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We develop a network-based deep learning methodology, termed
deepDTnet, for novel target identification and in silico drug
repurposing. deepDTnet employs a deep neural network algorithm to
learn the relationship between drugs and targets in the heterogeneous
drug-gene-disease network. deepDTnet shows high accuracy and
robustness in identifying novel molecular targets for known drugs.

We experimentally validate that deepDTnet-predicted topotecan

(an approved topoisomerase inhibitor) has a high inhibitory activity
(IC50=0.43 uM) on human ROR-yt. Importantly, deepDTnet-predicted
topotecan reveals a potential therapeutic effect in experimental
autoimmune encephalomyelitis, a mouse model of multiple sclerosis. See Feixiong Cheng et al.,
Chem. Sci., 2020, 11, 1775.
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Introduction

Target identification among known drugs by deep
learning from heterogeneous networks+

Xiangxiang Zeng,1? Siyi Zhu,® Weigiang Lu, 1€ Zehui Liu,1® Jin Huang, © ¢ Yadi Zhou,®
Jiansong Fang,® Yin Huang,®" Huimin Guo,’ Lang Li,? Bruce D. Trapp,”
Ruth Nussinov, &1 Charis Eng,*“™ Joseph Loscalzo® and Feixiong Cheng & *K!

Without foreknowledge of the complete drug target information, development of promising and affordable
approaches for effective treatment of human diseases is challenging. Here, we develop deepDTnet, a deep
learning methodology for new target identification and drug repurposing in a heterogeneous drug—gene—
disease network embedding 15 types of chemical, genomic, phenotypic, and cellular network profiles.
Trained on 732 U.S. Food and Drug Administration-approved small molecule drugs, deepDTnet shows
high accuracy (the area under the receiver operating characteristic curve = 0.963) in identifying novel
molecular targets for known drugs, outperforming previously published state-of-the-art methodologies.
We then experimentally validate that deepDTnet-predicted topotecan (an approved topoisomerase
inhibitor) is a new, direct inhibitor (ICs9 = 0.43 puM) of human retinoic-acid-receptor-related orphan
receptor-gamma t (ROR-yt). Furthermore, by specifically targeting ROR-yt, topotecan reveals a potential
therapeutic effect in a mouse model of multiple sclerosis. In summary, deepDTnet offers a powerful
network-based deep learning methodology for target identification to accelerate drug repurposing and
minimize the translational gap in drug development.

the complete drug target information (i.e., the molecular
‘promiscuity’ of drugs), developing promising strategies for

A recent study estimates that pharmaceutical companies spent
$2.6 billion in 2015, up from $802 million in 2003, in the
development of a new U.S. Food and Drug Administration
(FDA)-approved drug.' One of the primary factors for the
increased cost is the high failure rate of randomized control
trials that are expensive and time-consuming to conduct.>® The
classical hypothesis of ‘one gene, one drug, one disease’ in the
drug discovery paradigm may have contributed to the low
success rate in drug development. Without prior knowledge of
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efficacious treatment of multiple complex diseases is chal-
lenging, owing to unintended therapeutic effects or multiple
drug-target interactions leading to off-target toxicities and
suboptimal effectiveness.*

Identification of molecular targets for known drugs is
essential to improve efficacy while minimizing side effects in
clinical trials.>® However, experimental determination of drug-
target interactions is costly and time-consuming.” Computa-
tional approaches offer novel testable hypotheses for
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systematic, unbiased identification of molecular targets of
known drugs.*™

Several published state-of-the-art methodologies focused on
utilizing drug or target information from homogeneous
networks. Xia et al. proposed a semi-supervised learning
method for prediction of drug-target interactions (DTI) under
the bipartite local model concept, named NetLapRLS."> Net-
LapRLS applied Laplacian regularized least square and incor-
porated both similarity and DTI kernels into the prediction
framework. Another study used a kernelized Bayesian matrix
factorization with twin kernels to predict DTIs, termed
KBMF2K.** KBMF2K utilized dimensionality reduction, matrix
factorization, and binary classifier in predicting DTIs. Specifi-
cally, KBMF2K proposed a joint Bayesian formulation to project
drugs and targets/proteins into a unified subspace using che-
moinformatics and bioinformatics similarities in inferring new
DTIs."* Homogeneous network-derived methodologies showed
a limited accuracy in inferring novel DTISs.

Recent remarkable advances of omics technologies and
systems pharmacology approaches have generated considerable
knowledge from chemical,® phenotypic,” genomic," and
cellular networks.*>'* A network integrating these parameters
makes it possible to infer whether two drugs share a target. The
drug-target network is a bipartite graph composed of FDA-
approved drugs and proteins linked by experimentally vali-
dated drug-target/protein binary associations.'® Network-based
approaches have been adopted for target identification for
known drugs, which helps counter side effects and accelerate
drug repurposing.**** However, traditional network topology-
based algorithms are based on a single homogeneous drug-
target network, and perform poorly on low connectivity (degree)
drugs in known drug-target networks. Heterogeneous data
sources provide diverse information and a multi-view perspec-
tive in predicting novel DTIs. Incorporating heterogeneous data
can potentially boost the accuracy of DTI prediction and offer
new insights into drug repurposing. Luo et al.'’ utilized an
unsupervised manner to learn low-dimensional feature repre-
sentations of drugs and targets from heterogeneous networks,
termed DTINet. DTINet applied inductive matrix completion™®
to predict novel DTIs based on the learned features. Subse-
quently, the same group further proposed, NeoDTI,* a neural
network-based approach, for DTI prediction with an improved
performance. Yet, the features learned from the unsupervised
learning procedure did not capture non-linearity and randomly
selected drug-target pairs as negative samples often cause
potential false positive rate. How to integrate large-scale
chemical, genomic, and phenotypic profiles with publicly
available systems biology data efficiently to accelerate target
identification and drug development is an essential task in both
the academic and industrial communities.

In this study, we develop a network-based deep learning
methodology, denoted deepDTnet, for in silico identification of
molecular targets for known drugs. Specifically, deepDTnet
embeds 15 types of chemical, genomic, phenotypic, and cellular
networks (Fig. 1) to generate biologically and pharmacologically
relevant features through learning low-dimensional but infor-
mative vector representations for both drugs and targets (Fig. 2).
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The central unifying hypothesis is that a pharmacologically
relevant, systems-based network analysis of large-scale biolog-
ical networks will be more interpretable, visualizing prediction
of molecular targets for known drugs compared to traditional
‘black box’ machine-learning methods. This process is chemical
biology-intuitive because it is analogous to drug target identi-
fication, which often involves medicinal chemists relating
a drug to the drug-target database of similar drugs they have
seen. Via systematic evaluation, deepDTnet computationally
identifies thousands of novel drug-target interactions with high
accuracy, outperforming previously published approaches. In
comparison to existing computational approaches, there are
two significant improvements in deepDTnet: (1) we proposed
a deep neural networks for graph representations (DNGR)
algorithm® to learn low-dimensional but informative vectors
representations for both drugs and targets by a unique inte-
gration of large-scale chemical, genomic, and phenotypic
profiles, outperforming previously published approaches; and
(2) owing to the lack of experimentally reported negative
samples (non-interactions between drugs and targets) from the
publicly available databases, we employed the Positive-
Unlabeled (PU)-matrix completion algorithm to low-rank
matrix completion, which is able to infer whether two drugs
share a target without negative samples as input. Importantly,
we validate the deepDTnet experimentally and demonstrate
a potential drug repurposing application in a mouse model of
multiple sclerosis. Taken together, if broadly applied, deep-
DTnet offers a powerful deep learning methodology by exploit-
ing advances in big and diverse biomedical data for accelerating
target identification and drug repurposing.

Results
Overview of deepDTnet

Here, we develop a network-based, deep learning methodology,
deepDTnet, for in silico identification of molecular targets
among known drugs. Specifically, deepDTnet integrates two key
steps: (1) we apply a deep neural network algorithm for network
embedding, which embeds each vertex in a network into a low-
dimensional vector space; and (2) due to lack of publicly avail-
able negative samples, we use a PU-matrix completion algo-
rithm, which is a vector space projection scheme, for predicting
novel drug-target interactions. As shown in Fig. 1, we firstly
build a heterogeneous network connecting drugs, targets, and
diseases by integrating 15 types of chemical, genomic, pheno-
typic, and cellular network profiles (see Methods). deepDTnet
then embeds in total 15 networks (Tables S1 and S27) to learn
low-dimensional but informative vector representations for
both drugs and targets using a DNGR algorithm? (Fig. 2). After
learning the low-dimensional feature vectors, the optimization
is modified compared to low-rank matrix completion. For any
given drug-target pair, it is difficult to verify unobserved
evidence that such a connection is, indeed, nonexistent, or
hidden, owing to lack of reported negative samples from
publicly available literatures. We, thus, employ the PU-learning
formulation to low-rank matrix completion, which is able to
infer whether two drugs share a target (see Methods).>"?>

This journal is © The Royal Society of Chemistry 2020
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Fig. 1 A diagram illustrating the workflow of deepDTnet. DeepDTnet embeds the 15 types of chemical, genomic, phenotypic, and cellular
networks and applies a deep neural network algorithm to learn a low-dimensional vector representation of the features for each node (see ESI
Methodst). After learning the feature matrix X and Y for drugs and targets (i.e., each row in X and Y represents the feature vector of a drug or
a target, respectively), deepDTnet applies PU-matrix completion to find the best projection from the drug space onto target (protein) space, such
that the projected feature vectors of drugs are geometrically close to the feature vectors of their known interacting targets. Finally, deepDTnet
infers new targets for a drug ranked by geometric proximity to the projected feature vector of the drug in the projected space (see Methods).

High performance of deepDTnet

To evaluate the performance of deepDTnet, we first build
a drug-target network, including 5680 experimentally validated
drug-target interactions connecting 732 approved drugs and
1176 human targets (Table S37), by assembling the binding
affinity data from six data resources (see Methods). In a 5-fold

This journal is © The Royal Society of Chemistry 2020

cross-validation, 20% of the experimentally validated drug-
target pairs are randomly selected as the positive samples and
a matching number of randomly sampled non-interacting
(‘unobserved’) pairs are selected as the negative samples
serving as the test set. The remaining 80% of experimentally
validated drug-target pairs and a matching number of

Chem. Sci., 2020, M, 17751797 | 1777
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Fig. 2 A workflow illustrating the network embedding and performance of deepDTnet. (A) The deep neural networks model for graph repre-
sentations (DNGR) consists of three major steps: (i) a random surfing model to capture the graph structural information and generate a prob-
abilistic co-occurrence (PCO) matrix; (i) calculation of the shifted positive pointwise mutual information (PPMI) matrix based on the probabilistic
co-occurrence matrix; and (iii) a stacked denoising autoencoder to generate compressed, low-dimensional vectors from the original high-
dimensional vertex vectors. The learned low-dimensional feature vectors encode the relational properties, association information, and
topological context of each node in the heterogeneous drug—-gene—disease network (see Methods). (B and C) Performance of deepDTnet was
assessed by both (B) the area under the receiver operating characteristic curve (AUROC) and (C) the area under the precision-recall curve (AUPR)
of deepDTnet against top k predicted list during cross-validation. The experimentally validated drug—target interactions (Table S3+) are used to
evaluate the model performance.

1778 | Chem. Sci, 2020, N, 1775-1797

This journal is © The Royal Society of Chemistry 2020


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/c9sc04336e

Open Access Article. Published on 13 Janner 2020. Downloaded on 04.09.2025 20:34:58.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Edge Article

randomly sampled non-interacting pairs are used as the
training set. The area under the receiver operating character-
istic curve (AUROC) is 0.963 (Fig. 2B) and the area under the
recall versus precision curve (AUPR) is 0.969 and (Fig. 2C) for
deepDTnet. deepDTnet outperforms three previous state-of-the-
art approaches: DTINet," NetLapRLS (LapRLS),"”> and
KBMF2K" (Fig. 2B and C). In addition, deepDTnet outperforms
that of four traditional machine learning approaches, as well
(Fig. S1 and Table S4t), including random forest, support vector
machine, k-nearest neighbors, and naive Bayes.

We further focus on DTIs covering four classical druggable
target families: G-protein-coupled receptors (GPCRs), kinases,
nuclear receptors (NRs), and ion channels (ICs) (Fig. S27).
deepDTnet appears to capture sufficient information in iden-
tifying the known DTIs across all four well-known target fami-
lies: AUROCs are 0.950, 0.981, 0.948, and 0.969 for GPCR,
kinases, NR, and ICs, respectively. These observations indicate
the high accuracy of deepDTnet in practical drug discovery
applications (Fig. S3-S6%). In addition, deepDTnet shows high
accuracy in predicting novel targets for known drugs (Fig. S71),
and in predicting novel drugs for known targets (Fig. S871), as
well in both drug's and target's 10-fold cross-validation analysis,
indicating a high robustness.

Previous network-based approaches often show poor
performance for drugs or targets with low connectivity
(degree) in known drug-target networks.'®** We find that
deepDTnet shows high performance for drugs or targets with
both high and low connectivity (Fig. S9 and S107), suggesting
a low degree bias that is independent of the incompleteness of
existing networks. In addition, targets (proteins) have homo-
logs and drugs share similar chemical structures among each
other. We, therefore, evaluate the performance of deepDTnet
for high versus low similarity drugs or targets based on the
drug's chemical similarities or protein's sequence similarities,
respectively. deepDTnet reveals high performance for drugs
with both low and high chemical similarities (Fig. S11t), and
for targets with both low and high protein sequence similar-
ities (Fig. S127), as well, suggesting high robustness compared
to traditional chemical similarity-based or bioinformatics-
based approaches. We further collect the newest experimen-
tally validated DTIs from the DrugCentral database* as an
external validation set (see Methods). We find that deepDTnet
shows high performance (AUROC = 0.838 and AUPR = 0.861)
and outperforms the four traditional machine learning
approaches on this external validation set, as well (Table S51),
indicating a high generalizability.

Pharmacological interpretation of deepDTnet

We employ the t-SNE (t-distributed stochastic neighbor
embedding algorithm®) to further the
dimensional node representation learned by deepDTnet.
Specifically, t-SNE is a nonlinear dimensionality reduction
method that embeds similar objects in high-dimensional space
close in two dimensions (2D). Using t-SNE, we project drugs
grouped by the first-level of the Anatomical Therapeutic
Chemical classification system (ATC) code onto 2D space.

visualize low-

This journal is © The Royal Society of Chemistry 2020
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Fig. 3 Visualization of the learned drug and target vectors. Visualiza-
tion of the drug vector matrix and protein vector matrix learned by
network embedding using the t-SNE (t-distributed stochastic neighbor
embedding algorithm?). (A) The two-dimensional (2D) representation
of the learned vectors for 14 types of drugs grouped by the first-level
of the Anatomical Therapeutic Chemical Classification System codes
(http://www.whocc.no/atc/). We can observe that semantically similar
drugs are mapped to nearby representations. We assigned the drugs
with multiple ATC codes based on two criteria: (1) the majority rule of
ATC codes, and (2) manually checked and assigned by experts based
on common clinical uses. (B) An illustration of the learned vectors for
four well-known drug target families: G-protein-coupled receptors
(GPCRs), kinases, nuclear receptors (NRs), and ion channels (ICs), non-
linearly projected to 2D space for visualization by the t-SNE algorithm.

Fig. 3A shows that deepDTnet is able to distinguish 14 types of
drugs grouped by ATC codes, outperforming DTINet (Fig. S137).
We further visualize four types of druggable targets (GPCRs,
kinases, NRs, and ICs) in 2D space. Fig. 3B reveals that targets
within the same target family are geographically grouped, and
each group is well separated from each other, further demon-
strating the high embedding ability of deepDTnet. In addition,
low-dimensional vector representations identified by deep-
DTnet outperforms traditional network-based or bioinformatics
approaches (including protein sequence or Gene Ontology
[cellular component] similarity-based measures, Fig. 3B and
S147). Taken together, t-SNE analysis intuitively demonstrates
the high self-learning capabilities of deepDTnet to uncover,
model, and capture the underlying chemical structure and
semantic relationships between multiple types of drug or target
nodes in the heterogeneous networks (Fig. 3).
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deepDTnet uncovers new molecular targets for known drugs

To uncover new targets for known drugs, we prioritize the top
five predicted DTIs via deepDTnet for four target families:
GPCRs, kinases, NRs, and ICs. Fig. 4A shows a bipartite drug-
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target network covering novel predicted DTIs across four target
families. Here, we computationally identify 2214 DTIs con-
necting 79 GPCRs and 732 known drugs based on the top five
candidates ranked by deepDTnet-predicted scores. The top 10
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Fig. 4 The uncovered drug—target network via deepDTnet. (A) Computationally predicted drug—target networks for four well-known drug
target families: G-protein-coupled receptors (GPCRs), kinases, nuclear receptors (NRs), and ion channels (ICs). Drugs are grouped by the first-
level of the Anatomical Therapeutic Chemical classification system (ATC) codes (http://www.whocc.no/atc/). Drug targets comprise four groups,
GPCRs, kinases, NRs, and ICs. (B) An illustration of the mechanisms-of-action of the deepDTnet-predicted GPCRs for three approved drugs
validated by a recent high-throughput screening assay, for characterizing the mechanisms-of-action of their clinically reported adverse events.
The experimental data for the predicted the drug—-target interactions and the target-adverse events were collected from a recent study.?” The
clinically reported adverse events of known drugs were collected from metaADEDB.?®
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predicted GPCRs include HTR2A, ADRA2A, CHRM1, HTR2B,
CHRM2, HRH1, ADRB2, HTR2C, ADRB1, and DRD3 (Fig. 4A).
Compared to the known drug-target network (Fig. S27), the
computationally predicted DTIs by deepDTnet show a stronger
promiscuity on FDA-approved drugs (Fig. 4A). We next inspect
whether the predicted molecular targets by deepDTnet could
help explain the mechanism-of-action of known drugs for
characterizing their adverse effects or therapeutic effects by
network analysis.

Dobutamine is an approved sympathomimetic drug used in
the treatment of heart failure and cardiogenic shock by target-
ing betal-adrenergic receptors.”® A recent pharmacovigilance
study reported that dobutamine leads to several types of
cardiovascular complications,®® including palpitation, brady-
cardia, and hypertension (Fig. 4B). Via deepDTnet, we find that
dobutamine has potential interactions with several additional
GPCRs (Table S6T). Among the top 10 predictions ranked by
deepDTnet-predicted scores (Fig. 4B), five (DRD1, DRD2, DRD3,
ADRA2A, and ADRA2B) are validated by recently published
experimental data* (Table S61), including two novel
deepDTnet-predicted GPCRs: ADRA2A (ICso = 10.83 puM) and
DRD2 (ICs5, = 8.22 pM). Genetic studies showed that ADRA2A
plays a crucial role by regulation of systemic sympathetic
activity and cardiovascular responses, such as heart rate and
blood pressure.”®*” Thus, the deepDTnet-predicted off-targets,
such as ADRA2A and ADRA2B, may help explain the cardio-
vascular complications associated with dobutamine treatment
(Fig. 4B). Alosetron (a selective serotonin type-3 receptor
antagonist) and tegaserod (a 5-hydroxytryptamine receptor-4
agonist) were approved for the management of severe
diarrhea-predominant irritable bowel syndrome in women.*”
Subsequently, both drugs were withdrawn from the market due
to a potential risk of ischemic colitis®* and several adverse
cardiovascular effects, such as angina pectoris.** Multiple
polymorphisms in HTR2A, HTR1A, HTR2B, and HTR3C were
identified in patients with high blood pressure,*** metabolic
syndrome,** and obstructive sleep apnea.** Via deepDTnet, we
computationally identify several validated off-targets for alose-
tron and tegaserod (Table S61), which may help explain the
molecular mechanisms of several adverse effects, such as sleep
disorder and angina pectoris (Fig. 4B). For example, alosetron is
already annotated as activating HTR2B and tegaserod as acti-
vating HTR1A from the newest DrugCentral database?* (Fig. 4B).
Collectively, the molecular targets identified by deepDTnet offer
new mechanisms-of-action for characterizing adverse effects of
known drugs. We next examined whether the identified novel
molecular targets for known drugs by deepDTnet offer new
possibilities for treating other human diseases (e.g., drug
repurposing).

Experimental identification of topotecan as an antagonist of
retinoic-acid-receptor (RAR)-related orphan receptor-gamma t
(ROR-yt)

Nuclear receptors, ligand-activated transcription factors, play
important roles in biological processes.*® In the past several
decades, multiple small molecules that specifically target these
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receptors have been successfully approved for the treatment of
human diseases.*® RAR-related orphan receptor-gamma t (ROR-
vt) belongs to the nuclear receptor family of intracellular tran-
scription factors.*® Several ROR-yt antagonists are being inves-
tigated in various stages of drug development for the treatment
of inflammatory diseases.®” Fig. 4A shows that several known
drugs were predicted to have potential interactions with ROR-
vt, such as bexarotene, colchicine, tretinoin, tazarotene, and
adapalene. Among the top five novel candidates, bexarotene®®
and tazarotene® are reported to show potential activities on
ROR-vt.

We next experimentally tested the top 25 novel candidates
prioritized by deepDTnet. In total, 18 purchasable drugs for
ROR-vt were tested using a cell-based luciferase reporter assay
in a HEK293T cell line, a widely used cell line for ROR-yt
luciferase reporter assay* (see Methods). In this assay, GAL4-
ROR-yt, with fused human ROR-yt-LBD, and a GAL4 DNA
binding domain are co-transfected into HEK293T cells with
a luciferase reporter gene harboring the GAL4 response
element.”* Among 18 deepDTnet-predicted drugs, six drugs,
including tazarotene, norethindrone, rosiglitazone, bezafibrate,
topotecan, and spironolactone, have inhibitory activities greater
than 30% against human ROR-yt at a concentration of 10 uM
(Fig. 5A). Topotecan is the most potent inhibitor of ROR-yt with
an inhibitory activity of 71.0% at 10 pM. Furthermore, top-
otecan exhibits a dose-dependent antagonistic activity with an
ICso value of 0.43 = 0.02 pM in GAL4-ROR-yt expressing
HEK293T cells (Fig. 5B). No suppression is observed in the
control firefly luciferase activity experiments, indicating that
topotecan has no nonspecific or off-target effects on luciferase
(Fig. S15Af). In addition, topotecan has a minor effect on
HEK293T cell viability at the same concentration range in the
reporter assay, demonstrating a tolerable toxicity profile in
normal human cells (Fig. S15Bf). As topotecan is the most
potent compound in the luciferase reporter assay, we selected it
for further experimental validation.

Nuclear receptors execute their versatile transcriptional
functions by recruiting positive and negative regulatory
proteins, known as coactivators or corepressors, respectively.*
Agonists promote interactions between nuclear receptors and
coactivators, while antagonists either inhibit coactivator
binding or facilitate corepressor recruitment.*” To investigate
further the functional change of the binding of topotecan on
ROR-yt, we utilize a HTRF assay (see Methods) to evaluate
ligand-induced coactivator recruitment to ROR-yt. As shown in
Fig. 5C, topotecan disrupts the interaction of ROR-yt-LBD with
steroid receptor coactivator-1 (SRC-1) cofactor peptide in a dose-
dependent manner with an ICs, value of 6.65 £+ 0.02 pM. The
HTRF-based coactivator recruitment results indicate that top-
otecan directly binds to ROR-yt and regulates the interaction
between ROR-yt and SRC-1 peptide by inducing a conforma-
tional change on ROR-vt.

Circular dichroism (CD) is a powerful method for probing
protein and ligand interactions in solution.** Topotecan alters
the CD spectrum of ROR-vt, confirming the direct binding of
topotecan to ROR-yt-LBD (Fig. 5D). High-performance liquid
chromatography (HPLC) further indicates that topotecan
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Fig. 5 DeepDTnet-predicted topotecan is a novel ROR-yt antagonist. (A) The screening results of 18 deepDTnet-predicted drugs at 10 uM in
Gal4-based ROR-vt luciferase assay. (B) Topotecan (TPT) exhibits dose-dependent inhibition of ROR-vyt transcriptional activity in Gal4-based
luciferase reporter system. (C) TPT reveals dose-dependent inhibition of ROR-yt LBD and cofactor peptide SRC1 interaction in HTRF assay. (D)
Induced circular dichroism (CD) spectra reveals the direct binding of TPT to ROR-yt LBD. Data are representative of three independent
experiments. (E) High-performance liquid chromatography (HPLC) experiment indicates the binding of TPT to recombinant ROR-yt-LBD. (F) The
predicted ligand-protein binding mode between TPT and ROR-+yt using molecular docking (see Methods).

interacts with ROR-yt-LBD (Fig. 5E). Finally, we examine the
binding mode of topotecan to human ROR-yt using molecular
docking (see Methods). Fig. 5F reveals that topotecan interacts
with multiple important residues on human ROR-yt, such as
Arg364, Met365, GIn286, and Glu379. Specifically, topotecan
shows a direct hydrogen-bonding interaction with GIn286,

1782 | Chem. Sci, 2020, N, 1775-1797

consistent with previously experimental studies.** Fluorescence
quenching is a widely-used method to assess ligand-protein
binding through measuring the change of intrinsic fluores-
cence intensity.** Considering the presence of tryptophan resi-
dues in ROR-yt-LBD (Trp314 and Trp317), we turned to use
a fluorescence-quenching assay to further verify the direct
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interaction between the topotecan and ROR-yt-LBD. As shown
in Fig. S16,7 ROR-yt-LBD has a maximal fluorescence intensity
at 337 nm and topotecan induces a dose-dependently fluores-
cence quenching of ROR-yt-LBD, suggesting a direct binding of
topotecan to ROR-yt-LBD. Of note, topotecan has negligible
intrinsic fluorescence within the given wavelength range. To
determine the binding capacity of topotecan and ROR-yt-LBD,
the fluorescence data were further analyzed using a modified
Stern-Volmer equation.*® Fig. S161 shows a strong binding
affinity of topotecan for ROR-yt-LBD with a K, value of 1.6 x 10°
M. Taken together, by combining deepDTnet prediction and
experimental assays, topotecan is identified as a novel, direct
inhibitor of human ROR-yt.

Topotecan reverses multiple sclerosis in vivo

We next turned to focus on multiple sclerosis, an inflammation-
mediated demyelinating disease of the central nervous system
(CNS) and the major cause of non-traumatic neurological
disability in young adults.*” Our studies are designed based
upon three principles: (i) topotecan directly inhibits human
ROR-vt, as identified by deepDTnet and multiple complemen-
tary assays (Fig. 5); (ii) ROR-yt has emerged as a key target for
the treatment of multiple sclerosis;*® and (iii) topotecan has
been shown to have ideal pharmacokinetics in the context of
neurological diseases (i.e., blood-brain barrier [BBB] penetra-
tion), and is under investigation for treatment of Angelman
syndrome based on a preclinical model.** Experimental auto-
immune encephalomyelitis (EAE) is the most frequently used
experimental animal model for human multiple sclerosis.>® To
investigate the therapeutic potential of topotecan in multiple
sclerosis, EAE is induced in C57BL/6 mice by active immuni-
zation with MOG33-55 in complete Freund's adjuvant (CFA)
followed by pertussis toxin administration (Fig. 6A). Topotecan
(10 mg kg™ ") or the vehicle (sterile water, control) is adminis-
tered intraperitoneally every four days during the course of EAE.
Disease severity is assessed and graded using a five-point
scoring system for 15 days. Administration of topotecan leads
to a significant delay in the onset of clinical symptoms and an
observable reduction of the clinical score of the EAE mice
(Fig. 6B). During the course of EAE, changes in body weight also
reflect disease severity.”* We find that mice treated with top-
otecan are more tolerant of EAE-induced body weight loss than
vehicle-treated mice (Fig. 6C). Histological analysis of spinal
cords was conducted on day 20 after immunization (Fig. 6D).
Hematoxylin and Eosin (H&E) staining shows significant infil-
tration of leukocytes in the spinal cord tissues from vehicle-
treated mice, whereas infiltration is greatly reduced following
topotecan treatment. Luxol fast blue (LFB) staining shows
severe demyelination in the white matter of EAE mice, whereas
demyelination is significantly attenuated in topotecan treated
mice.

Multiple sclerosis is a chronic demyelinating disease
accompanied by BBB disruption.” Near-infrared in vivo imaging
is further utilized to evaluate the demyelination and blood-
brain barrier leakage in EAE mice.*® A near-infrared fluorescent
dye, 3,3-diethylthiatricarbocyanine iodide (DBT), easily enters
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the brain and selectively binds to myelin fibers.>* As shown in
Fig. 6E, administration of topotecan effectively reverses fluo-
rescence in EAE mice. Cy5.5-BSA, a fluorescent BSA conjugate
with bright near infrared fluorescence, penetrates the brain
when the blood-brain barrier is disrupted. Fig. 6F shows
a higher accumulation of the fluorescent probe in the brain of
vehicle treated mice as compared to the topotecan treatment
group.

T helper 17 (Th17) cells are a highly pro-inflammatory
lineage of T helper cells defined by their production of inter-
leukin 17 (IL-17).** ROR-vt is necessary and sufficient for cyto-
kine IL-17 expression in mouse and human Th17 cells.* Given
the inhibitory effects of topotecan against ROR-yt, we further
investigate whether topotecan affects IL-17 expression in EAE
mice. Of note, ELISA experiments reveal that topotecan treat-
ment significantly reduces IL-17 production in brain and spinal
cords of EAE mice (Fig. 6G). We further assessed toxicity of
topotecan in EAE mice by hematoxylin and eosin (H&E) staining
(Fig. S171). Histological analysis of organ sections from vehicle-
versus topotecan-treated groups suggests that topotecan is well
tolerant and safe under given dosage (10 mg kg™ " every four
days) in EAE mice (Fig. S17f1). In summary, these results
demonstrate that topotecan alleviates the clinical signs of the
EAE model.

We also examined the pharmacokinetics profile of topotecan
in C57BL/6 mice (Fig. S181). Topotecan exhibits a half-life of
4.81 h and a maximal plasma concentration of 7.72 uM at 0.5 h
(Fig. S19 and Table S77%) after intraperitoneal (i.p.) injection
(10 mg kg™ ). Topotecan penetrates the mouse's blood-brain
barrier achieving a maximal brain concentration of 121.29 ng
g " at 0.5 h (Fig. S207). In addition, in vivo binding experiments
in mice using HPLC-MS/MS methodology to assess target
occupancy (Fig. S21t) were performed. T0901317 (ref. 56), an
orthosteric ligand of ROR-yt, was used as the tracer for
assessing topotecan target occupancy. As shown in Fig. 6h,
topotecan's administration by i.p. injection (10 mg kg ')
reduces the T0901317 level significantly in the brain (P =
0.0029, Table S871), while it has less effect on its concentration in
plasma (P = 0.688, Fig. S21 and Table S9t). These findings
suggest that topotecan specifically targets ROR-yt in the mouse
brain. In summary, topotecan potentially alleviates the clinical
symptoms in the EAE model via specific inhibition of ROR-yt.
Although potential off-target effects and clinical trials remain to
be investigated, our findings suggest that topotecan identified
by deepDTnet offers a potential therapeutic strategy for
multiple sclerosis via targeting ROR-yt in the mice brain.

Prediction of promiscuity of known drugs

We finally explore the promiscuity of approved drugs on a pro-
teome-wide scale. Via deepDTnet, we computationally predict
22 739 new drug-target interactions connecting 680 approved
drugs and 1106 targets (Fig. S221). Among 22 739 predicted
drug-target pairs, 1098 (Table S10) were validated by the most
recent DrugCentral database.** These predicted drug-target
interactions (Table S10t) by deepDTnet offer a virtual database
for exploring the promiscuous targets of FDA-approved drugs by
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Fig. 6 DeepDTnet-predicted topotecan (TPT) reverses experimental autoimmune encephalomyelitis (EAE), a mouse model of multiple sclerosis. (A) An
illustration of induction and treatment of EAE. (B) Mean clinical scores of EAE in vehicle- or TPT-treated group (n = 10/group). TPT (10 mg kg~ or vehicle
is intraperitoneal administered on day 11 after immunization every four days. Data are presented as the mean + SEM of eight mice per group. Student's t-
test is revealed, *P < 0.05, **P < 0.01. (C) The body weight of mice in vehicle- or TPT-treated group. Student's t-test is revealed, *P < 0.05. (D) Section of
spinal cord tissue is prepared on day 20 post immunization and subjected to hematoxylin and eosin (H&E) staining and Luxol fast blue (LFB) staining. (E) In
vivo imaging of myelination using myelin-binding dye, 3,3-diethylthiatricarbocyanine iodide (DBT) on day 20 after immunization. DBT dye readily enters
the brain and specifically binds to myelinated fibers. (F) In vivo imaging of the blood—brain barrier integrity using Cy5.5-BSA on day 20 after immunization.
Cy5.5-BSA uptake in the brain when the BBB (blood—brain barrier) integrity is disrupted. (G) ELISA analysis of IL-17 production of spinal cords and brain
from vehicle- or TPT-treated EAE mice on day 20 after immunization. Data are presented as the mean + SEM. Student's t-test is revealed, **P < 0.01. (H
and |) Concentration of T0901317 in mice brain samples (H) and plasma (1). TO901317 (ref. 56), an orthosteric ligand of ROR-+yt, was used as the tracer for
assessing target occupancy of TPT in the mouse model. Student's t-test was performed and sterile water was used as vehicle.
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further experimental or clinical validation, and may aid the
development of new treatment strategies via drug repurposing.
The code package of deepDTnet and the predicted virtual drug-
target networks are freely available at: https://github.com/
ChengF-Lab/deepDTnet.

Discussion

Comprehensive evaluations demonstrate that deepDTnet shows
high performance, uncovering known drug-target interactions,
and outperforming previous state-of-the-art network-based and
traditional machine learning approaches (Fig. 2B and C). For
example, we found that DTINet showed high performance
(AUROC = 0.912) in predicting new targets for drugs with high
degree in the known drug-target network, while having poor
performance (AUROC = 0.757) on drugs with low degree (Table
S111). Yet, deepDTnet reveals high performance in predicting
drug-target interactions for drugs or targets with both high and
low degree. In order to compare fairly the performance of deep-
DTnet with DTINet,"* we further evaluated them based on the
same dataset published previously.” We found that deepDTnet
outperformed DTINet' and NeoDTI," a recently updated version
of DTINet, on both an experimentally validated drug-target
network built in this study (Table S31) and the previously pub-
lished dataset" (Fig. S23 and S24t). Comparing to DTINet" and
NeoDTI," we implemented deepDTnet via two new components:
autoencoder embedding and PU matrix completion (Fig. 1). We
found that autoencoder embedding, and PU matrix completion
synergistically improved the performance of deepDTnet (Tables
S12 and S13t). Models constructed on more comprehensive
network datasets in this study outperform those constructed
previously based on the published incomplete network datasets
(Fig. S23 and S247), indicating the importance of big network data
in the deep learning-based prediction of drug-target interactions.

Most importantly, we experimentally validated that topotecan
predicted by deepDTnet has a high inhibitory activity on human
ROR-vt (Fig. 5). We subsequently showed that topotecan has
potential therapeutic effects in EAE, a mouse model of multiple
sclerosis. Both embryonic and adult-induced RORy knock-out
mice frequently develop lymphoma,” indicating that RORy
gene ablation causes immune system-related pathology. We,
therefore, used in vivo experiments replacing the ROR-yt knock-
out mouse model to assess target occupancy of topotecan. We
found that topotecan penetrate the mouse's blood-brain barrier
achieving a maximal brain concentration of 121.29 ng g *at 0.5 h
(Fig. S201) after i.p. injection (10 mg kg '), consistent with
a previous study.*® Multiple sclerosis is considered a systemic
immune disease, as overactive T lymphocytes are found in blood,
spleen, and other organs.*® For example, changes in activated T
cells in the blood correlate with disease activity in patients with
multiple sclerosis.*® Herein, we found that the maximal plasma
concentration of topotecan was 7.72 uM (Fig. S197), which is
higher than the effective concentration of 0.43 pM by the Gal4-
based luciferase reporter assay (Fig. 5B) and 6.65 uM by the
HTRF assay (Fig. 5C). Thus, topotecan may not only target
peripheral T cells, but also target infiltrating T cells in EAE mice
brain. We, therefore, reasoned that topotecan offers a potential
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therapeutic strategy for multiple sclerosis by targeting ROR-vt,
although potential off-target effects and clinical trials are highly
warranted. For example, gene expression analysis of topotecan-
treated EAE mice may identify possible mechanism-of-action of
topotecan further and offers potential biomarkers for future
clinical trial design.

Several potential limitations of this study should be dis-
cussed. Weak binding affinity cut-offs (K;, Kz, and ICs, of 10 uM)
used in the current study may lead to a potential risk of false
positive rate. Recent studies suggested that weak-binding drugs
play important roles in drug discovery and development.®*** We
have successfully utilized this low binding affinity cutoff of 10
uM for in silico drug repurposing.*>'* However, a stronger
binding affinity threshold (e.g., 1 uM) could be a more suitable
cut-off in drug discovery, although it will generate a small sized
drug-target network.®” In addition, the potential literature bias
and incompleteness of biomedical networks (e.g., the human
protein-protein interactome) may also lead to possible errors in
deepDTnet. Several large-scale network datasets, including The
Library of Integrated Network-Based Cellular Signatures
(LINCS)** available from DrugCentral,** might improve the
representation of the heterogeneous networks connecting
drugs, genes, and diseases in the framework of deepDTnet.
Integration of more comprehensive human interactome from
recent studies®*®® may improve performance of deepDTnet
further. Data generated from high-throughput image assays®
and large-scale patient data® would enable further improvement
of deepDTnet. Via ablation analysis (Table S141), we found that
integration of multiple networks outperforms a single network,
which is consistent with tSNE analysis (Fig. S147). This is
a surprising result for drugs with low chemical similarity or
targets with low protein sequence similarity (Fig. S11 and S127).
One possible explanation is that multiple network integration
(including 15 types of chemical, genomic, phenotypic, and
cellular networks) may improve accuracy for low similarity
drugs or targets in comparison to traditional chemoinformatics
or bioinformatics approaches alone. We found much lower
accuracy for low similarity drugs or targets using drug chemical
similarity and target protein sequencing similarity only under
the deepDTnet framework (Table S157). Thus, we reasoned that
multiple network interactions improved accuracy for low simi-
larity drugs or targets compared to traditional chemo-
informatics or bioinformatics approaches alone. However, the
potential risk of information redundancy from multiple
networks' integration needs to be tested in the future. In addi-
tion, other feature extraction models, such as the multi-task
deep neural network algorithm® and convolution neural
networks,* can be used to replace the DNGR embedding model
to improve further the performance of deepDTnet. Optimiza-
tion of hyperparameters is an important step in the entire
deepDTnet framework. Although we utilized several strategies,
including grid search to find the optimized hyperparameters
(Tables S16 and S177), further hyper-parameter selection may
improve performance of deepDTnet. Finally, the proposed deep
learning framework could be used to explore other important
clinical questions, such as prediction of drug-disease relation-
ships or drug combinations in drug discovery and development.
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Conclusions

We present deepDTnet, a novel, network-based deep learning
methodology for target identification and drug repurposing,
which systematically embeds 15 types of chemical, genomic,
phenotypic, and cellular networks, and predicts new molecular
targets among known drugs under a PU-learning framework.
Most importantly, we experimentally validated that topotecan
predicted by deepDTnet has a high inhibitory activity against
human ROR-yt. We subsequently showed that topotecan has
potential therapeutic effects in a mouse model of multiple
sclerosis. To the best knowledge of the authors, this is
a systematic deep learning study that integrates the largest
biomedical network datasets for target identification, drug
repurposing, and testing of findings experimentally. In this way,
we can minimize the translational gap between pre-clinical
testing results in animal models and clinical outcomes in
humans, which is a significant problem in current drug devel-
opment. In summary, our findings suggest that target identifi-
cation and drug repurposing can benefit from network-based,
rational deep learning prediction in order to explore the rela-
tionship between drugs and targets in a heterogeneous drug-
gene-disease network. From a translational perspective