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The integration of machine learning and structure-based methods has proven valuable in the past as a
way to prioritize targets and compounds in early drug discovery. In oncological research, these
methods can be highly beneficial in addressing the diversity of neoplastic diseases portrayed by the
different hallmarks of cancer. Here, we review six use case scenarios for integrated computational
methods, namely driver prediction, computational mutagenesis, (off)-target prediction, binding site
prediction, virtual screening, and allosteric modulation analysis. We address the heterogeneity of
integration approaches and individual methods, while acknowledging their current limitations and
highlighting their potential to bring drugs for personalized oncological therapies to the market faster.
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Introduction

In recent years, the scientific community has seen the increased
use of computational approaches to accelerate the discovery of
relevant targets and to prioritize small molecules in all disease
areas. These approaches include data-driven artificial intelligence
(Al)/machine learning (ML), as well as structure-based (SB)
methods, such as those based on docking and molecular dynam-
ics (MD).? Moreover, advances in computing power and in exper-
imental structure elucidation have made it possible to integrate
these two types of methods, for example to use ML-based scoring
functions to rank the accuracy of docking results,” or to use
structure-derived data (such as interaction fingerprints or MD tra-
jectories) as input for bioactivity prediction models.>® These
advances have emerged from the joint efforts of the computa-
tional drug discovery community and are generally applicable
to the subfield of oncological drug discovery, which shares most

of the challenges and characteristics of broader drug discovery.
Nevertheless, oncological drug discovery also entails its own
unique traits that reflect the complexity and diversity of neoplas-
tic diseases, as summarized in Box 1.”® Understanding this diver-
sity isa key aspect in the development of personalized anti-
cancer treatments, which are increasingly being deployed in clin-
ical practice.”'” The (computational) drug discovery field is grad-
ually moving towards cancer-specific applications and/or
demonstrating the applicability of therapies against cancer-
related targets.

Here, we review the efforts made to integrate AI/ML and SB
methods within computational drug discovery strategies that
are specifically applied to, or can potentially impact, the field
of cancer research (Table 1). The reviewed articles cover different
parts of the oncology drug discovery pipeline, and we focus on
six computational use case scenarios and four integration

Abbreviations: Al, Artificial intelligence; DHODH, dihydroorotate dehydrogenase; FEP, Free energy perturbation; MD, Molecular dynamics; ML, Machine learning;
QSAR, Quantitative structure-activity relationship; RF, Random forest; SB, Structure-based; TCGA, The Cancer Genome Atlas; VS, Virtual screening.

* Corresponding author.van Westen, G.J.P. (gerard@lacdr.leidenuniv.nl)

1359-6446/© 2022 The Author(s). Published by Elsevier Ltd.

https://doi.org/10.1016/j.drudis.2022.03.005This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

www.drugdiscoverytoday.com 1661

w
Y
=
<
-4
=
(%]
=
=
<
=
[~
[e]
[
=



mailto:ger�ard@lacdr.lei�de�nuniv.nl
http://crossmark.crossref.org/dialog/?doi=10.1016/j.drudis.2022.03.005&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.drudis.2022.03.005&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.drudis.2022.03.005&domain=pdf
https://doi.org/10.1016/j.drudis.2022.03.005
http://creativecommons.org/licenses/by/4.0/

2
m
]
2
S
=l
Io]
wn
g
2
o
m

Drug Discovery Today ® Volume 27, Number 6 ® June 2022

Box 1. Targeting the hallmarks of cancer

In their description of the hallmarks of cancer, Hanahan and Weinberg (2000)7 defined six underlying traits that are common to tumorigenesis.
In the light of new evidence, these were later complemented by two additional emerging hallmarks and two enabling characteristics.8 These
hallmarks paved the way to understanding the complexity and diversity of neoplastic diseases. Understanding this diversity is a key aspect for
the development of personalized anti-cancer treatments.

A combination of artificial intelligence (Al) and structure-based methods can be used to address cancer drug discovery research in a more
holistic way, tackling all the hallmarks of cancer. In this review, we provide an overview of the biological relevance of the drug discovery targets
in cancer and their relevance to the hallmarks and characteristics of cancer (numbered 1 to 10 in the box figure). An eleventh ‘hallmark’, the
ability of cancer cells to escape chemotherapy effects, is added here and is a key aspect to consider in oncology drug discovery strategies.
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methods (Fig. 1). In the following sections, we cover each of
these use scenarios: computational mutagenesis, (off)-target pre-
diction, binding site prediction, virtual screening (VS), and allos-
teric modulation analysis. The four ML-SB integration methods
that we discuss are: (A) the use of structural data as input for
ML models, (B) ML-based scoring functions for SB applications,
(C) ML as a tool to analyze MD simulations, and (D) sequential
or parallel pipelines in which SB and ML methods are used inde-
pendently but complementarily. The biological impact of these
computational strategies in cancer research is exemplified by
the link between the targets addressed in the reviewed publica-
tions and each of the ten defined hallmarks of cancer, as well
as an additional eleventh ‘hallmark’ that is of high relevance in
oncological drug discovery, namely chemotherapy-escaping
capabilities (Box 1). The heterogeneity of the use cases and meth-
ods (Table 1) goes hand-in-hand with that of the molecular tar-
gets in the reviewed publications, and illustrates the diverse
potential of the combined use of Al and SB methods in oncolog-
ical drug discovery.

Driver prediction

One of the main use case scenarios for, most frequently ML-
based, computational cancer research is the prediction of gene
and mutation drivers that should be prioritized as targets for
anti-cancer therapies. These approaches are pan-target by defini-
tion and are usually pan-cancer; they are not focused on specific
targets or cancer types. They often start from multi-omics data-

sets obtained from cancer patients, such as the data on somatic
mutations,'""'> copy number variations,'” epigenetics,'* or
RNAseq'? available from The Cancer Genome Atlas (TCGA),
and their applicability depends on the availability of such data
types. The work of Bailey et al.'* provides an extensive overview
of the wide array of tools that are available for driver prediction
and, more importantly, of the importance of combining differ-
ent tools to maximize predictive performance. The approach
described by Bailey et al.'" joined SB and ML methods in parallel,
but they are more frequently incorporated sequentially.'*'* Kni-
jnenburg et al.'” and Lifiares-Blanco et al.'® created classification
models (logistic regression and random forest (RF), respectively)
trained on omics data to predict cancer-related outcomes, such
as homologous recombination deficiency and tumorigenic phe-
notype. In both cases, feature importance was used to prioritize
genes for further SB analysis. Knijnenburg et al.'? performed in
silico mutagenesis studies for each detected variant that had
potential to affect protein stability. Some of the substitutions
were also analyzed with MD, and appeared to alter protein
dynamics even if they were not predicted to alter protein stabil-
ity. Conversely, Lifiares-Blanco et al."* used ML-derived informa-
tion to perform a drug repurposing VS approach, in which FDA-
approved anti-cancer drugs were docked into the available crystal
structures of the computationally prioritized proteins, such as
FABP6.

It is important to note that the input data, features, and out-
come variables that are selected for cancer driver prediction are
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TABLE 1

Overview of the reviewed literature categorized by use case scenario.

Reference Target/ligand dataset Hallmark Artificial intelligence Structure-based Integration
of cancer method(s) method(s) approach
Driver prediction
Bailey et al."’ Pan-target/TCGA-MC3 set Q" Various Various )
Knijnenburg et al.'? Pan-target/TCGA-MC3 set 0 12 Logistic regression FoldX, MD 0)
classifier =
Lifares-Blanco et al."® Pan-target (FABP6)/TCGA 0 9 13 RF and generalized linear Docking ) §
classifiers g
Computational mutagenesis S
Masso et al.'’ BRCA1/ClinVar (7 0 RF classifier Structure-derived ® §
features 'E
Pandurangan and Blundell'®  Pan-target/ProTherm benchmark 0 16 ML ensembile classifier Structure-derived ® 5
features (o
Chitrala et al."’ P53-ERa/NA (1 One-layer NN Protein—protein ® =
docking
Babbitt et al.'® BRAF/FDA @ 818 Seven stacked classifiers MD ©
Aldeghi et al."”® Abl/Platinum database, in-house set 19 Extremely randomized Free energy 0)
regression trees perturbation (FEP)
Patil et al.”® Kinome (Alk)/UniProt, literature 0 SVM, RF, NeuralNet, LR MD (metadynamics) )
(Off)-target prediction
Pande et al.”' Pan-target (MDM2)/literature (1 5 CoMFA/CoMSIA PLS Docking, MD ®
regressor, DT, RF, KNN,
MLP, SVM classifiers
Lim et al.*? Pan-target (RIOK1, PDE3)/ChEMBL, e 63 ElasticNet, SVR Ligand binding space @®
DrugBank, literature datasets, TCGA- regressors search in genome,
CCLE docking
Zhi et al.? DHODH/STRING, KEGG, ChEMBL, ZINC 0 23 Multi-GNN Docking, MD 0)
Binding site prediction
Kawaguchi et al.”® CD44/NA (pre-trained) e 28 Bayesian active learning  Protein—protein ®
docking
Taherzadeh et al.*® Pan-target/BioLip o RF classifier, DBSCAN Structure-derived ®
(protein_ features
protein
binding)
Virtual screening
Che et al.® IRAK1/ChEMBL, DUD-E (1 3 SVM classifier Docking ®
Yang et al* Cathepsin S/PDBbind, CSAR, GC3/4, o 65 XGBoost regressor Similarity-based ®
ChEMBL docking
Berishvili et al.>>~’ Pan-target, Tankyrase/ZINC 37 DNN Docking, MD, FEP ®
Adeshina et al.>® Pan-target (AChE)/ChEMBL, DUD-E 66 XGBoost classifier Docking ®
Kalaki an;d9 Asadollahi- Pim/in-house dataset 0 67 PCA, PLS classifier Docking ®
Baboli
Li et al.* KIF11/KEGG BRITE, DrugBank, STITCH e 68 Bayesian Additive Bow-pharmacological ®
Regression Trees space (protein-ligand
interactions)
Raju et al! CYP1B1/ChEMBL, PubChem, literature, 41 SVM, RF, ANN classifiers  Docking, MD )
DUD-E, Maybridge, ChemBridge,
Natural compound library
Chen et al.*’ LXRB/ChEMBL, Binding DB, in-house @) ** SVM, Naive Bayes Docking, MD 0)
library, GSMTL classifiers
Halder and Cordeiro*® AKT/ChEMBL, Asinex library O:° LDA, XGBoost and other MD 0)
classifiers
Azhagiya Singam et al.** AR/Tox21, CompTox (103 SVM classifiers Docking )
Kadioglu and Efferth*® P-gp/ChEMBL 4 RF classifier Docking 0)
Guo et al.*® Tubulin/ChEMBL 0 Naive Bayes classifiers Docking, MD )
Burggraaff et al.”’ RET/ChEMBL, ZINC 9 71 RF classifiers (Induced-fit) docking, ©
metadynamics
Chen et al.*® MMP13/Traditional Chinese Medicine @ 72 RF, gradient boosting, MD O

Database

AdaBoost, deep learning

(continued on next page)
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TABLE 1 (CONTINUED)

Reference Target/ligand dataset Hallmark Artificial intelligence Structure-based Integration
of cancer method(s) method(s) approach
Chen et al.*® STAT3/literature set, ZINC 0 49 Nine regressors, 3D Docking, MD )
QSAR
Guo et al.*° Tubulin/ChemDiv 70 Discovery studio Docking, MD 0)
prediction models
Junaid et al.>’ P53-ASPP2-CagA/rationally designed @) °' ML module in MOE MD 0)
Allosteric modulation analysis
Lu et al.”® SIRT6, STAT3/PDB, commercial @ SWM Geometric binding ®
site predictor
Song et al.>® Pan-target/PDB o 6 RF, neural networks Structure-derived ®
features
Uyar et al.”® Neurolysin/PDB 7 ElasticNet, PCA, LDA MD ©
Chen et al.*® SETD8/cBioPortal 9 59 Markov state model, MD ©
tICA, clustering
Hu et al.®° MOR/rationally designed e Markov state model, tiCA  MD ©

ANN, Artificial neural network; CoMFA, Comparative molecular field analysis; COMSIA, Comparative molecular similarity indices analysis; DHODH, Dihydroorotate dehydrogenase; DNN, Deep neural
network; DT, Decision Tree; GNN, graph neural network; GSMTL, Guangdong Small Molecule Tangible Library; KEGG, Kyoto Encyclopedia of Genes and Genomes; KNN, K-nearest neighbor; LDA,
Linear discriminant analysis; LR, Linear regression; MD, Molecular dynamics; MDM2, Mouse double minute 2; ML, Machine learning; MLP, multi-layer perceptron; MOR, p opioid receptor; NN, Neural
network; PCA, Principal components analysis; PDB, Protein Database; PLS, Partial least squares; QSAR, Quantitative structure-activity relationship; RF, Random forest; SVM, Support vector machine;
SVR, Support vector regression; TCGA-CCLE, The Cancer Genome Atlas Cancer Cell Line Encyclopedia; tICA, Time-structure based independent component analysis.

“See Box 1.
bSee Fig. 1.

not homogeneous. Key aspects such as the tumor microenviron-
ment or metastasis are often neglected. With regard to cancer
patient data, most of the publications use TCGA, which provides
high quality and standardized data. However, the TCGA data has
been frozen since 2016, highlighting the need for updated cancer
patient databases, such as the Genomic Data Commons.'* Over-
all, the use of sequential pipelines, sometimes including experi-
mental assays, could help to account for the differential effect
of the different types of available data on tumorigenesis.

Computational mutagenesis

Knowing the effect of specific point mutations on protein func-
tion and ‘drugability’ is key to the development of personalized
anti-cancer therapies, as well as to decision-making in the clinic.
In vitro mutagenesis studies are time- and cost-expensive, thus in
silico computational studies are a good starting point that can be
used to prioritize mutants for experimental analysis.

Most of the computational mutagenesis approaches that are
reviewed here use structural data to train ML classifiers.'>™'®
These structural data might originate directly from a crystal struc-
ture,’>''® in combination with docking studies,'” or from MD.'®
The approaches developed by Masso et al.'® and by Pandurangan
et al.'® extract features from a geometrical representation derived
from wildtype and mutant crystal structures and from homology
models. Those features were used in classification models to pre-
dict variant clinical significance and protein stability, respec-
tively. Protein-protein interaction stability can also be
predicted from protein—protein docking-derived features, such
as those used by Chitrala et al.'” to predict the p53-ERa interac-
tion stability for wildtype p53 and three breast-cancer-related
pS3 polymorphisms. Moreover, computational mutagenesis
studies are used to predict the effect of mutations on ligand-
binding dynamics. Babbitt et al.'® studied the hyperactivating
effect of BRAF V60OE-targeting inhibitors in wildtype cells using
MD. Here, differences in rapid dynamics in bound and unbound

functional states for each amino acid were modelled in stacked
classification models to detect conserved dynamic function.
The models showed that the V600E mutation greatly alters
dynamics, leading to lower predictive performance.

The performance of the classification models used for mutage-
nesis prediction varies highly depending on the amount of
experimental mutagenesis data available for training and valida-
tion.'>"'® Hence, some authors have compared the performance
of SB methods alone to that of ML models for these tasks.'”*° For
example, Aldeghi et al.'” benchmarked the performance of free
energy perturbation (FEP), ML, and Monte Carlo methods in pre-
dicting the change in inhibitor affinity for Abl kinase variants.
The classifier trained on a pan-target dataset was not able to gen-
eralize on the test set, but when trained on a reduced Abl-specific
dataset, the performance of the classifier was comparable to
those of FEP and Monte Carlo methods. Nevertheless, computa-
tional time was drastically less when ML was used. Similarly, Patil
et al.”° created an MD protocol to determine the activation status
of any kinase variant. This information is critical for the prioriti-
zation of kinase inhibitors that target the active or the inactive
conformation, and hence for the prevention of unwanted side
effects. For this reason, we have selected Alk kinase as a case
study. Here, the long-term dynamics of the active and the inac-
tive conformations were explored using the metadynamics
method. Changes in RMSD (the root-mean-square deviation of
atomic positions) and hydrogen bond occupation data were used
to calculate a score for the wildtype and the mutant, and a final
score was compared to a defined threshold. This approach out-
performed a kinome-wide ML model and other common impact
prediction tools, such as SIFT and Polyphen.

The computational mutagenesis approaches that are reviewed
here are able to capture differences in protein stability and con-
formation,'®?*° protein-protein interactions,'’ ligand-binding
affinity and dynamics,'®'” and clinical significance.'® Neverthe-
less, their applicability is often limited to a particular target or
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FIGURE 1

Use case scenarios for integrated structure-based (SB) and machine learning (ML) methods in oncological drug discovery and the integration
methods employed. We address six use case scenarios: 1) driver prediction, 2) computational mutagenesis, 3) (off)-target prediction, 4) binding site
prediction, 5) virtual screening, and 6) allosteric modulation analysis. Integration approaches that achieve full integration include those where: (A) structural
data derived from SB methods is used as input for ML models, with emphasis on the predicted output; (B) docking poses are analyzed with ML-based scoring
functions; and (C) output trajectories from molecular dynamics (MD) simulations are analyzed with ML. It is still more common, however, to combine SB and
ML methods without full integration, with the implementation done in a sequential or parallel way (D), in which ML acts as a pre-filter for the SB phase, or vice

versa.

mutant of interest for which there are enough data. In order to
increase the impact of methods developed for members of fami-
lies that have highly conserved binding pockets and activation
mechanisms, such as kinases (Babbitt et al.,'® Aldeghi et al.,"’
Patil et al.>°) or G protein-coupled receptors, the training sets
could be enriched with data from other members of the family.
Therefore, computational mutagenesis efforts in general could
benefit from more extensive experimentally validated mutagene-
sis datasets. These should be deposited in publicly available data-
bases, following FAIR principles to favor the creation of relevant
training and validation datasets.

(Off)-target prediction

Defining the (off)-target space of drugs in development is impor-
tant for obtaining a selectivity profile, but also for the rational
design of polypharmacological candidates that have a multi-
target profile. Moreover, re-analyzing the target space of
approved drugs is key to obtaining a better understanding of
their mode of action, or to starting re-purposing efforts. These
endpoints are highly relevant in oncological drug discovery,

where off-target effects are often responsible for grave adverse
reactions. Integrated ML-SB methods have proven useful in pre-
dicting (off)-target spaces.

Efforts to predict the target space usually start from known
information, such as ligand—protein®"** or protein—protein inter-
actions.”” Pande et al.”' set up an SB-ML integrated pipeline to
identify the most likely target of the natural compound resvera-
trol, for which the mode of action is still unknown. This study
was possible because of the (recent) resolution of nine proteins
in complex with resveratrol. A set of 40 anti-breast cancer resver-
atrol derivatives from the literature were used for docking, and a
3D quantitative activity—structure relationship (QSAR) CoMFA/
CoMSIA PLS model was created for target-derived results from
docking studies. Based on the performance of the models,
MDM2 and QR2 were suggested as potential targets for resvera-
trol derivatives.

Computational methods can also be used to rationally propose
polypharmacological approaches for the discovery of novel
drugs®® or the repurposing of existing drugs.”” The implementa-
tion by Lim et al.** used the original crystal structure of an

www.drugdiscoverytoday.com 1665
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approved drug as the template to search the genome for genes
encoding proteins with an appropriate ligand-binding space. Sub-
sequently, docking was performed and the results used, together
with bioactivity data, as input for an ML algorithm that predicted
genome-wide ligand—-protein interactions in a fully integrated
fashion. RIOK1, among other kinases, was predicted to be an off-
target of PDE3 inhibitors such as levosimendan, and conse-
quently, this kinase was proposed as a target for drug repurposing
for anti-cancer therapies. Conversely, Zhi et al.”* used a sequential
SB-ML pipeline to identify novel targets related to dihydroorotate
dehydrogenase (DHODH) and to screen drug candidates for their
potential to inhibit multiple targets in small cell lung cancer. First,
protein—protein interaction information was leveraged for net-
work pharmacology analysis. This allowed the identification of
related proteins that could also be affected by drugs that inhibit
DHODH, such as uridine monophosphate synthase (UMPS),
which like DHODH is involved in pyrimidine biosynthesis. Dock-
ing data for both DHODH and UMPS identified eight potential
multi-target compounds, which were prioritized on the basis of
their predicted binding affinity towards DHODH using three
multi-GNN (Graph Neural Network) regression models. The top
three candidates were subjected to MD validation, which con-
firmed that they show stable interactions with both targets.

Integrated approaches for the prediction of (off)-targets can
have a direct impact in lead prioritization in oncological drug dis-
covery. The application of the methodologies, however, mostly
depends on the available data. Approaches such as those of
Pande et al.?' and Lim et al.** are relevant when true binding
modes have been identified. In the case of Zhi et al.,** both rich
interactome databases and bioactivity data for the identified tar-
gets of interest were needed.

Prediction of binding site

Once the relevant targets have been defined, the binding sites
need to be characterized for drug discovery purposes. In oncolog-
ical drug discovery, this task can be made more complicated by
mutated binding sites or transformed protein—protein interac-
tions. An extensive array of tools is available for the prediction
of small molecule binding sites, as recently reviewed by Krivak
and Hoksza.?* In their independent benchmark, they showed
that some methods in which SB and ML techniques were inte-
grated performed as well or better than SB-exclusive methods.
Nevertheless, they urged caution over the prediction of complex
features from ML analysis of structural data when using relatively
small training datasets. Of particular interest in anti-cancer drug
development is the discovery of allosteric binding sites that can
be targeted selectively in cancer cells, thereby reducing off-site
adverse effects triggered by events at orthosteric binding sites.
Most of the binding site prediction methods summarized by Kri-
vak and Hoksza”* can be used to predict allosteric binding sites,
but these sites share a number of differential characteristics that
have triggered the development of tools that specifically predict
allosteric binding sites.”® Some of these methods are built on top
of general binding site predictors with, for example, an added
layer of ML classification.’® The application of these methods

and the analysis of the effects caused by allosteric modulators
are discussed in more detail below under the heading ‘Allosteric
modulation analysis’.

While the information and software needed for binding site
prediction is extensively available for small molecules, the pre-
diction of binding regions in protein—protein binding modelling
is still challenging.”” Protein—protein interactions are crucial in
certain aspects of cancer pathogenicity,® and integrated SB-ML
approaches have proven beneficial in this area.”®?° Kawaguchi
et al.”® used a Bayesian active learning-based protein—protein
docking approach to predict the conformation of the dimeriza-
tion interface of CD44 and the residues involved. Similarly, the
approach developed by Taherzadeh et al.>’ uses ML to predict
protein—peptide binding residues from protein sequence and
structural-data-derived features. The predicted residues from the
RF classifier are used as input for a density-based clustering algo-
rithm that defines the binding region on the protein surface.
Taherzadeh et al.? showed that the performance of this
approach is better than that of non-ML methods applied to the
same dataset. In general, however, the exploratory nature of
the applications in this use case scenario makes it challenging
to assess the performance of the methods reviewed. To counter-
balance this problem and to reduce the effect of false positives,
one option would be to use a consensus approach in which sev-
eral tools are employed and sites that are predicted by more than
one of them are investigated further.

The feasibility of the approaches reviewed here largely
depends on the availability of structural data. The use of homol-
ogy models can be useful here, with some authors showing that
their integrated ML-SB methods perform equally well in experi-
mental structures as in homology models.””*° Moreover, the
recent release of AlphaFold®' to predict protein structures with
high accuracy opens doors for the implementation of many of
these methods on a genome-wide scale. The distribution of
AlphaFold as open source code has facilitated the development
of related tools that will improve the biological relevance of this
tool. An example is AlphaFill,** a tool that enriches AlphaFold
models with ligands and co-factors. Of very high relevance in
oncological drug discovery, these tools could enable the predic-
tion of binding sites in mutants that have not being experimen-
tally determined.

Virtual screening

The most common scenario in computational drug discovery is
virtual screening (VS). Like computational mutagenesis, VS can
be seen as a tool for prioritizing compounds for experimental
analysis. VS has been extensively explored using SB and ML
methods independently, but their combination—either in a fully
integrated or in a sequential way—allows for the use of as much
available data as possible and, expectedly, provides more accu-
rate results. This use case scenario is certainly not unique to
oncological drug discovery, but the advances made in computa-
tional drug discovery in this area could very well power success-
ful anti-cancer drug discovery stories.
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A classic way to integrate SB and ML learning methods in VS is
the use of ML-based scoring functions in docking.***® These can
be directly integrated in the docking software or, more com-
monly, used a posteriori for re-scoring. Moreover, ML scoring
functions are often target-specific,*>° but not necessarily so.*®
One of the simplest approaches is to include docking scores as
features for an ML classifier.”> The slightly more complex
approach developed by Yang et al.>* begins with a similarity-
based docking method, which was able to reduce the challenges
presented by the large conformational space of Cathepsin S inhi-
bitors. Subsequently, a fragmentation method was applied to the
predicted poses.®* In addition, Berishvili et al. demonstrated the
added value of including not only docking-derived features for
the ML scoring function,*® but also MD-derived features.>® In ret-
rospect, however, they showed that ML-based target-specific
scoring functions were not accurate in identifying active tankyr-
ase compounds. More complex methods, such as FEP, were
needed in order to properly correlate the predicted binding affin-
ity to the pICso values determined experimentally. As for other
ML applications, the development of accurate ML scoring func-
tions is highly dependent on the quality of the datasets available
for training and validation. Adeshina et al.’® focused on the
development of a high-quality dataset (D-COID, publicly avail-
able) for training ML re-scoring functions. Importantly, they
included challenging decoy complexes from the DUD-E dataset
and tried to keep the dataset balanced. They also refrained from
using docked poses in the training set.

Similar approaches might not necessarily be coined ML scor-
ing functions, even though they also use ligand—protein interac-
tion data as input for ML models.>**° Kalaki and Asadollahi-
Baboli*’ used an approach in which docking was performed as
a first step to discern relevant interactions and to derive ML
descriptors. Using a slightly different approach, Li et al.** con-
structed a pharmacological space that accounted for ligand, pro-
tein, and ligand—-protein interaction descriptors. The last were
generated by combining the average fingerprint per protein data
from known binders.

In general, however, the most typical approach in VS is still
the use of SB and ML methods in a sequential or parallel
way.”' " These methods often include the development of a
ligand-based QSAR classification*'™*” or regression*®*’ model
from experimental bioactivity data in order to prioritize com-
pounds from a chemical database on the basis of their predicted
binding affinity. The wide array of models and databases
reviewed here is collated in Table 1. Subsequently, the selected
hits are filtered on the basis of different criteria, which depend
on the scope of the project (such as reverse pharmacophore map-
ping,*® or AG calculation with MM-GBSA**). Finally an SB
method such as docking*!*##*464950 apnd/or MD*!~#3464851 4g
deployed to rationalize the results of the ML model and to pro-
pose compounds for in vitro validation. Sometimes, the SB phase
is a filter on its own, with a docking-based VS,*"*® and occasion-
ally it is used before the ML phase.***’ Moreover, the ML model
is not always built to predict only binding affinity, but some-
times also anti-cancer activity’® or mode of action.*®> When
focused on multiple on- and off-targets, sequential pipelines

can also be used to prioritize polypharmacological compounds,
as was the case in the work on kinase inhibitors by Burggraaff
et al.*’ Even though VS strategies are more common in the
screening of small molecules, there are also examples from pep-
tide VS campaigns, such as that of Junaid et al.>'.

One of the main limitations of VS approaches lies in the def-
inition of relevant training and validation sets for ML. Even
though databases such as ChEMBL and PubChem contain a very
large amount of bioactivity data, target-specific applications usu-
ally still end up with datasets that are too small to support gen-
eralizable predictions. This is an even more relevant bottleneck
when considering cancer-related mutants, for which VS cam-
paigns would be extremely beneficial in the prioritization of per-
sonalized medicine drugs. Moreover, target-specific applications
present an important challenge in avoiding learnt biases and
overfitting.>” The inclusion of decoys in the datasets (such as
data from the DUD-E dataset) is a good way to balance the pres-
ence of active and inactive compounds.’® Consequently,
although the D-COID dataset®® is a good starting point for the
development of re-scoring functions, it might require experi-
mental expansion via collaborative work to improve its suitabil-
ity for target-specific applications.

Allosteric modulation analysis

So far, we have mostly referred to orthosteric ligand binding (i.e.
binding at the site where the endogenous ligand or substrate
binds) when describing ligand binding. However, allosteric mod-
ulation has been described as a powerful tool to increase the
selectivity of targeted compounds and to overcome drug-
resistant mutations, and it is therefore worth exploring in cancer
research. Indeed, unraveling the mechanisms that underlie allos-
teric effects can be a key step in proposing new therapeutic
routes. Moreover, allosteric binding sites and modulators have
been shown to exhibit characteristics that are different to those
of their orthosteric counterparts.®* This calls for the development
of allosteric-specific tools for most of the use case scenarios
described in the sections above.

The work by Lu et al.>® provides a very complete review of the
currently available SB methods for allosteric modulator discov-
ery. Some of these methods integrate SB and ML techniques for
allosteric binding site prediction,?® allosteric interaction scor-
ing,>® and allosteric effect analysis of mutations.’® Lu et al.*®
demonstrate the applicability of these tools in oncological drug
discovery by describing the prioritization of allosteric activators
and inhibitors for anti-cancer (potential) targets SIRT6 and
STAT3, respectively. In both cases, allosteric binding pockets
were predicted and used for VS of commercial libraries. The com-
pounds that were identified by these computational efforts were
confirmed by either experimental assays or crystallographic stud-
ies. Of direct application in oncological drug discovery is
AlloDriver,*® a driver prediction tool that maps mutations from
clinical cancer samples to their 3D structures, labels them as
orthosteric or (potentially) allosteric, and classifies targets as dri-
ver or passenger using a combination of RF and multi-layer neu-
ral networks. Although it is periodically updated, this tool relies
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on the availability of annotated allosteric sites (and driver muta-
tions), which is a common bottleneck in ML-based allostery pre-
diction methods.

Specific to allosteric modulation analyses is the exploration of
the allosteric pathways that drive the observed effects. Given the
complex conformational landscape of proteins that is often
responsible for allosteric pathways, these aspects are often better
explored in a dynamic setting.>>>” Hence, the efforts reviewed
below use ML techniques to analyze MD trajectories and to find
patterns that help to explain the observed effects.**°° For exam-
ple, the work of Uyar et al.>® was able to identify differential
dynamic patterns in apo and allosteric inhibitor-bound neu-
rolysin structures, as well as the key residues involved. Moreover,
the analysis of MD trajectories with Markov state models using
time-structure based independent component analysis (tICA)
allowed Chen et al.>’ and Hu et al.®® to identify conformational
microstates. These microstates were then related to mutation-
driven allosteric effects on the catalytic activity of SEDT8, and
to energetic differences in Na* translocation and metastable
states in active and inactive MOR, respectively. These effects
were further validated experimentally.

Even though the concept of allostery has been known for
50 years, it has recently gained more attention in drug discovery
thanks to an exponential increase in the number of known allos-
teric modulators over the past two decades.?® Of the 19 allosteric
modulators currently approved by the FDA, three are indicated as
anti-cancer drugs.®’ The use of computational tools, and more
specifically ML-based methods, still suffers from the lack of
experimentally determined allosteric interactions and mecha-
nisms. In the near future, we expect this area of research, in com-
bination with experimental validation, to play a more important
role in oncological drug discovery because promises to bring
more selective anticancer drugs to the market.

Conclusions

Integrated ML-SB methods are useful for investigating different
aspects in oncological drug discovery. These computational drug
discovery methods apply to a variety of use case scenarios, which
can be cancer-specific or more general but with potential applica-
tion in oncological research. There is no rule of thumb for select-
ing an approach because the most appropriate methods depend
largely on the scope of the study. However, some ML-SB integra-
tion methods are primarily leveraged in specific use case scenar-
ios, such as ML-based scoring functions in VS or the use of ML to
analyze MD simulations in allosteric modulation analyses. VS is
still the most commonly used strategy, but integrated methods
are also gaining relevance in fields such as driver prediction
and computational mutagenesis, where the use of structural data
has proven to be a significant complement to omics data. Despite
their broad domain of applicability, the approaches reviewed
here still present certain limitations that are worth discussing.
Data availability and computational requirements are common
bottlenecks that need to be assessed on a project-specific basis.

Box 2. Open questions on present and future directions

The articles reviewed here exemplify the added value of
integrated AI-SB methods in oncological drug discovery.
However, some questions that are worth exploring in the
future arise from their interpretation:

e Structural data availability is a common bottleneck. How
beneficial is its inclusion in pan-target analyses when it
results in a reduced target space? Will approaches such
as AlphaFold31 be able to solve this issue?

At present, the analysis of trajectories from MD with ML is
rather restricted to cases with small datasets (i.e. allosteric
modulation analyses). However, we expect that with
increasing amounts of data and computing power, this
approach will become more relevant in big-scale virtual
screening.

Is it pertinent to continue expanding the research into inte-
grated approaches without conducting exhaustive bench-
marking against classical individual methods?

Are there enough resources devoted to enlarging and
standardizing publicly available datasets for computa-
tional oncological drug discovery? Will these expand into
aspects that are often neglected, such as the tumor
microenvironment?

We hypothesize the rise of allosteric modulation analyses
to bring more selective drugs to the market. Will we also
see a boom in publicly available allosteric structural and
experimental data for ML applications?

Is the potential added value of more complex approaches
worth the probable resulting increase in computing
power/time and data storage needs? Will this aspect limit
the use of deep learning approaches in the near future?

A common drawback in computational drug discovery is
the lack of experimental validation. We strongly advise an
increase in collaborative work leading to both validated
tools and larger datasets for ML training.

Moreover, it has been shown that less expensive approaches
sometimes outperform more complex ones in the same tasks.
Future research will probably extend towards the use of more
complex algorithms that are currently underrepresented, such
as deep neural networks (DNNs), in order to capture all of the rel-
evant information from structural data. Finally, a common draw-
back in computational drug discovery, which can be observed in
the articles reviewed here, is the lack of experimental validation.
These aspects trigger some open questions on the use of inte-
grated computational methods in oncological drug research,
which we address in Box 2. Nevertheless, the approaches pre-
sented here provide a good way to prioritize targets and small
molecules in the field, and their combination with experimental
validation is likely to be a key factor in bringing drugs for person-
alized oncological therapies to the market more rapidly. During
the revision of our manuscript, a proposal for a further concep-
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tual extension of the hallmarks of cancer was published.®* This
exemplifies the fast pace at which oncological research advances
and the need to revisit constantly the biological relevance of the
methods applied in oncological drug discovery.
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