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Abstract Nowadays, technological development in measuring molecular interactions has led to an
increasing number of large-scale biological molecular networks. Identifying conserved and stable
functional modules from such networks helps not only to disclose the function of inner components,
but also to understand their relationships systematically in complex systems. As one of classical NP-
complete problems, the sub-graph query problem is gaining research efforts in analyzing such
behaviors from the fields of social networks. biological networks, and so on. Calculating node
similarities and reducing the sizes of target graphs are two common means for improving query
precisions and reducing computational complexity in the study of sub-graph algorithms. For the
problem of querying sub-graphs among complex protein interaction networks, this paper presents a
sub-graph query algorithm based on semi-Markov random walk model. A comprehensive similarity
measurement based on semi-Markov random walk model is designed to integrate the similarities of
nodes, structures and their neighbors. Meanwhile, an iterative procedure is applied to reduce the size
of targeted graph by removing nodes in a cluster with lower similarities by calculating the global
correspondence score. The experimental results on multiple real protein query networks demonstrate
that the proposed algorithm improves its performance in both query precisions and computational

complexity.

Key words semi-Markov random walk model; iterative weighting; protein-protein interaction; biological

molecule network; sub-graph query
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BRI AR R ANE 1 TR

/ Calculation of Global Correspondence Score

Topology similarity
of protein pairs in
networks through networks through

semi-Markov kron product of
random walker matrix

'

/ Iterative Target Network Reduction

Neighbor similarity
of protein pairs in

J

By classification, use global correspondence
scores to classify all proteins in target
network and retrieve clusters, then delete
nodes with the smallest score in every cluster

N<2Ng

Yes

Identification of the Best Matching Subnetwork

Identify the best matching sub-network by
the maximum weight bipartite matching
algorithm

N : Number of Nodes in Target Network
Nq:Number of Nodes in Query Network

Fig. 1 The main stream of the algorithm.
1 Gk F R

1.1 HEZEARMHNELBEHEUNESES

2 AN 2% 2 18] 1 48 BT R Y 4 JRy AR BLE A 43
(global correspondence score, GCS) & #E47 & F
o DT C 2o A e ) L5 e A 2R L TsoRank 84k 2% &
T LR 3 A5 K 2K« DT IC AR 118 A B i AE LM L T
e 25 1 5 %t J# [l interaction 45 44 (1) 45 L1 4 L) B UG Fig
BN ] PR AR SR 2R 5Tz (8] AR ARLPE s Tl RESQUE
LS T 3 AR AULEIE TH 2 MK &
WF5E & I RESQUE 5336 U 5 0 VT T 5 I 11 44 Aff
JE L TsoRank S5 . PG L 45 A8 2 il TR B &R A
Jo % J L 40 J 1 U 2 T A A AR 3 A R 3R A e
T LAY i AR AT A VC IE 2 1 50T S R 48 e AR BT
2Z [E] R B 3 A PR R il 30 4 Jm AR R 19 52
. A 2 A 4% AR BT Z ] Y blast score R A%
B A B S 2 1) X 2% 109 JC AT 1 SR 22 5 1 Q. DA %
H 5 90 45 1) TCAX I B &R 42 56 9 T, 3 5 kron R 4y
(D (2D T30 B X 3 5 2 ) g 208 J
S E AR S Y 18

(T" ® @ vec (S) = wec (QST) = wec (H), (1)

D1 slgr v

N; v € NJ

N, XN,

/l(q,‘,'U]‘) :‘l,’e ] (2)

Horb o H 2 th 7 (qiso) M LR HE B g 2 A5 9 0 2%
) EE BT Ao, 2 B AR 48 A 8 1 BT A N
N; 5302 qi oy BB JE 1T SR A %L.

T 2 1500 72 P 2% v G HK Y interaction [ 4544
AL, A2 % RESQUE 53k iy 75 . B K
Markov BEALYE B AL, 5 5K A i) W 2% 5 B Br 19
RS B — A Markov & , 88 J5 1 203 W 4
BAEABT AN EBR o, G0, =) s,
i BB RS R A«

w, (15k)

S, Gk’
k’ec\"’
Horpw, Gk o W 2% v (9 28 1 50 AH B /R 89 Al A5
JE. TRRE R T5 % AT TE 5 AR 0 46 i RS He B
e AL SR IR 2850 6 R B 3 i 5 40 5 7% L 1
f P AIE ) IR B Y AR S 7o (¢) (B AR
W2 o)) s B3R T 7E BERLIE E o % b A A4S 19
5 R O B )

TETT A0 8 O (— A A R E T A
%, —ANEARE T B 1 GCS B, 4% 1 X
(DOFE B3R 3 Rz H &R 1845 43, 4k 15 3
GCS ¥ [ C(—t a=0.5).

h(qisv;) X s(q;sv;)

Z h(qgysvy) X s(qysvy)

i.j’es

ﬂQ(q,') ><7T(7J]') ><S(q,'5'Uj)
E 7o (qr) X w(vy) X s(qy svy)

i.jes

1.2 &REBHBIEME

TESEAT S VE I 7 M i A il A b O T
VCHL ) Al 5 RESQUE Bk 7 —Fp 4l H A5 ™
26 R AR U 1) JEARL, X H bR 4 T A AR R R S A
V) 90 4% o B AT s AR G B Y L R €
5 X R A GCS 20 1] T 341 AT S P Ay fiff e ik —
[a] 8, RESQUE H. il i 88 GCS Jif% . i+ & 2 4
W 4 v T 2B RO GCS /M e 358 B H A5
2% 5 2 N 2% B B A Y GCS #R e/ 0 B (5 F
300 B 2 A 2 ) ) 8% R L s I 466 ) A A L A
RITEBLT 5 H AR M 45 v 55 4 1 9 2% 35 S ALY
WEATRES L, SRR R R SR K
R R B . BT LA A I DS o B R (0 R
T Bl ik — BB L % R GCS B B e 15 4 1) R 4%
R T AR R RN 26 I 2 Ca) TR 4R
T HERMZE T B T AR 3 A A i) K
25 P SR RLL {H R Clusterd HR Y s 15 45 A
M AL BT A A #H 26 3] Clusterd . i BR
BN S0 v I A ) 0 4% B P R A e CRP A L B

a,(ik) = (3)

o(gsv) = (1 —a)

€Y)




/N A — T RE AL (Y 2 AR T P A Ak

2827

/N 9 AR 2% PP R BR AR B AT % 0 2 i
— B EE Y A LI R R g 2 2 XY UK
Bl 2 fros. B 2(h) 45 i AL B, Co D g3 5] 5 R
T3 5 ) 19 265 P9 S BT R R L E T R D O
Cluster3 HME— {1 £, NI T 8L D g P 8 T ok
T B AL B C B8k il i R Qs i A L o 260
U 5 A i) ) 25 v SR B e/ B9 B R 4% 3

FUTT T SR A 4 /N H bR ) 48 RS 5[] B 44 e 15
DC AR 0T 2 ) GCS (A 551k . F — 45 1 0%
R X DC i 452 it — > RASE A X 48 /N ) H b 9 4% Ry
T 5 RESQUE Jk & il 45 Rl AT i . A XS
% RESQUE 8.3, X H AR WM £ i iy 15 i B H /b T
A P2 P RUBCH 1 2 R A R AT —
AW Br— & ) A DT

S

Cluster 2

AN

(a) The classify process of nodes in target network

(b) The deletion of nodes in target network

Length of line stands for the score of similarity between nodes,
line is longer, similarity score is smaller.

@ Node in target network.

Node in query network.

Fig. 2 The iterative reduction of the target network.
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(d) The result of sub-network query between M.muscle and other three species
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The result of sub-network query among four species with different sub-network query algorithms.
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(b) MAPK signaling pathway
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(d) Oxidative phosphorylation

Fig. 4 Instances of sub-network query.

80

72

84
©
g
5]
3
o
e
=~

68

SR E ST ]

76

.o 09 07 05 03 0.1 0.0
a

Fig. 5 Result of sub-network dm-to-hs query with different.

& 5

AFEMES B BT M dm-to-hs £ i) 45



/N A — T RE AL (Y 2 AR T P A Ak

2831

M q=0 B B AL PR AR T Y 4B T A
J7 B ARAL 1 A5 20 F0 R 1 0 X AR B 1) 77 510 A 40P A
5138 a=1 B, FE A g2 RESQUE Hik. )
WS BAITLUE B, Y «=0.5 B FC W% H &
2, 3 Uk B I s B 3 1 R0 o A R e . RO, X R
PR 1 &0 J2 9 0 3 1 A AR A5 40 R AR 1 5% A 56
SV R B AR FH 1) 5 48 R AL A5 43 S 4 7 A L T 1Y
TR o B 2 0
3.2 HEERMESWN

RESQUE Sk it & 4x & OGn N+ 2N+
N* 1g(N)) s i FIRATH R AN T X T 48 J5 7 8
AR T3 B 2 R BOT 8= 2 M BT, X —
AT BB 2R S OCCNNQ®) 5[] i 38 1 g itk H A 9
2 3941 358 D ST N5~ 5 A BRI o b O 8% v 11 2 1
Jo iz BE A 1 DO 245 v ) R T A28 O IR & A4S 43 2 vk
14 o3 S 1) R T 0T X — TR R e T kA R ) T
BERRAR TIFR R A2, Rk, e A ik Bk it A R
2 OGnN/Nq+2N/Nq+ N Ig No+ (NN?),
Horpr N 2259 9 45 b A 2 5 55 AN 40 N J2 B s
P £ v A 5 9 AN B . m 2 HAR N Z8 I B ECH
2 2 A 45 e [m] IR AR AL T S B (B2 bR
TN X No). AT B AT LURE A2 TE AL 2E
Yo M4 L [RVRE AT LR 4 AU 4 5 7 R 4%
FZEMLLT 2 A J5 1 B AR .
3.2.1 Ry F 41 WA i A2 2 P o A

BTG T AT R A 4 AP Fh Z 18] 0 ToA R
F4 J50 A AR I 4% 22 B) e R ) B3k R i B — Ik I
BT AN 6 Fn 3 2 R, & 2 nl s,
RESQUEH %75 Fl RESQUE S35 1 K+ W 25 if)
BF] 99 % AE W 7E 200 s LN, 92% £ fE 0.5 s L
N ;1 IsoRank 9% 80% FEAEHFE 0.55s LN,

3.0

[ RESQUEH
2t 0 RESQUE

2.0

1.5

10X Frequence

1.0

0.5

0.0 — -
0.05 0.25 0. 45 0.65 0.85

Running Time/s

Fig. 6 Comparison between running time of
RESQUEH and RESQUE algorithms.
B 6 2 FpELIE T 3477 A cliques 3847 B[] Ho 48

HA 10% W J& 43 Ai 78 0. 5 s LLIN. B E 6wl .,
RESQUEH #3007 RESQUE 5% ik s g st e
FEI B 7 9 #5340, {1 J2 RESQUEH % 3k i 0. 1~
0.5s HSLH % H % RESQUE H3k44 B fin.

Table 2 Running Time of Every Sub-network Query Process

in Four Species

R2 ANYFREEFRTERN—RIEITHE

Running Time/s RESQUEH RESQUE IsoRank
=200 1 4 4
50~200 6 8 201
5~50 21 31 1341
1~5 34 51 915
0.5~1 41 34 532
0.1~0.5 337 140 72
<0.1 2889 3065 266

5 Hr E XN R EEEEA LT 2 4
J7 I ;

D FA1% RESQUEH #il RESQUE % 3 4 &k
BATH A R BT T 50t 85 R B 8040 24
() — U5 I £ 3 B 2 AR B 1T ~2, X BB Fe Al
S 1o B AR 3 AR BIOR AT 55 52 2% B 1 O YA AE
AL EEA AL i 7 s

2.5
[ RESQUEH
2.0 I RESQUE
8
$§ 15
g
=
X L0
S
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Iteration Times

Fig. 7 Comparison between iteration times of
RESQUEH and RESQUE algorithms.
B 72 Rk i B R I A i) Y a2 AR B L R

2) AT #m RESQUE vk iy 1R 5 B 1 48
T T AR TR A L A5 IR LR R AR R
OC(NX N, H e &R R B D (1~5) [
BLF o By ia AT i) A7 2 . AT A T
RESQUE & #: il IsoRank % ¥ iz 47 W) 8] 48 o
200 s T 2 HE 5 A 3R v aE A7 I () R B R AR AR Y 5
ASF WA S, LA SR A TEARME B ANk 3 PR,

M 3 0] LA Hs 47 B R 59 9 4 3 52 491 4
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PATR 2 il . (DA i) 19 45 25 #4 f] B CRIA 35 35 i) fH
Je SRR 2 3 @ A iy W 28 A B AR 52 2% o (H 2 3k
FRRBOAR —E 2. GG B 1, 2R Ky £ 96 1 2 i
FIB 0 28 1915 53 B (9 7 510 RHARLPE A 6 L e 2%

A o 25 TP 1 S BT AR DT IE H A 9 45 T
HHPUHZ T ZE AU R 2 T 58 s 1Y S
UPEAE Bz 47 I R AY FL 4l 25 728 /)N . RESQUEH 53k
i RESQUE 5332 57 2 i 44

Table 3 Instances of RESQUEH, RESQUE and IsoRank with Running Time Longer than 200s (NA: No Result)
% 3 RESQUEH,RESQUE 7l IsoRank H iz 4T R 18] X F 200s By 3L 45 R (NA: & it & H k)

Running Time/s(Iter)

Algorithm 5506/11/DM_HS]®  96[9/32/DM_HS]® 175[4/6/DM_HS]®  2759[1153/7753/SC_MM]® 3022[1153/7753/SC_DM]®

RESQUEH 67.9212(24) 1275. 3(26) 92.746(25) 2571(D) 2516(1)
RESQUE 209. 5(681) 2416. 6(1415) 332.5(1439) NA 6499.1(1)
IsoRank NA NA 214.37(141) NA NA

D No of Experiment [ Number of Nodes in Query Network/Number of Edges in Query Network/D. melanogaster_H. sapiens ]

@ No of Experiment [ Number of Nodes in Query Network/Number of Edges in Query Network/S. cerevisiae_ M. muscle ]

@ No of Experiment [ Number of Nodes in Query Network/Number of Edges in Query Network/S. cerevisiae_ D. melanogaster |

3.2.2 AALT 2% 1 W A i) 5 2 M o3 B

F AT AR J7 3 00K T A ALY o T 2% T
P 2 38 F) 35 A A . AR SCERC 13 T 3 A
JoE 19 28 Hay 3 7 R K A T N S IR JUE 2 2 LY
A TR AR 2% I 3R BOH: A i 9 2% v /Y 30
A~ cluster fEA M 45, th 4 AT LLE L AT
LAY 73 5 W 25 R A ) i TR A 2% A
ARAR.
Table 4 The Result of Running Time and Iteration of Sub-

network Query Between Brain and Kidney of Human

x4 ANEFERAAFRNEOSTHEMERIEER

Running Time/s(Iter)

Algorithm

1029/43]0  12[7/9]0 17[20/24] 22[47/76]®

RESQUEH 0.0753(20) 0.0143(1) 0.0255(5)  0.0435(3)

RESQUE 0.2074(62) 0.0027(1) 0.0439(14) 0.1055(25)

D No of Experiment [ Number of Nodes in Query Network/
Number of Edges in Query Network]
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R B, O RTE £ RS % TsoRank H ik
THEHE 1T A5 AL T T AR L O s OR AL &
T 2 A8 5 E F interaction B ASUE X 5 2 AH AL
(5200 38 25 58 2 A 2R J5 A FELEE R AL R
(R 5 0] ) o 308 3ok 48 T 2R B X %) 408 TR T SRR AL S B
7 RESQUE %3k (9 i 1 132 5 W] s, 38 et B s )

2% A AR IRl IR 1) O 0 R R AR I T Ik AR TR
HEH IR — A R X E R TEIRE
F O A 408 J 3 AR DL . S B0 B L 2 A i)
P 265 71 VE I B A B 85 280 A g AR U B i e . 2
BB AT I 1) ) 3. MR 4 b A A S5 6 295 2R S
W BT AT S5 B 5 [R] W Ff 22 18] 4 5 0 £ 360
2B DR 2 3k o A 5 =2 () [ DR B R a8
G R 1 TR A 408 T UL B RO 2 T
W S0 o [ B A5 90 [0 2465 DG E R A9 328 % 1 4 22 AR
W2 8 1 T A AT a5 a0 A LR T 3R FE 1Y
HRF 5] X 8 AR 3 47 B 1) 3 ASGF) 52 ) A 2 1

TE R AR B A A AR 22— 2R 5 ik ik
HERCRT LU T 22 W0 4% LW B i 1 kL OF HL % 8
K R T T[] — 0 b A A [) 20 2 s 0 19 28 1 BT AH
AR R4 TG A A () 4 21 e s 22 1) £ A
Yo ek & LA K 2H 285 S 1 O D RE & 4 L Rk B
PR 37 PN I g TR S (U e o7/ R A L el D)
BAR.
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