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Method for Identifying Active Module Based on Gene Prioritization
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2 College of Artificial Intelligence and Software, Nanning College, Nanning 530000, China
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Abstract With the rapid development of high-throughput sequencing,a vast amount of multi-omics data has been contributed to
investigating the pathogenesis of cancer at the molecular level. In recent years, the identification of active modules has become a
major direction in bioinformatics. However, many existing approaches cannot identify a dense module that has strong association
with cancer. A method called IdeMod is proposed by integrating protein-protein interaction network (PPI) and gene expression
data. More concretely,a gene scoring function is devised by using the regression model with a p-step random walk kernel. By in-
troducing the relationship of dominance in the POC method.a gene prioritization list is presented. A simulated annealing algo-
rithm SA-PROX is introduced to find an active module with high gene prioritization and strong connectivity. Experiments are per-
formed on real biological datasets, including breast cancer and cervical cancer. Compared with the previous methods SigMod,
LEAN,RegMod and ModFinder, IdeMod can successfully identify a well-connected module that contains a large proportion of

cancer-related genes. Therefore, the proposed approach may become a useful complementary tool for identifying active module.

Keywords Cancer, Active module, Gene prioritization, Protein-protein interaction network,Gene expression,Simulated annealing
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Fig. 1 Flowchart of a weighted PPI network construction
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K CDK2 5 Z FhfiE e 28 AL fY it 8 2k K% DA
BN, P CONAZ Sy B 5 P, 7 9819 988 40 Jig A6 K 0 1
R ER AR, FEE CDCT 5 5 40 i 43 24 0 40 it J7 1)
SR A G B O B R O AT 500 MMk R 5K Y i
FIh 5 £ Vi E HE % 2 (] () SC IR B 78 2 IE 72 56 O 5 9 hE A7
KM EEHDT

—=—TdeMod
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NCG

2 ZLAR I B0 4R rh B DR AR S R T O R A5 A L8R
Fig. 2 Comparison of results of gene prioritization methods in

BRCA dataset

F 1 FLIRREE G DR TR s BB T ASE B (1 5 4 A% B50F % 3 R 5
Table 1

Enrichment fold and connection strength with different ms

in BRCA dataset

! Selected Recovered Recovered Fold Connection
" genes edges genes enrichment strength
30 30 140 22 6.33 0.321
50 50 376 39 6.73 0. 306
70 70 464 51 6.29 0.192
90 90 584 56 5.37 0. 145

%2 FUMMAREECH e PR 0 T BRI fE L8

Table 2 Performance comparison of active modules in BRCA dataset

Selected Recovered  Recovered Fold Connection
Methods .
genes edges genes enrichment  strength
IdeMod 50 376 39 6.73 0. 306
ModFinder 50 305 37 6.39 0.248
SigMod 299 1227 94 2.71 0.027
LEAN 103 113 24 2.01 —
RegMod 298 8 23 0. 66 —

3 FLARRE B S TdeMod J5 v U (0 B0 3 PR ok g 36 X
(ms=50)
Table 3 Oncogenes or tumor suppressors identified by IdeMod in

BRCA dataset (ms=50)

Identified oncogenes or tumor suppressors listed in OMIM
TP53 BRCALI RB1 TSC2 CTNNB1 PINI CDC6 MCM5
CDC7 HDAC1 SMAD2 PIK3R1 NPMI1 GRB2 CEP55 MCM7
AR MCM2 JUN SKP2 ESR1 CDKN1B RPAl1 CDK4 PBK
CDK1 CREBBP MCM4 CDKN2A TP73 SMAD4 STAT3 SMAD3
CDK2 CCNDl1 CCNA2 CDKNIA MYC EP300

Stk — 25 553 1deMod 7 % it 19 51 4 0 BR 4SS B, i
DAVID #A4XF ms=50 #Y3% BRAE He CAn &l 3 91 7 ) Jor 4, 4 i 2
HikFT KEGG 38 ¥ 40 07 13 8 19 & 45 Rk 4 figl, H
1, KEGGID %5 KEGG i@ & % 5 » P-value 378 i VLS R
P {H ,Count 7~ & £ FH AN, Term Ram AW A,
) SCHR G I & 3, p53 A 5 38 [ 7E 40 ) 4H AR A G L Al i i
B MM RS A SRR EEN, SMEN SR

JEA BEEmB RS . FoxO {55 8 #% 2 5 9 4 i 240 0 26 77
B8 2R Al LA B AR L R Y A R O
PI3K-Akt 55 i B2 FLIRE (9 207 s 2 — 0, il
PI3K-Akt {5 5 18§ o] A 2IA 9T 2 Fh S B i i e . JAK-
STAT {5 51l B2 5 40 N3 58 20 AL R 8 o A B T s e 78
WM . Hippo 17 538 98 42 3L R 04 & B fde U ErbB
5 3 S B RTS T R T 5 S T R A A G A A A
P FU IR L AN D Y fR 28 T RS L B SEIE W, ErbB 5 il
2 5 FUNRAE B A0 ML A7 20 B 0 A0 B A AR AR R
TGF-beta {5 5 il 52 17 40 MO 2L 1< L 240 M 2016 L o4 T2 240 i £
5 5 A0 N D) RE I 188 3 400 < 4N B 5 B TE LA P 2 A AR
HAE IS o HIF-1 A5 538 B e LS Y i S # i bl 5 &
FAEET o AMPK {5538 5% T LA 5 o8 40 B i 4= 28 A0 i
RS o DR o 1 SRASE e e v S RT3 981 422 1 3 35 LMo 10
Jr 18 A B DI AR 5K

B3 FLRRE AR 4 P B IdeMod 757 35 IRNAY ms=50 Y 15 BRAR B
Fig. 3 Active module with ms=50 identified by IdeMod in BRCA
dataset
4 FLBEEIEE KEGG B4R
Table 4 KEGG enrichment results in BRCA dataset

KEGGID P-value Count Term

hsa04115 2.62X10 12 11 p53 signaling pathway
hsa04068 4.42x10 1 12 FoxO signaling pathway
hsa04151 1.67x107 26 PI3K-Akt signaling pathway
hsa04630 1.62x10°6 18 JAK-STAT signaling pathway
hsa04390 1.53X10 ° 16 Hippo signaling pathway
hsa04012 7.66X10° 12 ErbB signaling pathway
hsa04350 1.24x10* 12 TGF-beta signaling pathway
hsa04066 2.49X101 12 HIF-1 signaling pathway
hsa04152 3.62X10 2 10 AMPK signaling pathway

(2) '8 B B a4 (CC Dataset)

K 4451 T RegMod, LEAN, SigMod, ModFinder #l Ide-
Mod J5#: 7€ n=100~800 B ] NCG #5 £ 45 R L #% . [FFE,
TEH BUR AR A T, IdeMod B T 3 Z % CCDB U4 HiF 5%
W5 B8R A RN,

100

—#=—IdeMod
—#— ModFinder
80 |~ SigMod
—»—LEAN
RegMod

60

NCG

40

0
100 200 300 400 500 600 700 800
n

&4 B S0 B AR P SRR S GHE T O R A5 R R
Fig.4 Comparison of results of gene prioritization methods in

CC dataset
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25 BT AE B U B0 AR P R TR RIS RS B R
BRI 3R 3 . FIRE 24 ms=50 B, TdeMod 51 A4 3% BR 4
HeCnpE 5 Frs) AR e B S S SR MBS s g, R
6 %t 5 Fp v UG G BRAE B g M RE EAT T LR, AR B
7R s IdeMod TR 1 B I BRABE B AE & 4 4% Ao 3% 3 ok B B 330 T
HoAh T % GEH] T IdeMod J7r ik iR Bl fE . % 7 5 T Ide-
Mod J7 ¥ 3 0 3 SR AR B vh T 7 35 19 5 B0 A O 1 BU
FE DR B 9 JE )L 3k B 3 TR B CCDB BI04 2 Jr i 5t B 331
FREE BRI EEREEMEM, Hri A 16 A SEE 2 HAh J7
A RN B 0, 7E 3R P LRI AR U

cDe4s SKP2

X ORC3 —— CCNE2

- CCNA1 //

cocsL
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Fig. 5 Active module with ms=50 identified by IdeMod in

dataset CC

F 5 EHBEIRE DA ms BT BEHL Y & AR AT ORI 8 5
Table 5 Enrichment fold and connection strength with different ms

in CC dataset

Selected Recovered Recovered Flod Connection
" genes edges genes enrichment strength
30 30 121 14 10. 11 0.278
50 50 245 25 10. 83 0. 200
70 70 443 26 8.05 0.183
90 90 578 33 7.94 0. 144

6B BUREURE G R 093 BRI BE L &L

Table 6 Performance comparison of active modules in CC dataset

Selected Recovered  Recovered Fold connection
Methods .
genes edges genes enrichment  strength
IdeMod 50 245 25 10. 83 0. 200
ModFinder 50 239 20 4.05 0.195
SigMod 107 138 20 4. 05 0.024
LEAN 154 379 31 4.36 -
RegMod 194 12 9 1.00 -

F T E IR B TdeMod 75 A U 4 B0 R B ok 0 g 5 A
(ms=50)
Table 7 Oncogenes or tumor suppressors identified by IdeMod in

CC dataset (ms=50)

Identified oncogenes or tumor suppressors listed in CCDB

CCNEl  BRCAT1 CDK2  CDKN1A CDKN2ZA MCM2 SFN

CDKN1B  A2M TP53 CDK6 GRB2 MYC ESR1
MSH2 CCND2  MCM4 MCM3 TP73 PCNA CCNDI
MCM5 SKP22  CCNBI CCNA1

i 3 ) SOk & B, 3L BRCATL J& — Fhim s 35 B, 5 3
FEPESLNRIE i 7= A 5 R A M . B CDKNTA 55 8
B 2 R R R TS AT R L kR SEN R R A TR

— B R AR bR AR . R DL R A Y & DY, S
CDKNI1B J2 i 8 #1011 5k B, 5 2 Fos 6E 09 7 28 F K A
SR B A2M T RE S R A& 2R AT 5T L g 4 i 3
TP53 & N i P e & AR R AE M 2 F ), 3 CDK6 A
21 i 10T Y A N DR AR U Y R R A R G AR
FAES, R MYC 09 2 15 0T 68 48 3F 5 JUm 0 17 28 5%
BT, N MSH2 RE R 3k 40 M 34 4 | 40 it J5] 09 3k R R O )
PR MR R R RBE SR R
WIZEE . CCND2 Ay 58 335 5 B4 0 & 400 2 455, 4 ffd JC R 3
B, e R YA TTRE T, AN A HE TE U 1B AL . B SKP2
FE IR BN B B SR 38 A & Sz B0 R R, R CC-
NA1 [ Re7E HPV i K 05 S h R &= AE R,
W XF ms=50 {9 1E BB AL 1Y BE R #E4T KEGG i g%
S AR A R LS AN 8 Fr%, Pathways in cancer (Jig Sif
i %) J& KEGG pathway B8 22 % £ Fl i G 3 1 1) % A Hoep
A F5 B 28 RS BT - N R LB S0 B AN B O RN 4 T W g

ff I RE T R S E A R Y £ AE 5 Y. PI3K-Akt
T A AR N A B A A A K S AR R A

1&7?@%’5%111[11%%152%1)%]?}“% FoxO {5 5l % 2 5 40 it /)
Ak 4B T A G 5 DNA 545 FE 5 2 R A i T ag
V4R A ML Y 2 2B e B BB 0, WA Sy A T O I 1 T A AR
SO R Jak-STAT {5 5 3 % 2 #F 8 4F 7= 4 A 5%
RIS, Mim ErbB {5 538 MR VAT B DU M IR IT R I 2
—0%0, Sl KEGG & 25 M1, ilF — 25 3IE 52 7 3% BRASE B T i
5 14 3 B X R IE B R B
F# 8 EHBEHIEE KEGG 8 ELR
Table 8 KEGG enrichment results in dataset CC

KEGGID P-value Count Term

hsa04115 7.54X10 21 16 p53 signaling pathway
hsa05200 2.83X10 15 23 Pathways in cancer
hsa04151 2.36X108 14 PI3K-Akt signaling pathway
hsa04068 3.87x107 9 FoxO signaling pathway
hsa04012 1.08x10 3 5 ErbB signaling pathway
hsa04630 1.68X1073 6 JAK-STAT signaling pathway

GERAE I BB PN [A] R AR W15 B A 10 T B A 5T 1)
R, AR SCE Rl A PPT R 25 %540 S IR 3% 8 B8 B A p
A B AL I A A R TRl DA AR R 3 3 T — AN S Ay R B T
FT POC Jr ik i 5 AR Se G HE 7 7k ke T A iR S8
R T Y. 7EREPIR e BRIy 77w i il b, 0 — 2 42 iy
Tff;é%xu_kﬁzf SA-PROX i TR PP M4t il s 4t & B
2 0 P iR 1 T R
I L S A 2L 8 B0 S N S B9 4E X RegMod
LEAN.SigMod, ModFinder fl IdeMod J5 % #F 47 52 56 1) ik
S8 25 SR W TdeMod 75 ¥4 1T LA B TR ) — AN Kt i 3K
a7 B R AT 8 B TR 1 SR T B ER . £% BT IR TdeMod 7 5 AT
DA A TR 500 3 BRABE B 9 A ROk 8 T B TE TR R RE 1 R 9 AL
il oh R HE— R B VE A .
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