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Abstract- In drug development process, adver se drug reac-
tion (ADR) is one of the biggest challenges to evaluate the
drug safety for passing to the market. Genomic expression
data following in vitro drug treatments and thus have be-
come widely used in ADR identification and prediction. In
this research, we develop the prediction method by using
system phar macology-based study. We performed the pro-
teomic, small molecular compounds - protein interaction
and ADR data based on Connectivity M ap database. A ma-
jor protein-drug-side effect (PDS) network and a protein-
drug (PD) networ k wer e obtained and analyzed by followed
network centrality study, which allows for selection of side
effects that are defined as central nodes. From the result,
thetop ranking of novel side effectswasidentified. In a case
study, we established prediction modelsfor 2, 3, 7, 8-tetra-
chlorodibenzo-p-dioxin (TCDD) in breast cancer treatment
adver se events. In conclusion, the networ k-based approach
provided the relationship between protein tar gets network
and side effects based on the gene expression profiles and
can predict the potential side effectsfor new a combinatory
drugin the drug development process.

Index term: Adverse drug reactions, Side effects, Biological .

network, Protein—protein interaction, Systems lggloSys-
tems pharmacology, Network centrality, Connectivithap,
CMap, Dioxin, Breast cancer, 2, 3, 7, 8-tetractdiorbenzo-p-
dioxin, TCDD, dioxin, Network theory, Gene expresspro-
file.

I.  INTRODUCTION

Adverse drug reaction (ADR) is a 30 years old tertnch
defined by WHO as “a response to a drug that isausxand
unintended and occurs at doses normally used inforatine
prophylaxis, diagnosis or therapy of disease, omiodifica-
tion of physiological function” [1]. In all diseaseeatment pro-
vided, ADRs always can be occurred by many cauSesdrug
development, during the lead optimization phasenymaf
compounds fail to be a drug; only 11% of remainowgn-
pounds can be accepted at the first stage of eallitrial [2].
ADR is the one major reason for failure in drugnidal trial, so

detect them as soon as possible by predictioneistinrently
trending and powerful way to decrease negativeetfief drugs
in disease treatment.

Omics data provide the opportunity to investigaleRs
clearly because it provides a huge amount of dateeanolec-
ular level [3]. A large number of methods were useientify
ADR are proposed. SIDER (Side Effect Resource),afribe
most important ADR databases which predict andstigate
adverse drug reaction [4]. SIDER was widely usegridict
ADR as well as the side effects in several otherdias [5-9].
Moreover, network analysis [10], machine learniéf mathe-
matical matrix construction [8], statistical temtd data mining
[5, 7] are several computational methods which wesiag to
predict ADRs based on the association of druggepraeargets
and adverse effects. Specially, M. Campilibal. applied sim-
ilarity approach to 746 marketed drugs and a nd¢wbr1018
side effect-driven drug-drug to find the relatioipshetween a
side effect and drug target [11]. Recently, the potational
method to predict Adverse Drug Reaction using geqees-
sion profile data — Connectivity Map [12], was psblby K.
Wanget al. [13]. CMap has been widely used to predict new
drug indications (i.e., drug repositioning) [14-16pnnectivity
map can significantly enrich true positive drugigadion pairs.
The gene expression association suggested thanhothera-
peutic effects, but also side effects can be chariaed by tran-
scriptomic profiles [13]. From these researches, ABDR can
be completely predicted by the method based oagkeciation
between gene expression of drug and drug targetar(o off).

For case study, 3, 7, 8-tetrachlorodibenzo-p-dioxin (di-
oxin) - TCDD is one of the highest potency carcinogens com-
pound [17]. However, several experimental and epidmgi-
cal evidence [18-20] were showed that TCDD may fepeo-
tective effect for breast cancer [21]. Hwl. were publishing
the microarray data of TCDD treatment in MCF-7 @stecan-
cer cell line) to Gene Expression Omnibus (GEOabase. It
could potentially become thvel pathways associated for the



inhibitory effects of TCDD on breast cancer [21]th®ugh,
TCDD is very toxicity compound [17], so there aramp ADRs
may occur after treatment. Thus, the mission tatifieor pre-
dict the ADRs is highly important in the TCDD drdgvelop-
ment.

To understanding the characteristics of networkapre-
hensively, the global and local topological anaysethods of
are always utilized [22]. From a global perspectiventrality
is a measurement in detecting the importance déxen the
whole network [23, 24]. Network centralities gives tthe
weighty nodes that have a meaningful position & dkerall
network architecture [24]. In this sense, many oekwentral-
ities have been defined to manifest the signifieanta node
for a biological network by several features, sasmode de-
gree, betweenness, eigenvector measures, etc. I[f24his
study, we identify the centralities measurementpuaftein-
drug-side effect (PDS) network to evaluate and rdnekside
effects as well as ADRs which based on associatddgene
expression levels of TCDD in breast cancer ced.lin

In this study, we supposed two major hypotheses(aje
the similar gene expression level may lead to émeesprotein-
protein interactions tendency; (2) potential siffeat should
be contributed by the high interaction of protgmeteins in-
teraction network. The network centrality networil \e cal-
culated to show the potential side effects forbheast cancer
treated compound.

II.  MATERIAL AND METHOD

A. DATA MINING

Microarray data were extracted from the Gene Exgioes
Omnibus (GEO) database (http://www.ncbi.nlm.nih.
gov/geo/). We used web-based software GEO2R whialiaa
ble on http://www.ncbi.nim.nih.gov/geo/geo2r/ anoisppro-
cess in R environment to identify the gene expogssignature
profiles from GEO sample datasets. In this cas#ystwe ana-
lyze microarray data from the dioxin against breastcer re-
search [21]. They provided two sets of microarrayeziment
with three biological replicates (GSM188013, GSMQ88,

compounds from cultured human cells treated micayaex-
periment and simple pattern-matching algorithmsotnkogo-
rov—Smirnov test [27, 28].

Let n andt be the number of probe sets in the feature set
(22, 283) and the number of probe sets in theisidihput)
respectively. Instruct ah probe sets by the level of their dif-
ferential expression for the current instandguilding a vector
V of the position (1..n) of each probe set in thlymature list to
list of all probe sets and screen these componemtscending
order such tha¥(j) is the position of tag wherej = 1, 2,...1.
Then, the KS test [27] is applied by computingtilie values:
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Setks; = a,if a > b. Set ks; = —b,if b > a. The up
scores and down scores &g up andks; down, respectively.
The connectivity scor& is set to zero wherks; up andks;
down have the same sign. Otherwise, se& ks; up —
ks; down s, p to bemax(s;) andq to bemin(s;) across all
instances in the collectioB. The connectivity scor§ for the

remaining instances is definedsé,é[j if s; >0o0r— Si/q if s; <
0[18]

Based on CMap, we query the gene expression sigrat
to find the drug connection to small molecule drdgsabase.
The permuted result is obtained and extractingctivapound
based ormp-value < 0.05 and positive enrichment score (con-
nectivity score) condition for instance of each pounds (us-
ing mean scores).

For chemical-protein target annotation, we use €HT
(Search Tool for Interactions of Chemicals) databas
(http://stitch.embl.de/) [29]. STITCH contains irdetions for
between 300,000 small molecules and 2.6 milliortigins from
1133 organisms. By evidence extracted from exparimala-
tabases and the literature, chemicals are linkexhter chemi-
cals and proteins [29, 30]. We derived chemicatetgins in-
teraction following parameters: active predictiorthods all
enabled except text mining; no more than 50 intéyas; high

GSM188020 are control samples (DMSO) and GSM188014,fidence score (0.700); and network depth equal t

GSM188018, GSM188022 are 100 nM TCDD treated sasnple

for 16 hours) that are based on Affymetrix Humam&@ee
U133A Platform in MCF-7 cell line (Breast cancetl di@e).

For each probe, t-test with multiple test corrattidé Benjamini
and Hochberg [25] is applied by GEO2R which autdcadlly

calculated its corresponding t-statistic and adgisP value
[26].

The Connectivity Map (also known as CMap) Versida 2
a collection of 7,000 expression profiles representl,309

With 1430 drug and 5868 side-effects, SIDER (Sitfedt
Resource) [31] is the best-known public sourcentwosate the
side-effect as well as adverse drug reaction fallsmolecule
drugs.
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Figure 1: Data mining workflow

B. CONSTRUCTION OF PROTEIN-DRUG-SIDE EFFECT

NETWORK

The screening and network design of the drugs Edhap
result with corresponding proteins interaction sk effects
were performed using Cytoscape software [32], verSi.3.0.
The interactome protein-protein, small compounaxgegin and
small compounds-side effects data available for blsapiens
were used to map to small molecular CMap drugdireEoen,
Merge Networks core plugin of Cytoscape is app{iadinion
mode) to combine every single drug networks to aqaish
the big PDS network. Besides, we merge the smatbounds
to protein-protein interactome to PD network foalenating the
relation between drug and protein which have arachpn side
effects appearance.

C. CENTRALITY TOPOLOGICAL NETWORK ANALY-

SIS

PDS major network centralities were computed byaisi
CytoScape software application: CentiScaPe [33twhavail-
able at http://apps.cytoscape.org/apps/CentiSa4Besuppose
a major undirection proteins-drug-side effects meknisG =
(V,E). Vertices V) are nodes which make the edgE} lfe-
tween two vertices in the grapB)( We adopt to compute three
centrality indexes: degree, betweenness, and stress

Calculating for each vertex in the network, degteg(V)
is the number of directly connected vertices. Tegrde has a
local attribute.

Stress is calculated by measuring the number oftesto
paths between two vertices passing through a nbldis. cen-
trality can indicate the relevance of a proteirfuasctionally
capable of holding together communicating sideeffedes.
Two nodes are connected by means of other shpatst may
not passing through the nodeT o calculate the stress of a node
v, all shortest paths in a gra@hare calculated and then the
number of shortest paths passing through v is eolni
stressed node is a node traversed by a high nuohlséiortest
paths. We computed stress centrality by the formula

> o)

SEVEV t+VeEV

Cser (V) =

whereay, is the number of shortest paths betwsemdt and
o (v) is the number of shortest paths betwsandt passing
through the verte¥.

The betweenness is similar to the stress but pesval
more elaborated and informative centrality indexs Icalcu-
lated considering couples of nodég,(V2) and counting the
number of shortest paths linkiMg andV» and passing through
a nodeN. Then, the value is related to the total numbeshoirt-
est paths linking/1 andV.. The formula of betweenness com-

puting is:
@)= D > 84V)
s*VEV txVeV
where 5,.(V) = US;—(V)
st

The betweenness mean is calculated by the follofaing
mula:

n .
i=1 Cspbl

C =
b
avesp

wheren is number of calculated betweenness node.

. RESULTS

A. CONNECTIVITY MAP ANALYSIS
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Figure 2: Top 50 up-regulated and top 50 down-regulated
probe sets in MCF-7 cell line treated with TCDD.
GSM188013, GSM188016, GSM188020 are control wells
(DMSO) and GSM188014, GSM188018, GSM188022 are
treated wells.
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Figure 3: Connectivity map analysis: top 22 drugs have
more than 50% similar gene expression to TCDD inAvIC
cell line (X-axis: Enrichment score, &%is: Mean score ai

Color band: p-value).

We obtained total 192 up-regulated probe sets drfid 1
down-regulated probe sets from microarray expertrizt re-
sult data by multiple testing with 1.3 (threshdidld-tests. The
top 50 up- and down-regulated probe sets are siowigure 2.
We were using these probe sets to query with CMdjvare
(https://www.broadinstitute. org/cmap/). The resshowed that
22 small molecule drugs (Figure 3) have more thz@b Similar
to TCDD in the gene expression level. Only 13 drhgse the
chemical-protein interaction networks and 8 drugwehthe
chemical-side effect links. Besides, the otherggdnechanism
also can cause the unintended effect to the pati®&#sed on
CMap result, we can have the initial connectiordiafgs at the
molecular level.

B. PROTEIN-DRUG- SIDE EFFECT NETWORK
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Figure 4: The drug-protein interactions network.
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Figure5: The connectivity network of TCDD to proteins
and side-effects

From 22 CMap drug results, we constructed 13/22Isma

drugs-proteins (9 drugs lack of protein informaj}iagmterac-
tions to make a network (Figure 4) with 162 (13gérand 149
proteins) nodes and 499 edges. In addition, weigedva net-
work of drugs-side effects included 8/22 drugs 4rd corre-
sponding side effects. After merging, we obtainebiganet-
work (Figure 5): 470 nodes (16 drugs, 149 proteind 305
side effects) and 961 edges. In addition, 7 drag= fboth pro-
tein — protein interactions and side effects theteavisualized
in the graph. The rest have only protein — proitgi@ractions.

C. CENTRALITY TOPOLOGICAL ANALYSIS OF
PDS NETWORK

Centrality measures are able to show the importarfice
nodes in our proteins-drugs-side effects networfkerAcalcu-
lated the PDS network, in our analysis, we suppusithe side
effects with high degree nodes are very highly piaéto be-
come the side effects of TCDD (Figure 6).

We pick up top 10 side effects with the degree xnde
greater or equal 4. Nausea, vomiting, headachehda, diz-
ziness, pruritus, paraesthesia, anorexia, convuksia hyper-
sensitivity are 10 potential side effects. Moreowge calcu-
lated the betweenness and stress centrality wizich formula
related to the connections with protein interactioptwork.

In the following work, we annotated top 10 sidecefs-
drugs and calculated the Average Betweeness afealtest
nodes of side effect node to perform the highlyramtion in
PDS network (Table 1). Cause that almost side &sffeome
from same drugs so we attained a group of genesaiylar
pharmacological actions. Angiotensin-Converting \Ene in-
hibitor, Antibiotic, Alpha-adrenergic blockers, Avital agent,
Vitamin, Antihistamine and Cough suppressant hay®ssi-
bility to cause the side effects of TCDD.
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Figure 6: The 3D plot of centrality network

IV. CONCLUSION AND DISCUSSION

Systems pharmacology and its associated applicatian
improve and accelerate the drug development prafessew
drug for breast cancer as well as cancer diseeagnents. Fur-
thermore, systems pharmacology also strongly stiteslthe
development of single compounds that can targebitapt in
a specific network associated with breast canceitbranother
type of tumor.

In this paper, we have investigated the computation
method based on mining drug gene expression of diatey to
predict related ADR. The association between gepeession
level of drug and ADR are performed by drug profgiatein
interaction network. The system pharmacological ehoaf
ADR prediction is completely constructed to give tletail in-
formation to decrease the negative impacts of dnugjsease
treatment, especially breast cancer treatmentdBssiwve are
just in initial steps of computing this model, bl calculating
procedure is clearly provided. Our system pharnugiodl
finding has a particular meaning and has a potedga to sup-
port the ADR prediction method in the applying ofmputa-
tional biology to drug development and drug longrtdreat-
ment.

In the future, we will combine more mathematicatinoel
in biological network analysis process to give ghhaccuracy
and precision for the side effects results. We etqitto do a
lot of evaluation in protein-protein network to idiy the core
mechanism of action to lead the side effects. Maggowe are
going to process the mining data from Library ofefyrated
Cellular Signatures (LINCS) which known as CMap @.@x-
pand the prediction adverse drug reaction resef@rchreast
cancer treatment.
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Table 1. Side-effect sub-network annotation.

Sub-networ k Average Phar macological action
Between-
ness (PD
networ k)

@i Angiotensin-Converting En-
rime@prim 2459.318 zyme inhibitor, Antibiotic, Al-
pheni@mine goxton@orshan pha-adrenergic blockers, Anti-

N oo @anine viral agent, Vitamin, Antihista-
pyi@ine mine, Cough suppressant
iline
o Angiotensin-Converting En-
imel@@prim 2869.204 zyme inhibitor, Antibiotic, Al-
hon@pine %1 er@rren pha-adrenergic blockers, Vita-
chiorpif@amine . . .
i@ min, Antihistamine, Cough
i@ suppressant
i Angiotensin-Converting En-
imo@orim 2617.353 zyme inhibitor, Antibiotic, Al-
o B pha-adrenergic blockers, Vita-
min, Antihistamine
pyri@ine
i Angiotensin-Converting En-
i e 2674.045 | zyme inhibitor, Antibiotic, Al-
sheri@rine cniorp@emine pha-adrenergic blockers, Anti-
doxror@phan histamine, Cough suppressant
o Angiotensin-Converting En-
trime@@prim 2310.441 zyme inhibitor, Antibiotic, Al-
_D‘z.sscmwp.amme p_ha-ao!renergic blockers, Anti-
""‘“‘"ﬁ{,"jn.o,phan histamine
o Angiotensin-Converting En-
ime@prm 2310.441 zyme inhibitor, Antibiotic, Al-
e pha-adrenergic blockers, Anti-
onen@ive  hiorpi@arine histamine
@ Angiotensin-Converting En-
3014.693 zyme inhibitor, Alpha-adrener-
shon@mine  criorpi@lmine gic blockers, Vitamin, Antihis-
Para@esia tamine
Pvr.lne
o Angiotensin-Converting  En
vimel@prim 2300.481 zyme inhibitor, Antibiotic, Vit-
An@ia— choro@rmine amin, Antihistamine
pyr.\ne
£ Angiotensin-Converting  En
trimef@erim 2300.481 zyme inhibitor, Antibiotic, , Vit-
cor@on 7B amin, Antihistamine
p‘/”.‘”e
Angiotensin-Converting  En
P 1897.077 zyme inhibitor, Antibiotic, An-
| @i tiviral agent, Antihistamine
PG

i@
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