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Abstract: This paper proposed a novel hierarchical multi-instance multi-label learmning algorithm named TreeMIML to
solve the challenge of tree structure among labels in multi-instance multi-label learning ( MIML) , by integrating multi-
instance learning, multi-label learning and tree-structure optimization scheme. TreeMIML first converts multiple instances
in each sample into single instance ,then obtains sample outputs by multi-label learning, and finally optimizes the outputs
to obtain the labels of unseen samples by a tree-structure optimization method. The experimental results show that our
TreeMIML algorithm achieves good classification performance in predicting biological functions of G protein-coupled

receptors , which is superior to state-of-the-art multi-instance multi-label learning and multi-label learning methods.
Key words: hierarchical multi-instance multi-label learning, tree structure,G protein-coupled receptors , biological func-

tions , multi-instance leanring
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Fig. 1 TreeMIML algorithm framework
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L g DFRIC. FERFIFEA « BObRCm I y, , Ky, () FR-5 ) MR, sk j e V,y, ()= 1,21 0.
BN (x) Fom o TR bk MESHEAR RS, 2881057 2] ML-KNN A @B RGE IR

Step 1 ¥ N(x) HIE THRIC y () EEARDN L C,

C= 2 y.()).jeY. (11)

aeN(x)
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G & BB 5Z /K (G protein-coupled receptors,
GPCR) M5 it B EEEAR, B
RZ NMRER AT C, Tl GPCR BT RE(S B A EE
A" . K¥4r GPCR & AR #A A 1k — A RSF
SR, B SE R IR LU ST AT AR W 2 D RE, ]
LS5 AR SR A AL AL [ VR FHIRAT DI BE , [R]InE A= )~ Dy g
WA —Fh. BF5E K, GPCR [ 5 ) BE 1 X —
Flog ) B e A B2 T i 5 ok 22 7 ) 22 pm 3 27 > )
RO AN B 1 O R T R ] 2 AR e AE T i
—AREAXS G B SEA SAZ B 43 5 B T — AR
B —AFRic s filid 8 B A 2 S RE Y 7 XA 1R
Z i, o Al SR Tz 2 R AR A 2 (gene
ontology, GO) . JERA MR ARG T e A%
T AHBZH 43 3 1 ontologies SR difi ik & 11 Fi {7 B, IF:
HiX 3 4> ontologies T i 3 A LI 37 AN [|] 19 0 J2
U AN RIS JZ2 )22 2 1) T A g 28 S 464 R Ky
GPCR £ 5 14 4 ML 2 73 S A A A T A S L=, AR 3C
HWE5E 5 FIHE A2 B2 P> ontologies.
22 KEER
22.1 5 %6 5 ARITF T 6 AR

%1 TreeMIML &L
Table 1 TreeMIML algorithm pseudocode

y* =TreeMIML(D,X,,N ,k,s,L)

fori=1,--,N
W6 X, WS R Fisher it ffj —M/(X; ,p)
[ffs ] jsien([f5 1) ~/TUFG ;T
fafia/ 11l

for jCq do
P(E)=s+ 21 y(j)/%ﬂn
P(-E;)= 11—;’(Ej)

forje {0, k| do

s+cly]

k

sx(k+1) + Zc['y]

r=0

P(CIE;)=

s+c'[y]

P(C;1-E;)= -
sx (k+1) + z]c’[y}
r=0

for jCq do

P(E\C)  P(E)*P(C/IE)

y=f(x,y(j))=

= 2 »n.O)

aeN(x)

W (19) X LR ICHAT L, 3] 5

el 145 4 PR Bl ZhRic ) Rk I AT T Ha, i 2

0.2 ; ENMIMLNNBP 557k 22 2 %1% 4y 0.4.

32 BoR TIATRHL S Z R0 ZZARie 2 2 I ik i Ee e g . Horp 1 R PR 8 AR (B ER K, M RE
U, LA ; e A 25 SR LR PR VE . it 36 2 nT LIE B, ZE BU GPCRs [ GO 2 T I Re A 924 72
b FRATEE P PERE H A 4 FRIE T 2R Zhni0 2 2T B T 7 A L. AN, X GO srFUife, IATELR L
AL MIMLRBF 555 5 0.028 6 ( Hamming Loss {E) ; %F GO ¥ ~#id B, FATHIAL Lk B9 MIMLRBF 5.
755 0.038 8(Hamming Loss {E). FHULTT LA i, 38 i W 25 A AR i 00 Ak 0 ik 2 2 BE AR 9 de 2 b o M AR AR

5 A R T RATERE.

.MIMLRBF'?! ENMIMLNNBP'*) MIMLNN
MIMLSVM" " 3 S54RI 2 2% SClik b i e B2 80, % MIMLRBF 353 46 50R 7% 0 0.08, 0 52
B 0.1; MIMLKNN 529 B HE A8k H % B I REAS AL 1 409% ; MIMLSVM vk | i Az r 8 N

K2 5ZTBISKRICEINLE

Table 2 Comparison with multi-instance multi-label learning

P(=E;1C;) " P(=E)xP(C;1-E;)

type indicators TreeMIML MIMLRBF MIMLNN MIMLSVM ENMIMLNNBP
Hamming Loss | 0.147 0 0.175 6 0.387 1 0.450 6 0.242 9
Ranking Loss | 0.117 0 0.190 8 0.186 3 0.273 6 0.281 4
M OneError | 0.289 7 0.4150 0.418 0 0.407 5 0.442 1
Average Precision 1 0.886 8 0.714 5 0.678 1 0.147 5 0.814 2
Hamming Loss | 0.143 7 0.182'5 0.248 9 0.518 0 0.351 3
Ranking Loss | 0.191 6 0.278 2 0.250 3 0.263 8 0.452 3
b OneError | 0.229 2 0.456 7 0.381 7 0.413 5 0.684 5
Average Precision 1 0.871 8 0.744 9 0.689 3 0.060 7 0.513 7

e T IR, BRI ERE ML ; | MR, MF : Molecular function ; BP ; Biological process. ettt il BARIEF TAR .
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222 53R FITHHEKR

A5 5 ML hric 2 Bk AT T R, 402 RAKEL™! MLKNN™' ECC™ [ IBLR-ML"")  Meta-
Labeler'™ . 5 Flotf LB E 35 R S %SGk (6 AU ERINS B, 36 3 B T 5 2 hRi0 24 > A 7E HLoss (AP
ryMERR L. WA 3 WAL AT A RE LA B 2 hRie e o B . i an, FERCRL b FRATAY L
IR ECC 7E GO 43 FIhAE 15 0.008 1( Hamming Loss {8) , 75 GO £ )23 2 b AL £ hRic %
2] MLKNN 5 0.035 2( Hamming Loss {H) . ZFric2= 2 &8 0H 855 7E GO 43+ FUIBER GO A==t 18 LK
1938 T AT

*3 SSHRIEEIEENLRE

Table 3 Comparison with multi-label learning algorithm

type indicators TreeMIML RAKEL ECC MLKNN IBLR-ML MetaLabeler
Hamming Loss ! 0.167 5 0.247 0 0.175 6 0.187 1 0.450 6 0.642 9
MF Ranking Loss | 0.153 6 0.217 0 0.190 8 0.186 3 0.273 6 0.281 4
OneError | 0.185 0 0.429 0 0.4150 0.218 0 0.407 5 0.442 1
Average Precision T 0.860 2 0.786 8 0.714 5 0.868 1 0.147 5 0.794 2
Hamming Loss ! 0.143 7 0.193 5 0.182 5 0.178 9 0.418 0 0.451 3
Bp Ranking Loss | 0.191 6 0.293 9 0.278 2 0.250 3 0.263 8 0.452 3
OneError | 0.229 2 0.426 0 0.456 7 0.281 7 0.413 5 0.684 5
Average Precision 1 0.8318 0.773 6 0.744 9 0.8350 0.060 7 0.5137

e T RN MO, HA R R ; | M. MF; Molecular function ; BP ; Biological process. effigh 5 BARBEFTAR .

2.2.3  FFHILT R RR

FA15 53 MW ARy BT T AL, B miVIAD ™ Rl mean (3){H) . miVLAD 564 7 45 7 41
RIS UL, ZR 5 WS o K0 T 00 Lol A5 R RS DA B — i) i s P I T I U R B R AR AL Y
A 7R BRAP 2 T 1 B— s R B MR SR A RNk 4. th3k 4 w1, 7€ GPCR /9 GO Hhifig
AT, eI R T I RE, i e AR W e AR 3 Bl BAR B J7 9E R R PE BEHE AL A0 miFV >miVLAD >
mean , [N IKAEBATIEH R T mikV SR EI4E.

R4 TreeMIML BRI 4L 77 i 3 M RE B 5500
Table 4 The performance impact of the single instance approach in TreeMIML

type single instance Hamming Loss | Ranking Loss | OneError | Average Precision T
miFV 0.167 5 0.153 6 0.2150 0.860 2

MF miVLAD 0.239 4 0.226 7 0.423 7 0.658 9
mean 0.252 6 0.265 0 0.563 8 0.462 8
miFV 0.143 7 0.191 6 0.2216 0.8318

BP miVLAD 0.2850 0.185 1 0.632 0 0.655 6
mean 0.202 7 0.236 2 0.583 7 0.422 0

e T RN EBK | ARV RE AL | #5Z. MF:Molecular function ; BP ; Biological process. A 45 R AR A TR .

2.2.4  REAHTH kR0 Fh
%5 W8 T ZAhRE5 > ML-KNN J7 AR AR R AR A E kR REPERERSZ M. th3 5 Al A, iz 4B
AR k=20 I BRRIVERE AR AL
# 6 ML 7 BIR THRCHEE L MR IEERE . X GPCR 4> F IR (MF) #EA 7 F A, L= 35 A7
PERERAE (35 6) ;X GPCR (E W24 it 2 (BP) JEAT BN | L= 20 BRI PERE R (R 7).
&5 TreeMIML HIT$BAEL & X BRI R NG
Table 5 The effect of neighbor number k in TreeMIML on performance

number of neighbors

evaluation index

10 15 20 25 30
Hamming Loss | 0.167 5 0.167 5 0.167 5 0.167 5 0.167 5
Ranking Toss | 0.1557 0.156 8 0.153 6 0.160 2 0.164 3
OneError | 0.215 3 0.224 3 0.2150 0.227 8 0.234 6
Average Precision 0.857 8 0.857 0 0. 860 2 0.853 1 0.848 9

T T RO, HAR R RO ; | AH . SRR 2R PR A AR .
— 85 —
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Table 6 The effect of the label number on GO molecular functional pridiction

Label number

evaluation index

15 20 25 30 35 40 45
Hamming Loss | 0.406 1 0.397 7 0.294 2 0.219 6 0.171 1 0.193 2 0.246 3
Ranking Toss | 0.287 4 0.255 8 0.213 6 0.200 7 0.157 8 0.181 2 0.245 5
OneError | 0.389 5 0.362 2 0.338 7 0.284 3 0.248 1 0.253 3 0.260 4
Average Precision 1 0.584 3 0.692 6 0.778 2 0.796 6 0.823 5 0.811 4 0.785 6

T T R EBOR, HAR I RO ; | AH . SRR SR I PR AR T,

F7 HCHEN GO £MFE I RN EEH N
Table 7 The effect of the label number on GO biological process pridiction

Label number

evaluation index

10 15 20 25 30 35
Hamming Loss ! 0.181 7 0.157 3 0.146 5 0.152 2 0.170 3 0.223 1
Ranking Toss | 0.243 8 0.243 0 0.197 7 0.214 1 0.224 6 0.239 3
OneError | 0.2379 0.239 3 0.234 6 0.240 8 0.238 5 0.243 9
Average Precision 1 0.726 4 0.781 1 0.815 4 0.808 6 0.775 3 0.750 7
T T ORI, AR RERL L ; | A SRS R AR A T AR .

gt

ARSCREFEAR BB ZhRic > S AR LUk AT T A DLRE G R T — R i 50k

TreeMIML (3 T W EEMIARICHYZ MEZ /R I ZARIC 2T ), IR TreeMIML 22 > 3L N 2 G AR
RIS GO A=Yy~ D RE TN L. SCER 4 RAUEW] , A SCHY T I T 2R Z7m Bl Zhmic S MZhrics: 7 k.
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