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ABSTRACT

The fate of administered drugs is largely influenced by their metabolism. For example, endogenous en-
zyme—catalyzed conversion of drugs may result in therapeutic inactivation or activation or may transform the
drugs into toxic chemical compounds. This highlights the importance of drug metabolism in drug discovery and
development, and accounts for the wide variety of experimental technologies that provide insights into the fate
of drugs. In view of the high cost of traditional drug development, a number of computational approaches have
been developed for predicting the metabolic fate of drug candidates, allowing for screening of large numbers of
chemical compounds and then identifying a small number of promising candidates. In this review, we introduce
in silico approaches and tools that have been developed to predict drug metabolism and fate, and assess their
potential to facilitate the virtual discovery of promising drug candidates. We also provide a brief description of
various recent models for predicting different aspects of enzyme-drug reactions and provide a list of recent in

silico tools used for drug metabolism prediction.

1. Introduction

As our understanding of drug fate-determining metabolic reactions
has increased, drug metabolism has attracted greater attention as a
critical factor in drug discovery [1-3]. The fate of substances such as
drugs and xenobiotics administered into our body is largely governed
by the three phases of drug metabolism: phase I, introduction of a re-
active group by oxidation, reduction or hydrolysis, among others; phase
II, conjugation with various moieties; and phase III, removal of xeno-
biotics and metabolites from cells in the liver and intestine. These
transformation processes may convert compounds to inactive, active, or
toxic metabolites. Not surprisingly, because it is responsible for the
clearance of ~70% of clinical drugs, metabolism has been intensively
investigated as part of drug development efforts [4].

Natural compounds have recently attracted considerable research
attention owing to their inherent advantages and high potential as drug
candidates [5]. Moreover, the structural similarity of certain natural
compounds with metabolites found in the human body makes meta-
bolism a critical factor in determining the effectiveness of natural drugs
[6-8]. For instance, historical opioid drug candidates are metabolized
into more potent metabolites, such as (dihydro) codeine, which, in turn,
is metabolized into (dihydro) morphine [9,10]. Considering the large
number of endogenous enzymatic reactions that influence drug
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modification through (de)activation and (de)toxification, determining
how a drug is metabolized is an important step in drug discovery.

Numerous experimental technologies have been used in recent
decades to study the metabolism and fate of drugs [11-13]. The tra-
ditional drug discovery method—target-to-hit, hit-to-lead, and lead
optimization—is expensive, costing more than $200 million for the
average drug, and time-consuming, with a typical discovery period of
4-5 years [14,15]. In addition, because it is impossible to exactly re-
plicate biological in vivo environments, such methods are relatively
inaccurate and are still considered low-throughput, given the scale of
combinatorial structural variations of chemical compounds.

Numerous advances in predicting drug metabolism using in silico
approaches have been made as part of drug discovery efforts, and dif-
ferent aspects of these advances have been reviewed [16-22]. These
include tools to predict drug metabolism based on the interactions of
drugs with cytochrome P450 (CYP450) enzymes and their metabolic
endpoints [18,22], tools to predict ADMET (absorption, distribution,
metabolism, excretion, and toxicity) properties of drugs and related
solubility, permeability and bioavailability issues [16], as well as ap-
proaches for predicting the inducibility of drug-metabolizing enzymes
and transporters that affect the plasma concentration of drugs, which
can cause undesirable or prolonged action or adverse effects [21].

Given these observations, in silico approaches have been
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increasingly used to predict the metabolic conversion of drugs [23] and
as such are considered the best “fail early and fail cheap strategy,” al-
lowing for reduced costs, time savings, and thus decreased attrition
rates in late drug discovery phases. Herein, we present an introduction
to fundamental approaches to in silico model development for pre-
dicting the metabolic fate of drugs as well as their toxicity. In addition,
we summarize currently available in silico tools and some recent
achievements in predicting drug metabolism. Finally, we discuss the
future and challenges of in silico drug discovery.

2. In silico approaches

2.1. Predictions based on quantitative structure-activity relationships and
machine-learning approaches

The quantitative structure-activity relationship (QSAR) concept,
developed in the early 1960s by Hansch/Fujita [24] and Free/Wilson
[25] and widely used in drug discovery, assumes that molecules with
similar structures potentially exhibit similar chemical and biological
activities [26-28]. The original concept of structure-activity relation-
ship dates back to 1868, when Crum-Brown and Fraser introduced the
idea of correlating the chemical composition of a certain compound
with its physiological properties in biological systems [29]. QSAR-
based models are commonly used in the lead-optimization step of drug
discovery to assess various drug properties (particularly toxicity) and
consequently reduce the number of promising lead compounds identi-
fied by screening, thereby ultimately minimizing time, cost, and labor.
The European Commission Regulation (REACH: Registration, Evalua-
tion and Authorization of Chemicals) [30] accepts the use of various
approaches such as QSAR once the results are proven to be highly re-
liable [31].

The QSAR approach employs experimental datasets comprising the
biological activity of chemical compounds; their chemical and physical
features, represented as molecular descriptors [32]; and statistical
methods for correlating these molecular descriptors with biological
activity [33] (Fig. 1). Molecular descriptors are arithmetical values
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representing the physicochemical properties of compounds, and can be
categorized into 1D, 2D or 3D descriptors, depending on the provided
amount/type of information. The most common types of descriptors
used in QSARs are constitutional, electronic, topological and geome-
trical descriptors, and include molecular weight, total number of atoms,
total number of carbon atoms, atomic net, total number of bonds and
Van der Waals area, among others. A broad range of software and web-
based tools are available for computing molecular descriptors, as shown
in Table 1; there are also various QSAR systems with their own in-
tegrated descriptor-generators, including CASE Ultra (http://www.
multicase.com/case-ultra) and Leadscope (http://www.leadscope.
com/).

Generally, QSARs that predict the metabolic conversion of en-
dogenous or exogenous compounds are constructed for hepatic CYP450
family enzymes (which metabolize the majority of drugs into toxic
chemical compounds [34-36]) and are known for their robustness in
predicting toxicity; as such, they provide valuable information for
large-scale, virtual screening of drug efficacy.

Table 2 lists common QSAR-based models built for the prediction of
drug metabolism reactions. Several other models listed in the table
(e.g., IDsite, SMARTcyp) can also predict the site at which a metabolic
transformation occurs in a chemical compound. In addition, the C-
QSAR database, constructed in 2003 and available to users [37],
comprises over 18000 QSAR equations and associated biophysical data.
The QSAR Databank, another repository that archives in silico QSAR-
type descriptive and predictive models, enables the research commu-
nity to share and present their QSAR data [38]. QSARs have been used
since the early era of drug discovery, but their application was limited
to only small linear datasets. However, advanced methods based on
direct scoring and/or machine-learning algorithms that are capable of
modeling complex nonlinear datasets have more recently been em-
ployed [39].

The rapid progress in developing new machine learning methods in
computer science has inspired the development of thousands of QSAR
models for accurate drug metabolism prediction that are based on
methods other than linear and multiple linear regression [30,40-43].
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Fig. 1. Molecular descriptors, calculated from curated experimental datasets, and measured descriptors are used in QSAR models. For example, the term “P(toxicity/
activity)” represents a predictor of the biological activity of known compounds as a function of their structural descriptors.
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Fig. 2. Schematic illustration of machine learning algorithms commonly used to predict the biological activities of unknown compounds. (a) Conventional devel-
opment of a machine-learning model to predict the fate of unknown compounds; (b) decision tree; (c) simple neural network; (d) support vector machine; and (e) k-

nearest neighbor.

Machine learning, defined as a computational method that learns from
a set of test data to build a model for classifying unknown data [46], has
been primarily used to develop QSAR models [44,45]. The application
of machine learning approaches in modern drug discovery has ac-
celerated the process of scanning and filtering out ineffective com-
pounds, achieving a significant time and cost reduction compared with
experimental screening methods [47]. Machine learning is better suited
for extracting non-parametric and nonlinear relationships from data-
sets, which enables the development of in silico models with better
predictive performance [45,48]. Several machine learning methods
(e.g., neural network, decision tree, support vector machine, k-nearest
neighbor) have been successfully utilized to build more accurate QSAR
models [49-51] that receive a set of descriptors from a large dataset as
input and create a classification model that predicts the biological ac-
tivity of a query compound as output (see Fig. 2).

Currently, machine learning is widely used in the field of computer-
aided drug discovery, which allows for predicting the interaction be-
tween a ligand and a target protein, and hence facilitates the devel-
opment of new drugs [52-54]. It also seeks to predict the ADMET
properties of drugs, thus ultimately facilitating the development of safe
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and promising agents [55-57]. Drug metabolism is broken down into
several phases, each with numerous enzymes that play a role in meta-
bolizing the drug; therefore, a large number of machine learning
models have been built to classify a drug's fate based on whether or not
the drug will be metabolized by certain enzymes [58].

Recently, increased attention has been directed toward drug toxicity
prediction using other machine learning methods, such as neural net-
works and deep learning [59,60], that involve the use of strong multi-
layered interconnected neuronal networks comprising processing units,
denoted as nodes [61,62]. Examples of architectures used for predicting
biological activity include convolutional, autoencoder, and recurrent
neural networks [63,64]. The rapid increase in the volume of phar-
maceutical data and computational power has inspired the application
of neural networks and deep learning in a variety of fields, including
bioinformatics [65], cheminformatics [66], structure prediction
[67-69], and drug discovery [70-73].

The advent of computational prediction represents a major turning
point in the history of drug discovery, with a number of machine
learning-based models now being available for drug toxicity prediction
[74,75]. However, their application is still limited by drawbacks such as
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a tendency to over-fit data and difficulties in selecting the appropriate
algorithm and descriptors for a problem from among those available
[76]. An over-fitted model arises when the model is too complex or the
number of features/descriptors is too large relative to the size of the
dataset. These issues lead to a biased model that works well on the
training dataset used to build the model, but is unable to accurately
predict using external datasets [77].

2.2. Structure-based computational approaches

The identification of a protein's structural properties provides in-
sight into its biological activity and enables the design of effective li-
gands for its binding site. Often, metabolic reactions occur at the site
where the ligand binds to the target protein. This site tells us a lot about
the metabolic fate of the drug, and thus whether the drug will be
therapeutically active, inactive, or toxic. It also often provides in-
formation that aids in optimizing lead compounds in the drug-devel-
opment process. To date, structure-based approaches have been one of
the most successful and best-established methodologies used in various
pharmaceutical research areas for drug design [78-81]. These state-of-
the-art methods involve techniques such as computational docking and
molecular dynamics, which have been intensively used to study drug
metabolism by identifying the site of metabolism [82] and molecular
interactions, information that contributes significantly to the drug dis-
covery process [83,84].

The docking method considers the interaction between a small
molecule and an active site on a target protein, and predicts the affinity
of their binding interactions from their docking orientation and the
interacting forces between them. Protein-ligand interactions are simu-
lated using powerful computational tools, such as docking algorithms
[85] implemented in AutoDock Vina [86], GOLD [87], and DOCK [88]
software packages, that predict the most favorable reaction. The con-
struction of these models is predicated on the assumption that struc-
tural information is closely related to the metabolic fate of the drug
[89]. The docking approach has been widely used to quickly identify
promising lead compounds from large compound libraries. Ligand-
protein interactions often require structural changes to achieve better
interactions, and can be simulated with the aid of molecular dynamics
simulation. Thus, molecular dynamics simulations are often used in
combination with docking algorithms to further refine docking com-
plexes to include other parameters, such as solvent effects, thereby
yielding more accurate drug candidates [85]; they are also used in
predicting the site of metabolism [90]. Table 3 lists some of the
common tools used for protein-ligand docking simulation.

Despite their numerous advantages, structure-based approaches
require high computational power to model structural flexibility [92].
The processes of calculating binding energy and evaluating docking
conformation require various methods that can take from seconds up to
several days, making these calculations computationally expensive. In
addition, a target protein and its ligand may undergo structural changes
to adapt their structures to a suitable conformational state [93]; thus,
generating an exact modeling replica is still a daunting challenge.
However, additional methods such as the use of rotamer libraries [94]
or soft docking modeling [95] have been used to improve the accuracy
of simulations. Rotamer libraries are used to predict the most suitable
side chain conformations and remove unfavorable conformations, re-
sulting in the selection of low-energy side chain conformations and
thereby increasing modeling accuracy and reducing modeling time. Soft
docking can be performed using soft scoring functions to bring about
minor changes in the conformation of protein receptors, an approach
that is known to be computationally efficient [96].

Docking approaches have been meticulously applied for in silico
prediction of drug toxicity, allowing identification of lead compound
binding to unfavorable proteins and prediction of undesirable side ef-
fects and consequences [97-99]. For instance, using docking simula-
tion, Ji et al. searched for potential protein binding partners of 11
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marketed anti-HIV drugs among 147 known adverse drug reaction-re-
lated proteins deposited in the DART (Drug Adverse Reaction Target)
database to predict adverse effects of the drugs. They confirmed that
the predicted adverse drug reaction-related proteins that caused side/
toxic effects were consistent with reported adverse reactions resulting
from drug-target interactions [100]. In 2011, the same approach was
adopted to predict the toxicities of melamine and its major derivative,
cyanuric acid. This analysis identified potential toxicity-related target
proteins and provided detailed insights into the toxicity mechanism.
Specifically, in addition to nephrotoxicity, melamine was also predicted
to exert lung toxicity [101]. Hence, the computational docking strategy
can substantially facilitate drug toxicity prediction.

Despite the significant progress in drug discovery achieved using
structure-based approaches, the widespread use of this strategy is hin-
dered by numerous limitations, not least of which is the challenge of
pro-drugs and their metabolic conversion to other active compound(s)
[102]. For instance, high-resolution experimental structural data for all
target proteins (e.g., enzymes) are required to reliably predict the me-
tabolic fate of a given drug [103]. Additionally, analyses of protein-
ligand complexes (and hence, accurate reaction prediction) are hin-
dered by the structural flexibility of proteins [96].

3. Applications of developed in silico tools in predicting drug
metabolic fates

3.1. Prediction of drug conversion to toxic metabolites

The metabolism of xenobiotics such as drugs and other foreign
substances involves certain important enzymatic reactions, such as
those mediated by CYP450 family enzymes expressed in liver and small
intestines. According to literature reports, ~90% of drugs can be effi-
ciently metabolized by six CYP450 enzymes [104], the activity of which
can be altered by factors such as genetic polymorphisms, cytokine
regulation, disease state, sex, age, and hormones [105-107]. Another
example is provided by the membrane-bound P-glycoprotein (encoded
by the multi-drug resistant-1 gene), which is expressed in various tis-
sues including the intestinal epithelium, liver cells, and cells con-
stituting the blood-brain barrier. These tissues are known to act as
biological barriers that restrict the uptake of various substances into
cells; hence, they affect the distribution of drugs for further metabolism
[108-110].

As listed in Tables 2 and 3, a large number of computational models
for predicting enzymatic reactions are available, reflecting the strong
influence of such reactions on ADMET properties that result in a de-
crease or increase in the pharmaceutical effect of the drug [111].

3.2. Prediction of enzymatic reactions of drugs and enzymes

Endogenous enzymes in the human body may mediate the meta-
bolic conversion of administered drugs into inactive, active or toxic
chemical compounds, highlighting the practical significance of pre-
dicting potential chemical modifications of drugs. Drug metabolism
involves enzyme-catalyzed reactions; thus, a number of attempts have
been recently made to predict enzyme-mediated reactions. An example
of this is the reported prediction of hydrolysis and redox reactions. In
this study, a machine-learning—-based model was built to predict the
classes/subclasses of hydrolysis reactions (EC 3.b.c.d, b is 1, 2, and 5)
and redox reactions (EC 1.b.c.d, bis 1, 2, 3, 4, 5, 8, 13, and 14) [112],
allowing metabolic transformations of a molecule to be predicted.

To predict enzymatic reactions involved in metabolic pathways, one
study used the novel approach of building a substrate-enzyme-product
interaction network based on the k-nearest neighbor method to provide
toxicity-related information in metabolic pathways. The substrate, en-
zyme and products were encoded by molecular descriptors and physi-
cochemical properties, and the k-nearest neighbor algorithm was
adopted to construct the predictive model. Substrate-enzyme-product
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Table 3
A non-exhaustive list of protein-ligand docking simulation tools.
Software Operating System License Description
AutoDock Vina”  Windows/Linux/Unix  Free — Improved version of popular ligand-protein docking software, AutoDock 4, using brand new
Open source calculation algorithms.
— Almost no input variable limitations, such as the size of search space or maximum number of atoms
in a ligand.
- Qualified projects can run the software on the World Community Grid" for free.
BetaDock® Linux Free — Shape-priority docking simulation software based on the beta-complex theory.
— Requires relatively little human intervention.
BSP-SLIM Web service Free - Blind molecular docking method for low-resolution protein structures.
— Protein structure is predicted from the sequence and docking conformation.
DOCK 6.8° Windows/Linux/Unix  Free - Flexible protein-ligand docking simulation based on a geometric matching algorithm.
Open source — Can predict binding modes of small molecule-protein complexes and examine protein-protein or
protein-DNA complexes.
Docking Web service Partially Free® — Introduces quantum mechanical semi-empirical calculations to predict partial charge of proteins.
Server' — Supports high-throughput docking of ligand library.
— Docking procedure is an integration of various computational chemistry packages.
FlexAID" Windows/Linux/Unix  Free — Accounts for ligand side-chain flexibility and utilizes a soft scoring function.
Open source — Using an iterative Monte Carlo method, pairwise energy data is extracted from the PDBbind
database’.
Glide’ Windows/Linux/Unix ~ Commercial — A component of Schrodinger suites, which provide an integrative environment for various
scientific fields.
— Exhaustive search-based docking simulation that supports calculation speed control affecting
accuracy.
- An extension for KNIME is also available.
GOLD Suite" Windows/Linux Commercial — Simulates docking between flexible proteins and ligands.
— Highly configurable and customizable docking protocol is available.
— Efficient and accurate virtual screening can be conducted on the compound library.
idTarget' Web service Free — Predicts binding between biomolecular targets and small chemicals using a divide-and-conquer
docking approach.
— Introduces a scoring function based on robust regression and quantum chemical charge models.
MOE™ Windows/Unix/Linux ~ Commercial — Suite of medicinal chemistry tools which provides an integrative drug discovery environment.
— User can choose one of various scoring functions available.
- Supports automated structure preparation and correction.
MOLS 2.0" Java Free — Deals with “induced-fit” side chain receptor flexibility for docking peptide ligands.
Open source — Flexible ligand—flexible receptor docking prediction.
ParDock” Web service Free - Simulation of rigid protein-ligand docking.
— Uses Monte Carlo docking protocol based on all-atom energy calculation.
rDock” Linux Free — Developed for high-throughput virtual screening applications, predicts docking between small
Open source molecules and proteins.
— User can incorporate additional constraints or information for biased guided docking.
SwissDock? Web service Free — Blind docking simulation based on EADock dihedral space sampling.
— Force field is calculated and evaluated using CHARMM [91].
Virtual ToxLab" Windows/Unix/Linux  Free (for academic — Toxic potential prediction of small molecules.

institutions)

CYP450 isoforms.

— Using flexible docking and multi-dimensional QSAR, this tool can predict ligands of 16 proteins and

2 http://vina.scripps.edu/.
> https://www.worldcommunitygrid.org/.

http://voronoi.hanyang.ac.kr/software.htm.
http://zhanglab.ccmb.med.umich.edu/BSP-SLIM/.

¢ http://dock.compbio.ucsf.edu/DOCK_6/index.htm.

http://www.dockingserver.com/web.

& Commercial premium licenses.

h

http://biophys.umontreal.ca/nrg/NRG/FlexAID.html.
I http://sw16.im.med.umich.edu/databases/pdbbind/index.jsp.
J https://www.schrodinger.com/glide.

X https://www.ccde.cam.ac.uk/solutions/csd-discovery/components/gold/.
! http://idtarget.rcas.sinica.edu.twy.

™ https://www.chemcomp.com/MOE-Structure_Based_Design.htm.
https://sourceforge.net/projects/mols2-0/.
http://www.scfbio-iitd.res.in/dock/pardock.jsp.

n

o

P http://rdock.sourceforge.net/.
9 http://www.swissdock.ch/.

http://www.biograf.ch/index.php?id = projects&subid = virtualtoxlab.
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interaction networks were represented as main factors, and optimal
features were selected using the maximum relevance minimum re-
dundancy and incremental feature selection (mRMR-IFS) method. Out
of 290 features, 160 were retained and grouped into 10 different ca-
tegories, including amino acid composition, predicted secondary
structure, hydrophobicity and polarity, among others [113].

Another study recently used a machine-learning-based approach to
computationally predict the potential reactions of 1449 enzymes (in-
cluding CYP450 enzymes) deposited in the databases, BRENDA
(Braunschweig Enzyme Database) [114] and HMDB (Human Metabo-
lome Database) [115]. In particular, it was assumed that if a known
molecule interacts with a certain enzyme, the query molecule should
also interact with this enzyme if the physicochemical descriptors of the
query molecule are similar to those of the known molecule. Interest-
ingly, this model was shown to predict enzymatic conversion by
CYP450 enzymes and concomitant formation of toxic metabolites, and
was therefore concluded to be useful for predicting drug metabolism in
terms of drug biological activity and toxicity [116].

Thus, the above methods for predicting potential enzymatic reac-
tions have revolutionized in silico approaches and have substantially
contributed to drug screening and the identification of potential new
drug leads.

3.3. Prediction of drug-target interactions based on the concept of
pharmacological space

Based on the theory that proteins mediating similar reactions are
likely to exhibit substrate similarity [117], Yamanishi et al. [118]
proposed a QSAR-based model for the prediction of unknown drug-
target interactions, introducing the concept of pharmacological space,
which integrates chemical structure and protein genomic profile in-
formation. With the assumption that compounds that are highly similar
structurally are very likely to interact with similar target proteins,
chemical and genomic similarity was calculated and unified as phar-
macological space. The prediction model was constructed using three
datasets: a drug-target interaction dataset extracted from various da-
tabases, a chemical dataset composed of chemical compound structures
expressed as a similarity matrix between two compounds (chemical
space), and a genomic dataset consisting of amino acid sequences of
target proteins expressed as a similarity matrix (genomic space). Che-
mical and genomic protein sequence datasets were collectively com-
bined in pharmacological space and calculated based on the bipartite
graph learning model method. Model performance was subsequently
evaluated against the drug-target interaction dataset, and the devel-
oped model was shown to predict both enzyme-compound interaction
activity and the interaction of proteins with other factors, such as ion
channels, G-protein—coupled receptors, and nuclear receptors. There-
fore, the constructed model allowed reliable prediction of the interac-
tion of a set of protein-compound pairs.

4. Problems associated with predictive model construction

The inconsistency of available experimental data used to build in
silico models is a major concern [119]. Predictive models strongly rely
on experimental data for model construction; thus, high variability in
experimental assays produced by biological variation and technical
errors can lead to erroneous data and may therefore introduce in-
accuracy into predictive models. The inaccuracy of in silico models may
also result from different experimental conditions for the multiple re-
sources collected, imbalanced datasets, and molecular descriptor values
that differ from tool to tool [120]. The reliability of the experimental
data is validated if the results are consistent and accurate under a
standardized experimental protocol over time [121]. Therefore, in ad-
dition to considering the validity of in silico models, the quality of the
experimental data should also be considered. There have been several
attempts to take into account the reliability of experimental data and its
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degree of uncertainty, efforts that often increase prediction accuracy
[122]. This underscores the fact that poor prediction accuracy may not
result merely from the in silico nature of the predictive tool, but may
also reflect the nature of biological experiments. Comprehensive data-
bases such as Drugbank [123], HMDB [115] and others, such as Me-
taDrug and MetaCore [104], are gradually becoming more reliable
through human curation, advanced data mining algorithms, and/or
addition of new experimentally proven data, increasing the reliability
of datasets used by in silico models and thereby improving the accuracy
of results. In silico methods have been a major innovation in the effort to
predict drug fate, yet the construction of reliable predictive models
remains a challenge. Therefore, predictive models are tested and their
accuracy, precision and robustness confirmed using external validation
datasets to judge whether the model is acceptable for a particular
purpose. For instance, three web servers, SOMP, SMARTcyp and RS-
WebPredictor, used to predict the site of metabolism have been com-
pared for predictive accuracy. Of these, the SOMP server was shown to
have higher invariant accuracy of prediction (similar to AUC) than
others, with a score of 0.9, and is thus considered an adequate drug
metabolism prediction tool [124].

5. Conclusions

Because of its central importance, metabolism in biological systems
has been intensively researched, especially in the field of drug dis-
covery. The high impact of drug metabolism on drug efficacy and drug
fate in biological systems has given rise to numerous in silico approaches
and tools for metabolic reaction prediction in recent decades. However,
the limitations of these approaches cannot be ignored. Specifically, the
fact that these methods are highly dependent on experimental data is a
major concern, since inconsistent and erroneous data may lead to in-
accurate prediction models. Although, metabolic reaction prediction is
an extremely challenging area, it has greatly facilitated the advance-
ment of drug discovery while continuing to show rapid improvement
with evolving computational techniques and increased computational
power.
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