensitive to the presence of water. On the other hand, enzymes prefer the water environment to that of apolar organic
solvents. Indeed, there are experimental workarounds86 that enable the utilization of enzymes in organic solvents, but the possi-
bility of direct use would open novel biocatalytic avenues. The discussion of whether it would be more beneficial to perform all
necessary reaction steps in water or to adapt enzymes to the organic solvents is an interesting one,105 especially taking into account
the various solvents106 and their possible impact on yield, toxicity, and activity.86

Web-based software tools are becoming very popular in the community of protein engineers. These tools do not require any
installations and are easy to use. Software developers usually thoroughly validate integrated tools and identify parameters of calcu-
lation leading to optimal results. The input data can be inserted via a graphical interface or uploaded, calculations are conducted
using the infrastructure of software developers and the outputs are visualized directly in the web browsers. The general trend is to
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build sophisticated computational workflows composed of multiple steps and a wide range of algorithms. These features make the
use of web tools very efficient and a preferred option over stand-alone software tools.

Machine learning penetrates many scientific fields and computational enzyme design is no exception. Biology became rich in
data thanks to technological breakthroughs in DNA sequencing, determination of protein structures by X-ray crystallography,
NMR spectrometry and cryo-electron microscopy, and large-scale proteomics by mass spectrometry. Systematically collected and
curated data stored in public databases provided valuable sources for supervised and well as unsupervised learning. General and
explainable models complement more traditional approaches based on molecular mechanics, molecular dynamics, molecular
docking and quantum mechanics. We expect that marriage of modeling approaches with statistical analyses will become a norm
in the coming years.
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