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The identification of physical interactions between drug candidate compounds and target biomolecules is
an important process in drug discovery. Since conventional screening procedures are expensive and time
consuming, computational approaches are employed to provide aid by automatically predicting novel
drug-target interactions (DTlIs). In this study, we propose a large-scale DTl prediction system,
DEEPScreen, for early stage drug discovery, using deep convolutional neural networks. One of the main
advantages of DEEPScreen is employing readily available 2-D structural representations of compounds at
the input level instead of conventional descriptors that display limited performance. DEEPScreen learns
complex features inherently from the 2-D representations, thus producing highly accurate predictions.
The DEEPScreen system was trained for 704 target proteins (using curated bioactivity data) and finalized
with rigorous hyper-parameter optimization tests. We compared the performance of DEEPScreen
against the state-of-the-art on multiple benchmark datasets to indicate the effectiveness of the
proposed approach and verified selected novel predictions through molecular docking analysis and
literature-based validation. Finally, JAK proteins that were predicted by DEEPScreen as new targets of
a well-known drug cladribine were experimentally demonstrated in vitro on cancer cells through STAT3
phosphorylation, which is the downstream effector protein. The DEEPScreen system can be exploited in
the fields of drug discovery and repurposing for in silico screening of the chemogenomic space, to
provide novel DTIs which can be experimentally pursued. The source code, trained ‘ready-to-use”
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experiments are performed to detect novel compounds with the
desired interactive properties. However, high costs and
temporal requirements make it infeasible to scan massive target
and compound spaces." Due to this reason, the rate of the
identification of novel drugs has substantially been decreased.”
Currently, there are more than 90 million drug candidate
compound records in compound and bioactivity databases such

1. Introduction

One of the initial steps of drug discovery is the identification of
novel drug-like compounds that interact with the predefined
target proteins. In vitro/in vivo and high-throughput screening
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as ChEMBL? and PubChem* (combined), whereas the size esti-
mation for the whole “drug-like” chemical space is around
10°°.% On the other hand, the current number of drugs (FDA
approved or at the experimental stage) is around 10 000,
according to DrugBank.® In addition, out of the 20 000 proteins
in the human proteome, less than 3000 of them are targeted by
known drugs.”® As the statistics indicates, the current knowl-
edge about the drug-target space is limited, and novel
approaches are required to widen our knowledge. Information
about the automated prediction of drug-target interactions
(DTI), descriptors and feature engineering in machine learning
(ML) based DTI prediction, and novel deep learning (DL) based

Chem. Sci., 2020, 1, 2531-2557 | 2531


http://crossmark.crossref.org/dialog/?doi=10.1039/c9sc03414e&domain=pdf&date_stamp=2020-03-03
http://orcid.org/0000-0001-6717-4767
http://orcid.org/0000-0002-4051-9793
http://orcid.org/0000-0001-7850-0601
http://orcid.org/0000-0001-5454-2815
http://orcid.org/0000-0003-2408-6606
http://orcid.org/0000-0002-1298-9763
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/c9sc03414e
https://rsc.66557.net/en/journals/journal/SC
https://rsc.66557.net/en/journals/journal/SC?issueid=SC011009

Open Access Article. Published on 08 janvris 2020. Downloaded on 02.06.2025 07:04:54.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Chemical Science

DTI prediction approaches proposed lately in the literature are
provided in the ESI, sections 1.1, 1.2 and 1.3,} respectively.

The studies published so far have indicated that DTI
prediction is an open problem, where not only novel ML algo-
rithms but also new data representation approaches are
required to shed light on the un-charted parts of the DTI
space®?" and for other related tasks such as reaction** and
reactivity predictions® and de novo molecular design.>*** This
effort comprises the identification of novel drug candidate
compounds, as well as the repurposing of the existing drugs on
the market.>® Additionally, in order for the DTI prediction
methods to be useful in real-world drug discovery and devel-
opment research, they should be made available to the research
community as tools and/or services via open access repositories.
Some examples to the available deep learning based frame-
works and tools in the literature for various purposes in
computational chemistry based drug discovery are given as
follows: gnina, a DL framework for molecular docking (reposi-
tory: https://github.com/gnina/gnina);*”** Chainer Chemistry,
a DL framework for chemical property prediction, based on
Chainer  (repository:  https://github.com/chainer/chainer-
chemistry);** DeepChem, a comprehensive open-source tool-
chain for DL in drug discovery (repository: https://github.com/
deepchem/deepchem);** MoleculeNet, a benchmarking system
for molecular machine learning, which builds on DeepChem
(repository: http://moleculenet.ai/);'* and SELFIES, a sequence-
based representation of semantically constrained graphs,
which is applicable to represent chemical compound structures
as graphs (repository: https://github.com/aspuru-guzik-group/
selfies).*®

In this study, we propose DEEPScreen, a deep convolutional
neural network (DCNN) based a DTI prediction system that
utilizes readily available 2-D structural compound representa-
tions as input features, instead of using conventional descrip-
tors such as the molecular fingerprints.** The main advantage of
DEEPScreen is increasing the DTI prediction performances with
the use of 2-D compound images, that is assumed to have
a higher coverage in terms of compound features, compared to
the conventional featurization approaches (e.g., fingerprints),
which have issues related to generalization over the whole DTI
space.'** DEEPScreen system's high-performance DCNNs
inherently learn these complex features from the 2-D structural
drawings to produce highly accurate novel DTI predictions at
a large scale. Image-based representations of drugs and drug
candidate compounds reflect the natural molecular state of
these small molecules (i.e., atoms and bonds), which also
contain the features/properties determining their physical
interactions with the intended targets. Recently, image-based or
similar structural representations of compounds have been
incorporated as the input for predictive tasks under different
contexts (e.g., toxicity, solubility, and other selected biochem-
ical and physical properties) in the general field of drug
discovery and development,*** but have not been investigated
in terms of the binary prediction of physical interactions
between target proteins and drug candidate compounds, which
is one of the fundamental steps in early drug discovery. In this
work, we aimed to provide such an investigation, and as the
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output, we propose a highly optimised and practical DTI
prediction system that covers a significant portion of the known
bio-interaction space, with a performance that surpasses the
state-of-the-art.

The proposed system, DEEPScreen, is composed of 704
predictive models; each one is independently optimized to
accurately predict interacting small molecule ligands for
a unique target protein. DEEPScreen has been validated and
tested using various benchmarking datasets, and compared
with the state-of-the-art DTI predictors using both conventional
and deep ML models. Additionally, DEEPScreen target models
were run on more than a million compound records in the
ChEMBL database to produce large-scale novel DTIs. We also
validated selected novel predictions using three different
approaches: (i) from the literature, in terms of drug repurpos-
ing, (ii) with computational structural docking analysis, and (iii)
via in vitro wet-lab experiments. Finally, we constructed DEEP-
Screen as a ready to use collection of predictive models and
made it available through an open access repository together
with all of the datasets and the results of the study at https://
github.com/cansyl/DEEPScreen.

2. Results

2.1 Drug-target interaction prediction with DEEPScreen

In this study, we approached DTI prediction as a binary classi-
fication problem. DEEPScreen is a collection of DCNNs, each of
which is an individual predictor for a target protein. The system
takes drugs or drug candidate compounds in the form of
SMILES representations as query, generates 200-by-200 pixel 2-
D structural/molecular images using SMILES, runs the predic-
tive DCNN models on the input 2-D images, and generates
binary predictions as active (i.e., interacting) or inactive (ie.,
non-interacting) for the corresponding target protein (Fig. 1). In
order to train the target specific predictive models of DEEP-
Screen with a reliable learning set, manually curated bio-
interaction data points were obtained from the ChEMBL
bioactivity database and extensively filtered (Fig. 2). The tech-
nical details regarding both the methodology and the data are
given in the Methods section. Following the preparation of
datasets, we extracted target protein based statistics, in terms of
amino acid sequences,” domains,*** functions, interacting
compounds and disease indications.**> The results of this
analysis can be found in ESI document section 2.1 and Fig. S1.}
We also carried out several tests to examine the robustness of
the DEEPScreen system against input image transformations,
since this is a critical topic for CNN architectures that process 2-
D images. The results of this analysis can be found in ESI
document section 2.2,T together with its discussion.

2.2 Sources of dataset bias in model evaluation

Labelled ground-truth data are split into training/validation/test
partitions in order to train, optimize and evaluate predictive
models. There are two basic strategies in the field of virtual
screening (or DTI prediction) in terms of dataset split. The first
and the most basic one is the random-split, where the data

This journal is © The Royal Society of Chemistry 2020
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Fig. 1

Illustration of the deep convolutional neural network structure of DEEPScreen, where the sole input is the 2-D structural images of the

drugs and drug candidate compounds (generated from the SMILES representations as a data pre-processing step). Each target protein has an
individual prediction model with specifically optimized hyper-parameters (please refer to the Methods section). For each query compound, the
model produces a binary output either as active or inactive, considering the interaction with the corresponding target.

points are separated randomly without any particular consid-
eration. Evaluations using random-split datasets are good
indicators of what would be the model performance in pre-
dicting new binders that are structurally similar (e.g., contain-
ing the same scaffolds) to the compounds in the training
dataset. The second widely used data split strategy in DTI
prediction is the similarity-based (or non-random) split, where
data points are divided according to similarities between
compounds/targets/bioactivities, according to the assumed
modelling approach. Here, the aim is to prevent very similar
data points from ending up both in training and test sets. In
ligand-based prediction approaches (such as DEEPScreen), the
input samples are compounds, and as a result, datasets are split
according to molecular similarities between compounds. This
can be done by checking the shared scaffolds in these
compounds and applying a scaffold-based split or by calculating
pairwise structural similarities and clustering the compounds
based on this.

There are critical points and risks in constructing training
and test datasets for developing a virtual screening system and
analysing its predictive performance. The first risk would be the
introduction of chemical bias into the tests, where structurally
similar compounds end up both in training and test datasets.
This often makes the task of accurate prediction a somewhat
trivial task, since structurally similar compounds usually have
similar (or the same) targets. Random-split datasets usually
suffer from this problem. Another risk is the negative selection
bias, where negative samples (ie., inactive or non-binder
compounds) in the training and/or test datasets are structur-
ally similar to each other in a way, which is completely unre-
lated to their binding related properties.** So, a machine
learning classifier can easily exploit this feature to successfully
separate them from the positives. Both of these cases would
result in an overestimation of the model performance during

This journal is © The Royal Society of Chemistry 2020

benchmarks, especially when the tests are made to infer to
performance of the models in predicting completely novel
binders to the modelled target proteins. It was reported that
a widely used benchmark dataset DUD-E* suffers from the
negative selection bias problem, even though the chemical bias
issue was properly addressed during the construction of this
benchmark. In DUD-E, most of the property matched decoys
(i.e., negatives) were found to be highly biased, as the models
trained on specific targets were highly successful in identifying
the negatives of completely different targets.*® In other words,
most of the decoys shared features that make them non-binders
to nearly all target proteins, and care should be taken while
evaluating predictive models on this benchmark. In this study,
we evaluated the performance of DEEPScreen on 5 different
datasets (e.g., large-scale random-split dataset, both chemical
and negative selection bias free representative target dataset,
ChEMBL temporal/time split dataset, MUV and DUD-E) in order
to observe the behaviour of the system and its comparison with
the state-of-the-art on benchmarks with differing strengths and
weaknesses. The content and properties of these datasets are
explained in the Methods section.

2.3 Analysis of the DEEPScreen dataset in terms of negative
selection bias

To examine the DEEPScreen source dataset in terms of negative
selection bias, we compared the average molecular similarities
among the member compounds of each target specific negative
training dataset; also, we make a cross comparison of average
molecular similarity of the compounds in the positive training
dataset a target against the compounds in the negative training
dataset of the same target, to uncover if there is a statistically
significant structural difference between positives and nega-
tives. For this, we employed Morgan fingerprints (ECFP4) and
the pairwise Tanimoto similarity calculation between all
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Fig. 2 Data filtering and processing steps to create the training dataset of each target protein model. Predictive models were trained for 704
target proteins, each of which has at least 100 known active ligands in the ChEMBL database.

compound pair combinations. According to the results of this
analysis of the datasets of 704 target proteins, there was no
target where the inactive training dataset compounds are more
similar to each other compared to the inter group similarities
between the active and inactive dataset compounds of that
target protein model, with statistical significance according to ¢-
test (at 95% confidence interval). Actually, mean active to
inactive similarity was higher than the similarity among the
inactives for 211 targets, indicating that inactives do not share
a global similarity that separates them from actives, which
would otherwise make it easy to distinguish them, and intro-
duce a bias into the performance analysis. These results are
displayed in ESI Document Fig. S21 as target based mean
pairwise compound similarity curves for intra-group (among
inactives) and inter-group (actives to inactives) similarities with

2534 | Chem. Sci., 2020, 1, 2531-2557

error bands. The most probable reason behind the observation
of no significant difference was that we directly used the
experimental bioassay results reported in the ChEMBL database
to construct our negative datasets by setting an activity
threshold (i.e., =10 uM), instead of manually constructing
decoy datasets. Thus, the compounds in our negative datasets
are able to interact with the intended targets, with very low
affinities. The results indicated that the negative selection bias
is not an issue for the DEEPScreen source dataset.

2.4 Performance evaluation of DEEPScreen and comparison
with other methods

2.4.1 Large-scale performance evaluation and comparison
with the random-split dataset. According to our basic perfor-
mance tests, for 613 of the target protein models (out of 704),

This journal is © The Royal Society of Chemistry 2020
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DEEPScreen scored an accuracy =0.8, with an overall average
accuracy of 0.87, an F1-score of 0.87 and a Matthews correlation
coefficient (MCC) of 0.74. Additionally, high-level target protein
family based average model performances indicated that
DEEPScreen performs sufficiently well on all target families
(average MCC for enzymes: 0.71, GPCR: 0.80, ion channels: 0.76,
nuclear receptors: 0.76, others: 0.69). All performance evalua-
tion metrics used in this study are explained in the Methods
section.

Following the calculation of DEEPScreen's performance, we
compared it against conventional DTI prediction approaches
(classifiers: random forest — RF, support vector machines - SVM
and logistic regression - LR) using the exact same random-split
training/test sets under two different settings. In the first
setting, conventional classifiers were trained with circular
fingerprints (i.e., ECFP4 (ref. 34)) of the compounds, which
represents the current state-of-the-art in DTI prediction. The
model parameters of the conventional classifiers were opti-
mized on the validation dataset and the finalized performances
were measured using the independent test dataset, similar to
the evaluation of DEEPScreen. In the second setting, the same
feature type (i.e., 2-D molecular representations) is employed.
These conventional classifiers normally accept 1-D (column-
type) feature vectors; therefore, we flattened our 200-by-200
images to be used as the input. Thus, the performance
comparison solely reflects the gain of employing DCNNs as
opposed to conventional/shallow classification techniques. It is
possible to argue that conventional classifiers such as LR, RF
and SVM may not directly learn from the raw image features,
and thus, sophisticated image pre-processing applications,
such as constructing and using histograms of oriented gradi-
ents,”” are required to train proper image feature based
predictive models. Here, our aim was to identify the most
prominent factor behind the performance increase yielded by
DEEPScreen (i.e., is it only the use of DNNs, mostly independent
from the featurization approach, or is it the use of image-based
features together with the employment of DNNs to classify
them), without a possible effect from a third-party data pro-
cessing application. As a result, we directly used the raw image
features. Fig. 3a displays the overall ranked target based
predictive performance curves, in MCC, accuracy and F1-score,
respectively. We did not include RF-Image and SVM-Image
performance in Fig. 3 since RF models performed very similar
to the LR models on nearly all models, and SVM models were
unable to learn the hidden features in most of the cases and
provided a very low performance. It is possible to observe the
results of RF-Image and SVM-Image in the performance tables
provided in the repository of this study. DEEPScreen performed
better compared to all conventional classifiers employed in the
test according to both mean and median performance
measures. Especially, the performance difference was signifi-
cant when the MCC was used, which is considered to be a good
descriptor of DTI prediction performance. For all performance
measures, among the best 200 target models for each method,
LR-ECFP and RF-ECFP models have higher performance
compared to DEEPScreen; however, DEEPScreen takes over
after the 200" model and displayed a much better performance

This journal is © The Royal Society of Chemistry 2020
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afterwards. Overall, DEEPScreen performed 12% and 23%
better in terms of mean and median performances respectively,
compared to its closest competitors (i.e., LR-ECFP and RF-ECFP)
in terms of the MCC. According to our results, the best classifier
was DEEPScreen for 356 targets (LR-ECFP for 250, RF-ECFP for
141, SVM-ECFP for 24 targets). The results indicate that DEEP-
Screen's performance is stable over the whole target set. On the
other hand, state-of-the-art classifiers perform very well for
some targets but quite bad at others, pointing out the issues
related to generalization of conventional fingerprints.

Fig. 3b shows the target protein based predictive perfor-
mance (in terms of the MCC) z-score heatmap for DEEPScreen
and conventional classifiers, where each horizontal block
corresponds to a target family. As displayed in Fig. 3b, DEEP-
Screen performed significantly better for all families (solid red
blocks); LR-ECFP and RF-ECFP came second, LR-Image took the
third place, and SVM-ECFP came in last place. An interesting
observation here is that image-based (i.e., DEEPScreen and LR-
Image) and fingerprint-based classifiers display opposite trends
in predictive performance for all families, indicating that the
image-based approach complements the fingerprint approach.
Also, LR-ECFP and LR-Image performances were mostly oppo-
site, indicating a pronounced difference between the informa-
tion obtained from fingerprints and images. Although LR-
Image's overall performance was lower compared to LR-ECFP, it
was still higher compared to SVM-ECFP, implying that LR-
Image managed to learn at least some of the relevant hidden
features. There was no significant difference between the
protein families in terms of the classifier rankings; however,
DEEPScreen’s domination was slightly more pronounced on the
families of GPCR, ion channels, and nuclear receptors.

In order to compare the performance of DEEPScreen with
the conventional classifiers on a statistical basis, we carried out
10 fold cross-validation on the fundamental random-split
datasets of the same 17 representative target proteins (ie.,
gene names: MAPK14, JAK1, REN, DPP4, LTA4H, CYP3A4,
CAMK2D, ADORA2A, ADRB1, NPY2R, CXCR4, KCNA5, GRIK1,
ESR1, RARB, XIAP, and NET) that were employed for the
construction of a chemical and negative selection bias free
scaffold-split benchmark dataset (please see Methods section
for information about the selection procedure for these target
proteins). We applied Bonferroni corrected t-tests to compare
the performance distribution of each method on each target
independently (10 measurements from each 10-fold cross-
validation experiment constitute a distribution). The statis-
tical tests were conducted on the MCC performance metric due
to its stability under varying dataset size partitions. Fig. 3c
displays the MCC performance results as box plots, for 17
targets. Each box represents a classifier's 10 MCC measures on
10 different folds of a target's training dataset, in the cross-
validation. In these plots, the top and bottom borders of the
box indicate the 75 and 25" percentiles, the whiskers show the
extension of the most extreme data points that are not outliers,
and plus symbols indicate outliers. The number written under
the gene names of the respective targets indicates the size of the
training datasets (actives). According to results, there was no
observable relation between dataset sizes and a classifier's
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a target protein model: the vertical axis represents performance in the MCC, accuracy and F1-score, respectively. For each classifier, targets are
ranked in a descending performance order. Average performance values (mean and median) are given inside the plots. (b) Target-based
maximum predictive performance (MCC-based) heatmap for DEEPScreen and conventional classifiers (columns) (LR: logistic regression, RF:
random forest, SVM: support vector machine; ECFP: fingerprint-based models, and image: 2-D structural representation-based models). For
each target protein (row), classifier performances are shown in shades of red (i.e., high performance) and blue (i.e., low performance) colours
according to Z-scores (Z-scores are calculated individually for each target). Rows are arranged in blocks according to target families. The height
of a block is proportional to the number of targets in its corresponding family (enzymes: 374, GPCRs: 212, ion channels: 33, nuclear receptors: 27,
and others: 58). Within each block, targets are arranged according to descending performance from top down with respect to DEEPScreen. Grey
colour signifies the cases, where learning was not possible. (c) MCC performance box plots in the 10-fold cross-validation experiment, to
compare DEEPScreen with the state-of-the-art DTI predictors.
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performance. According to the results of the multiple pairwise
comparison test (Bonferroni corrected t¢-tests), DEEPScreen
performed significantly better (compared to the best conven-
tional classifier for each target) for 9 of the 17 representative
targets (ie., genes MAPK14, REN, DPP4, LTA4H, CYP3A4,
ADRB1, NPY2R, ESR1, and XIAP), which constitutes 71%, 50%,
50% and 50% of enzymes, GPCRs, nuclear receptors and
‘others’ families, respectively (p-value < 0.001). Whereas, the
best conventional classifier managed to significantly beat
DEEPScreen only for 2 representative targets (i.e., genes JAK1
and RARB), which constitute 14% and 25% of enzymes and
GPCRs, respectively (p-value < 0.001). For the rest of the repre-
sentatives (6 targets), there was no statistically significant
difference between DEEPScreen and the conventional classi-
fiers. The results indicate that DEEPScreen's dominance is
mostly statistically significant.

To examine the test results in relation to potential perfor-
mance affecting factors, we first checked the correlation
between the performances of different classifiers to observe the
overlap and the complementarity between different ML algo-
rithms and featurization approaches. Spearman rank correla-
tion between the performance (MCC) distribution of
DEEPScreen and the state-of-the-art (i.e., LR, RF and SVM with
fingerprint-based features) was around 0.25 (against LR-ECFP
and RF-ECFP) and 0.51 (against SVM-ECFP), indicating only
a slight relation and thus, a potential complementarity (as also
indicated in Fig. 3B). However, the rank correlation between LR-
ECFP and RF-ECFP was 0.97 indicating a high amount of
overlap and possibly no complementarity. The correlation
between LR-ECFP (or RF-ECFP) and SVM-ECFP was around 0.62,
just slightly higher than DEEPScreen vs. SVM-ECFP. It was
interesting to observe that DEEPScreen's performance rank was
more similar to that of SYM-ECFP than LR-ECFP or RF-ECFP. To
check if the difference between DEEPScreen and LR/RF is due to
the employed algorithmic approach or due to the featurization
approach, we checked the correlation between DEEPScreen and
LR that used image features (i.e., LR-Image), which resulted in
a correlation value of 0.68, whereas the rank correlation
between LR-ECFP and LR-Image was only 0.21. These results
demonstrated that the low correlation between DEEPScreen
and LR-ECFP (or RF-ECFP) was mainly due to the difference in
featurization, and there is possibly a complementarity between
the featurization approaches of using molecular structure
fingerprints and 2-D images of compounds. Also, the observed
high performance of DEEPScreen indicated that deep convolu-
tional neural networks are successful in extracting knowledge
directly from the 2-D compound images. A pairwise all-against-
all Spearman rank correlation matrix is given in the ESI Table
S5.1

After that, we checked if there is a relation between training
dataset sizes and the performance of the models, since deep
learning-based methods are often reported to work well with
large training sets. For this, we calculated the Spearman rank
correlation between DEEPScreen performance (MCC) and the
dataset sizes of 704 target proteins, and the resulting value was
—0.02, indicating no correlation. The results were similar when
LR and RF were tested against the dataset sizes (—0.08 and
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—0.02, respectively). However, the result for SVM was 0.20,
indicating a slight correlation. Finally, we checked the average
dataset size of 356 target proteins, on which DEEPScreen per-
formed better (MCC) compared to all conventional classifiers
and found the mean value as 629 active compounds; we also
calculated the average dataset size of the models where the
state-of-the-art approaches performed better compared to
DEEPScreen and found the mean value as 542 active
compounds. The difference in the mean dataset sizes indicates
that DEEPScreen performs generally better on larger datasets.

Next, we applied a statistical test to observe if there are
significantly enriched compound scaffolds in the training
datasets of target proteins, where DEEPScreen performed better
compared to the state-of-the-art approaches. For this, we first
extracted Murcko scaffolds*® of both active and inactive
compounds of 704 DEEPScreen targets, using the RDKit scaffold
module. Scaffold extraction resulted in a total of 114 269 unique
Murcko scaffolds for 294 191 compounds. Then, we divided
each scaffold's statistics into four groups: (i) the number of
occurrences in the active compound datasets of targets where
DEEPScreen performed better, (ii) the number of occurrences in
the active compound datasets of targets where the state-of-the-
art classifiers performed better, (iii) the number of occurrences
in the inactive compound datasets of targets where DEEPScreen
performed better, and (iv) the number of occurrences in the
inactive compound datasets of targets where state-of-the-art
classifiers performed better. Using these four groups, we
calculated the Fisher's exact test significance (p-value) for the
decision on the null hypothesis that there are no non-random
associations between the occurrence of the corresponding
scaffold in the DEEPScreen dominated target models and the
state-of-the-art classifier dominated models. With a p-value
threshold of 1 x 10~°, we identified 140 scaffolds, 61 of which
were enriched in the DEEPScreen dominated target models.
With the aim of reducing the extremely high number of unique
scaffolds, we repeated the exact same procedure by using the
generalized versions of the identified scaffolds. The general-
ization procedure (using RDKkit) reduced the number of unique
scaffolds to 55 813. The statistical test resulted in a total of 211
significant generalized scaffolds, 101 of which were enriched in
the DEEPScreen dominated target models. Although we
managed to identify several significant scaffolds, most of them
were presented in the datasets of only a few targets. The most
probable reason behind this was the high diversity of
compounds in the DEEPScreen training datasets. SMILES
representations of significant scaffolds and significant gener-
alized scaffolds are given together with their respective p-values
in tabular format, in the repository of DEEPScreen.

As a specific prediction example, ESI Fig. S31 displays the
structural representation of Tretinoin-RXRBeta interaction, an
actual approved medication, which was correctly identified by
DEEPScreen during the performance tests. None of the
conventional classifiers were able to predict this interaction.
Tretinoin (all-trans-retinoic acid) is an anti-cancer drug used for
the treatment of acute promyelocytic leukaemia (APL), among
other uses. Tretinoin binds retinoic acid receptor (RAR) family
proteins (agonist) to regulate multiple biological processes.*”**
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2.4.2 Performance evaluation and comparison of
similarity-based split datasets. We compared the results of
DEEPScreen with multiple state-of-the-art methods and highly
novel DL-based DTI prediction approaches (please see the ESI,
Section 1.3, for more information about these methods) by
employing four non-random split datasets (i.e., representative
targets benchmark, temporal/time split dataset, MUV and DUD-
E).

2.4.2.1 Comparison with the state-of-the-art using our scaffold
split dataset. In order to test DEEPScreen free from chemical
and negative selection biases and to identify its potential to
predict completely novel interacting drug candidate
compounds for the intended target proteins, we carefully con-
structed target specific active/inactive compound datasets with
a structural train-test split and collectively named it the repre-
sentative target benchmark dataset (please see the Methods
section for more information on this dataset). The newly con-
structed representative target benchmark dataset was used to
train and test DEEPScreen along with the same state-of-the-art
approaches used in virtual screening (i.e., LR, RF and SVM
with fingerprint-based features). Fig. 4a displays the perfor-
mance results (MCC) on different representative targets. As
observed, on average, DEEPScreen was the best performer with

(a)
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amedian MCC of 0.71, whereas the best state-of-the-art method,
LR, scored a median MCC of 0.6. RF performed similarly to LR
on average and on most of the targets individually, and SVM
could not manage to learn from the challenging datasets of 4
targets, where it scored MCC = 0. Out of the 17 representative
targets, DEEPScreen was the best performer for 13 of them,
where the combined performance of the state-of-the-art
methods managed to beat DEEPScreen on 4 targets. Consid-
ering the target protein families, DEEPScreen was the best
performer for 71% of the enzymes, 100% of GPCRs and ion
channels, and 50% of the nuclear receptors and 'others' fami-
lies. The results indicate the effectiveness of the proposed
approach in terms of producing interacting compound predic-
tions with completely different scaffolds compared to the scaf-
folds present in the training datasets. Chemical and negative
bias eliminated representative target benchmark datasets are
shared in the repository of DEEPScreen.

To benchmark DEEPScreen on an additional structural train-
test split dataset and to compare it with the state-of-the-art, we
employed the Maximum Unbiased Validation (MUV) dataset.
Since MUV is a standard reference dataset that is frequently
used to test virtual screening methods, our results are also
comparable with other studies that employed the MUV
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Fig. 4 Predictive performance evaluation and comparison of DEEPScreen against the state-of-the-art DTI prediction approaches, on scaffold-
split benchmarks: (a) bar plots of MCC values on representative targets dataset; (b) bar plots of MCC values on the MUV dataset.
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benchmark. We trained DEEPScreen prediction models for 17
MUV targets using the given training split and calculated
performance on the test split. We repeated the procedure using
the conventional classifiers LR and RF that use fingerprint
feature vectors. We left SVM out of this analysis based on its
significantly inferior performance in the previous tests. The
MUV performance results are shown in Fig. 4b with MCC bar
plots for DEEPScreen, LR and RF. As observed from this figure,
DEEPScreen had a higher performance on 15 out 17 targets,
DEEPScreen and RF had the same performance on 1 target and
there was a performance draw on the remaining target. Out of
the 15 targets that DEEPScreen performed better on, the
performance difference was highly pronounced on 14 of them.
The mean MCC for DEEPScreen, LR and RF was 0.81, 0.43 and
0.63, respectively, indicating a clear performance difference on
a bias free benchmark dataset.

2.4.2.2 Comparison with novel DL-based DTI prediction
methods using multiple benchmarks. For the DL-based DTI
prediction method comparison analysis, we employed three
benchmarks: temporal split, MUV and DUD-E (please refer to
the Methods section for more information on these benchmark
sets). We re-trained and tested DEEPScreen using the exact
same experimental settings and evaluation metrics that were
described in the respective articles."**>%* Two of these data-
sets (i.e., MUV and DUD-E) are frequently employed in DTI
prediction studies and the performance results of DEEPScreen
on these datasets will also be comparable with future studies,
where the same benchmark sets (together with the same train/
test methodology) are employed. The results of this analysis
reflect both the benefits of using 2-D images of compounds as
the input and the constructed DCNN-based architecture. It is
important to mention that in each of these benchmark tests,
DEEPScreen was trained with only the training portion of the
corresponding benchmark dataset (ie., MUV, DUD-E or
ChEMBL temporal split set); in other words, our fundamental
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training dataset (Fig. 2) was not used at all. As a result, the
number of training instances was significantly lower, which
resulted in lower performances compared to what could have
been achieved by using the regular predictive models of
DEEPScreen.

Table 1 shows the results of DEEPScreen along with the
performances reported in the respective articles (including both
novel DL-based methods and the state-of-the-art approaches).
As shown, DEEPScreen performed significantly better compared
to all methods on the ChEMBL temporal split dataset. Lenselink
et al. employed Morgan fingerprints (i.e., ECFPs*) at the input
level as the compound feature, which currently is the most
widely used (state-of-the-art) ligand feature type for DTI
prediction. On their temporal split test dataset, DEEPScreen
performed 36% better compared to the best model in the study
by Lenselink et al. (i.e., multi-task DNN PCM - proteochemo-
metics, also a deep learning based classifier), indicating the
effectiveness of employing 2-D image-based representations as
input features.

DEEPScreen was the best performer on the MUV dataset
(Table 1), by a small margin, compared to the graph convolu-
tional neural network (GCNN) architecture proposed by Kearnes
et al.™ It is interesting to compare DEEPScreen with GCNN
models since both methods directly utilize the ligand atoms
and their bonding information at the input level, with different
technical featurization strategies. Nevertheless, the classifica-
tion performance of both methods on the MUV dataset was
extremely high and more challenging benchmark datasets are
required to analyse their differences comprehensively. The
performance difference between DEEPScreen (or GCNN) and
most of the DL-based methods with conventional features such
as the molecular fingerprints (as employed in Ramsundar
et al.*®) indicate the improvement yielded by novel featurization
approaches. It is also important to note that the performance
results given for LR and RF on the MUV results section of Table

Table 1 The average predictive performance comparison between DEEPScreen and various novel DL-based and conventional DTI predictors

Dataset Reference Method/architecture Performance (metric)
ChEMBL DEEPScreen: DCNN with 2-D images 0.45 (MCC)
temporal-split dataset
Lenselink et al.'® Feed-forward DNN PCM (best model) 0.33 (MCC)
Feed-forward DNN 0.30 (MCC)
SVM 0.29 (MCC)
LR 0.26 (MCC)
RF 0.26 (MCC)
Naive Bayes 0.10 (MCC)
Maximum unbiased DEEPScreen: DCNN with 2-D images 0.88 (AUROC)
validation (MUV) dataset
Kearnes et al.' Graph convolution NNs (W,N,) 0.85 (AUROC)
Ramsundar et al.*® Pyramidal multitask neural net (PMTNN) 0.84 (AUROC)
Multitask neural net (MTNN) 0.80 (AUROC)
Single-task neural net (STNN) 0.73 (AUROC)
RF 0.77 (AUROC)
LR 0.75 (AUROC)
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1 were calculated by Ramsundar et al.; however, LR and RF MUV
benchmark results that we provided in Fig. 4b were calculated
by us.

We also tested DEEPScreen on the DUD-E dataset and ob-
tained a mean performance of 0.85 area under receiver oper-
ating characteristic curve (AUROC). DTI prediction methods
utilizing 3-D structural information such as AtomNet' and
those reported by Gonczarek et al.>® and Ragoza et al.>® also
employed this dataset and achieved similar predictive perfor-
mances. However, their results are not directly comparable with
DEEPScreen since these methods utilize both target and ligand
information at the input level and reserved some of the targets
(along with their ligand information) for the test split during
the performance analysis. Also, structure-based methods are
usually benchmarked by their success in ranking several dock-
ing poses and/or success in minimizing the atomic distances
from native binding poses, instead of providing binary predic-
tions as active/inactive. It is important to note that the methods
employing 3-D structural features of the target proteins may
provide better representations to model DTIs at the molecular
level; however, they are highly computationally intensive. Also,
3-D structural information (especially the target-ligand
complexes) is only available for a small portion of the DTI space;
as a result, their coverage is comparably low and they generally
are not suitable for large-scale DTI prediction. It is also
important to note that the DUD-E benchmark dataset is re-
ported to suffer from negative selection bias problem,* and
thus, the results based on this dataset may not be conclusive.

Next, we demonstrated the predictive potential of DEEP-
Screen by two case studies through in vitro experimentation and
molecular docking case studies.

2.5 In vitro validation of JAK proteins as DEEPScreen
predicted cladribine targets

Cladribine (2-chlorodeoxyadenosine (2-CDA)) is a well-known
purine nucleoside analog which is approved as an anti-
neoplastic agent in some of forms of lymphoma, leukemia
and immunosuppressive drug in multiple sclerosis.>®** In this
analysis, we predicted a set of protein targets for cladribine with
the DEEPScreen system, as a case study. JAK1, JAK2 and JAK3
were on the prediction list (Table S41), none of which were
previously reported to be the target of cladribine, to the best of
our knowledge albeit there are studies indicating the involve-
ment STAT protein phosphorylation with cladribine treatment
in multiple myeloma cells.**** Since JAK/STAT signaling was
involved in both lymphoblastic diseases and immune response
and since it has been previously reported that it might be
involved in cladribine action, we pursued to validate cladribine
and JAK/STAT DEEPScreen prediction in vitro.

The Janus kinase/signaling transducers and activators of the
transcription (JAK/STAT) pathway, activated by cytokines and
growth factors, play important roles in the immune system, cell
survival, cell proliferation and cell death, and tumor develop-
ment.> The signal transducer and activator of transcription 3
(STAT3) is one of the downstream effectors of JAK proteins.
Upon JAK stimulation, STAT3 is phosphorylated and acts as the
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transcription activator. Initially cytotoxic activities of cladribine
were assessed on hepatocellular carcinoma cell lines, Huh7,
HepG2, and Mahlavu, which were reported to have adequate
JAK signaling.*® IC5, values of cladribine on HCC cells (3 M, 0.1
uM, and 0.4 uM for Huh7, HepG2, and Mahlavu cells, respec-
tively) demonstrated that cladribine displays cytotoxic bioac-
tivities on these cells (Table S31). We then tested the effect of
cladribine on the phosphorylation of the downstream effector
protein STAT3, in order to validate our interaction prediction.
Our data with cladribine treated HCC cells clearly demonstrated
an alteration in phosphorylation of the STAT3 complex associ-
ated signal in flow cytometry (14.5%, 52%, and 17% in Huh7,
Mahlavu and HepGz2, respectively), when compared to DMSO
controls (Fig. 5¢). The changes of protein levels of STAT3 were
also controlled with protein electrophoresis (Fig. 5f). It is a well-
known fact for immune cells that the activation of STAT3
induces the expression of proapoptotic genes such as caspase
and induces apoptosis.*® Also, there are studies stating that
activation of JAK/STAT3 signaling through cytokines induce
programmed cell death.’” We also demonstrated that cladribine
treatment leads to apoptotic cell death with G1/S phase cell
cycle arrest (Fig. 5d and e) and finally, a direct STAT3 phos-
phorylation at tyrosine 705 upon cladribine treatment. DEEP-
Screen predictions for cladribine identified JAK proteins as
candidate targets of this well-known drug, and our experimental
data validated that cladribine acts on JAK/STAT3 signaling and
induces apoptosis in HCC cells.

2.6 DEEPScreen predicts new small molecules potentially
acting on renin protein

To further indicate that DEEPScreen is able to identify new
potential inhibitors for the modelled target proteins, we con-
ducted a molecular docking-based case study on human renin
protein. Renin is an enzyme that generates angiotensin I from
angiotensinogen in the plasma, as a part of the renin-angio-
tensin-aldosterone hormonal system (RAAS).”® Renin is tar-
geted using small molecule inhibitors, with the aim of
regulating arterial blood pressure (e.g., Aliskiren, an approved
drug licensed to treat hypertension).”® Studies suggest the
requirement of novel renin inhibitors due to reported cases of
hyperkalaemia and acute kidney injury in both mono and
combination therapies of the approved/investigational renin
and other RAAS system members' inhibitors.®* In order to
propose new potential renin inhibitors, we run the DEEPScreen
human renin protein model on nearly 10 000 approved/
investigational small molecule drugs recorded in the Drug-
Bank database, 795 of which have been predicted as interacting.
For docking, we randomly selected drugs from this prediction
set as cortivazol (glucocorticoid, investigational drug), miso-
prostol (prostaglandin, approved drug), lasofoxifene (estrogen
receptor modulator, approved drug) and sulprostone (prosta-
glandin, investigational drug). As far as we are aware, the pre-
dicted drug molecules have never been screened against renin
via in silico, in vitro or in vivo assays. We also docked two
molecules with known crystal complex structures with renin,
which were aliskiren and remikiren, as reference for the
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Fig. 5 JAK downstream effector alteration in the presence of cladribine. (a) Live cell images for cladribine treated cells before (OH) and after 72
hours of treatment (72H). (b) Flow cytometry histogram of the phosphorylated STAT3 protein complex in Mahlavu, Huh7 and HepG2 cells. (c)
STAT3 protein complex levels in Mahlavu, Huh7 and HepG2 cells detected and assessed with Phospho-Tyr705 antibodies. (d) Cell cycle analysis:
(e) apoptotic cells characterized by annexin V assay. (f) Changes in protein expression levels of STAT3 related to cladribine treatment. Bar graphs
represent normalized STAT3 and phospho-STAT3 compared to calnexin. DMSO was used as the vehicle control.
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Fig. 6 A case study for the evaluation of DEEPScreen predictions. (a) 3-D structure of the human renin protein (obtained from PDB id: 2REN), together
with the 2-D representations of selected active (connected by green arrows) and inactive (connected by red arrows) ligand predictions in the predictive
performance tests (the true experimental screening assay activities — ICso — are shown under the corresponding images). Also, 2-D images of selected
truly novel predicted inhibitors of renin (i.e., cortivazol, lasofoxifene and sulprostone) are displayed (connected by blue arrows) together with the estimated
docking Ky values. (b) Renin—aliskiren crystal structure (PDB id: 2V0Z, aliskiren is displayed in red color) and the best poses in the automated molecular
docking of DEEPScreen predicted inhibitors of renin: cortivazol (blue), lasofoxifene (green) and sulprostone (violet), to the structurally known binding site of
renin (gold color), displaying hydrogen bonds with light blue lines. The docking process produced sufficiently low binding free energies for the novel
inhibitors, around the levels of the structurally characterized ligands of renin, aliskiren and remikiren, indicating high potency.
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binding energy comparison with the predicted molecule dock-
ings. The binding free energies (AG) of aliskiren and remikiren
were estimated to be —13.9 and —10.5 kecal mol ™" (K3 = 0.06
and 19 nM) at their best pose, respectively. The AG values of
cortivazol, lasofoxifene, misoprostol and sulprostone were
estimated to be —11.4, —10.5, —9.1 and —12.1 kcal mol * (Ky4 =
4.1,18.9, 202 and 1.3 nM), respectively. In Fig. 6, active/inactive
test dataset predictions and selected completely novel inhibitor
predictions (i.e., cortivazol, lasofoxifene and sulprostone) for
human renin protein are shown along with the best poses in
their docking with the renin binding site.

In order to further validate the selected new prediction
results, we randomly selected 4 drug molecules from the set of
inactive (i.e., non-interacting) predictions of the renin target
protein model and carried out molecular docking analysis using
the exact same procedure applied for the active predictions of
renin. The molecules randomly selected for docking were ace-
tylsalicylic acid - aspirin (cyclooxygenase inhibitor, approved
drug), calcifediol (vitamin D receptor agonist, approved drug),
difluprednate (glucocorticoid receptor agonist, approved drug)
and mivacurium (muscle-type nicotinic acetylcholine receptor
antagonist, approved drug). The docking binding free energies
(AG) were found to be —5.8, —9.5, —8.9 and —6.7 kcal mol ™" for
acetylsalicylic acid, calcifediol, difluprednate and mivacurium,
respectively. As indicated by the high binding free energy
measurements for acetylsalicylic acid, difluprednate and miva-
curium, the negative predictions are validated in three out of
four cases. For calcifediol, it was not possible to reach a clear
conclusion since the resulting binding free energy was close to
a generally accepted rough threshold to assume a potential
activity (i.e., —10 kcal mol ™). The results of the docking analysis
indicate that DEEPScreen has the potential to predict novel
inhibitors for renin with predicted potencies around the levels
of its approved/investigational drug ligands (in 3 out of 4
selected cases). However, extensive further investigation is
required to verify these results and to indicate that these pre-
dicted small molecules can actually bind renin, since docking
analysis alone cannot reliably represent binding.

2.7 Large-scale production of the novel DTI predictions with
DEEPScreen

The DEEPScreen system was applied to more than a million
small molecule compound records in the ChEMBL database
(v24) for the large-scale production of novel DTI predictions. As
a result of this run, a total of 21 481 909 DTIs were produced
(i.e., active bio-interaction predictions) between 1 339 697
compounds and 532 targets. Out of these, 21 151 185 DTIs
between 1 308 543 compounds and 532 targets were completely
new data points, meaning that they are not recorded in
ChEMBL v24 (the prediction results are available in the repos-
itory of DEEPScreen). Apart from this, newly designed
compounds that are yet to be recorded in the ChEMBL database
can also be queried against the modelled targets using the stand
alone DEEPScreen models available in the same repository.
We carried out a statistical analysis in order to gain an
insight into the properties of the compounds predicted for the

This journal is © The Royal Society of Chemistry 2020
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members of the high level protein families in the large-scale DTI
prediction set. For this, an ontology based enrichment test was
conducted (i.e., drug/compound set enrichment) to observe the
common properties of the predicted compounds. In the
enrichment analysis, over-represented annotations (in terms of
ontology terms) are identified for a query set and ranked in
terms of statistical significance.®> The enrichment tests was
done for ChEBI structure and role definitions,* chemical
structure classifications and ATC (Anatomical Therapeutic
Chemical Classification System) codes,* together with experi-
mentally known target protein and protein family information
of the predicted compounds (source: ChEMBL, PubChem and
DrugBank), functions of these experimentally known target
protein and families (Gene Ontology®), and disease indications
of these experimentally known target protein and families
(MESH terms® and Disease Ontology®’). Multiple online tools
have been used for this analysis: CSgator,*> BINChE®*® and
DrugPattern.®

Since the compounds in the query sets have to be annotated
with the abovementioned ontology based property defining
terms, we were able to conduct this analysis on a subset of the
compounds in the DTI prediction set (i.e., nearly 30 000
ChEMBL compounds for ChEBI ontology and 10 000 small
molecule drugs from DrugBank v5.1.1 for the rest of the
ontology types, with a significant amount of overlap between
these two). The overall prediction set used in the enrichment
analysis was composed of 377 250 predictions between these
31 928 annotated compounds and 531 target proteins. It was
not possible to carry out an individual enrichment analysis for
the predicted ligand set of each target protein due to a high
number of targets (i.e., 704). Instead, we analyzed the ligand set
predicted for each target protein family (i.e., enzymes, GPCRs,
nuclear receptors, ion channels and others) together with an
individual protein case study considering the renin protein. For
each protein family, the most frequently predicted 100
compounds, each of which has been predicted as active for
more than 10% of the individual members of the respective
target family, are selected and given as input to the enrichment
analysis (i.e., a compound should be annotated to at least 38
enzymes in order to be included in the enrichment analysis set
of the enzymes, since there are 374 enzymes in total). The
reason behind not using all predicted compounds was that
there were a high number of compounds predicted for only 1 or
2 members of a target family, which add noise to the analysis
when included. ChEMBL ids of the compounds predicted for
each target family are given in the repository of the study
together with their prediction frequencies.

The results of the enrichment analysis are shown in Table 2,
where rows correspond to target protein families and columns
correspond to different ontology types. For each protein family -
ontology type combination, selected examples from the most
enriched terms are given considering p-values, which are
calculated as described in the respective papers of CSgator,
BINChE and DrugPattern tools. In the cases of numerous
enriched terms existing, representative terms were selected
from a group of closely related enriched ontological terms, as
shown in Table 2. The first observation from Table 2 is the high
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