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G, B REA R, B Bl B A L A 1 oo o I e VR SR A bR v B 1 S T RR A TR EERT X
S ) B, T SRR [ RS R 1 5T D REFIUI 7 VA T2 B A R A RE RS iR SE B SR SR H A B
=BG R REAREE B, B2 PSSR Ie AN A B SRTT X 28 77 v m A fe 45 tH AR 15— DReds
SN SRIR MR R A, X DA AE R MK 2 t B BT AE S D REFRVEANANAR S D ReARiE, ELME DAA A R HAR
MDIREFR AR5

CABFUR I, 5 D AE bR 25 (8] ) 45 5 5¢ F 78 8 0 D Re T o R 44258 2= 0 B /E A 1781,
BRI AR B (GO) AE—Fh) 2 A A AR Th REARTE a2, Ed e — N M3 B SR Z i T R AR
R Z RGN KR, bR Z [AAFAE—FF A True Path Rule FOREN 71 35 f 2 52T A Th g 1k
—B I, BN B BRI RN RO N D RIS, 1% 8 5T R IS BRI T R BT A T R
PR DR, 2 — A E A B A A DIRERT, W& B B A %615 R LI 1759 O
[MINRE. GO ThREFRZE LRI 1E 3 o3> AEWIEFETIRE (biological process, BP), 40l 5 TIfg (cellu-
lar component, CC) A>T IhHE (molecular function, MF). GO WIREMZEHEE R, HAlo &k
45000 .

—MEAUEYE S5 SIAE AR, KIEZ DRV FEDhRE, 7 AR FRE 2 A Di6E
PRAE, TR B 1 5 Ty e YN 1) T DA AR A 2 bR 5 20 o) it O~181. SR H T 2 A R T R b i {5 BARTE
REGR IR AIBREE 23 (8] B, AT 5 T 2 bRic o >3 I TN 77 V5 1 1k A6 s Sk 2 R bR 255 7% 1) [ K 46 X fe.
SR — 6 5 V5 1 S LR D Re bR 2 0 18 S 19101 S B 2 /B AR I 21 30 N8R S AR ZEAE I TR
G, Bng 7K HE SRHATh RS B RIM GRS, X LeM BibR 80 B D e 5 B 3 B AT A ar e 4
GRS I S bR AR R AR VA B S T B B T RETII (LA~0T SR T YRR . i (A
FLAR WA R I FH 355 R AR AR 25 W RN B 1 R AIE (S B AT AR 28 R 4 vl gk — D 3 s RS & (7). SR B
A HIFR R R 4 07 VR IR e bR 25 AR e Se B m) &, AT ARt 22, EDAMTIIN A 2 1 T — DO RERRAE %
FERCAME 23 I v A 4 5 2 3 5 R AH SR AR T AN AR SRR T

FERE T CA A LAER SRR b, ASSCHR H —Ma] DARR -G 25 15T A O R DR A A 48 A ) B4
(1) 0-1 FEFE 3 f# 775 (zero-one matrix factorization, ZOMF) Fiill & )i DhRE. ZOMF ek 8 A i -
DHREARAE IR IR 2 AMIRERAY 0-1 RERE, FRAEARRRAERE 45670 F 82 B 51 ELARAS R ANARAE A 1
P E RIS A2 SR 48 AR FE R (10 7 il Ak, B85 B TR AL SR B IR HE P = AA SR 5T — Dl
ZEORIRAE I, SCELER B B Dy Re P, A S AR EZa0H R T

o SR 1) ZOMF feA R0t Rl &t H 51 BAE A 35 PR AP B 42 41 2 1 TR 25: 18] IR FE R KOG &R,
ARG AR 2 () A7 S5 (0 P . 5 48 H A ST 75 V2 T DA 5 JLAth S B 2 3 R AE At

o ZOMF FEMJHEE T — DIREPRAEHE M g B RO B, 8 S 1 72 SR IBRAE I k4T BB 70 O X R
M EA 51238 3 A e 3R A5 W 38 QTR

o FH EU LA AH OG0 B 15 D RE TN 7 v (3~161 ) ZOME AN A B8 vy A TR0 RS B2 R0 R i ELx
SHERE.

2 MExIfE

BEXTTHREFRZEIA] A SRR GG R R 1, — LEMT FE B 8 15T Zh e T [ i A 9 J2 IR 2 i 73 05 1%
BEATHEFL. Valentini 7 $2H 7 —Fhk: T True Path Rule I8 S DR TN 77 V25, %07 VEE X454~ Th g
PRI AN GR =70 K45, PRI D REARSE 2 18] (R JE IR G54 0% 2 B A A AR IR 28 — 73 S 3 A T 45
WA T B O PRI L. AERAZ TR BUE AR 8 A DI RE(S B e B, X 58 e R bRt i 8 F ottt
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ATDIRe TN, 2 T AR NI SREE B HE B E B D ReARVE (S R S, TS FE AT ). Tao & 018
F th — P L T3 S B 5 D RE TN 77925, 20795 Se R I D REAR RS 6] () 2 I G k) ok B i E S D RERR A
V) (%) 43 SAEABLE | 48 i 5 T v 21 A B 11 0 PR RSO0 s 2858 2 R] PR 5 R SRR AL PR A 2 2 1 o ) )i
SCHALEE, SR ke JEAR 4 R38R AT B B R Th RE T, Done %5 191 Z54 GO 454 ) 5 2% (A AL 2
o 8 R D) BRI AT AL, PR A A A RTINS R, Yu 55 200 S H — T R IR AR
(1) 25 B B DR T 77 4%, %07 VA LR 25 HE DI REAR A 18] (7K1 56 RN JZ IR G5 R8s SCHBLEE, AR T8 B
Ji A B D REARIE TG 2 8 SRR (R Th REFRIE, e 456t B o LR 380 36 AT 8 1 5T D RE TN
SRITAZ T VEAE TN SRR T REARVE AR T s 78 0 % IS DI BEFR 2 M E IR MR B, 5 5l N AR B 4
T

A EREE K I I RERR 46 &, Wang 45 14 321 ClusDCA 757, 1% 777543 51 B8 14 i B AR ) 4 1
DIRERRRE AL 2 I G W 2% _EEAT o3 8o, Ahe s B s BLARAS BT BedR 25 A 4505 5, 1
T FE 2% SVD (singular value decomposition) 437l 3K BUEE 157 HAE P AN ) BEAR 28 R 46 1 SE R
RN, B E e 4 bR 25 2% (B I Logistic [T (A I ThEE. 1M Yu 55 151 4 EIMG 45 (Hash)
53] G NBIKFUR G MR 2 R 4, 321 HashGO J7 A TRINEE (1 2h 6. HashGO FI| I B S5 44 fRF5 1
DUIAIE A s 7 R B, 3 T DR PR D REAR RS — b B, 5 1 [ P PE AR A 2 [] vh DR R I 1) AR A5 1) A £E
KK, PR EE A BT — DRERRRE IR P £ 50 BIMRYE S 7 23 /), FFot-S50 8 50 2 18] (1 SUMIBL T, B
BTG X kAR AR AT B B R TN, £ X HashGO TGk 1 CRIFHRZE 8] 1) = IR S5 46 K 2,
Zhao 5 U1 $2H —FhFET GO ZiM RHF 1 & B BT D RE TN T7 V% HPhash. %7778 Se i S D Rebr % (A]
(173 SEARALLRE, SR 5 i T HE 7 450 2 B2 DR AR I A D7 VR K ) Th REAR R 1EAT — ikl g, JF HAEAR
Y 7y 7 [A) DRASF D BE AR RS 18] 1) 2 IR S5 K SR 2y PRI R BT — D REARAE SCIDRAE BOE Sk 38 I 4 = ) - 1B
B B VE ORI 2 18 SO ka3 9 e S AR 1 5T D e Tl

IR EE TR R A (0 U7V BRI AL R B ARAS, SR THPIRS E, H RN N ) A AR A A A 1
FRFREMEZE. I ClusDCA J7VETE SVD 73t Ja B s A bR i A7 AE DU, 10 HAE 75 2200 B A i R 25 1
T ) B BT R AH BRI RS AR SR BRI, il G B I, A SCHE RIS AT - DIRednAs B — 1
TR, Kz MR 0 JuERON BRI SCHRH] T E A BRI SARTE, HAb TR A AHIRITER. Vi,
AR — AP EE T 0-1 FERE 23 Al 22 1 BT DY RE U 77 72 ZOMF. ZOMF ZREXH 8 5T D) BE AR 25 SR
R N RO I, AR AR B AN BN T AR DR AL A5 AT R AR AR S5 A0 RSB TE 4 1 BIAE)
(AR, LA S sm AR SE v R IR, "B RE 0% SERG Y A2 41 B 1 SRR 25 [R) VR FE R TR &R, $2 7T
RO SEBGUE W, A TA% Gt i) SERCH R 23 i, AR S5 N 0-1 FE R i AN A BEAS TN BE /1, B
PRI+ T TR RSR.

3 ET 0-1 RS RINEBRINEE

CIA n AE AT ¢ MRRITHRARSRRIE, Y e Rrxe £76E 06 F1 R ORI B AR

SH. YT GO SMIVIEIL, B —AE A TR R ¢ MRS, 1% B R bR

¢ L SR TR, R AR 52, BT — B, AR B R ThASR S R Y AT
R

| { | EEER RRE ¢ ¢ TR,

Y (i,t) = (1)

0, HAth.

HEBHEE Y1) = 0 FFARREAR @ ANAZFMERRE ¢, M2 H ATt A iEE R E A
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Figure 1 An example of zero-one matrix factorization
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JREATRRZE ¢ XA DAL, X — Y B A2 H A D RER LS 2 A SE BEVE AT I FH{BGX (open world
assumption) Pl KIFZIR. GO #udfs e il # SUSIL R A IR A A TIRENIE B, A Sz AR A A
A HIZhRESS S, JE PR R AR E B 1 B i BT (R i D RE AR IRE, A2 2 508 R R A R
IZhRESE .

3.1 0-1 5B[E5 iR

—NEABUEF ENE GO 45000 ZANTIREARZEHHIIL (BUL+) MR%E. JvAE K E K ThRE
DRSS, BTALE SR 7 — L T AR 48 (K 5 A BT I RE TN 7 7%, 41 Done 45 91 52 SVD AEH#542
i SOA S BR] [ AE R I SR A, K SVD Is IR AR DhRE T b B, i1 E 26 7E Y BRI
SVD 73 #2465 S ARAE R T AE SRR, 5T SVD AORARIT ALRE R A48 Y D RE S IR RRLR:, S
BUE A RE . Wang &5 14 25 & S RUAALE KRR A5 BARAE 2., $xh miff s 2 202k 47 SVD
O, B e WU B Gt — A3 (AL 3EAT B I R RE T, PR IR 48 (0 B 1 — DI REAR S SR IKAE K W [ iR 4y
22 () S Ao 2 A A A R D RE TN, AL T VA TS SR A BRI MR 23 F) i R (2 i PR 3K e T 3 o)
RS R H A S I RERR S R A, R & G B BRME R A B R e Aoy 0-1 fH, H
1 FORE A BN AR IZIIRE, 0 FORAPREZIDE. A IE R BER ATT RO 2, A S &R R
EARATRESI N AR T, b4k, JET SVD 0 M IRRR AR RE R SO B, TR R 2. JE T
A 25 21 R R 5T D e TN 7 32 (29 161 ARG AE TR 4 iy 7 2 1) SRS B R (K SR IR, 78 Ji 4 A 28 2% 1]
RIHE R AT SEHGE .

B 1 0L ERESMRIOZRG), JErf x FORMRETRIEIZ S, FBIERE F 70 B — A B R
IHRERRVE (S B, B ARE—FIDNRERRAE, P, 0) — | 2R 1 NEERARES ¢ M0 )
thit. ASCR I 0-1 JEBESMRIG F 5 RNFAMERE 0-L K5 (U, V), 36 FLISHR 3 A ShAEaEA.
U FREAR - ARG KRR, UG, k) — 1 258 i MEETBA S kA ThiE S T S,
AR VBRI — THRERRAE SRR, V(k 1) = 1 JoR 88 & AN IUESE S A8 ¢+ DA,
IG5k 0-1 4FE U A1 VS TRIRIE S AR (1R — DHRERRAEJCIERE . Bk, AU 0-1 HHE A
3K T R T 4 RG22 1) EL LA el I AR M. T AT HE T A 4 0 25 4 00 T
I (14171, 2S00 7 A 0 0 % SR R S R 4 2. 1) 0 IR 45 79 S A4 D
PIEEIE. et IR Z BT 000 RS MR 2290 5K SRy 0-1 SRS AT 3458 A
0-1 OB, (FLIAA AR e 3BTl £ P R A 5 L 0 0 T LR PR 2425, 7
S 0 BEHRD T AR ST, SR RO 8 2 3R TR IR A A S

R Y FIMGE AR SRR 0-1 FE B AR SCAS T T TSR Y DN T 121, AR SO e A R
it~ THRERRZERIBAERE Y BN 0-1 REFES A, DAIFZ 4R 88 H B 5 K AR ZE 18] A AE DR HK, Rk i/ ME
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i H bR TR

min Jo(A, B) =Y (Y, — (AB);,)? o)
=1 s=1

s.t. Az2k e Aik = 0; st - Bks = 07

Hr A= (A1 Ay, A,) e RYF 1 B= (B, Bo,...,B,) € RF*¢ 2 MER 0-1 45FE, EA14
STEIRARI k (k < min(n, c)) e HEIR n A8 B FRE SCRHIES B ¢ DN DHREAR S RIRHIE S 2. 4
WA — Ay, =0 BIFINERR A R RIBUENCS 0 8¢ 1, FEMSEIl 0-1 HFE 7. 3 (2) E@dkRk
0-1 FEPE I A2 PR B8 Y R 50 8] PR3 SORIRFI bR 25 8] A CE R IBG, 1T R AR 1 0T 5 DI RE AR A%
] A e ORER. AR (2) WA R aUB EAR S (R 1 GG &, A % R H A o I F AR AR 2 (i
AR AN R Y SO 55 ), TIUINAS EEAT BR.

3.2 HEEHREEEMMEREXKER
3.2.1 FHEEBRREEER

FEFE A HEEAT AT LAEAE AR RLIN & A BLEAERE B ZIE & ASThRE&EE T 0-1 MEERR, HiX
Toft ) B RS R 5 R A R A A RIS S Rl R SORE) 2 B A T iR R 2 IR R
Hdle, QR A EAE MR L S R AR R A B S, e B o LA R e LR
PRI A SR RS . 82 50 LA I B 5T 0 e o AR 5 i 8 ZE I DI REAN S 5 B AR 4=
At AR, RS RO B — AN B, T e8] AL A B R R R TR WF TR W LA R A R
A A e AR T RE 12, NI AR SCIE A BSOS HAE 2% (2T, 57 AR BRI
EEAF M G, ENTRRGE R RN A, 1A, BARRL sl Bk H AR, 2P R BOE K BT, ASC
FINER 5T HAE P24 b -1 1 2 SR

Ji(A) = % S | As — A, |2Wy, = tr(AT(D — W)A) = tx(ATLA), 3)
ij=1
Hep W e R Nl n AN A B RE BAE RN AR A B R, HEAR « 5 5 AAEEAE
B, Wi > 0, W, FIRIARRERANEQREAERRESREFE. D € R WA, D, =
S Wi L= D— W. RSt (3) BT TE 0 bt 8 A A S 2 R B T3, 25—
FRAIEAE 1 8 B2 18] B8 SCHMLRE 5 8 E B 2 B) PR E AR LS IEAH DG B He . BRI, Jp (A) 7] BAR
GEARBEMYS (BERERF VISR 2085 A 0.

3.2.2 FHENEEHREXKER

—NERAFUEEIRE SN IIREARRE, IR EAFAE A FIREE M GRS E IR . 82 (152 Zh RE Tl
I ] AR A 2 i 5 ST il REGEEAT AT T, 1T 1) 8 15 D RE T ) 22 i 2% S U IR RE 6 A P AR 25 18 11
RECR R IGFEABDRENN, 82&1RTF 7 8 ABIhREMNIRE L 11120281 5 (2) fUE R FEFE I iR
A2 5 T SRS K RIEOE R, FRERAE R 5 th T B K 8 1 AN B0 D 14 2. Yu 55 120)
it KB, AT E A BRSCRDIRENR S B, R B KBRS R TG 1 BLAS B K T HAh AR S
ALK R CANRE AR T AR AR IR, B True Path Rule W] 128 (5 ARYE T A
AR ST RO L AR D B, IR ZIAN— 5. FET BRI, A5 B D e bR 25T ] B 805
F, XWAIL T GO KA [ ToHh E PR
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BRI G e RoXe R ¢ DMEHIDIRERF M I 1 EFR ), S — SRR DIRERR2E ¢ Al
LSRG AR BEARS R , G RIBEE T

1, Wt 2 s FEEERT AN
G(t,s) = (4)
0, HAth.
KR (3), KA G XHERE B HRALSET I F 21K
Jo(B) = é > B — B.|*Gy = tx(B(D° - G)B") = tr(BL°B"), (5)

s, t=1
b D € Rexe RHIERE, DY, = Y, G, If = DF — G. HiF6 B 04551 LI M Rt BibRss
RJE & DINREEAN 0-1 [AERR, /£ GO TAFEBGRRIRIIREE s M ¢, ENTRIR4ERERT B,
A B, NAZIREL i/ MES (5) AT AMEASAF AR B IR AR 2 AT AR AL A IR 4 ) B3, gt i fa
THAFAE LR R IR A D BEAR 25 AT REARIE IR — MR E B L
3.3 Z—HBHRAFRESHIKER

1E 3.2 /NPT i h B8Rl b, WAL ER R AR 2R S, I AR ZE (R G AN B I R IEAS S, AR
HEE Jo(A, B), Ji(A) A Jo(B) E X ZOMF K BFr 2L F:

min J(A, B) ZZ is — (AB);s) +aZ||A —Aj |\2W”+BZ\|B ~ B4|*Gy

] s,t
s.t. A — A =0, Bks_Bkszo

Hdra>0F >0 ﬁﬁ?ﬁh%ﬂiﬁ“iﬁm—]*ﬂﬁﬁaﬁﬂé VEXHIRFRAERE A Al B 52, E SRR AL 5
RMRRRAERE A* A1 B* 2 )5, A SCiE
Y* = A*B* (7)
HIEAT - VIR (A CBCAE PR, SCL R R ZhaeTiill. hT A* A1 B* #4128 0-1 H6F%, Y &
—/NRHGERE, ASCTEBEAE Y FInREN 0 BIOREON R H R A OARE, HA A RARE.
= (6) ATLLEE A

ZZ (AB);,) ZHA — A Ww+ﬁ2||B — B.|*G.
gzz Af - “+ ) ZZ(BIQS — By,)?
i l s

- Z Z (AB);,)? + atr(ATLA) + ptr(BL°BT)

A k c
+ EXZ:ZI:(AzQZ _Ail)2+ §zl:zs:(Bl25 —Bls)Q’ (8)
HH A >0 NI AW Lagrange 1.
ARICGINBEE T RETT KR AR (8), AR i AN

dJ(A, B) 8J(A, B)
B B _—
aAzk ) ks < ks + 6ks aBks 3 (9)

Ay — Ay + nik
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Algorithm 1 ZOMF algorithm

Input: Protein-function association matrix Y, protein-protein interaction matrix W, GO adjacency matrix G,
low-rank parameter k, weight parameter a and f3;
Output: Predicted protein-function association matrix Y*;
1: Initialize A = 10716, ¢ = 0.01;
2: Randomly initialize matrices A and B in the range of (0, 1);
3: Normalize matrices A and B according to Eq. (12);
DO
Update matrix A according to Eq. (10);
Update matrix B according to Eq. (11);
A= 10X
Normalize matrices A and B according to Eq. (12);
WHILE (A2, — A;,)%2 + (B, — Bps)2 > ¢

8: Predict protein function using Eq. (7) and return matrix Y*.

Forb e A 6 RBRE TP DK SE. ASCR AR S RRRE R E B IE R K 2 M ARIIE
A F By BIAETREE. 2 nie = —Au/((ABB" )i, + 20A3, + My +2a(DA) i), W Ay BIEHT A

H
0J(A,B -
o =~ (¥~ (AB)) B + 20(LAY + X2~ DA, ~ A
0J(A, B)
Ak = Ak + ik —5——— (10)
k k Nik aAz‘k
A (YB"Y)i +3XA2, +20(WA),;
~ M(ABBT), + 2)\A3, + M, + 2a(DA),
IEIE, é’\ 5ks = *Bks/((ATAB)ks + 2>\Bis + >\Bk9 + 2[3(BDC)IM), I)_]\U Bk,s E‘]E%ﬁ/&ﬁy\j
0J(A, B) - .
9B~ ;(ns — (AB)is)Aij; + 28(BL )1 + A(2Bys — 1)(B, — Bys),
By, = By, + 5, 274 B) (1)

0B,
(ATY)ps + 3AB2, + 28(BG)ks
(ATAB)is + 2AB3}, + ABys + 23(BD°);,,

= Bk:s

R IEAHT S (10) A1 (11), mASRFIILRIIERE 0-1 FEFE A* A1 B*.
AT WL 0-1 FEFE A* A B* iR T TR, kAR R b A SO A S e B 260
FEFE A M B BEATARELL, BRI AT

A*= AD,°D;, B*=D,’D3B, (12)
HA Dy € RF>F FI D € RF*F FERIS AHFE, Dy = diag(max(A.1), max(A4.), ..., max(A.;)), Dp =

diag(max(By.), max(Bs.), ..., max(B.)).
ZOMF Sk in 5k 1 fos.
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*1 BERRVEREERST

Table 1 Statistics of functional annotations of proteins

Species Proteins (n) Branch 2016 (Avg =+ std) 2017 (Avg + std) Labels (c)
BP 55849 (9.28 £ 12.57) 56971 (9.47 £ 13.14) 2036
Yeast 6017 MF 15783 (2.62 £ 3.56) 15899 (2.64 £ 3.58) s
cc 17872 (2.97 + 4.30) 19765 (3.28 + 4.58) 543
BP 41486 (4.50 + 10.12) 47159 (5.11 + 11.53) 1649
Arabidopsis 9228 MF 11517 (1.25 + 3.18) 14634 (1.59 + 3.84) 600
CC 13009 (1.41 + 3.86) 14012 (1.52 + 4.07) 321
BP 125100 (22.40 £ 35.41) 148721 (26.63 £ 42.03) 5077
Mouse 5585 MF 23014 (4.12 + 5.68) 28746 (5.15 + 6.84) 1098
cC 20842 (3.73 £ 5.36) 28118 (5.03 £ 7.04) 731
BP 153772 (9.57 £+ 18.72) 170727 (10.62 £ 20.57) 5408
Human 16073 MF 35524 (2.21 £ 3.42) 39028 (2.43 £ 3.63) 1626
CC 23228 (1.45 £+ 3.01) 27305 (1.70 £ 3.28) 769

4 SWEZHER

41 BUE&E

ANTE T DAMAE R SEER VPN 7325, AR SR — A By s BIEAE 9 77 206 EE ZOME AHAt A 5¢ 7725 1 44
Ae. B IR 4 PP (Yeast, Arabidopsis, Mouse A1 Human) J7 52/ (JH#% H . 2016-05-07)
Dy REPRERIRAE N ZRBEHEAT DR U0, A AR (VA H 3: 2017-11-09) ML REmREEE 1F A5
UEAE. ARSGE T T FIEREE GO XY, IFE GO 3 M3 b (BP, MF, CC) 437l % 2 1 B AT
DiRedryE. e G PR P n) @, J7FRIEHE J& 1y IEA (inferred by electronic annotation), NR (not
recorded), ND (no biological data available) #1 IC (inferred by curator) FIZEEARE. & )5 EAE M %L
M BioGrid £ FEWAE SR (Version 3.4.137). ZH clusDCA M [SRIG % B, A SR ARy 0 8 F1 i
MEANT 3 HAKT 300 FIARZE TR TR M. R 1 8t 7 2016-05 A1 2017-11 P4
I TA) S S MR SR EUTE 3 > 73 3B A D REARIE BT B A AR 2514

M 1 AT LUE & E D RERR (S BAE AT £ 5835, 41 Human 1) 16073 N8 EHFIAE BP 73
SCHIDIRERRER 153772 ANEANE] 170727 A, X8 AT 5408 AR DI RERRZEbRIE, M
S R PR A A8 2 T e R TN 28 1905 ) D RE AR 86 R AE. bk, 3R Avg & std X N 308 4 i B> B
(R D e bR 2 S HORAR I J7 2, Avg < std YA R FUBR (MDD REARiEAR B4, E— b3 in 7 &
15 Ty e FR0 P HE

4.2 SLEFZEFFNES

ASCiEBUHNE H B A RE MR E AR DI RE T 777% ClusDCA 14, NewGOA 131, HPhash 16! F1£¢
Sy MV B2 PESRE L TT. Hodr, ClusDCA FEAISC AR /41, ABGR. MV AR5 i HAER |
FIH Guilt by Association’ BN, 3& T8 B HAFEAR R B 10 7 N34T & i D RE Fitill. HPhash (16]
T S R G A DR G 7 f K B G5 M BR A5 s A B4R 0], I SR B i — DHREAR B RIRAE R 15050
B LEnG A5 25 (0], &G DR BAERAIZRAL MV {977 AR 4E 2 [0 31T 8 R ShRe T, ¢ )5 K

1) http://geneontology.org/.




R (S A

TR S [A] J5 4R 4% (6] NewGOA F= T ThREFRAE ] A )2 X &5« SR E SR ELAR LU R F L — DhReds
BRI IR R RIS, PRI TR A B SR T XU AL A SR T 2 3 B e EANA SR 51N
ZOMF(Y), ZOMF (PPI) 1 ZOMF(GO) iX 3 4~ ZOMF [{JAsR/E RSt b rik. o, ZOMF(Y) 1A A
Y A (B o = 0, 8 = 0) BATE A FIIBENTN; ZOMF (PPL) RAIH & A i LA EdE S 0-1
FEFET R (> 0,8 =0), FFEMEAT - DIREPRAE RERAERE ST RE B 11 ZOMF (GO) R HIZE
AEHHRIE T 0-1 FHFEDE (o = 0,8 > 0). XEXFHENVEMSH S I IECE U 77 L5 E.

NERE VR LR DI RETRIN SRR VR R, A SCR M I Br 2 B S S RE TN P 427 CAFA (community
critical assessment of protein function annotation) ! #EFZ I TFEAL fE &8 Fmax Ml Smin. T2 A FINHEE
T TR R RT A D 2 R A ST R B HEAT AT 5T, A SCHR A T 2 ARi0 A ) R B0 MacroF1 Al MicroF1.
Hr Fmax Al Smin Z&PLEEAR (FEA) AP0 HEN. Fmax 556 THE A FBE T HE
(precision) FIE A% (vecall) FHiHHAZBEX R F1H, &EENHRK F1EEN Fmax FI{EH; Smin
G5B FE DR A ARG R 18 S v SN [R) BRUE R AR T 1) 7 Th REAR 25 M1 B2 000 ) 5 DR A 2 2 8] ) 1 SRR
B, W iE R /NIBE RS ESY Smin M{H. MicroF1 1 MacroF1 572 LT REARSE N H O I PRAN JEE 2.
MicroF1 THEAF DI REFRAE F1-Score KA, IX— P-4 BRI E I REAR R MAHLR; MacroF1 JasKH
BRI F1-Score, X LepRZE F1-Score HI#)1E, XV R M B D RE AR 2 s A K. BTl
X} L 57 Fmax, MicroF1 Fl1 MacroF1 & b E R &, R~ il it &8k, M7E Smin F& L
PRI /s T TN Jo B

MacroF1 Hl MicroF1 i 8 H i — DHREAs BRIy 0-1 FEFE. ZOMF ATl £
FEREBUERE, ToH A, (EXT LT ETINZ5 2 0 £ 1 ZAMMERAE, FETH#. 1 HPhash Al
NewGOA HJSZIGBE, ASCR P F T - DhRERR S RIBME R Se BT P HE e, R 3 TR R
5 ST ) D e b R AR N R HU B AR B s RIAR B A 9% 8 B SR AR E .

4.3 SLIREER

ARSCIE I SEBE 6T EE 3 BT ZOMF 758K 15 hRE T HH 1R &bk, bRy sl i rp) B4 (BRMICRR AR R
IrfR) B BARYEFE SR — BN 80, XL SLIR 25 R WK 2~5. R 2~5 RN &N A 0 I 4 R AR AR
Fon, TIRHRT | RN EBR/N G5 ST

MFE 2~5 A LUE | ZOMF R84k F 2T HA T LL B DL B SR, TR 2~5 H4h
JE R SR AR 1 T R AR v A T 5 I ) Th e AR RO AL G, TRl SR AR T 2, itk
ASCH ] Wilcoxon F5-5 Bk I 31320 3 tf b ZOMF 5%} b 75 A0 X Lo B a2 A LA B N 1 45
BORER p AEB/NT 1076, IR ELE AT AN, ZOMF S TR T A & TRENLITE . SVD A%
JE4E FIE 5 b 25 T 46 1 B A R Sh RE TN 8092, R4S ZOMF R AR R AE ) 52 B8 (4 R F AR S by At 5
MacroF1 } MicroF1 & &I V& A S E A i aﬁﬁ‘]ﬁ]ﬁ‘é*ﬁﬁ?ﬁ%, T HAt % e A BRI FE 2
BT EAR A MIIRREE S, ZOMF RHEASFHRIRIAG T B L] b B T A (R I 8UR, x—
Xf Eb R B ZOMF B AT DA G0 BB R 20 ME RS, 6 Re AR FFECUT I PERE. IR S8 45 RAERA T R 0-1 #ERE
o3 AT B 1 R T R TR R ARk

ClusDCA, NewGOA Hl HPhash #8F|FH T 8 5 HAE(S BRI DY REAR 2 2 (M 2 IR KR, B
BI3RAS T BT MV B AP IS5 R, 3% 3R B D) B bR 25 2 A1 2 IR G5 0 5% AR TE B T Dh R TR0 Hh (1
B FEIX 3 N5k, A ClusDCA, HPhash 5 NewGOA #HAT2RF S R4S, p E 20 552 0.195%
A1 0.01%. ClusDCA Al HPhash 383 7% NewGOA F U [ 528b45 B, 1X 1 IR K 456 7792 Al DL
by 5 AR 3 A T AR R 2 (1 ) i DR X g VR R B e 4 T PR R 2 R T AR AR IR R K AR
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%* 2 £ Yeast EHISLIEEE
Table 2 The results on Yeast

MV  ClusDCA NewGOA HPhash ZOMF(Y) ZOMF(GO) ZOMF(PPI) ZOMF

BP  0.9368 0.9475 0.9455 0.9401 0.9351 0.9351 0.9491 0.9510

MicroF1 ~ MF  0.9378 0.9470 0.9491 0.9397 0.9363 0.9376 0.9502 0.9554
CC 0.8911 0.8995 0.8965 0.8731 0.9129 0.9138 0.9193 0.9200

BP  0.9352 0.9397 0.9154 0.9252 0.9342 0.9353 0.9435 0.9435

MacroF1 ~MF  0.9347 0.9464 0.9275 0.9236 0.9387 0.9391 0.9474 0.9474
CC 0.9192 0.9252 0.8952 0.8956 0.9366 0.9376 0.9449 0.9452

BP  0.8861 0.9508 0.9552 0.9716 0.9458 0.9497 0.9652 0.9756

Fmax MF  0.8229 0.8706 0.8647 0.8814 0.8753 0.8759 0.8852 0.8872
CcC  0.7250 0.7684 0.7765 0.8162 0.8070 0.8070 0.8185 0.8196

BP  1.5707 0.5481 0.3948 0.3986 0.4673 0.4677 0.3689 0.3603

Smin | MF  0.4110 0.2011 0.2012 0.1740 0.1945 0.1980 0.1545 0.1543
CC 0.3677 0.1625 0.1675 0.1357 0.1317 0.1232 0.1093 0.1093

%= 3 7 Arabidopsis LFRYSCISLER
Table 3 The results on Arabidopsis

MV  ClusDCA NewGOA HPhash ZOMF(Y) ZOMF(GO) ZOMF(PPI) ZOMF

BP  0.7977 0.8511 0.8479 0.8325 0.8818 0.8822 0.8850 0.8851

MicroF1 ~ MF  0.7344 0.7724 0.7709 0.7452 0.8250 0.8260 0.8224 0.8259
CC 0.8551 0.8863 0.8877 0.8651 0.9099 0.9078 0.9170 0.9171

BP  0.8162 0.8593 0.8016 0.8337 0.8855 0.8856 0.8868 0.8869

MacroF1 ~ MF  0.7955 0.8044 0.7372 0.7771 0.8424 0.8432 0.8472 0.8508
CC 0.8184 0.8370 0.8096 0.7893 0.8556 0.8610 0.8561 0.8639

BP  0.8337 0.8928 0.9039 0.9146 0.9054 0.9057 0.9068 0.9068

Fmax MF 0.7319 0.7643 0.7605 0.8093 0.8087 0.8087 0.7910 0.7910
CC 0.6341 0.5882 0.6039 0.7144 0.7069 0.7101 0.7057 0.7144

BP  2.1709 1.0860 1.0391 1.0097 1.0065 1.0056 0.9968 0.9964

Smin | MF  0.9126 0.7410 0.7707 0.6449 0.6130 0.5930 0.6005 0.6003
CC 04977 0.5761 0.5077 0.2576 0.2540 0.2546 0.2600 0.2476

ZOMF TR FE T NewGOA, JEAE NewGOA 7ERET H G BENLIFER SIN T — i m (5 5 78
—ERERE B T 45 K. HPhash 7£ Fmax JE& FEZFENT ZOMF, K Z Fmax 7£ [0, 1] E{E
V6 [ P T B BB R F1-Score, 4385 A F1-Score 1E RIS B T ZOMF @it % & [ —
IHREAR SRR Y JeiET 0-1 SERE R P A, SR IUAERE Y AR O BOE B, 7EAN R RME R 10
F1-Score 45,

ZOMF Lt ZOMF(PPI) Ml ZOMF(GO) 3R1F | AP FM 45 R, Re 2 £ MacroF1 b, F %5
A& MacroF 1 52 S5 7EMG B D RE bR 2 b 1 MERESZ MBS0 K, 3 18 WA A 485 ) FH 255 DR A Ak &6 44 RV B 11
FRAEAS BT 0-1 SE PR T it — B4R TONRG B2, SEPr B ASCILKE ZOMF (PPI), ZOMF(GO) 5
ZOMF (Y) BT SHAGI, p (0512 1076 A1 1072, b a] W ZOMF (Y) X M (1) 5256 45 5 5 2K T
ZOMF (PPI) #1 ZOMF (GO), iXit— Ui B 5] N8 it BARAS BAI LR A4R(E B35 5 0-1 55 FE 7
] DL E PR E i AR TR . 7€ Arabidopsis A1 Human E#E4E [, ZOMF K091 B &4 2 A
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% 4 f£ Mouse EHISLIGZE
Table 4 The results on Mouse

MV  ClusDCA NewGOA HPhash ZOMF(Y) ZOMF(GO) ZOMF(PPI) ZOMF

BP  0.7646 0.8229 0.8211 0.8131 0.8527 0.8538 0.8682 0.8703

MicroF1 ~ MF  0.7482 0.7962 0.7942 0.7827 0.8575 0.8575 0.8580 0.8581
CC 0.7061 0.7541 0.7542 0.7263 0.8138 0.8137 0.8197 0.8202

BP  0.7689 0.8284 0.7558 0.8015 0.8569 0.8570 0.8572 0.8576

MacroF1 ~MF  0.7651 0.8098 0.7371 0.7833 0.8283 0.8342 0.8352 0.8390
CC 0.7464 0.7706 0.7077 0.7498 0.8108 0.8137 0.8195 0.8196

BP  0.7890 0.8582 0.8537 0.8916 0.8775 0.8776 0.8806 0.8806

Fmax MF  0.7091 0.7862 0.7432 0.7983 0.7997 0.7997 0.8001 0.8001
CC  0.6334 0.6697 0.6207 0.7062 0.7038 0.7037 0.7092 0.7093

BP  7.2180 6.1819 5.2861 5.4010 2.5646 2.5648 2.5440 2.5345

Smin | MF  1.1973 0.7469 0.8482 0.8490 0.6953 0.6953 0.6881 0.6852
CC  0.9895 0.7845 0.9694 0.7990 0.6225 0.6126 0.6093 0.6071

% 5 1f Human EFRYSEIGEE
Table 5 The results on Human

MV  ClusDCA NewGOA HPhash ZOMF(Y) ZOMF(GO) ZOMF(PPI) ZOMF

BP  0.8538 0.8862 0.8876 0.8819 0.9051 0.9051 0.9131 0.9139

MicroF1 ~ MF  0.8638 0.8942 0.8993 0.8883 0.9130 0.9134 0.9219 0.9228
CC 0.8356 0.8623 0.8608 0.8431 0.8752 0.8751 0.8854 0.8951

BP  0.8699 0.9015 0.8480 0.8865 0.9120 0.9121 0.9139 0.9148

MacroF1 MF  0.8792 0.9153 0.8759 0.8932 0.9201 0.9202 0.9225 0.9225
CC  0.8478 0.8776 0.8301 0.8520 0.8833 0.8834 0.8906 0.8935

BP  0.7538 0.8637 0.8428 0.8959 0.8812 0.8812 0.8862 0.8863

Fmax MF  0.6493 0.7408 0.6902 0.7587 0.7494 0.7499 0.7527 0.7559
CC  0.4598 0.5502 0.4692 0.5643 0.5524 0.5623 0.5649 0.5688

BP  3.1853 1.6946 1.4567 1.3245 0.7708 0.7701 0.7504 0.7510

Smin | MF  0.5476 0.2589 0.3674 0.2541 0.2067 0.2060 0.1995 0.1975
CC  0.4465 0.2037 0.3725 0.2298 0.1697 0.1698 0.1573 0.1474

KAZFR ZOMF(GO) Ml ZOMF (PPI), JR KA fEsE Arabidopsis Al Human F0#E I DI REARERS Bl T
PR, 5 ELAR IR, X SR S E o F1 B 3L 0.1 AT 0.01, JETHRKG X IX AN S 501 S 4
PEREAT BB,

4.4 BYHRMESH
4.4.1 RFRARND & GBS

ZOMF 45 &R RIARZE A i BAREM AR S AR — DHREFR AR Y 7 N IRRE 0-1 HE [
A 1 B. N HIAFERRR/N kXIS R, AR E o = 0.1 f1 8 = 0.01, X & #4177 BUsdk
AT, ANFE kA (5 & 200) T Fmax 1 Smin BI85 REWE 2 Fx.

ME 2 FrtiZe T LUR I, ZOMF WITEREREE & M3 KT A BT, M2 & > 80 Tl &5 & T
Fasg, XUl ZOMF Xf k A& &HEK). ZOMF 7 k < 80 A —E P, J5 A fe2 8 A H
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Figure 2 (Color online) Sensitivity analysis of low-rank parameter k on Yeast. (a) CC (Fmax); (b) MF (Fmax); (c) BP
(Fmax); (d) CC (Smin); (¢) MF (Smin); (f) BP (Smin)

BEMIFEIRZEZH EOR, 1/ kA2 ATE 7 2 0 8 R ANFRAE 6] Y AE IR, AT T 45 R A=
—REMIFN. MV 45 RidasE, B MV AMRET k ARE. ClusDCA JRAFE, EfFESF 4
Bk BEAT A AR, (BRI AN EER b ORAERAER). B & HIBSOK, HPhash 45 SRIZ 8T
FaTRE, XRFNY kBN, HEE A PR A EOH KR I D ReAR AT i, 233 AN A
THREARRE G (A BB, MTIX T 45 SR A& i — %€ BORE M. AN, A SO 28 ke Al T S8 e 24 P O U
b, WS L ORFF A, JRIRZ k € [80,200] O RERLAF Hu %) 2 F1 )5t 115 SURFIE AR B AN Zh REFR 2%
FAERE S, LREATALERER. 8K b 29I ANEZ R LR st 2R, BAS RIS,

4.4.2 B o M B3 FLERMES

ZOMF B4 J R AR 25 16 AN 2R 00 ELAE N i 3 B 10 — DHREARAE IR FE ) 0-1 FE RS . Hor
o KB 43 AR ER 5 B AR O R 35 R AR A 24 S B st 2 PRI EE 240 (LK (6)). R BT AN S 2500t 7l
SE RIS, ASCTE 3 MR CC 2332 EXF o AT B HEAT T BUBIE M HT. AR SO E 4R S k= 80,
HHEAR o F g H (1072 2 10%) FH Fmax M Smin 45 FAECIRAER 3 . S E 3 R RATLLE
I, 10 < o < 10000 1M B ELE € 1 DX a0 [ AT 2 BUE I, TI000 i 45 5 LA (22 Y o BUEE
NI KR, 2474 5 I B 1 5 T e TR 1 45 S, 1K 3 B B 1R LA S T B 1 T e T 11 B K
a 1 B AR A A BN A AT ZOME BIYERE I A B W 152, X Ui ZOME X o Al 8
2 LR R 1.

4.5 BITEIXTEE

T oMt ZOME FIHARS FESRE BB AT 303, AR SCEID T IR L850 b R B SEbrig AT I 8], Wik 6
P, ARSI E S 4.1 DTSRI E R, KHEIEEET Matlab2014a (64 £7) e, e
BATFAECE N: Intel(R) Xeon(R) CPU E5-2678v3, Ubuntu OS 16.04.2, 256 GB RAM.

12



HERFE AF R

3 (MERFE) NESH o M1 G HBURMES
Figure 3 (Color online) Sensitivity analysis of weight parameter a and 8. (a) Yeast CC (Fmax); (b) Arabidopsis CC
(Fmax); (c) Mouse CC (Fmax); (d) Yeast CC (Smin); (e) Arabidopsis CC (Smin); (f) Mouse CC (Smin)

* 6 5 MLLEEAETERESE LHETRES T

Table 6 Statistics of runtime cost of five comparing methods on different datasets

Species Branch MV ClusDCA NewGOA HPhash ZOMF
BP 0.71 91.83 605.14 2548.95 88.56

Yeast MF 1.28 67.61 224.92 267.09 34.86
CC 0.92 64.04 89.00 131.76 40.23

BP 0.59 54.47 537.48 1909.87 46.78

Arabidopsis MF 0.33 32.27 207.91 163.81 26.52
CC 0.21 22.35 83.88 58.36 12.13

BP 1.76 208.15 725.90 55146.48 228.33
Mouse MF 1.18 85.92 266.70 690.48 51.41
CC 1.32 85.18 114.63 300.29 36.31

BP 9.17 540.57 1292.68 64863.61 968.58

Human MF 10.31 526.34 411.06 1308.74 470.72
CC 10.26 591.77 183.00 257.22 310.38

Total 38.04 2370.50 4742.30 127646.66 2314.81

MR 6 HIIEAT I (R G5 EE v LA, BRIRHEDTVE MV 4h, ZOMF BIEAT i /. R 2
MV ELHEH F 5t AR MR T AR5 SR 77 AT 81 5t D R T, A ) FH 25 PR AR 5 145 8.,
AV POEARAL R . pEAh, AT LA 23] ZOMF 7E Human 1 Mouse HJ BP 4332 Lt ClusDCA 12,
JREE 2 ZOME 43 fif 3R BRI AR G B g B RO I, LR B SR g it R mp A 7 B2 B B0 g AT IR AR
b, 2 & AR BRI REAR S H R IR LK. NewGOA 75 BLE B B A AT = DI bR 2 R i
A 1R TR E 3 24T BEALIEAE, BT DAL ) 4K T ZOMEF. HPhash 7 Ja5E TR UAR 2 I &5 14
R — Z 5 Fr DR B S 7 BR KK 25 D DI REAR RS AT 1 i, S5 AE (IR AE RS A5 25 (8] vh AT 2R i 1)
RETIUIN, F 2 A 15 R A5 A A bR S PR A 75 AR 2 R B I 1], P DA AT I Al B K. 25 Bk s &b
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BPOUE AR - ThREFRZERIRAERE, 75 STHLER P50 D RE 0TI A4 [ i 38E G B B R o3 1) el 78 22 M)
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Abstract Accurately annotating the functions of proteins is one of the key tasks of functional genomics. Func-
tional annotations of proteins are missing in a large portion, and the functional label space is very large. Label
compression methods have been proposed and applied to predict protein function. But these methods lack in-
terpretability of compressed labels and suffer from the inherent problem of thresholding labels in multi-label
learning. To solve these problems, this paper proposes a protein function prediction method based on Zero-One
Matrix Factorization (ZOMF). ZOMF firstly factorizes the protein-function association matrix into two low-rank
zero-one matrices, and to explore the inner latent relationship between proteins and labels. Next, it defines two
smoothness terms on these two low-rank matrices with respect to protein-protein interactions and the structural
relationships between labels, and thus to guide the optimization of low-rank matrices. Finally, it reconstructs the
association matrix using the optimized two low-rank matrices to predict protein function. Experimental results on
four model species (Yeast, Arabidopsis, Mouse and Human) show that ZOMF can more accurately predict protein
functions than existing algorithms, it does not need to threshold the reconstructed matrix, and the compressed
zero-one labels have more intuitive explanation.

Keywords protein function prediction, matrix factorization, protein-protein interaction network, gene ontology,
thresholding segmentation
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