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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.

JIYE : Z2E|28Aproteomics), HME I} 0lZ(protein function prediction), 22X 7}t 2 (graph-based model)

1. B TE3 # BAE dist AR o]fo] A HIU of

' Oﬂu}i} ¥AE-XE AW AR ?i}(post genomic bicinformatics)

A 2d 2 AFH =] Ve Lo {AA & TFAA AF EXEE AE oA At E3e A
d dojHe me 79 @ Fd dFo) oJHE FHoy o 3 71%S BAE 19 4E A4 (interaction) 22 3
ZFo] §31A dolHEFH #¥Y T E QY 2(proteomics) , B2 U EY(molecular network)e TATOZH AXE

deleld F2 v Botd A2z 4FHA, doH &4

rxlélﬂm{uL

g

B2ke] 7)E(function) & ol3fsh=H ok $oH348]
WG s cell cycle, DNA = A|(replication)

I Y1l $-AA3Hgenomics)ol #E IdTE DNARREH 2 A Al(transcription), ™S AHmetabolism), 213%3d 2 (signal
Frz 1X}(gene)gl &2l (identification), &7A(discovery), ¥ transduction) 5o 8% H&L oz EA dildd o
(sequence) T EFsH, ofFA dojd FAAEY 7% g AESH oldl= AX U] EAE 7Hef AgstE @A
oj3l & B X]TT7}' o W AAE FHsEE 97 FAE 79 438023 7 V)5S 9dled My
7} /1% 3 $AA 8 (functional genomics) £ TZE|d olof gt} MY U o8] 28 EXE ZoA] wuld 43
232} 2], 24 dolgE 2 A% A¥ 71 (high-throughput technol-
A 718 AR FAH ] HE AEIF WA wet ogy)E°l M- ol&Ho] AYozRH oifZ(large scale)

223 @ FHJQAZRE T(expression)HE ¥ S dlojel& AabstAl =AUt
g-ohily 3satg dgiolg ¢ gl 23 dazt
ZA39 gagge AR 2y 4 "(interaction map)2] o}]&2 I#HZ o] E(graph theo-
S T e 29 199 )& S430] 7150 LeAA e w2 (protein with-
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out functions)®} 7]%5l et oJsie) & W3l JUTH345]
E g Asag We J|Fe] deAA ¥ dlAE
9 7)15& A5FE HoHE 043 V% 43 2 gwd
E-3 A (protein complex)s ©l3d)] F43 ¥4 =72 Q14H
I JuHel AxtelEd Aed gz F(artificial intelligent
algorithm)E< @¥3a 7|5 2 MXY A7) (ocalization)
5 2 d3d &85y 0H7]. KDD Cup 2001 3 2002004
AERARE BAdAM AT s ¢ngdEFEY AAE §
g HeAH 2 S84 A7 A FHo A5d duFY
Z2E T~ folee] A a7 Y& EHh

=

& d&sted f4sith =2 XF7R
A AsAE dolge Aol HEd Ao
WA 7% oF 24 pHe A sjed 7 2
Zd Z oz 7|EHg B =79
Ui 324 dolHE o] 83 7lTo] 4
29 7% d&E 943 AMrdd g v
Wed dis) d¥Ru AErte AgE x4 2 {FHA
ME fAHd(sequence similarity)& ©]-£3 ©WA 75 o
Z dugEs A3

2, Ny

gl 7 d&9 mdyge dwds $Eg fAUR
9] N4, T8 (phenotype, [9) B FZX(structure)d] A E
A AEE o] W ¥ owWA-oud 45ag
delHE o83t W Fol AAHAAh ME FAES
o] &% WynciE gl ho A5 FL ARE o8 W
He 52 A (reliability)S Zethn g#A UtHEl 1
A% 48 7)¥(high-throughput experiment technology,
[BDE ol&3tA Fel met 53 f71Ae diAd-gwy 4
33 gt e deolele Aol 7MEstA Hel, A
P F52E dolHERE 7)o <4HAA &L
g o) v)5oSe o AdEde] dastA HAh v
B 75 dFe AEHe 7|& MdL “guilt-by-associa-
tion” 22 ojd wFo] F& 715 LS & Zolfel Wi g
Ae olm 71%E¢ 4x e OE 9ydd o494 Faz
£S5 A qRE HHEeEN ¢ ¢ dve Ao o
Wdo] AfAel o] ofd dulA-ghulg A3 7hel A F
¢l A3 28 (potential interaction)S AHEE HHL o4
Eia= 3

YZ A AN 029 S8 B v)5 oF B
AN 7)50] YeAA Fe @Al S5 dZe] Qg
4

£

mdo] & & glow, Z d¥A 7% 45L& T4
52 -8(local interaction) HlolE]E o]&&}r] W&o 71AE
F Z9WolA J2®E 7|9t S (instance-based learning,
[10D)oletx & 4= Ut 2PZE 0|87 & B9 g
& neighbor-counting Z4[3], ¥-EAXE o] &3 md[11],
Markov random field 29[12] ol Utk = &o|&

719 &8¢ md2= SVM(support vector machine), 1%
217 Hartificial neural network), Bayesian 249 ¢4 %
o] A= ATHTL.

Neighbor-counting(NC) 29L& Yeast 2 dlo]gd|
3 Qe 9id 75 &% A YHEeE 85
o} gd-gud 438 geoly 3 WA 71 olf
71%e] deAA g2 guide di3 AF FzFgol d=
7150l dEixd v¥Ade] J)F HolHE o]&dd oZ3e
ualoltl2,4,11]. A A A& 2E(direct interaction) A
g 7159 MEFE At k e & BESF(k-largest
frequencies) & 2E 7158 9¥E Y V5o R 458,

Y-EAANE o438 7% d= HPEL o|2F false
positive A& Z-E ©ldd] o3t FA HelHE & =g
o ol&gitt WA AszLL Y= AAA HdPUE
w2 g aid-add A4sag dolHE e AT
Skol AAQAE = slev, o] AP B2 false positive Ul
o] & EF3A o Y ol2d APo2RE T4
AE FAAQAA BESH oA Flstel didt ©A

S g slom A Age e glo] Fa3 A0
LB R7IAe al-geE Jsg e gL o
g FFHQ ZHo|tHse) 2nE wlE AF
& 29 guilt-by-association ®9+ o}
F A3 false positive?! 432 dloJHE &

do] aTHTH14]. X-EAXNE ©] 4% 7]
o] 23 false positive A5 Z-& Tz o
& 95 R4 o|&gr} dwd 4353

AAX Adr)e EES F& g2 3t
2 Y 7% 2 7)15E ulYg FEY (binding
partnen& 718 4 JdotE AME Eded $&%dt. A
Al A& A g(direct or indirect interaction) AHE oZ
A 2o AMgste gl Asg JRTzRE Y4
(topology) AEE o] &3 A A5 2-& Zof(depth)uldl
A N5 P-EAAE o8] 7S Boss Wl

AHE adE A @A J)F oF BdE AFA
W dud-gily 458 volEr) oF 458 243
T Aoz JEY, Uiy d5Fs 9, FF by ¢
HAE dojele ZoAQ] AEFRY o]fo] Bd T
A zelslefer 3t AuFL e Avie o7 dHF
& BT I Qlojof oz fU]A e ©llFe 44
utep el ZAAY. Bd & A HZE dolgd dis]
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3. YA 7|5 ISS 8t HOIE

KDD Cup 2001 Competition[7]]14 A}8¥ Yeast & A
9 7E d&S A% doly Alg MIPS do]EHle]2[13]
2RE wEo oo zZt dwlde 6719 ZA(essential,

.

class, complex, phenotype, chromosome, motif) ¥ 7%



(function)# A7) tidt &4 dHolHE X¥stn Utk
agln ghdE-gld As A-8-(protein—protein interaction)
9] dojele dEagol Wiz F A 2 JsAd ¥
i (interaction type)$} expression correlation®.& Fo]Zlt},
5 gulgol Asag ofHi= Yeast two-hybrid®} immuno-
coprecipiation®] ABEZHE F35ct Yeast two-hy-
brid2 in vitro A2 2R E2H A3 F8(physical inter-
action,[5]) 2| ¥&tY, immuno-coprecipiation® in vitro 2

2 #3172 A&z (genetic interaction, [4)C.2 71=d4.
Foj3 EAlE A 2dS 8319 Yeast B9 7|5
o] ¢ oA (protein with function)S °]€3ly 7] 0]
d#H AR ke vl (protein without function)?] 71%&
d&ate Aotk Z A da dF 2l AL A g
glojelo] 71 A EU £7]FE Fo] o8 & fivn
AFHAL Fold Gl s AEE ¥ 19 49
ek 7 AEd dnEEe 9ud-uad 4sg ¢

Fold £4B2RE 750 2NA e DAY I
& Z3HA 9k
{F 1> KDD Cup 2001 HJO|E{2] &4
&4 HORS IR
A ol 2273 0] twl A o
Essential 4 f_jliﬂ dol 7lFsthed B4yl dddy)
Class 24 | FAHA AR 7]%%
32kl Tz g0l "'-‘?‘Jxﬂ wrgo] 2k
Complex 52 = 2;} Q7=
Phenotype 12 {guide §83
Motif 236 |9Wde 33Y F&
Chromosome 17 | Chromosome H3&
Function 4 (99 75y EF
Localization 15 | g¥doe] 7]5§& st AXEWY A7F
. A3 e S Agd o8 dAHd
Interaction Type 3 s3tg
exp_corr A8 A FA

Fold dlolHz R
e 9% dyAge
(test data)oll Yehte

Bl 8¢ dolH(training data)el el
FE 8271 o9, HEE Hol¥
= 38174 l‘jr gude olg& 1
AatAl &2 $4 2 IF 7)15E 7 gUEY £ 4346
g ol 9 1928 HAE dldEe] gtk Fo{z oy
Ao uTt vojg 7t B olfr= st gRd2 o
gAY E42 7 £ QA7) ojt}. gtFdlolE oA F
ol 435AE HelEe & dFolA 910740, HAE
olA 8oeHolTh shte] wwide] o A4 siTS A
T 3o, 5 dolHEFH Z aide HaE 256749 7
Tol yEhta o

AS 0188 mH Het

Akl Bl APAA e false-positive 4

B 7|

air

o=

e

fIBt ez V(R 2R 211

Z&go 3 A3 2D expression correlationd ©]&3t=
215 dEzdolty, Auzgo g FFsE interaction
generality® ©] 831329 expression correlation Ho| &
Al(transitivity relationship)ell 23 A2& A357LS 27}
st o) &3k A¢tdle dnzEe dYe g 73E
o] &gt}

N Fo| 7 gdiA e} 4
K 7t gl do] 713 F Y& 7M5H V%Y 7
P, i HA 9d =1, N
Fi WA P 7% d9YH <, f, .., k> 9714 =
2 € Jvehig 101 PE 9
g HAR gleH 7)Fo] 2 A ¥ v
29 B¢ RE jo A £=2¢
A F3A4 249 FD(adjacency matrix) 2
(ymmetnc)°]t‘1 715l 474]3101 Folz
£l o 435FEe] AFE e T =
[tij]NXN. Pig} P7} 45 A4-g 3| tij:tij:1 %A
%o o).
NG'@) @92 PEY¥H d-Zol(depthd A7+ ¥32
£ %319 T 7153 (reachable) o1& T
AE9 JF
r  TEHE d-Zol(depth ¥ E2H4S F39 7% fi
< 714 4 Q& AHH(a priori) &EE TZHEH
AR
n%i(k) Gda)iTEi A= ol 2F vulE FoA 7
5 fid ZE ol xg wlde Fd=1)
E ‘I:“ﬂi AL 7+9) expression correlation ZE. E=
[eilxne P9+ P9} expression correlation 35,

Interaction generality[11]1 @383 38 A4
HAE = false-positive 4 E 38§ H7187] Y3 Yoz
At F A3E @l"d P9l P9 interaction
generality G(ij)= o3 2.

G(i,5) = (INg (i)l +1Ng (5)I - 2)
- Hg;gmé(lzvg O+ N g;g(j)cs(uvg (m)))

o714 HEegr(delta function) &x)& x>10)9d 1, 1%
X god Oolth Glij)e P, Pt AF 433&g die
wuld e F5d AAEE AT o] 23 dulde] Ay A
AL e dHASY F4E AT gol Eoh ARt
& o] &3 BN Oo2HE interaction generality®] Al A o]
RuEHgon F guizdel Azabge] uig interaction
generality7F 2t 7 @A 2 £ co-expressed B
A R a8EE f7]Ae] YR 9id 4sag
WMol FAHL =L interaction generality® #E A3z4L
ARgezA dojd 4 gtk 2= s g 7%
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(32 1) G2346812F G2349779] ASHE Y

(¥ 1)& AXE interaction generality +X& A&
£ g = WE HoFu i ZoE F owae
(2346813} (234977010 /¢35 24 Zo|(interaction depth):=
201tk Pl A G2357529F G234977& 71%5°] LEXA A &
& gildgon o5 JFL FEFALES HolE J|F9
gl dNAZRE 452 § gk AT T AL (self-
interaction)e] U= FE 28] 3 interaction generality
002 AN oft gdA sse AN 45
4% 3= 9lFEY UF interaction generality: 71%
dZo) ¢jul7t 9ok <E 2>= KDD Cup 2001 dlolg 4
324 Ho|HZ¥H interaction generality®] A #%3}ell wt
E Fold dolHd W 43 ge FE BAFT Yt
oF 03.74% & 2252 interaction generality”} 0ollA 34}
oo EE=o] itk

(¥ 2> KDD Cup 20010{lA{ interaction generality(IG)

IG FeHg | EEE%)
0 939 5498
1 405 78.69
2 163 8352
3 89 93.74
4 38 9%.96
5 46 98.66
6 19 977
7 3 99.94
8 1 100.00
ks 1,708

(79 2= 9D 715 452 9¢ ALY BaeFol
Y. TrainSetZ 71%°] ¥4 @¥zad o 19 759 %
(P,F)o2 Pi= @939 o, Ft w9 Po w83
71% #WEelt}, TestSetd 750l APAA ¢ A
a9 Jsy B (PL?)2E EdEHEY T dud-duzy
4za4S YedlE 23449 9% 33 (adjacency matrix),

T interaction generality®] 3, ethe Aa3L&SL 3=

5 oAl correlation coefficient®s WEME 2 A9 04
ot} A7)A [ A E2(largest) HlEFE HF
w4l de 7% A nEHe -3 F3FALY d-
Zol(d-depth)l &3 SR AS TFA|717] HF Fholt. A
otel dne]E&e 4 E(threshold) St E] gth eth [ d 5
9] ®igle] wet 7T dSd aHHE GRAY £ AT
A |t

Annotate_Function{ TrainSet, TestSet, T, gth, eth, |, d)
// TrainSet is a hash table where each entry is presented by a pair of (P, F)
// TestSet is a list entry of proteins P; for protein of unknown function
// T is a symmetric interaction matrix
// gth is the threshold value for interaction generality
// eth is the threshold value for expression correlation
// 1 is the value for choosing ! largest values with gth and eth
// d is the interaction depth
while TestSet.size() > 0 do
1. Select a set of neighbors of P; in TestSet
*  Q=<q,g5,..,ax> where gn=0 for all m
¢ F=<fif5,..fx> where f,=0 for all m
* compute Ng*(j)
2. Compute the function frequency of P;
« for P & Ng¥j) do
if G(ij)<gth and E((i,j)>eth then
increment g by 1 if P; has fp=1
3. Annotate functions to Fj
* decide [ largest functions f1,f7,....f7 using @
o assign <f1f%..f%> to Fj
4. Add (P, F;) to TrainSet
5. Remove P; from TestSet

(O3 2) HHE Jis oIES <8 ME Ll

TestSets] Pl disl] d-zrel] 43282 3l= TrainSet
9 @A P.eNg’()EYE 7% NE HE FE AN
whek Pl P9l interaction generality’} gthRth 21, ex-
pression correlation®] ethRr} 2o Fo Aatold P
At FREE [Hargest 715 %ol Pig 7502 o=
2 (P F)x TrainSetoZ £ARAIL TestSetdh e AA
g ¢nelEe] 8L TestSetdl £3 dumdoe] gAY
A EHE TestSerd @¥do] ERx god 458 F

Llazg

{%& 3) KDD Cup HI0|EI2] neighbor-counting ZHlo| A&

gt
! 1 2 3 4 5 6 7
TP 5% | 641 | 72| 729 | 73| 78| 738

TN 3356 | 3265 | 3114 | 3006 | 2943 | 2839 | 288
FP 355 249 178 161 157 152 152
FN 122 213 364 473 535 579 610

No 336 336 336 336 336 336 336
Acc(%)| 8.08 | 8942 | 8759 | 849 | 8416 | 8326 | 8255

5. 4 H

<X 3>& KDD Cup 9°]8lA neighbor-counting =4
o AY 2494E HoF32 9 9= A2 confusion ma-

1) TP:true positive, TN:true negative, FP:false Positive, FN:false negative
Acc = (TP+TN)/(TP+*TN+FP+FN) * 100.0



trix2 AXEHRon FEHEE e ojE duiF Y 7
H ONEF (9 gk 1M 774A HSAA dF AT
A&k HAE dolH25H A-THAA 4L
= 336708 g@dde] dd 71 50 hedtR e l—2°ﬂ
A 8942%9 7H¢ F& dF &8 Rolx It olHF A
¥ Z3E KDD Cup dwlolefelA] zt dajdo] ok 2~3749)
71%€ 7T e As a3t [gkel ARl
e} & ol AstHa 3o

W et off

o to

(E 4) KDD Cup GilOIE{e] #-EAIX] ZHe| AE 21}

/ 1 2 3 4 5 6 7
TP 222 432 545 669 706 751 786
N 3429 | 3234 | 3006 ( 2631 | 2346 | 2143 | L7
FP 628 428 305 181 144 N9 )
FN 89 284 513 87 | 1172 | 137 | 1,738
No 336 336 336 336 336 336 336

Acc(%)| 8359 | 8393 | 8127 | 7555 | 6997 [ 6625 | 5794

<E £E Y-EAE $43 oA 7% 439 43
Ato|th Neighbor-counting ¥'g3 vli7lAZ 33679
A-HEAQ gz zgo] ExslE 33670 duiEe s
7% dZe) 7bsdgodt Cﬂlé A& 19 gl 1,290 A
+& At 3 o] A
et oA /g “‘ﬂ"ﬂ TE: A Asle Zdox
SAA9 MR gAY 75
Aol otk o4t

Aerd ¢ua)EL 1GY & 138 5714 FPAA7IEA
AL dQom, & 58 IG7 13 59 F 49 oF A%
By}, & 54 IG7E 18] A3ollE 251709 v 7]
Fol dEFHRAL, IGFe] F7Heke 58 Afolle oz
F7b E7hste 304709 v A Y% dFo] st AT
expression correlation dlo]g ] o] Ho] #AE AHE3
5 05 o] HiE AT d5S sxE sttt Neighbor-
counting ¥l H]?’ﬂ Ze &9 Z71E Bolu Qo
VAR G4 BE5E o F &(FN €2 FPY sj&)dA A%

2
=

CE 5) KDD Cup HIOEI] Aiokshs =He| M3 H3t
16G=1 | 1 2 3 4 5 6 7

TP 4% 493 527 537 540 o4l 541
TN 2487 | 2448 | 2362 | 2297 | 2283 2271 | 2260

FP 238 180 146 136 133 132 132
FN 103 142 228 292 307 319 330
No 251 251 1 251 251 251 251

Acc(%)| 8955 | 90.13 [ 8854 | 868 | 8651 [ 8618 | 8584

1G=5 1 2 3 4 5 6 7

TP 543 602 644 652 654 654 654
TN 3006 | 2966 | 2839 | 2824 | 2812 | 2811 2811

FP 144 184 201 326 338 339 339
FN 259 200 158 150 148 148 148
No 304 304 304 304 304 304 304

Acc(%)| 89.10 | 9028 | 8864 | 8796 | 87.70 [ 8768 | 8768
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9 9y A$ gREy A A Jgua gl ole
ZdoA Mg FAMA @Ea o]l 43 N2E HuzsT
interaction generality® EFAIA 7% A5 Wizt A
Fgoll A wAsith
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2 Ampga, 2 Q2 Py
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e AAHAT dA)
%) 2 in vitro 2Y22RH
gl F53E diolHE o] &3PAR b
of dis] o&EAl Hojgtth A wid 7
T odE mdo HEEE Fol7] H #E FH9x &
HAe Jley B g BdE ZdE0 &2 7]
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71% A& REe aHZ o]Ed Jwsd, 9uA &Y
A AR 2 AEAH AAE o &5t ok AtE 9
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3l neighbor-counting 2% 2 Y-SAx Zea vzy
At FF AT HAZE g 7T 9Fd Yo TR
3 dlolg] Aol tigt ATt ey, *3“’24&51‘91 HE
ted gEg Bt EEstE doly Alg THIFLEH
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oh ¢o2 B U2 RS AFEr] A8 ez o
ol i@ N5E &4 € AE —E— te 7% @d X4
5% o433 YT Ik 92 FuYFY AF A ol
3 77 gesith
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