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Graph-based modeling for protein function prediction

Doosung Hwang' - Jae-Young Jung™

ABSTRACT

The use of protein interaction data is highly reliable for predicting functions to proteins without function in proteomics study. The
computational studies on protein function prediction are mostly based on the concept of guilt-by-association and utilize large-scale
interaction map from revealed protein-protein interaction data. This study compares graph-based approaches such as neighbor-counting
and ¥ -statistics methods using protein-protein interaction data and proposes an approach that is effective in analyzing large-scale protein
interaction data. The proposed approach is also based protein interaction map but sequence similarity and heuristic knowledge to make
prediction results more reliable. The test result of the proposed approach is given for KDD Cup 2001 competition data along with those of
neighbor-counting and ¥’ —statistics methods.

7|9 : Z2EI2YA(proteomics), EHE J15 & (protein function prediction), IY X 7|2t PR (graph-based model)
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A 2d 2 AR Sd=geol vlee Bdo] fHA #
W HeolHe mE 7Y 2 AR A7 o|FHE Foet u
Fo] FAA HeolHzNY #AdE Z2E L 2 (proteomics)
dielele] %L B2 Pold Ao o2HY, Holg 4
2 olafel gle] AMEE A o1E9 RG] F L& 8FH
3 goH1l, A% 3 genomics)dl BE A7 DNAZHRH
HHAHgene)el F<llidentification), T 7A(discovery), A4
(sequence) 5& Egaim, olE7 Aoz FHAAEY 7%
ol E B3 AF7t ole s W] HAE FHIEE A7
7} 7154 #3348 functional genomics) £+ ZZE QW
22k @rH2]

712 A FAA] M AR i wa
A FAAERE $d(expression)H = G IE

A8 9 s RS AR E A A
AR BT e DEES
EEAS 2004 69 269, AAREE 120050 249 199

E33 gd BAEY i AR o]go] EEtAl HAh o)
oute} FAE-R =z AW AKX 8Hpost-genomic bioinformatics)
o] 2349 A7 EXE AE oA BAse S A
B84 J)eS EAE e A3 E(nteractiom) o2 3]

o, ¥3 v Ed(molecular network)s FATLEN AHE
W BAe] 2Vs(function)S olsisted sickn SH348].
Tl ol Mg AaS cell eycle, DNA £ (replication)
2 A AHtranscription), WAHmetabolism), Al 3 H B (signal
transduction) S S8 422 o2, X vz of
3 AR oldle AE W 2AE 119 AzEA #AAdA
BAE 7o HxAgo 2R HF 75 weled Hdy
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)& 435 7l5el €A B2 ¥ (protein with-



210 HEMel=E=FA B 2B H2z=12005.4)

out functions)®] 7)ol gk ofsfe] Z& Y| ) [3
T3 gl guatg We 7)ol defAlA e
g 7leg FEAE HoHE o8 7l o
%i}iﬂ(protein complex)5- oj#dl F25 A E'_ILE "Jél 5]
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ction,[5]) 2739, immuno-coprecipiation® in vitro 29
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Az AN Rdg 4359 Yeast B 4e 7%
¥ A (protein with function)2 °l 83 75|
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(& 1> KDD Cup 2001 GiO[E{2f <

N &
Essential 4 ?1’}57}' ol Vst e gy
Class 24 | FAAHA AR 215 E 29
A9 Pzl Gudel SRAE B5ol 4
Complex a2 ?X}t j i Lol BRAT Tool
& 42
Phenotype 12 | dede] B3
Motif 236 | eWds 3Ry 2
Chromasame 17 [ Chromosome HE
Function 14 |etala v)pe] 4
Localization 15 | gdo] 7152 ahiz AEWe] A
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Interaction Type

CX]_COIT M FAA $ 3]

Folz goly28E 3k d ol H(training data)ell e}
U fFdd al@dge] = 862/ o, HAE Holy
(test datajo] L}ERFE 4= 38170t A o] ES i
HikA @ £4 9 1f 75 72 ‘4‘"’“7""] i 4345
4 whild o 1998 HAE daE
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gAY £4L 7HH 7] dEelch dgHeledM F
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L] fF Aa @ expression correlationd ©] &3t
7% dEEdolth, Azztge] ot A= interaction
generality & 0] 239 218 expression correlations Fo] o
Al(transitivity relationship)ell &8 A 2£ A5 A28 F7}

azd ol £tk AShElE duelFe AWe g J|EE
o] &gt}
N Fold gz e]
K 4 dgdel A ¢ Sl 5 visy F
P A e, i, N
F; 98 d P 7l 9 <y, f, ., k> 9714 fi©
dul A o) -RA 215 E veldY 1o1™ P £
7165 7HAG Qo rlFol AR R ¥ oy
Y AS B s =74
T chila A abe 2319 8™ (adjacency matrix)E
A ) A (symmetric)el™ 715l *’r?ﬂ?ﬂﬂ FolA
g A S g JEAEe) ARE YE T =

[tilxn P& P7E B 5385
%o Qoltt.
NGY) & d PERe  d-Zolidepth)d Ay 453
42 53t =2 715 $Hreachable) o3& o
A9 A
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| f{ TeE oA 7
expression correlatlon B} E=
= P9} P2 expression correlation 3E4.

Interaction generalitylll]l= ©¥a A5 a8 HAgdA
WA S & false-positive A EA82 Hrkskz] 93 WHog
AetEdtk, F Asag o¥WA P,ol P9l interaction
generality ((ij)= th33 Zt}

G, )= (Ng @)+ 1Ng () — 2)

— n;;ym&(lzvg N+ . (Z;q[‘”a(uvg (m))

o714 depdk(delta function) &x)e x>1lold 1, 1¢
A wged Ooltt. Gij)e P, B8 A3 d4E23Eg e

e Zao] AAES AY3 o] 3 wARe] 2 A
ZALE g dNAEY F4E A ol g AN
% o] &% BRAMogRY interaction generalitys] A2 4 o]

Hasglew 5 E}@E’QQ 45749 o3 interaction
generality 7} 2F2 A2 =2 co-expressed B
AMAE WHETE o 1 2 f71Ag divy ued Asas
e AL F& interaction generalitys e AT ALL
AAZGoZN dojd 4 gk aHZ 7]y dulae) JF
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(32 1) G23des1zt G2349779] d==E o

(g e 71]’.‘}% interaction generality $X& Y&z
£of gl zhe WE BT oy AP F ddAL
G234681 7} G234977°]“1 43 24 Zol(interaction depth)+
2elt}, 2elA G2357529 G2349772 7lFe] ¥e=A &
£ g Sy olEg] 7|EE& AIAESL HolE 7)o
el e Ag Ry ofEE gk AAdd AE AR (self-
interaction)e] ¥ *‘EX«}%OH )& interaction generality
= 022 AXEdd. ol & oA 7w AMFH HTAR
45 s A EY EH?} interaction generalitye 7]%
= olulzt goh <X 2>% KDD Cup 2001 viojel &
&4 do]lHEHY interaction generality?] 7 @sle]
& Foi7 delgd i3 dEaEs FE R4dFn o
oF 03.74% A ZA8ES interaction generality”} 004 34}
old] ¥ EH Yt}

< 2> KDD Cup 20016iA interaction generality(iG)

IG HeAg £ 2EE%)
0 939 549
1 405 7869
2 168 8852
3 39 93.74
4 38 9H.96
5 46 98.65
6 19 P77
7 3 99.94
8 1 100.00
21 1,708

(2% 2 @3 75 45L&
T} TranSetZ 71%5°¢] 4 oy ¢ 29 759
(P F)o.2 P @WAY olF, Fi a¥4d py 1
71% Wyolt}, TestSetd o il
a9 AFe & (P2)eE d"ELh T gwE-o
Ao aae vehdie 239 90H P Eladjacency matrix),
gth™ interaction generality®] 3k ethc #43H4L I}

T whlA o] correlation coefficients JERE 2 A9 AH
dgoju}, GrAM [ -HA EL( largest) WEFE AT
Zeld de 7% A5 ngsEe -0y 43 4
Zdol(d-depth)h £33 dag TFNA7 4 oot Al
otel &iiz]E e W E(threshold) HE}ulE] gth eth | d %
o Az wz 77 939 zEHE 99 £5 AP
A ch

Annotate_Function{ TrainSet, TestSet, T, gth, eth, I, d)
/f TrainSet is a hash table where each entry is presented by a pair of (P, F.)
/7 TestSet is a list entry of proteins Py for protein of unknown function
// T is a symmetric interaction matrix
// gth is the threshold value for inleraction generalily
/f eth is the threshold value for expression correlation
4 1is the value for choosing 7 largest values with gt and eth
/7 d is the interaction depth
while Testbet.size() > 0 do
1. Select a set of neighbors  of P in TestSet
* Q=g x> where gn=0 for all m
s F=<fife..fx> where f=0 for all m
« compute Ngj)
2. Compute the function frequency of P;
+ for P, = Ng'j) do
if (ij)<gth and EC(ij}>eth then
increment gm by 1 1f /% has fu=1
3. Annotate {unctions to F;
+ decide / largest functions f'1,f,...f7 using @
- assign <fife.f5 to F
4 Add (P, F} to TrainSet
5. Remove P, from TestSet
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TestSetel Pl 3] d-7eolu] 4534-& 3t TrainSet
o] gz PeNg'()EHE 715 U #HY FE At
qtel Pl Pio interaction generality?} gthBth Zhal, ex-
pression correlation®] ethBtl zrovw Fgl AabM Pi=
Aot FERY Hargest 715wl Pie 5o g
stal (P ) TrainSet22 &AAD TestSetdl M= A7
gt dnEFEY S TestSeto 43 dwide| fiAY
AEHE TestSerd) gHFo] EA5A] FodH dFS F8

L=

(E 3> KDD Cup HIOIEI2] neighbor-counting 2d2f ME
Z o)

B 1 2 3 4 5 6 7
TP 5% | 641 712 el 73| s 7R
TN | 3356 | 3265 | 3114 | 3005 | 2043 | 2809 | 2868
FP 36 | 249 178 161 157 152 152
FN 21 23| !l 43| 55| 5| s
No 36| 3| 33 3W| W| 3B 36

Acc(%)| 8908 | %942 | 8759 | 8549 | 8416 | 8326 | #2535

54 ¥

<# 3>& KDD Cup ®ie]E el neighbor-counting 2
o] AF AuE HAFT . A& Yo

confusion ma-

1) TP:true positive, TN'true negative, FPfalse Positive, FN:false negative
Acc = (TP+TNY/(TP+IN+FP+FN} * 100.0
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£ 336749 ddo g3 7]5 dFo] Ao =29
A 8942%2) 743 F& dF &5 Helw ok ol A
@ s KDD Cup HolHoA 7 ehdido] ok 2~37)9]
7158 7HAL lvte Ag B ddn ok (3ol A
wet 5 Aol Aakslx Ak

(E 4> KDD Cup HIolEle] #-EHIX 2de| ME E3t

! 1 2 3 4 5 6 7
TP 222 432 b 663 706 i 736
TN 3429 | 3234 | 300 [ 2631 | 2346 | 2143 | 1746
Fp 628 428 305 131 144 9 9%
FN 39 224 513 87| 1172 | 137 | 1738
No 336 336 336 336 336 336 336

Ace(%)| 8359 | 8393 | 8127 [ 7555 | 6997 | 6625 | 57HM

<E A FEANE $4% Uz s o3& Ay
ZA3olt, Neighbor-counting ¥z =271 2 336709
A-OAAR] AEadgol Ealsts 336709 welde] i)

5 gl bssaod 4% 452 9 del 1,29 2
FE AL S el AR o Eo] FAAA G
Tk ol (gel Al WE Ay AHE 2eA £
A pge wndel ssd e #EET FAY

Aol gleln afjabgit)

Ay duEFS G ghg 198 5714 7hAA R
AEg gen, X 5= IG7F 14 53 Afe 95 A5S
wolFErh i 594 IG7F 19 HolE 25149 gz 7
Fol A3, IGRe] F7tste 52 Aol gl
F7F Foreke 304719 @wd ) dEe] AAsEdoh
expression correlation F|oJEle] o] && Heol IAHE L3
w05 o4 FE A4 -golvt "ﬂ%—% 3= 3%} Neighbor-
counting 3ol vwd 2 4F89 F715 Holw gl
U AR dE BES OR &F N 2 FPe} v&) A A9

te

(E 5 KDD Cup CI0IE1=) mletsh= Rdo) A Hut

1G=1 1 2 3 4 5 6 7
TP 43 493 527 537 0 54 341
TN 2487 | 2448 | 2362 | 2297 | 2283 | 2271 | 2280
FP 238 130 146 136 133 132 132
FN 103 142 228 292 307 319 330
No 251 251 251 251 21 251 251

Acc(%) | 8955 | 9013 | 8854 | 868 | %651 | 818 8584J

5[ 1 [ 2 [ 3 4 5 6 7
L
TP | 43| 602 64| 62| 64| 64| 664
TN 3006 | 2986 | 2859 | 2824 | 2812 | 2811 2811
FP 144 184 291 326 338 339 339
BN | 20| wo| w10 | | 1
No | 3wl osoa] 304l a4 sm| s
Acc(%) | 8910 | 9028 | 864 8796 | 8770 | &§768 | 8763
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