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AT HE A BT REVERE T & RO R B H 58 RO R0 A i B B SR T RE TN ? AN [F) WA ) R R AN
P ATAEAEA —HE, QIR B ISR G RN & B PR A Es, R AR GEblas 2% 2 07 i, AN 2L
s o S U ZRFE AR TR A BRI ST [A) 70 A e, AR AT 20 4 B8 58 Gl 0 2 19 J52 2 e T
DR,

AR, IR SN — R OB ER 5 3] 53, 193] T )z MO R 7 10, ST 2 ) A A —
AU C A FR) R B TR AN [R(EUAH S T e R L8 2% 21 O k. B R e R T A gL 2
H AN EEAAR B (1) FT5% 21 IR0 58 B e 1 2 AL [R] 40 A i 26 A (2) 7 2 268
IR A A 7] DAAS BSR4 AR O 318 2 =) L D R A 21 8 1 R DO Re A TIUNAE 55 . Med
S D2 SR T — ORI IR 8 SO AT I #8272 B 7 VR TN B 1 B A A ) 2 T e B, Xu 55 18]
St 7 — M2 R B R A 2 U7k, KA IR A B B R B TUREAR 2y B ARSI, S
AVFIBE AR ARAL VS H PRI A I AT — 350, FHe i 120 P o SR BE AT 3 PRI 2H /K1 ) 2 o
DIReF. AR 5 =) C D B T 88 5t D Re FROIAE 55, A5 58 58 el P 40 b eh N D R )
WA FREARED, HATEBA F BIIEAE 5 > B T35 56 B Fr A 5 B 4 K1 2 B 5 2h RE T 5
TARHIHRIE.

FECATT IR FE 25 15 0 R T Bt o 2 79 2 b 2 =) 1) 04)) B — AN [ REAR AR
TG R, RN BAG 28 GO AV TIRe (FRid). A SCHER SR G AR ok 35 B 56 Bl
VIRh ) 5T D RE TRIIAT 554t R 2 /-] 22 AR il #8 2 2) I, IR 1 28— 2Rl 2 hRidid e
SIHEZE (TR-MIML) SKARR AT S, TR-MIML 2% S HEZL oy S J5ak Al B bR B0 4 b 1 2 R Bl A AR
HeA N BIRBIREA; SR, S/ MR 2 1) _EMAIRSEAE A ot /5 H PRI A O B B, 2505
BRI T AN FBUE; U5, 2T BRI A, 153 2770 2 hRic 2 SRR,

TESESG . DLH AT 3 Fh 2 o861 2 b % 2 F3% (MIMLfast 191, MIMLNN 16 MIML-
SVM (617 SRR o3 S8R K% B SEIA S 2 /- 2 b ic iE R 7 2 0. LLPANHT 58 B 5 408 (Geob-
acter sulfurreducens 1 Azotobacter vinelandii) 1E4 H#rIE, LA 3 Fh RN D) A 8 A i 20E 2 AL AR
(Rattus norvegicus, Mus musculus 1 Saccharomyces cerevisiae) /£ AUk, B 1 ILF2= I GBI T8 5¢
JS PP R0 ) B 1R ThRE TIUI. T AT Rattus norvegicus 1E4 B AR, LLEL L RAF K 5 Fhagff
VRIS, TERT TR SR 20k SO0BGE AR EAT S0 A% 2 STl B T H AR A i) 2 o 2 e Tt

B, ASCHI EETTERIN T (1) JERI ISR S MRS B 72 Gl 4 i 2 B 5 2h B T 55
RN Z - Z AL 7 2] e, FFR 13— D2 B 2 HR LIRS 7 STHE BR R TR MAT 55 (2) SE
SRR A% A A BT B 58 OV R B S DD RE TN, T L3R 20k R R P i 5 Bl K

2 A&
2.1 (ORI

AR T A F RO R 58 B R R 1 R T RE T i) R, UK AR A R GUR A BB D
REVEREASE 2R & AOSRGAAN, f DUHT S8 G e M0 R D BE 2 AR A AN /L 0 1), 45 3 B 1) 2 1 5t
THRETMAEA. 3ERE 24 SN O UL I R I T — 2R ARGF (03842, B 5 Bl P R el R 2 BRI, T
SREAFI RN R PR

FE VARG B0 T, 88 5T D e B 508 2 0x 1 2 A 2 o) i 04, R — AN E A AR A E AR
W& BRI P, RN EAZHR GO AWIhae (brid). XHHr o€ Sl F ke, B H bk, 5
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Source domain dataset Target domain dataset

Labeled
miFV miFV samples

Re-weighting
samples from
source domain

Unlabeled
samples

Predicting

MIML classifier

1 ZRHIZIRCERZEIER (TR-MIML), SiEREERMBN R4 BAREZE S MR
Figure 1 Multi-instance multi-label transfer learning framework (TR-MIML), including the re-weighting data samples
from source domain stage and the classification model construction stage

Training dataset Training

BT AREHRBIZEIT YT REIARCAN. B AR SR 2 R FRIOREA DT = XT|7, BT HE
HAEAFFOREA DT = (XT,Y7)|, ny Bl ong 55 BIZER B ERER AR C R AR AT IR AR 1 5L
W4, BiaEEYESE DT ik DI u DL, MH ny = ng +n,,. 7RI, XT C xT NHEEREA S
i MEAFRKEAR, 4 2 Ambl @025, 2D T YT C YT R XT BRI 41 GO FRid
Wy Dy REG R, EIVEER, B S AREIREIZEIT VS RO, A
DS FRN {(X5,Y5), (X5, V), ..., (X5, ¥5)}, Hodr, X5 C xS RBEME i MEAFRAS, &
b At {20 250 aY: Wi YS C vS XS piatRii—4l co 4FiE (P, v,y ). B,
2SS 057 S B 5 R 1 26 1410 3 B U 55 7T LA O 2 -1 2 bR T B 2 5 ), 35 Bt — A
LR 2 AR R 2 ST HESE SR A b 7]

2.2 HRBIZIRCERF SIHER

AR T DN 2RI ZARCIT R 7 STHES (TR-MIML) (& 1), HEZL B PSP BeAL B Y58
AR BN 73 FAF T 7 2T | BL
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2.2.1 EEAEARMY

PEIBREATBL T BERT EL2y (B 1): & 58, REIRIONT H Fnagrh 1) 22 7n BIREA R A O SR BIREAS 28
Ja, 3 e IMESR 2 8] BB AR Tl s 5 H AR AS Tl R B, RIS A I T A A
BUA.

SAEGEER 2 SIREAR AT, ARSI B ARk b (0 8 B SR ASER A 2 AR B AL R A,
FAVEH miFV Tk B8 s 2R BRE AL AL R HORBIREA.

FELR RIS AR T A FIAUE AR o, A3 B maximum mean discrepancy (MMD) I 19], &%
MEFHER Hilbert 23[8] (RKHS) _EIIAIEISREAS thos i85 H RIS AR oo 11 0 RS

2

. 1 ns s 1 nT T
mﬁm %;5@0})*%;427(]%) H’ (1)

b, 5 N BRI SRR R BCE B, ns B0 g 4 BUNTROR F R B R REAANS 15 A T 4
BRI 5 FRRRBEABIT miFV 7% 08 @B ROIREA, o) SRR, 445 REA M
AR 2 .

AT (1) B 0

1 ns B, —
mBin §BTK6 —-KkTB st B €]0,B], —|ZZ:15 sl

<

& (2)

H, B Y e ¥R E, B &2 51 EF (ACHUE 1000), e = (Vs —1/y/ns), T ki = ns/nr Y07 k(fi,
fi), Yi=1,...,ng, M K 4 kernel Gram matrix [?!!

K Kss Kg 1 ) 3)
Krs Krr
Hrh, K R HIICER K =k (fi, f)-
ASCIEFEN 2 Gauss HZ R
R d) =exo (o llfi = £iIP). (4)

Hrp o A Gauss #Z¥47.
A (2) & —MRAER IR IR, AR SO A Matlab AL T B A IR BR 2 quadprog H#E4T
KA, 15 BYRIRFE A AL W & 3.

2.2.2 FHEIERFY]

FERBIEISFEARIBUE A& 8 )5, BEPLPEE T 8 H AR AR IC R, I IR A, 2
ARBIZRRIL A ST ZRRE A R 2, IR R A (5) 792095 R b

R ) ns 1 ng 1
h= arg}mln MZB,»% t(h (XZS) 7Yis) + Z n—/ (h (X]T) ,YjT), (5)
v i=1 j=1

Horp, p R PR BT PSSR A S B AR AS MIML 730 BRI (520, 6,
NETRBMEE o DEEFEARNBUE; o) ARRREG n M H bR BEALBR I R bRl B A A
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B h() NEZRBIZ ARG 2] o 2RaE, Bl inssE i) 2 R 6 2 FRid % 2] % MIMLfast 1)) 4L X 78
LAl BB TEIE SR E B TR R BIEIX AN Rl BT R, KA X)) =
max,ex maxg—1, i hip(®), FeH, 2 A X FR—DIRG, by p(x) ARG o 75 1 MdiIE ke A
TR B RS, fEXEa (5) KRB RE T, A Z om0 2 h5ic % 2] 7 REBSMRSRAETT %, W h(-) A
MIMLfast SEIERF, (8 HIREHUEE T 7ok e & witt, wit! w?’{ (151 oy R 7L e 2] (14 A2 5
BREAR, U SEH AR BB e L ;. TR-MIML % SIHEZE D AQAS WEVE 1.

&% 1 Pseudo code of TR-MIML learning framework
h = TR-MIML(DT, DY)
Input: D7 : Target domain dataset; D% : Source domain dataset.
Output: h : Classifier
Steps:
. for Xf in DS do
7 =miFV(X7);

1

2

3. end for

4. for XT in DT do

5. I =miFv(XT);
6. end for

7. Compute 3 by solving (2);

8. Learn the classifier & by solving (5).

3 KWELER
3.1 HESIWRE

ARSCHI SRR B 04 7 MhILSEY RN 4o ik DRI AL B 1 R AR B 4R, & PR 58 Bl i 0 i B
JRHUFF B (Geobacter sulfurreducens) BR[04 (Azotobacter vinelandii) 1 5 & (15 DhREVE B ST 42
PIPF: N (Mus musculus)« #95K f (Rattus norvegicus)s A (Homo sapiens)« #1F§ 7T (Arabidopsis
thaliana) LA BRI RE (Saccharomyces cerevisiae).

B2, M UniProt-GOA ftp 3 Y 231 R34 gene_association.goa_ref_uniprot A4, 4R 5 @ i ¥y fh
f¥) Taxon ID 5 (f: AJ& 9606) 32 FTH HH B Uniprot ID ‘S HMEKAMS: (GO) ID 5 (41
evidence code N IEA [¥] GO ID 5). JEPRIAMKS M 3 ANT71H F kR & B AV ¥ Dike: 71 2he
(molecular function) AEA)%- L FE (biological process) LA AIZH 55 (cellular component) 24 A3
&I T IRE.

SRJG, B ETEI1S 2 A8 H B Uniprot ID 5 M Universal Protein Resource (UniProt) (4 [29]
TN EAS 2] FASTA A% 28 A 59030, W EE— A0, R T35 2 2L 2 FASTA #3UH) &
H R 51 S0 _E AR %] NCBI ) Batch CD-Search servers 4% 2% [26], 192 8 A B PR S5 s 5. X6
AR AR SR, R P AT R SRR R (216 4E) 2728 SRAESRRHER B RN E AR
AR RA 2GR, BRI B 8 B BURE AR A 7R O v 22N ALE 1) B 2H R 7 1) 0.

B, xBTS ZINE A B T8 GO ID =, K FIAE R Sng B4, 5T AR PR A fA 27 pg ik 2)

1) ftp://ftp.ebi.ac.uk/pub/databases/GO/goa/.
2) http://geneontology.org/page/download-ontology.
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*1 IHRHESRIHER

Table 1 Experimental dataset statistics

Species Proteins GO terms Domains per protein GO terms per protein

(Mean+std.) (Mean+std.)

Geobacter sulfurreducens 379 320 3.20£1.21 3.1443.33

Azotobacter vinelandii 407 340 3.07£1.16 4.0046.97
Mus musculus 11676 3065 2.76+1.84 44.644+50.27
Rattus norvegicus 5991 2600 2.53£1.71 39.51+44.78
Homo sapiens 13773 3311 2.984+4.30 55.81£126.63
Arabidopsis thaliana 8986 1811 2.02£1.46 27.68+70.37
Saccharomyces cerevisiae 3509 1566 1.86+1.36 15.89+11.52

I go.obo A (BTN H] 2017-01-21) TR GO 4> T Lhfg ID 547 [ Jo3h B 4544 5% 7ok 15 24
— AR E EBREAR] GO FRid .

FECAHT 38 T 2 7 9] 2 b 2% T O A B D e 00 AR D4 ) AR B BT AR R A — AN
ZARPIA R, KPS REy— AN, I BiZE AR S 2 eid, e s
WH—A GO ThHREARE. & 1 B4 7 AT AR 7 MR SEi B geit5 8. 1, /£ Geobacter
sulfurreducens X758 O AR B S b, LA 379 NMEBEFUFEA, 320 > GO 73 - ThBEARTE,
AN EAREA AL 3.20 £ 1.21 NEHIRM 3.14 + 3.33 A GO 2 TIIRERIE (H¥E x> T
5 Fie 1 B Sh REVERE ST A R RN A BT RS A B GO T HIRERIE R ).

AR5 S S H B2 AR R B D eV TS A A (J5ER) SR T e G PR A (H bR 2
TR BRI, B 58 S e b 2RI Th R R B B EcE /D, T H AR B GO D RE FU R AR A7 AE
RAAT IR, RIS K2 % GO ThREsRic, B YRl &4 AR iC 0 & B A A HoE T /D> T AN bR
IR H B A SR, DRk, SO FHRIR PR AR i 2 U HT 20 > GO ARic R By 2 x| %
PRICIE A IR DLSE G s pPAN S A% 2 20008 345 BB 58 i i W 2 B S D RE UM BRI TR Dy 17 PRA
FERIERE, AR T 5 MrEcE W2 7~ 2 bnid 2 S PR FE AR, Average Precision (AP), Coverage
(CV), Hamming Loss (HL), One Error (OE), Ranking Loss (RL) ["6]. AP g1l 2 (1) /2 2 {8 0 (e HE
Fe BIRRAC T B, B HELE AR SChR 10 Z T AR ICATI SRR AR bR e A e, LB R U PE R 161 cv
TR TR AR AR, AR PR B HEAE B e Ja IR SR 1L BT AR B HE 4%, FLHRCR AR 0 12 e ek
4 OOl HL $8FRTFRI R A FEARLE BTG bd EIETRE, HEMEWMAE 0 B 1 28], [H/N IR TR
AT 161 OF $8FR THE T A S AH DG FIAR TE SRR b5 R A HH DG B B AE A o5 9 B, LR
HAT 0 B 1 208, EBRNERGERLF 101 RL fabr it B S5 To bR ic x HE 7 A 1= 10 L], e
N 061 O 7 R MR Sk AR RE, ASCEM T 3 PR XBRAET v, T SR E A 10 X, it
SEOCME + ARUETT 7 AR IR AL

3.2 1EBF IXEBNER T UM AR EE B R Th REFIUM 89 STEK

N T UE RIS 27 21 RS A RS B 76 B 3 0 i 2 5 D e U A, A Y T R AT ek
M FWFh Geobacter sulfurreducens . Azotobacter vinelandii /E-N H ﬁiiﬁ, 3 P EE ARSI RST A
AW Rattus norvegicus, Mus musculus, Saccharomyces cerevisiae 1ENVRIH. F 48, N T 785 i B
R IR R, ASCGER T 3 R H AT HUTF 12 8 2 brid 22 2] 77k MIMLfast 1%, MIMLNN [16],
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= 2 LI Geobacter sulfurreducens AB#RE, FEIZREISIFCEIFEERIBRZIMTITBFE I
SRR, IERA T TS LB S AIRARIZSE A RIhAE TN M a8 )
Table 2 Performance comparison on Geobacter sulfurreducens (target domain) by multiple multi-instance multi-label

learning methods with or without transfer learning. Results demonstrate that transfer learning can improve the performance
of protein function prediction on this task

Source domain Method AP (1) CV (1) HL (}) OE ({) RL ()
TR-MIMLfast 0.58+0.02 4.04+0.07 0.15+0.00 0.55+0.04 0.32+0.01
MIMLfast 0.44+0.02 4.76+0.03 0.20+£0.01 0.71+£0.03 0.43+£0.01
Mus musculus TR-MIMLNN 0.56+0.01 4.2840.20 0.2140.01 0.58+0.02 0.36+0.03
MIMLNN 0.54+0.01 4.51£0.19 0.24+0.01 0.58+0.01 0.37+£0.01
TR-MIMLSVM  0.53+0.02 4.16+0.02 0.18+0.0 0.61+0.01 0.37£0.09
MIMLSVM 0.44+0.01 4.6240.05 0.19+0.02 0.67+0.01 0.40+0.01
TR-MIMLfast 0.56+0.02 4.02+0.17 0.16+£0.00 0.58+0.03 0.33+0.02
MIMLfast 0.43+0.05 5.224+0.07 0.23+0.03 0.75+0.08 0.42+0.06
Rattus norvegicus TR-MIMLNN 0.53+0.01 4.11+0.06 0.16+0.02 0.58+0.01 0.38+0.01
MIMLNN 0.48+0.01 4.74£0.09 0.19+0.00 0.66+0.03 0.41+£0.01
TR-MIMLSVM 0.53+0.03 4.2940.03 0.17£0.01 0.60+0.03 0.3940.01
MIMLSVM 0.52+0.01 5.10+0.08 0.17+£0.01 0.66+0.01 0.35+0.02

TR-MIMLfast 0.53+0.04 4.4240.14 0.17+0.00 0.62+0.05 0.35+0.01

MIMLfast 0.50+0.02 4.50+0.14 0.2240.02 0.66+0.04 0.354+0.02

Saccharomyces cerevisiae TR-MIMLNN 0.531+0.01 4.58+0.09 0.1440.04 0.614+0.09 0.37+0.01
MIMLNN 0.52+0.02 4.7240.11 0.16+0.01 0.6240.02 0.4140.02

TR-MIMLSVM 0.54+0.02 4.61£0.07 0.17+£0.01 0.57+0.01 0.40+0.03

MIMLSVM 0.53+0.01 4.7240.04 0.18+0.01 0.60+0.01 0.434+0.01

a) HURFIRA IR 2 2 45 R R TR A IR (T BEEN 95% IBCAFEA ¢ k).

MIML-SVM 161 fERFE I3 S48, SR LUBUA IE /8 2 ST RITCIE A8 5 S I I T 45 SR MIMLfast 7578 %6
W A T A0 75 () R A ) — MR IC HE S B ARYE 73 W), JFlal BEALER BE R B R (SGD) SR At iy
HEFAR R (rank loss) 191, MIMLNN J7¥EH] ¥4 Hausdorff #H &1 k-MEDOIDS 53244 2 /-] 2 b5
WCFEARFEA N ZARICREAR, S/ IMEAZ I Z AR AL I 2k, SRl 2 e E 50 i (SVD) Jridskfig (6],
MIMLSVM J5 358 i 5 K Hausdorff #5251 k-MEDOIDS 5244 2 750 £ bric B A H A 2 brid i
A, SRIGAEH ML-SVM S0t A7 KAl 16, 25 & 33 76 Bl Fe 0 o N D) e 2 1 B /b i S Bt
L, AEZ B Z ARl 2 2 SLgah, XA GO DhRerric, JATIE Hbrih R EENIPkE & i GO I
BER—DNEB TR ICHEA. EZ R 2 Frid 2 2 370 KA M SEga A8 BT H ARt A< by s A 2.
FERTA LB, 3 A2 on il 2 bric 2 2] 7 i 226 SR (15, 16] HEIERIAS 2L

IR 24 21X} Geobacter sulfurreducens F1 Azotobacter vinelandii P 5 sl > Y054 i) 85 (i Th
RE TR A I A5 RNk 2 13 fro. b, 1+ (L) RPN TR (EER (/) PERERAT, MR K {E R
IR SRR T IO IR (R T EEEY 95% HIBCHAEA ¢ R8). 4R,
FEWIRRHT 58 N e B L, ARSI 2 7R ) 22 bR e i 2 SRR 46 K 22 B 0 T AL T el i
STHIBE T RASRA (R 2 A1 3). IXRH], i 5% 2J A B 38 52 Gl e i B4 2 B SR D BE TN 3 e
P CRI D RE R I BAE AR D, ME DL T RAE AR S W 0 A1, A A2 A 2] 81— 73
KRG, A CEIIER ], @ ARG R AN E ARG R, & 7B
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& 3 LMIM Azotobacter vinelandii ABRE, TRIZRHIZIFCE I FEER IR F IMATHE SITRILE
RELE, AT ERES EEIBFE I AHRREEARINAETNIEE
Table 3 Performance comparison on Azotobacter vinelandii (target domain) by multiple multi-instance multi-label learn-

ing methods with or without transfer learning. Results demonstrate that transfer learning can improve the performance of
protein function prediction on this task

Source domain Method AP (1) CV (1) HL ({) OE ({) RL (})
TR-MIMLfast 0.55+0.00 4.304£0.40 0.15+0.00 0.58+0.01 0.34+0.02

MIMLfast 0.49+0.03 4.55£0.15 0.21£0.02 0.69£0.05 0.38+0.02
Mus musculus TR-MIMLNN 0.5240.00 4.35%+0.0 0.22+0.03 0.6840.02 0.39£0.01
MIMLNN 0.484+0.01 4.7940.03 0.2740.01 0.6540.00 0.41£0.00

TR-MIMLSVM 0.50+0.0 4.55+£0.12  0.22+0.04 0.63£0.01 0.41+£0.02

MIMLSVM 0.4740.01 4.67+0.12 0.2840.01 0.6440.02 0.4440.02

TR-MIMLfast 0.54+0.02 4.64+0.23 0.17+0.00 0.6440.02 0.3940.04

MIMLfast 0.4940.02 5.03£0.25 0.2540.00 0.67+0.03 0.40£0.02
Rattus norvegicus TR-MIMLNN 0.50+0.03 4.93£0.20 0.20£0.01 0.66+0.02  0.40+0.01
MIMLNN 0.4640.01 5.36+0.13 0.2340.01 0.7140.02 0.46+0.02

TR-MIMLSVM 0.5240.01 4.734+0.05 0.2140.02 0.65+0.01  0.42+0.01

MIMLSVM 0.49+£0.00 4.8240.03 0.25£0.01 0.70£0.01 0.46+0.01

TR-MIMLfast 0.62+0.02  4.52+0.10  0.18+0.00 0.53+0.02 0.37+0.02

MIMLfast 0.5540.03 4.8740.28 0.24+£0.02 0.60£0.03 0.35+0.02

Saccharomyces cerevisiae TR-MIMLNN 0.59+0.01 5.02£0.10 0.19£0.04 0.60+0.01  0.43+0.02
MIMLNN 0.51+0.00 5.49+0.10 0.19+0.01 0.64+0.00 0.46+0.00

TR-MIMLSVM 0.5240.01 4.77+0.03 0.19+0.01 0.62+0.03 0.40+0.01

MIMLSVM 0.49£0.01  4.75£0.00  0.20£0.01  0.66+0.01 0.46:£0.02
a) TNIPUMR AR L (045 R AR ROR.

IR e g B R T RE PRI ASE Y RO AR IS, A B T S 7 AR AR AR 2 1) 8 3 A A 0, )
MR S B, iZ AL RE ) B SR A T A 2.

FEXERS 52 2T, A R RE A BB AL 53, 9 T 0 ITRE A SIS ) T 20 45 R B2, AL
FL# T TrAdaBoost 757 (&R 1) 291 Al AdaBoost 7715 (JLiERE2:2]) BO (FI 45 R, et T
Domain Adaptive Logistic Regression (DALR) /7% (HiE#%:>]) BU Hil Logistic Regression (LR) /7%
(FoiLR8 5 20) TN IR, BRIONIX 4 FpOTVEEE X BOFR AR AR GE I s B BbR e 2% o0 1), 10 AR ST X
JEZ NG Z BRGSO HSERG I AP, YR miFV J7v2 18] Sl ZORBIRE AR A R
BIREA, SR Ja 5B FR1c 0 R A Y . 25 SRR BH | 78 AR HT 58 G 7 I Fh Geobacter sulfurreducens
F1 Azotobacter vinelandii I, FIiEF52% 1) TrAdaBoost A1 DALR J7 1275 48 K 22 BU i #VEA0 T4t
LR TEIER 5 2] T3 (3R 4 M1 B). G5 RERNT, iTR8 2 > th AN [RIRE A E BT INALT VE#R A B 138 76 Bl 7
Yo 0 8 ST D e T A S 0 YR P R R A INBGEEAT IE R 2 21, AS R HTINAL T3 V20 BN RE A
e M FUBUHL AT RE 2 A BORT, (EX R ARIgURE AR 326 336 AR DB R AS 2H RS RO A 22 T F B A7)
AT RN, I RS 22 2 oh A B R AR SR I 5 92— oA B9 58 il Fe b () 2 1 J 2
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% 4 LM Geobacter sulfurreducens J3E#F13, AdaBoost #1 Logistic Regression (LR) HAERIH
2 IMTIT B SRS RELE, JERA T TS EiIRE IR RIESEARIGETUN AL
Table 4 Performance comparison on Geobacter sulfurreducens (target domain) by AdaBoost and Logistic Regression

(LR) learning methods with or without transfer learning. Results demonstrate that transfer learning can improve the
performance of protein function prediction on this task

Source domain Method AP (1) CV (1) HL ({) OE ({) RL ()
TrAdaBoost 0.58+0.01 4.10+0.03 0.23+0.01 0.61£0.01 0.33+0.01
Mus musculus AdaBoost 0.47£0.01 4.5140.04 0.28+0.01 0.69£0.01 0.41+0.01
DALR 0.4440.02 4.2440.02 0.2640.00 0.66+0.00 0.34+0.02
LR 0.35£0.03 4.3240.05 0.27+£0.02 0.82£0.01 0.45+0.02

TrAdaBoost 0.45+0.03 4.2340.02 0.27£0.01 0.65+0.02 0.33+0.01

Rattus norvegicus AdaBoost 0.3640.02 4.31£0.03 0.28+0.03 0.8340.03 0.45+0.02
DALR 0.45+0.01 4.1140.03 0.9£0.01 0.78+0.01 0.46+0.04
LR 0.32£0.01 4.41£0.05 0.30+0.01 0.88+0.00 0.54+0.01

TrAdaBoost 0.44+0.01 4.1140.02 0.28+0.01 0.77+0.01 0.46+0.04

Saccharomyces cerevisiae AdaBoost 0.3240.01 4.4140.05 0.30+0.01 0.8840.01 0.54+0.01
DALR 0.56+0.08 4.3540.01 0.28+0.02 0.61£0.00 0.32+0.01
LR 0.4740.02 4.4840.00 0.3340.01 0.67+0.01 0.3440.00

a) BAVEN R bR LR RO S5 R AR ROR.

*F 5 LI Azotobacter vinelandii 3B #xig, AdaBoost #1 Logistic Regression (LR) 3BTRS
SIMFTBE IR ERILE, AT RIS EIBRFE AR RSEARETEEE
Table 5 Performance comparison on Azotobacter vinelandii (target domain) by AdaBoost and Logistic Regression (LR)

learning methods with or without transfer learning. Results demonstrate that transfer learning can improve the performance
of protein function prediction on this task

Source domain Method AP (1) CcVv (1) HL ({) OE (}) RL ()
TrAdaBoost 0.52+0.00 4.07+0.01 0.284+0.00 0.55+0.00 0.4040.00
Mus musculus AdaBoost 0.50£0.00 4.774£0.03 0.36£0.00 0.69£0.00 0.42+0.00
DALR 0.53+0.00 4.47+0.02 0.26+0.01 0.55+0.00 0.384+0.00
LR 0.48+0.01 4.7940.05 0.31£0.02 0.67£0.03 0.41+£0.02
TrAdaBoost 0.57+0.03 4.254+0.00 0.27£0.01 0.62£0.01 0.33£0.01
Rattus norvegicus AdaBoost 0.46+0.02 4.49+0.01 0.3440.02 0.66+0.02 0.354+0.02
DALR 0.53+0.01 4.15+0.01 0.17£0.00 0.60£0.01 0.36+0.09
LR 0.44+0.00 4.61£0.05 0.19+£0.01 0.67£0.00 0.39+0.00
TrAdaBoost 0.49£0.01 4.4340.01 0.30£0.00 0.60£0.01 0.41+0.04
Saccharomyces cerevisiae AdaBoost 0.45+0.01 4.69+0.09 0.374+0.01 0.66+0.01 0.484+0.01
DALR 0.44+0.02 4.2440.02 0.26£0.00 0.66+0.00 0.34+0.01
LR 0.35+0.01 4.33+0.07 0.284+0.00 0.84+0.01 0.4440.01

a) FEVRA R AR LR b 145 R AT IR ER.
T, EPERE S AFAE 2SR
3.3  FIFFEGXRZTEMMHETINF I E B RGN
N T HE TR 2R G 58 R AN RV R BEAT I 22 20 H brssk i 2 1 57 D RE 00N A 520, AR SCak 3
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Figure 2 (Color online) Effect on protein function prediction of Rattus norvegicus by transfer learning using five species
with different phylogenetic relationship

Rattus norvegicus {EN H PRI, M Mus musculus, Homines, Arabidopsis thaliana, Saccharomyces cere-
visiae 5 Geobacter sulfurreducens 73 7/E AYRIK. 1%+ Rattus norvegicus 7EN H bRl K A ELB 4F
e TS 2 IR YR (55405 R, Rattus norvegicus 5 BATTIISES 5 R HIE B HEF A Mus
musculus, Homines, Arabidopsis thaliana, Saccharomyces cerevisiae 5 Geobacter sulfurreducens. Mus
musculus [F]J& iR FE}, Homines [7]J@IHFL34), Arabidopsis thaliana [7]J& 2 40 FAZ Y, Saccharomyces
cerevisiae [A]JBEAZAW), Geobacter sulfurreducens [AJ&4=4).

N T RPN A ISR S0 R A R A REATITAE 57 210 H R Rl 8 B 5T D R 00 A 52, AR S0t
T MIMLfast 15, MIMLNN 6] MIMLSVM [16] 3 F5 i R JE 0 K88 R it 2R 2 briciE 5%
SRR ONT ERHHEE, £ 2 HEFIHAE Average Precision FRJELE SR, X B ZER) 4
f8#5, Coverage, Hamming loss, One error Al Ranking loss, HAHM/NE/RMEREHRAT. B 2 Bk bR Y
YpFf MM, HO, AT, SC 1 GS 43 7#]% 7~ Mus musculus, Homines, Arabidopsis thaliana, Saccharomyces
cerevisiae 5 Geobacter sulfurreducens, 5 Rattus norvegicus H3E2% ¢ RIER AL bR b A BIA K IR
BEAIC. S5 000R, fEARZHEOLT, FISRG S RBIE (YRh, BEATIER 7 2 FE ) H AR #h 4T &
ES D RE T, W] DL BT B (18] 2). IX3REH, MIHISR Sk RaE iR EAT 3 22 >0 A B T3
56 BN FPI R ) B 1 B D BE T 2R 2% 5% AT HIIAPAEAE &6 S8 2 AR U8R A 5T, 110 HoR& S R
AT PR SRR AR ) 0 AT 22 e ATAT B, B 545 38 2 URIRRE A, A B T2 ) BIERe il . 24
HE /79 K 2R o T RE THE AL

4 LEFRIE
e R AR A ThRE R E A S E D, TR SRS R RIE. CRIIBEERARMEZ N
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Protein function prediction through multi-instance multi-label
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Abstract With the release of various genome sequencing projects, there are many species whose genomic
sequences have been recently completed. It is essential to annotate the protein functions of these species. Owing
to the lack of proteins with known functions, it is important to exploit their relative species with a large number
of proteins whose functions are known to assist in predicting the protein functions of these species. In this paper,
we treat this task as a multi-instance multilabel transfer learning problem and propose the first multi-instance
multilabel transfer learning framework to perform this task. Experiments on two newly completed sequencing
species demonstrate that transfer learning contributes to protein function prediction. Moreover, the closer the
polygenetic relationship between the source domain species and target domain species, the better the performance
of transfer learning.

Keywords new sequencing-completed species, protein function prediction, transfer learning, multi-instance
multi-label learning, sample reweighting
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