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Genetic disease genes are considered a promising source of rdg targets. Most
diseases are caused by more than one pathogenic factor; thusit is reasonable to
consider that chemical agents targeting multiple disease gnes are more likely to have
desired activities. This is supported by a comprehensive alysis on the relationships
between agent activity/druggability and target genetic chracteristics. The therapeutic
potential of agents increases steadily with increasing nuber of targeted disease
genes, and can be further enhanced by strengthened geneticinks between targets
and diseases. By using the multi-label classi cation modeal for genetics-based drug
activity prediction, we provide universal tools for pridizing drug candidates. All of
the documented data and the machine-learning prediction sevice are available at
SCG-Drug (http://zhanglab.hzau.edu.cn/scgdrug).

Keywords: drug discovery, disease associated genes, drug t argets, systems chemical genetics, machine learning

INTRODUCTION

Finding novel drugs or new uses for old drugs is one of the niwgtortant motivations of life
sciences. Drug development is a costly process. The rich kdge/laccumulated by modern life
sciences is, thus, highly expected to reduce the attritida during drug development. From

a chemical viewpoint, drugs exert therapeutic e ects by irmilgi or activating one or more

of the target genes/proteins associated with certain désedsherefore, gene-disease association
information is crucial for drug discoveryBfinkman et al., 2006; Sanseau et al., 2012; Wang Z. Y.
etal., 2012; Plenge et al., 2013; Okada et al., 2014; NéBlor2€15.

In life sciences, genetics is best dedicated to revealing-disease links. Thus, genetics
makes great contributions to the pharmaceutical industrgr. €&xample, disease-associated genes
identi ed by medical genetics constitute a promising soutdrug targetsBrinkman et al., 2006;
Sanseau et al., 2012; Wang Z. Y. et al., 2012; Plenge etl8l. (Kada et al., 2014; Nelson et al.,
2015. Moreover, the pathogenesis revealed by genetics is alsghofalue for drug discovery. If
a disease arises from gain of function (GOF) mutation of geaigene, the corresponding drugs
must be antagonists or inhibitors; while for a disease iratliby loss of function (LOF) mutation
of a gene, the targeted drugs must be agonistsr(g and Zhang, 20)3
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Thousands of disease-associated genes have been idénti ed Data validation was performed by the following analyses.
traditional Mendelian genetics and recently developed genomé-irst, we assessed the reliability of the gene-disease Ipairs
and phenome-wide association studies (GWAS and PheWA®xamining whether similar diseases cover similar gene sets.
respectively). However, nearly all studies attributed ass to The disease similarity was measured using UMLS::similarity
variations at a single genetic locus. Most diseases areccaug®icinnes et al., 2009 the disease gene set distance was
by multiple pathogenic factorsy(ldirim et al., 2007; Hopkins, calculated using the Tanimoto coe cient (see Methods). As
2008; Guney et al., 20);@hus, a majority of the identi ed links shown in Figure 2A, a de nite correlation exists between
between diseases and single genetic variations are naigstrodisease similarity and gene set distance. That is, if two sksea
enough to have therapeutic value. For example, orB$o of the  exhibit similar symptoms, then these diseases tend to involve
drug-disease associations derived from PheWAS are supportsimilar genes, validating the identi ed gene-disease pdinen,
by clinical evidenceRKastegar-Mojarad et al., 2Q15Thus, to we used a similar method to evaluate the quality of agent-
utilize the medical genetic information more e ciently inrdg  disease pairs. A good correlation was observed between eliseas
development, we should aim at multiple genes associated wilimilarity and agent set distancé&i@ure 2A), supporting the
certain diseases rather than a single pathogenic factortatity ~ reliability of agent-disease pairs. Therefore, one canrinfe
potential drugs. To test this hypothesis, we retrieved theegen the activities of agents through their target-associatedegic
responsible for various disorders and collected the chemicaiseases, provided the agents and the targets are trulydinke
agents targeting these genes. A comprehensive analysis As illustrated in Figure 2B, for the agents in TTD, DGIdb,
the relationships between agent activity/druggability aadyet and DrugBank, 4.1, 4.7, and 5.3% of their genetics-implicate
genetic characteristics revealed that the agents tagetirtiple  activities are supported by clinical trials, respectively, cawripe
pathogenic factors were more likely to show desired medicinavith the PheWAS-based activity prediction e ciencigéstegar-
activities and to be clinically approved. The therapeutic ppbéén Mojarad et al., 2015 However, if the agents were randomly
of agents can be enhanced with the consolidation of gerialis | assigned with targets (for 10,000 times), the clinically sujejgo
between targets and diseases. These observations allewed uactivities derived from genetic predictions are signi cignt
predict agent activities using machine learning methodsictvh rarer than those from real agent-target pair§igure 2B
are de nitely helpful to prioritize drug candidates. P < 10 4. This 10,000-permutation test validates the agent-

target associations.

RESULTS

Data Preparation and Validation Dependence of Agent Activity/Druggability
The information for agent-target interaction was obtainedon Target Quantity
through retrieving Drug-Gene Interaction database (DGldb Based on the validated data, we can investigate how the agent
(Wagner et al., 20)5Therapeutic Target Database (TTD)i(  activity/druggability depends on the target charactetistiAs
etal., 2011 and DrugBankI(aw et al., 2014 Only the clinically illustrated in Figure 3 for the agents targeting a single disease
supported or approved activities of the agents were used igene, 3.0% of genetics-derived activities are supportedrbgali
the present study, which were derived from DrugBank, TTDtest and only 0.6% are clinically approvedable S). For
and ClinicalTrials Zarin et al., 2011; Law et al., 2014; Qinagents targeting two disease-associated genes, 4.1%etitgen
etal., 2011 The disease-associated gene information was derivéahplicated activities are clinically supported, and 1.5% Hzaen
from the following eight databases: Genetic Associatiotabase introduced to the marketTable S). The clinically active ratio of
(GAD) (Becker et al., 2004 Online Mendelian Inheritance agents culminates to 26.7%, and the approval ratio is up to 11.4%,
in Man (OMIM) (Hamosh et al., 2005 Clinvar (Landrum  when the agents targeting tens of disorder genes. Togetieer, t
et al., 201); Orphanet (http://www.orpha.net/consor/cgi-bin/ therapeutic potential of agents increases steadily witheiasing
index.php), DisGeNETKifiero et al., 2015 INtegrated TaRget number of targeted disease genefg(re 3).
gEne Predition (INTREPID)Chen and Tian, 2006 GWASdb Drug action is usually considered a specic process. It
(Nelson et al., 20)5and The Human Gene Mutation Databaseis thus of apparent interest to investigate the molecular
(HGMD) (Wang X. et al., 2004 Figure 1). mechanisms underlying the promiscuity of the multi-target
To facilitate the present analysis, a natural languagegents. Considering the fact that human genes generatga lar
processing tool MetaMap was used to convert disease termsimber of paralogs during evolution, a primary explanation
of genes and indication annotations of agents to Uniedis that the multiple targets covered by the agents have gimila
Medical Language System (UMLS) conceptso(ison, 200), sequences and functions. Indeed, the sequences for targst pa
where the Medical Subject Headings (MeSH) thesaurus wdit by the agents are more similar than those randomly sekbct
selected as the vocabulary source of UMLSu (et al., from the target set B D 2.20 10 16, Wilcoxon rank-
2019. Using the disease classes provided by pharmaprojecism test) Figure 4A), where the needle program of EMBOSS
(Similarity threshold: 0.75)M|cinnes et al., 2009the chemical packageRice et al., 20Q0was used to do pairwise alignments.
agents were indicated for treating 667 disease classes drarthermore, it was found that the target pairs covered by the
the disorder-related genes were associated with 703 diseagyents are signi cantly enriched with paralogs (4.72% @ &0
classesKigure 1). All of the data are freely available at SCG-55,110), derived from Ensemble database), compared with the
Drug (http://zhanglab.hzau.edu.cn/scgdrug). randomly combined target pairs (0.10% (4,029 of 3,955,078),
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Disease genes

GAD, OMIM, Clinvar,
HGMD, Orphanet,
GWASdb, NHGRI GWAS

Catalog, RegulomeDB

Vocabulary sources: MeSH
Seamantic type: anab, inpo, patf

Drugs

DrugBank,

TTD,
ClinicalTrail

MetaMap:

UMLS::Interface: Convert narrow concept
to border concept

Similarity measure Lin
with 704 type diseases

Disease-associated genes Targeted disease genes

A Target: 3,346

A Drug: 5,759

A Gene: 19,233

A Disease class: 703 A Disease class: 703 A Disease class: 667

A Gene-disease: 914,190 A Target-disease: 359,101 | A Drug-disease: 74,902

FIGURE 1 | Pipeline for data processing. Disease-associated genes we derived from eight databases. Agent activities were obtaed from TTD, DrugBank, and
ClinicalTrials. The disease terms of genes and the indicati annotations of agents were uniformed to UMLS concepts usig MetaMap. Using the disease classes
provided by pharmaprojects (Similarity threshold: 0.75),03 types of diseases for 19,233 genes were identi ed, resulhg in 914,190 gene-disease pairs. Through
searching DGIdb, TTD, and DrugBank, 3,346 genes were targeteby 14,558 agents. 3,346 targets were associated with 703 dieases, resulting in 359,101
gene-disease pairs; 5,759 agents were indicated for treatig 667 diseases, resulting in 74,902 agent-disease pairs.

0, hypergeometric test). Besides, the GO-based Czekarowskiach agent has a gene module pro le, and the promiscuity of the
Dice distances(vaska et al., 200®f the gene pairs targeted agentincreases with the increasing number of modules tbatag
by the agents are evidently smaller than those of randomlgovers. As shown ifrigure 5A, with the increase of targets, the
selected target pair(D 2.20 10 6, Wilcoxon rank-sum agents indeed cover more gene modules, supporting the opinion
test) (Figure 4B). These observations not only support thethat multi-targeted agents have a higher risk of yieldingnanted
evolutionary explanation to the molecular basis of multigiet e ects. However, the druggability analysis indicated thahwhe
drug action, but also provide useful clues to addressing thacreasing number of targets, the drug approval ratio does not
concerns about the side e ects of promiscuous agents. decrease but rather increases slighfjg(re 5B). Moreover, if

Despite the achievements of multi-target strategy for drugnly disease-associated genes are considered, the drug approv
discovery, questions concerning security remain, as theglecy ratio increases evidently with the increase of targetedegen
to act on multiple genes may increase the probability of indgci number (Figure 5C. This observation strongly suggests that
adverse e ects. The present analyses indicate that thesdsagetespite the enhanced risk in side e ects, multi-targeted &gare
prefer to target genes with similar sequences and functionstill very promising in drug development.
namely paralogs, which means that the agent-targeting psoces
is not so random that it will constrain the agent activitiegd a . -
relatively narrow range. This is de nitely bgene cial to elliate Dependence of Agent ACtl\/'ty/Drquab'“ty
the side e ects of multi-target agents and thus helpful toemtea  ON Target Quality
their druggability. Besides the quantity of agent targets, their quality alsaémces

Furthermore, we analyzed the chemical genetic data redordéhe medicinal potential of agents in principle. Our prior study
in connectivity map (cMap) l(amb et al., 2006 The cMap has revealed that the agents targeting “top genes” haveehigh
comprises 7,056 gene expression pro les for ve human celslinetherapeutic potential Quan et al., 2003 where “top genes’
treated with 1,309 agents. Using the biclustering approadi/AA were de ned as those tightly associated with certain disease
(factor analysis for bicluster acquisition), we have gatest 49 Four disease-gene databases, i.e., AlzGemeram et al., 2007
gene modules for cMap data, establishing links between gei®zGene Allen et al., 2008 PDGene [(ill et al., 201}, and
modules and chemical agent&i¢ng et al., 201 Therefore, MSGene (ill et al., 199), provide “top genes” annotations for
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z As illustrated in Figure 7, the agents covering disease-
L 1000 associated ohnolog genes indeed exhibit higher approved
potential @ < 1.09 10 8%, hypergeometric test), suggesting
500 that disease-associated ohnolog genes can be regardedpas “t
1 : genes” to some extent. This nding is very useful in estaligh
0 0.030 0.035 0.040 0.045 0.055 : ; - ‘g
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Clinically active ratio below for details)
FIGURE 2 | Validation of gene-disease pairs, agent-disease pairs and H R HR
agent-target pairs. (A) Correlations between disease similarity and disease Target Qua“ty Evaluatlon and Druggablllty
gene set distance or drug set distance. The disease simildyi was measured Score of Disease Genes
using the UMLS::similarity, and the disease gene set or druget distance was Eight disease gene databases (including Clinvar, OMIM, HGMD,
characterized by Tanimoto coef cient.(B) Clinically active ratios of Orphanet GWASdDb. INTREPID. GAD. and DisGeNET) are used
genetics-implicated agent activities. The red, brown, angreen vertical dashed in th ’ ’ h ! i ’ i h
lines indicate the clinically active ratios derived from atagent- target pairs in In. the presept Stu_dy' The target_ qua Ity oreac database. brust
TTD, DGIdb, and DrugBank, respectively. The curves show thelinically active di erent, which stimulated our interest to do an evaluatiory b
ratio frequency distributions for 10,000 random permutatins of agent-target comparing the clinically supported ratio of genetics-impleht
pairs. agent activities derived from eight databases. The reshtiwed

that target genes of Clinvar have the highest quality, in Whic

16.52% of genetics-based activity predictions are supponed b
Alzheimer's disease, schizophrenia, Parkinson's diseagdtgple  clinical test. The target quality (measured by clinicallyivec
sclerosis, respectively. From DGIdb, TTD and DrugBank, weatio) of other databases declines in the order: OMIM (15.01%),
retrieved 3,692 agents targeting the genes including “eapeg” HGMD (14.09%), Orphanet (13.62%), GWASdb (10.53%),
contained in these four databaseglle S2. As illustrated in  INTREPID (7.08%), GAD (5.75%), and DisGeNET (4.14%)
Figure 6, multi-target agents exhibit higher medicinal potential (Figure 8and Table S3. This observation inspired us to propose
than single-target counterparts, consistent with the above parameter for quantitatively measuring the druggabilify o
observations. Next, for the agents covering “top genegirth disease genes. First, the genes derived from di erent datgba
genetics-derived activities are more likely to be supportgd bwere given dierent quality scores, with the highest-quality
clinical evidence and be clinically approve#figure 6 and database (i.e., Clinvar) being assigned with the highestesco
Table S2, indicating the importance of target quality in genetics- (eight points), while the lowest (i.e., DisGeNET) with the &stv
based drug discovery. score (one point). Then, the scores were summed up for each

However, only a few genetic databases contain qualitslisease gene to de ne its druggabilisee Methods The higher

information for disease genes. Considering the above gdinthe score is, the more druggable the disease gene. Apparently, a
that multi-target agents usually hit paralogs, we speculategene may have di erent scores for di erent diseases.
that ohnolog genes, i.e., paralogs generated by whole genomeThis scoring system is validated by the following obseoveti
duplication, may be used as “top genes” instead. Ohnologirst, for the disease genes with higher druggability sottee
genes have been recognized to signi cantly enrich diseaisesy genetics-implicated activities of agents are more possible t
compared with other paralog genes, because of their strorge clinically supported and approve&igure 9 and Table S3.
dosage balancé/@kino and Mclysaght, 2010; McLysaght et al..Considering the correlation between gene druggability and
2014; Xie et al., 2016; Sekine and Makino, 2017 pathogenicity Plenge et al., 2013; Quan and Zhang, 2016
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it is inferred that druggability score is also appropriate for(Lee and Soo, 2013; Yang et al.,, 2014; Zhang et al.)).2015
characterizing gene-disease links. Indeed, the “top geleeved Considering that agents targeting multiple disease genes, in
from AlzGene, SzGene, PDGene, and MSGene, which are tighparticular “top disease genes” and genes with high drugigabil
connected with diseases, exhibit much higher druggalstgres scores, tend to show high therapeutic potentiiglres 3 6,
than other genes with the same pathogenic annotati®i3 2.51 7, 9), we rationally selected four parameters to build the models.
10 52, Wilcoxon rank-sum test)Rigure 10. Therefore, each The rst parameter characterizes the overall score of genes
disease can be characterized by the corresponding scored,gemesponsible for certain diseases within drug targets, and the
constituting a gene pro le pertinent to the disease. Di erent second parameter is the normalized average value of thelbvera
diseases can be compared through calculating Spearman’s rasdore. The third and fourth parameters describe the absolute
correlation between their gene pro les. It is interestingnotice  number and relative ratio of ohnologous disease genes (ggrvi
that the diseases exhibiting similar gene pro les display lsimi as “top genes”) within drug targets, respectiveslyd Methods
symptoms measured by UMLS::similarijigure 11), validating Representation of drug labels is a crucial step in multi-label
the scoring system in characterizing gene-disease lirdgefher, learning. An agent-disease pair was regarded as a positive, if t
it is concluded that druggability score can be used to measudrug hits one or more disease genes and is indicated foritrgat
target quality and genetic links between genes and diseas#ss disease. An agent-disease pair was regarded as a eegativ
which is of great value in drug activity prediction by machine the drug targets one or more disease genes but is not annotated

learning models. for controlling this disease. As a result, a total of 74,90 tp@s

. L . ) covering 5,759 agents and 667 diseases, and 3,778,51¥eggati
Agent Activity Prediction With Multi-Label were selected.
Classi cation Model Given a dataset of n drugs denoted as;,y; i”Dl, x; andy;

The above analysis implied that it is possible to establish-drugire thep-dimensional feature vector angidimensional disease
activity prediction models based on the genetic informatisin  vector for theith drug, respectively. Our goal is to build
drug targets. Since a drug is usually associated with meltipthe functional relationshipy D F.X/:2° | 29 between
activities for diseases and a disease could be treated hiplkaul exploratory variables (feature vector) and target valueerfe
drugs, drug-activity prediction problem can be considerechas activity vector) for multi-label learning.
multi-label classi cation task. In this paper, we adopted anoet First, four MLKNN models were constructed based on four
of multi-label k-nearest neighbor (MLKNN) which can consttu  features. Then, each model was evaluated by the internaid5-f
high-accuracy multi-label prediction models for drug-ady ~ cross validation on the training data. As a result, ve MLKNN
prediction Zhang and Zhou, 2007; Wen et al., 2)15 models were built based on ve internal folds and selected
First, we investigate a variety of features to represent thigatures. The nal prediction result is the average and stadd
characters of druggability. Considering that variousdieas may deviation scores of outputs by ve MLKNN models. At last, we
bring diverse information as well as noise, we adopt ensemblésed the ensemble learning method to combine four featunds a
learning method to select suitable features to build the ni®de generate high-accuracy prediction modgdse Method}

Frontiers in Genetics | www.frontiersin.org 5 May 2019 | Volume 10 | Article 474


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://www.frontiersin.org/journals/genetics#articles

Quan et al. Systems Chemical Genetics-Based Drug Discovery

P=3.54x10% | gy Involving all disease genes

)
w
(3,]

\ 0.30

o [ | Covering top genes
3 30 ’ £ 025
Q -
£ . T S o020
S 20 g— P =6.15x10¢
A = 010Xl P=1.43x10"7
S 15 o 0.15
2 10 S 010
5 2
5 P= 3 09x102
0 & 0.05
21 1~92 293 3
21~2 22~2 >2 0.00
\ Target number / One target Multi-target One target Multi-target
Clinically active Approved
G 1.00 FIGURE 6 | Effects of top genes on the clinically active/approval ratiof

agents. The top genes were derived from AlzGene, SZGene, PDdBe, and
MSGene. From DGIdb, TTD and DrugBank, we retrieved 3,692 agés
targeting the genes contained in the four databases, of whit 726 targeted at
least one top gene. The results show that for the agents covéng top genes,
their genetics-implicated activities are more likely to beupported by clinical
trials and to be clinically approvedR-values were calculated using the
hypergeometric test).
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\ Targeted disease gene number FIGURE 7 | Effects of disease-associated ohnolog genes on the clinidly
active/approval ratio of agents. A total of 7,294 ohnolog gees were obtained

from Makino and Mclysaght's work31, in which 5,265 genes wee

FIGURE 5 | Relationships between druggability and target number of agnts
derived from cMap. (A) With the increasing number of targets, the agents
cover more gene modules (ANOVAP D 1.94 10 9).(B) With the increasing
number of targets, the drug approval ratio increases slight (C) If only
disease-associated genes are considered, the drug approvaatio rises

disease-associated. Searching DGIdb, TTD and DrugBank reeged that 4,058
agents targeted 1,164 of the 5,265 ohnolog genes. The resudt show that for
the agents covering disease-associated ohnolog genes, thegenetics-derived
activities are more likely to be supported by clinical evidee and be clinically
approved (P-values were calculated using the hypergeometric test).

evidently with the increase of targeted gene number.

The performance of assembled classi er for agent-activitpf the predicted results for various diseases. It was found tha
prediction is shown inFigure 12 For a 5-fold strati ed cross- leukemia and lymphoma have the most predictiofialfle S§.
validation with a 1,000 repeat, MLKNN displays the besiTo demonstrate the usefulness of the present method, wedteste
performance (able S§. By inputting the 5,759 original agents the predicted anti-leukemia agents by cytotoxicity experime
and associated targets into the models (where the thresbibld Using our models, 809 agents were predicted to have anti-
predictive value was set to 0.5), 11,649 activities weregseli leukemia potential, of which 550 (67.99%) have been validated
67.01% of the predicted activities are supported by clinigalstr by prior clinical tests. Thus, it is intriguing to examine the
and 14.52% have been approved, which are much higher than tlati-leukemia potential of the rest 259 agents. 14 of 259tagen
overall ratio of genetics-implicated clinical activity aampproved are commercially available, which were evaluated by K562
indication (3.96 and 1.16%, respectively). (chronic myeloid leukemia-derived cancer cell line) cytobity

To examine for which kind of diseases the predictions ar@ssays. The results show that 10 agents (71.43%) can inhibit
most relevant, we compared the clinically active/approvabrat the growth of K562 e ciently figure 13 (Table S7, with

Frontiers in Genetics | www.frontiersin.org 6 May 2019 | Volume 10 | Article 474


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://www.frontiersin.org/journals/genetics#articles

Quan et al. Systems Chemical Genetics-Based Drug Discovery

2 30 g
s 0.20 8
o ® : g
2 o015 Q- = 3
B 8
> 0.10 20 . §
T g 8
8 0.05 S 15 - g
c O o
- (7] o
o 0.00 S
10 i 3
S & ° ¢ Q;V?’ & ° e‘é : 3
S & E FESE TP : 3
o® N 5 5 - : :
1
Database § — I_—_l
FIGURE 8 | Clinically active ratio of genetics-implicated agent indations T Oth
derived from different disease gene databases. op genes er genes
FIGURE 10 | Comparison of druggability scores for top genes derived frm
AlzGene, SzGene, PDGene, MSGene, and ordinary genes witheglsame
pathogenic annotations. The top genes exhibit evidently gher scores than
0.30 - - other genes P D 2.51  10-52, Wilcoxon rank-sum test).
o ‘ Clinically active
g 025 . Clinically approved .
E 0.20 >
g ’ N ; a single row and the terms in each row are separated by tabs,
. along with an email address to which the predicted activities
E 0.10 . the agents will be sent. O ine prediction automatically start
2 . . and the predicted results will be sent to the user via e-mail.
% 005 ; -9 i y . )
< - . The “Disease” interface allows users to obtain relevant siisea

0:00 genes with druggability score, and database source by iggery
1> 610 1115 1620 2125 2630 3 standardized disease descriptions of MeSH. The “Gene” atterf

Score . . R .
allows users to explore gene-related diseases (with drutggabi

FIGURE 9 | Dependence of agent activity/druggability on target qualjt With score) and drugs only by submitting a gene name or an Entrez
the increase of druggability scores of target genes, the th@peutic potential of ID, which have been documented in the server. In addition,
corresponding agents also increases. users can obtain the information for documented drugs (with

normalized indications) and targets/genes (with normalize

IC50 values ranging from 0.106 (saracatinib) to 1P disea_se dlescri_ptions)dfrlom _‘;:Dtc))wnk()jad” (;:)age.ITr:e data and the
(veliparib) (Table SJ. machine-learning models will be updated regularly.

To facilitate the use of the machine-learning prediction
models, we developed a web server SCG-Drug (SysteHSCUSSION
Chemical Genetics-Drug, http://zhanglab.hzau.edu.guseg)
that allows a quick and intuitive access to the backgroundelecting agents with desired activities and high drudiggabi
information and predicted results. Currently, SCG-Drugfrom an in nite chemical space is a fundamental task for drug
contains 5,759 agents, 703 diseases and 19,233 genesl deridevelopment. Previous studies have revealed that genstast
from various databases. By inputting the target informationgenes can provide valuable clues for drug activity prediction
of any agents into SCG-Drug, one can use the establishemhd druggability assessmerniBr{nkman et al., 2006; Sanseau
machine-learning models to predict the potential activitieset al., 2012; Wang Z. Y. et al., 2012; Plenge et al., 2013; Wang
of the agents. The SCG-Drug web interfaces allow users tid Zhang, 2013; Okada et al., 2014; Nelson et al.,)2015
explore medicinal information related to a given drug, dsea However, these studies are limited to single-drug-sirigtget
or gene through four interfaces in “Analysis” page: “Drug”,paradigm. Because most complex diseases are caused by multiple
“Batch prediction,” “Disease,” and “Gene.” The “Drug” ifie pathogenic factors, it is reasonable to speculate that tagyet
allows users to submit a single drug to retrieve target ganes multiple disorder factors will better navigate the drug space
potential activities of the query drug. For example, when a usdn this study, by a comprehensive analysis, we clearly indicate
submits a single drug that was shown in the dropdowns, thé¢hat aiming at multiple disease genes is helpful to prioritize
drug will be searched in the database directly. If it is upabl drug candidates with promising activities and high drugdjahi
nd any matches for the search term, the user will be asked\dditionally, the strengthened genetic links between¢agenes
to input the corresponding target genes of the drug. Thenand diseases are helpful to improve the medicinal potential
the system will call the prediction module. Alternativelyeth of drug candidates. The drug-gene interaction informatiisn
system allows the user to upload a le on the “Batch prediction’expected to be rapidly accumulated through emerging tectesqu
interface, in which an agent and corresponding targets are im chemical biology. However, the identi cation of reliable
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FIGURE 11 | Ef ciency of druggability scoring system in characterizinggene-disease links. Diseases exhibiting similar gene pres$, calculated by Spearman's rank
correlation, display similar symptoms measured by UMLS:imnilarity. The number of disease pairs is shown in the box. Ehcolor exhibits enrichment of the number in
each row, with red representing the strong enrichment and hie representing the weak.

FIGURE 12 | Agent activity prediction with machine-learning models(A) Work ow for the machine-learning model establishment(B) Sketch view for the rationale of
agent activity prediction.(C) The overall performance of the ensemble classi er.

genetic links between genes and diseases depends on progressti al. identied 126 genes related to human complex traits

medical genetics. through the integration of summary-level GWAS results
A number of systems genetics methods have been developadd eQTL data Zhu et al., 201p Based on the exome

for enriching and screening the driver genes underlyingsequencing, array copy number and RNA sequencing (RNA-seq)

complex traits in the post-GWAS era. For example, Zhudata from 3,281 samples across 12 cancer types, Leiserson
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FIGURE 13 | Cytotoxicity of 14 predicted anti-leukemia agents. K562 clis were treated with(A) Amuvatinib, (B) Aspirin, (C) Brivanib, (D) Crenolanib, (E) Gossypol
acetic acid, (F) Masitinib, (G) Motesanib, (H) Niraparib, (I) RGB-286638, (J) Saracatinib, (K) Tandutinib, (L) Trametinib, (M) Veliparib,(N) Vemurafenib. The results
show that 10 agents (Amuvatinib, Brivanib, Crenolanib, Matinib, Motesanib, Niraparib, Saracatinib, Tandutinib, &fiparib, Vemurafenib) (71.43%) can ef ciently inhibit
the growth of K562.

et al. performed a pan-cancer analysis of mutated networks The above discoveries inspired us to establish systems
utilizing a HotNet2 (HotNet di usion-oriented sub-netwol) chemical genetic models for predicting drug activities. Beea
algorithm, by which they identied 16 signi cantly mutated drug repurposing is a hot spot in the pharmaceutical industry,
subnetworks containing 147 genes. Many of these genes hawvewumber of theoretical methods, including cheminformatic
been validated to play a critical role in cancer pathogenesisased, bioinformatics-based and systems biology-basttbas
(Leiserson et al.,, 20l.5Gamazon et al. proposed a gene-have been proposed to predict drug activitiesn(and Wong,
based association method called PrediXcan that directly014. However, most of these methods were derived from
tests the molecular mechanisms through which genetiparameters trained using large datasets, suggesting tleseth
variation aects phenotype Gamazon et al., 20).5Greene methods may be sensitive to datasets and poor in generalizati
et al. introduced a Network-guided GWAS Analysis methodcapabilities. The identi cation of the genetic determinamf
called NetWAS, which integrated tissue-speci ¢ networksl an drug activities facilitates the rational selection of paréene to
nominally signi cant P-values in GWAS to identify biologically establish machine-learning models for drug activity prédic.
important disease-gene associationSrgene et al.,, 20)5 Because this model was built on the fundamental principle
Although these methods are helpful to identify reliable geneof drug activity determination, it is expected to be robust
associated with a complex disease trait, the complex applicatiavhen generalized to dierent datasets and explainable to
procedures hinder their convenient use. In this study, wecertain extent. Moreover, to maximize the convenience for
endorsed the possibility of using ohnolog genes as a sourcesearchers, a user-friendly online service (SCG-Drugy wa
of “top disease genes.” The high accessibility of ohnolads wprovided for drug-activity prediction and data retrieval as
facilitate the identi cation of disease driver genes ance th well. These systems chemical genetics methods are of high
genetics-based drug discovery. value in prioritizing drug candidates, also highlighting the
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importance of modern genetics in facilitating the paradigniftsh using a hierarchical system, it classi es each disease toramar

of pharmaceutical industry. disease type; for example, “Alzheimer disease 15” is a subtype
of “Alzheimer disease.” The latter is simply a broader term
MATERIALS AND METHODS for the former. In our wo_rk, all subtype disea_se concepts were
converted to the appropriate broader term using a Perl module
Data Sources and Pre-processing UMLS::Interface. Disease annotations that could not be mapped
Agent Information to any disease concept were excluded from subsequent analyses

We collected agents and agent-target associations fromethr Using the disease classes provided by Pharmaprojects (siynila
databases: DrugBank, TTD, and DGldba(v et al., 2014; Qin threshold: 0.75) Nicinnes et al., 2009 we obtained 914,190

et al., 2014; Wagner et al., 201By integrating the 6,841 gene-disease pairs (involving 703 types of diseases) and274,90
agents covering 3,692 targets from DrugBank, the 5,208tager@gent-disease pairs (involving 667 types of diseases).

covering 569 targets from TTD, and the 10,941 agents cogyeriéh

: equence Similarity Analysis
3,090 targets from DGldb, we obtained 35,860 agent-targ . .
associations, comprising 16,021 agents and 4,613 targes.gen e needle program of EMBOSS package (Version: 6.610.0; (

The indication information for the agents were collectedrir e; al., Zg(imaste?ploile_d tot;))erform sefq_tjence surtularlg/mz;rgﬁlyss
DrugBank, TTD, and ClinicalTrials4arin et al., 2011; Law et al., or agent-targeted proteins, because of Its accurate pr

2014; Qin et al., 20)4Totally, we obtained 80, 90 agents with Needleman-Wunsch global pairwise alignments.

correspondﬁng target genes ano! pharmacological a.ctivityr.dex:. Gene Ontology (GO) Terms Similarity Measurement

Using the disease classes provided by Pharmaprojects ($imila \ye ysed the GO-based Czekanowski-Dice distance to evaluate
threshold: 0.75, for more details see Disease standardization e GO terms similarity of the target pairs. The Czekanowski—
section), we nally acquired 5,759 agents covering 667 tgfes pice functional distance was calculated using a previously
diseases and 2,813 target genes. described method Qvaska et al., 2008 The GO term

Di A iated G information of the gene pairs was obtained from the Ensembl
isease-Associated Genes d astabase (version 72).

Eight databases were used to collect disease-related, gene
including the Genetic Association Database (GAD, https:/fTop Genes” and Ohnolog Genes

geneticassociationdb.nih.gov/Bécker et al., 2004 Online  The AlzGene database contains 650 genes for Alzheimerssgise
Mendelian Inheritance in Man (OMIM, http://omim.org/) (Bertram etal., 20Q7the SzGene database contains 937 genes for
(Hamosh et al., 2005 Clinvar (http://www.ncbi.nim.nih.gov/  schizophreniafllen et al., 200§ the PDGene database contains
clinvar/) (Landrum et al, 201y Orphanet (http://www. 571 genes for Parkinson's diseasél (et al., 201); and the
orpha.net/consor/cgi-bin/index.php), DisGeNET (http://www MSGene database contains 675 genes for multiple scletdsis (
disgenet.org/web/DisGeNET/menu/rdf)Pifiero et al., 2005 et al., 199% From these databases, 44, 43, 31, and 43 genes
INtegrated TaRget gEne Predition (INTREPID)f(en and Tian, strongly associated with Alzheimers disease, schizophyreni
2019, GWASdb (http://fjwanglab.org/gwasdb)N¢lson et al., parkinson's disease and multiple sclerosis, respectively, were
2019 and The Human Gene Mutation Database (HGMD, http:/ identi ed. These genes were termed “top genes,” meaning tha
www.hgmd.cf.ac.uk/ac/index.phpjMang X. etal., 20)2Atotal  relatively reliable associations have been establishadebr

of 19,233 disease-associated genes were collected for e i these genes and certain diseases. In addition, the ohnséogsd
present analysis. Genes that could not be mapped to an Entrez & an alternative source of “top disease genes,” becaustgino
were excluded. The available URLSs, version information,ssccegre signi cantly enriched with disease genes due to theorsir
dates, and number of records from the above eight databases @josage balancé/akino and Mclysaght, 2010; McLysaght et al.,

provided inTable S8 20149. From Makino et al.'s workllakino and Mclysaght, 20)0
] o we extracted 9,057 ohnolog pairs covering 7,295 genes frem th
Disease Standardization human genome.

We used the Uni ed Medical Language System (UMLS), which

provides a comprehensive set of medical concepts, to starmdardiDruggability Score of Disease Genes

disease annotations of genes, and agents. UMLS is a mediBalsed on clinically active ratio of genes from eight disease
terminology system that has been developed by the Nationalatabases (Clinvar, OMIM, HGMD, Orphanet, GWASdb,
Library of Medicine for more than 20 years and contains aNTREPID, GAD, and DisGeNET), we proposed a parameter
large number of standardized medical concepts. The naturaamed druggability score for quantitatively measuring the
language processing program MetaMap was used to convedtuggability of disease genes. First, the genes derivad fro
disease annotations to the corresponding disease concepliserent databases were given di erent scores, with the higihe
(Aronson, 200). We selected Medical Subject Headings (MeSHglinically active ratio database (i.e., Clinvar) beinggrssd with

as the vocabulary, and limited the semantic type to “Patholog the highest score (eight points), the disease genes obtaioed fr
Function,” “Injury or Poisoning,” and “Anatomical Abnorniidy”  the second-ranked database of the clinically active rati, (i
to obtain the disease-related conceptsu(et al., 201 We  OMIM) was given seven points, and so on, from HGMD was
processed all gene-related phenotypes and agents' indisatiogiven six points, from Orphanet was given ve points, from
using the UMLS concept. As MeSH de nes disease concep@WASdb was given four points, from INTREPID was given
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three points, from GAD was given two points, while the lowestMachine-Learning Modeling

clinically active ratio (i.e., DisGeNET) with the lowesbse(one  Feature Generation

point) (Table S3. Then, if a disease gene is recorded in multiplewe rationally selected four parameters to build the modele Th

databases, the scores of the corresponding multiple databasest parameter characterizes the overall druggability gcofthe

were summed up for this disease gene to de ne its drugggbilit pathogenic genes within drug targets. The second parameter is
the average value of the rst parameter and is normalized by

K scorg (1) 36 (namely 8). For example, if an agent targets two related

ib1 disease genes derived from Clinvar and DisGeNET, respagtivel

wherescorg denotes the assigned score of a pathogenic giene "€ st parameter will be 9 (& 1), and the second parameter
the jth databaseTable S3;i D 1, 2, ..m:j D 1, 2, ...k, where will be 0.125 (9/2 36). The third and fourth parameters are the

m is the number of disease genkss the number of databases absolute number and relative ratio of ohnologous diseasegen
(kD 8in this study). within drug targets, respectively.

X
Druggability scor®

Statistical Analysis Positive Sample Generation
Disease Similarity Measurement An agent-disease pair was regarded as a positive, if the drug

First, the disease terms of genes and indication annotatiafn hits one or more disease genes and is indicated for treatiigg t

agents were converted to the standardized medical concépts (ysease. The positive samples were generated as 74,902 agent-

UMLS by a natural language processing tool MetaMap. Therf/iS€ase pairs.
through using the disease classes provided by pharmaproje

(Similarity threshold: 0.75), the disease similarity wasasured An agent-disease pair was regarded as a negative, if the drug

_usfmg li_MLS::sw:uIatrlty. dLm’ mh'd; IS caICLthatedh using chtargets one or more disease genes but is not annotated for
information content and path of cOncepts, - Shows - goo controlling this disease. The negative samples were getkaat
performance for disease similarity measuremexgtlgon et al.,

. ? . 3,778,517 pairs. In the web server SCG-Drug (http://zhanglab
2015. In this study, we used the Lin to evaluate the disease te"ﬁ'zau.edu.cn/scgdrug) the model with all samples is provided
similarity of all disease concepts. The Lin is calculatedgiie '

following equation: MLKNN
Given the training set x;, Vi inDl, X; is theith instance (drug),

(2) andy; is the corresponding disease vectgr.l D 1. If theith
instance can treat théh disease, otherwisg | D 0, | D

wherelC is the negative log of the probability of the concept,l' 2.:::,q. Thek nearest n_elghbors (in training set) of instance
the probability is pre-calculated by the Perl module by summindq_ are denoted bN _'Xi/ » 1D 12 ,n._Thus, t_)ased oith
the probability of the concept occurring in some text plus thediS€ase of these neighbors, a membership counting veatdea
probability of its descendants occurring in some text, drgis denoted as:

the least common subsuming concept of conceptl and concept?2. X

C, | D val, ID1,2:::,q 4)
Tanimoto Coef cient Calculation a2N.xi/

To assess the correlations between disease concepts and thei
corresponding causal genes or drugs, we characterized tb\iherecxi | counts the number of neighbors af treating the

%%gative Sample Generation

IC(lcg
IC concept C IC(concef)

Lin D

distance between disease gene sets or drug sets using fedisease, and O Cy | K.
Tanimoto coe cient. The Tanimoto coe cient (TC) is calculated For a test drugt, MLKNN identi es its k nearest neighbors
using the following equation: in the training set and calculatg | . LetH} be the event that a
Nag drug hadth disease anbll}, be the event that a drug does not treat
TCD NACNs Nas (3)  lIthdisease. Leé be the event that a drug just haseighbors with

Ith disease in it& nearest neighbors. For the instaricéts label
where M is the number of disease A-related genes or drugs, Nfor Ith diseasg; | is determined by the following principle:
is the number of disease B-related genes or drugs, apdd\the

number of common genes or drugs for disease A and disease B. .
9 9 yi | D argmaxyio,igP HLjéq_I/ , IDL,2:20,0 (5

Permutation Test
To evaluate the quality of agent-target pairs, we did a 1000®Jsing the Bayesian rule, above Equation (5). can be rewritse
permutation test on the three sets of agent-target pairs édriv

from DGldb, TTD and DrugBank l(aw et al., 2014; Qin PH P EiC jHL

et al., 2014; Wagner et al., 20),Leespectively. The agents were yi | D argmaxpfo,ig .l

randomly assigned with targets and the clinically activiéora P E'C[ \/

of agents was calculated. This random shu ing procedure was '

repeated for 10,000 times. D argmaxpro, P Hp P E|Q.|/J'HL (6)
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In the prediction modelP H'b andP E|q I/jH'b are calculated 1, and the sum of weights equals 1. We adopt the internal 5-CV
y AUPR on training data is used as the tness scdred and Soo,

based on the training set. The prior probabilities are caltada
2013; Yang et al., 2014; Wen et al., 9015

P
pH D SC DU i b1 P @ -
1 s 2Cn/ 0 1 (") performance Evaluation
In the agent-activities prediction, the predicted scores for
Then, the posterior probabilitie® E|c |/jH|c1 P E |/jHI1 acuvmgs were usually merggd for evaluation, and the rogtr
X - G- for ordinary binary classi cation were often adopted. Thesar
under ROC curve (AUC) and the area under the precision-recall
curve (AUPR) can be used to evaluate models regardless of any

are calculated by following equations,

=] E]!jH'l D sC C:, 8) threshold. However, there are much more negative labels tha
s kC1lC ikDOq [i] positive labels in the agent-activities prediction, and niaeh
oy learning methods are likely to produce overestimated AUC
P E]!jHB D s PJ scores. Since AUPR takes into account recall as well as precision
s kC1cC !‘Doqo[i] it is used as the most important metric.
ID1,2:::.qjD1,2:: .k ) We used the following evaluation metrics to evaluate the

performance of machine-learning models: Precision, Accuracy
(ACC), Recall, Specicity, Mathew's correlation coe cient
(MCC) (12-16). These metrics can be calculated by the number
of true positives (TP), false positives (FP), true negatives),(TN
and false negatives (FN).

wheres is the smooth factorq [i] is the number of instances
which just hasi neighbors withlth disease in theik nearest
neighbors;qo[i] is the number of instances which just has
i neighbors withoutlth disease in theitk nearest neighbors
(Zhang and Zhou, 2097

TP
Cross-Validation PrecisionD —-~—p (12)
We used 5-fold strati ed cross-validation with 1,000 repetd TPCTN
avoid arbitrariness. ACCD TPCENC INC EP (13)
Ensemble Learning Method RecallD % (14)
In this paper, an ensemble learning method was designed to TN
combine various features and develop high-accuracy priedict SPeCi City D -~ (15)
models [ee and Soo, 2013; Yang et al., 2014; Wen et al.).2015 TP TN FP EN

B

Previous studies have shown that combining predictions from ~ MCC D P—=cu

di erent methods could achieve better and more robust result '

than using one algorithm alone. In this study, an ensemble

classi er was generated using the linear weighted sum giust

from classi ers based on four features. Several metrics were designed for multi-label classi catie.,
Given m features, we build m individual feature-basedHamming loss, one-error, coverage, ranking loss and agerag

MLKNN models, and use them as base predictors. Singgrecision. Hamming loss is the fraction of the wrong labels to

features may make di erent contributes, it is natural to adoptthe total number of labels. The one-error evaluates thetisac

weighted scoring ensemble strategy, which assigndase of examples whose top-ranked label is not in the relevant label

predictors with m weightsfwy, wp,:::,wmg For a testing set. The coverage evaluates how many steps are needed, on

instance, theth predictor will give scores fay diseases, denoted average, to move down the ranked label list so as to coverell t

as §D g.¢.::,§ ,iD1,2;::,m The nal prediction relevant labels of the example. The average precision evaluates

produced by the ensemble model is the linear weighted sum @fhether the average fraction of relevant labels rankedéritfan

outputs from base predictors. a particular label. Therefore, we adopt AUPR, average precision,

2 3 one-error, coverage, ranking loss and hamming loss for ¢feat
activities prediction.

TPCFN/ (TNCFP (INCFN)
(16)

Ensemble Sco® [wi,wWa,:::, Wp] gszé (20)

Sn Cytotoxicity Assays
2 g gd 3 Cell Culture and Reagents
K562 cells were purchased from Shanghai Cell Bank, Chinese
D [wy, w2, 111, W] g b £ (11)  Academy of Sciences. Cells were cultured in RPMI-1640
$<, Sl (Procell, China) with 10% FBS (Biowest, France) and 1%

penicillin/streptomycin (Procell, China) at 3, in 5% CQ
Tuning weights for base predictors are critical for the enBlem humidi ed atmospheric air. All agents were purchased from
models. The weights are non-negative real values betweerd 0 aTargetMol and dissolved in dimethyl sulfoxide (DMSO).
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Cytotoxicity Assays best dedicated to revealing gene-disease links, makes$ grea
The e ects of agents on K562 were determined using CellTitereontributions to the pharmaceutical industry. On the otherd,

Glo® Luminescent Cell Viability Assay (Promega). Cells werenost diseases are caused by multiple pathogenic factors.dn thi
seeded in 96-well plate at a density of 210° cells/well and paper, we proposed that aiming at multiple genes associated
treated with di erent agents for 72 htogether. An equal voleiof ~ with certain diseases rather than a single pathogenic factor
CellTiter-Glo reagents was added to the cells in 96-weleéglabhd is more e cient in identifying potential drugs. In addition,
mixed for 2 min on an orbital shaker and incubated for a funthe our results demonstrated the therapeutic potential of agents
10 min at room temperature. The luminescence of each well wasn be enhanced with the consolidation of genetic links
measured by FlexStation3(Molecular Devices). The IC50egalubetween targets and diseases. In other words, simultaneously
were calculated using Graphpad Prism software. All experimentncreasing the quantity and quality of target-disease agsons

were performed in triplicate. can signi cantly increase the activity/druggability of eags.
. According to the above theories, we have established a
Web Server Implementation drug-activity predictor with multi-label classi cation mad

Systems Chemical Genetics-Drug (SCG-Drug, http://zhdnglapased on the genetic information of drug targets (online
hzau.edu.cn/scgdrug) was builtin Java, JavaScript, ant$B@p  service is freely available at SCG-Drug, http://zhanglab.

with MySQL as the primary data store. The site is served withzau.edu.cn/scgdrug), which is of high value in prioritgin
nginx on a server running CentOS 7.2. Two modules are usegiug candidates.

the search module and the prediction module. The search module

was implemented by an entry-name matching algorithm. ByAUTHOR CONTRIBUTIONS
using this module, the server will return a list of partially ttiaed

terms and shows them in the dropdowns when users type only the_yz: conceptualization. YQ, Z-HL, and L-DZ: data curation.
starting characters of a gene, disease or drug in the seaidh YQ, Z-HL, and Q-YY: formal analysis. H-YZ: funding
Inthe preQict.ion.moduIe,.there are two steps: data preprocgssirhcquisition_ Qz, Z-JC, and XQ: investigation. H-YZ and L-DZ
and drug |n_d|cat|on prediction. In the data preprocessing S&p, methodology. JL and Y-ML: software. B-ML: conceived and
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