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Hierarchy Multi-label Classification Based on Path Selection

ZHANG Chun-yan,LI Tao,LIU Zheng
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Abstract; Multi-label classification assigns more than one label for each instance when the labels are ordered in a predefined structure.
The task is called hierarchical multi-label classification (HMC). Traditional classification problems ( binary classification and multi-la-
bel classification) tend to ignore the structural relationship between the labels,and hierarchical multi-label classification takes full account
of the hierarchical relationship between the label sets,thus improving the classification effect. HMC is a task of structured output predic-
tion where the classes are organized into a hierarchy and an instance may belong to multiple classes. The hierarchy structure that organi-
zes the set of classes can assume the form of a tree or of a directed acyclic graph (DAG). In HMC there are global and local approaches.
Global approaches treat the problem as whole but tend to explode with large datasets. Local approaches divide the problem into local sub-
problems, but usually do not exploit the information of the hierarchy. The hierarchical multi—label classification based on path selection
studies the problem that the classification label does not reach the leaf node of the label tree. In the classification phase,the branches with
low probability to occur are pruned, performing non-mandatory leaf node prediction. This method evaluates each possible path from the
root of the hierarchy, taking into account the prediction value and the level of the nodes, selecting one or more label paths whose score is
above a threshold. It has been tested in three datasets with tree hierarchy structured hierarchies against a number of state —of —the —art
methods. The experiment shows that this method can obtain superior results when dealing with deep and populated hierarchies.

Key words : hierarchical multi—label classification ; multi—label learning ; path selection ; hierarchical classification;text classification ; hier-

archical label tree ; pruning
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AEERAREFT EXT R AY child(y,) Fr%, 55—
AR S Ay, B 1 SARZE ( sib(y,) ) BUAS[A]AE
A, Te (C)) Fon o TR y, B LA A, TR
JEUARER ] AR BNy, Bk A A LT
MLBHLAE T A (sib(pa( y,) ) ), X EE LAY ATy, &
R R EABR LTy, T
Tr™ (C,) MIWHEARERNIREASETAH y, W TR,
HOIX B4 REAFRIC R “ unknown” R4, ] 2% RE 213l
GREE BT 1 | e X AR o B A R A T ROCRAE, R
KRB S B y, A1 RO R U A R
ERIE ., B2 2 TSR 8y, Rl 2eas
C, MR TLBIR FE . B4R Te” (C,) H 2 4%
e child(y,) = {yg,y, | = 1 BIFEARLL AR, X Lo pEARER bR
WX child(yy) #3%, T Tr™ (C;) H sib(y;) =
Lye b IRE A 2 B, 2 B0 4R (9 AR A BB AR I 0 “ un-
known” ,  [F] 5 B X 12 B A HE AT R A DT PR IE
MR EGE SIIZRED child(y,) IR
B

in: :
! avg(child(y;)) =
S (3+3)/2=3
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FR,
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Bk 012t Ry gt

X208 LT BRIk, ERiTE
AT A ST ARE R A A A

seore, = Y w(y,) *p(y, ] x,) (2)

Hor, g AR 8 y, MBS RS i
s pCy, | x,) RS, TETT ALy, B R R o3 2 s Tl
HEMMER ; TR b RREE b SRBEAE, W) score, N k
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R TR A LA T AR A A R B R TR A
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Dataset 'Ll A N D
cellcyle_ FUN 36 78 2 339 4
spo_GO 53 81 1 685 11
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AR .

M 1 Prune 0T EVARE ST, LC(y,) FRTET &y,
BAT RIS
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if ¥, is not a left and has not been visited before then

if all pa( y, ) have been visited then

mark y, visited

maxConfidence =0

totalConfidence = 0

for all y; e child(y,) do

totalConfidence = toalConfidence+confidences| j ]

if confidences|[ j] >maxConfidence then

maxConfidence = confidences| j ]

end if
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end for

Unknown = 1 —totalConfidences
if maxConfidence>unknown then
for ally; e child(y,) do
LC(y,)

end for

else

Prune descendants of y,

end if

else

continue with another node
end if

end if
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RHATITAL
3.2 ENE:SH

AT T A IR AP T AN [R] B S SRR e T
FEAREPEI 2 IR Z AR5 03 R FIEERE M52 I, JF e 4%
RO A BRI O e e X Sk A T, T
P88 GG UER = A5 B A AT S50 ARl 3.1 A A
18 DU AN ] 1) J2 O D7 B R LU B2 IR 220326
SERPERE . TR DO LB 7 AR R B e A 3
Fria AL (SVM) 4% ek i fii F 2 0 A% e K C4. 5,
T Ok 0BG B BB 0. 35, BRI A8 fie /N S 1) 5
BEE A 35 AN VLIP3 (NB) 5 BEHLAR A (RF) |, A2 5+
B

SRASRIE 2,
K2 ARESEBHHRREEE %
base classifier C4.5 SVM NB RF
Accuracy 21.04 18.34 25.05 29.45
Full-Match 8.10 12.32 16.50 21.26
F1-macroD 30.10 23.45 30.45 36.76
F1-macroL 3.50 3.67 14.45 14.23

AT LAWZE S Bl ML AR BRAE i A VP4 46 A rh R I iR
I RN DL B DRk Bl HL AR PR RE 8 Ak 2 1L 45
KA BB , I H BB A7 80k JAFAE M A i B8
JUT VLB (4 95 UFE SN #A7 7E 3k SRR, PRt 6 FH BE AL
AN AT B L5 s
3.3 5SS HRES LR
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(1) 2254325 ( multi—class classification, MC ) ; —
RSSO 2 R 25 A I 15 A 220 25 8%

(2) 452073 24 8% ( classification chains, CC) : )2
b RR T B TV E s 71 & VAR s 31
It B3 ARG A F 5C R0 ik XG5 1 2R 2
PRI . AETUM B B , B AR A i =X 45 A e A a2
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measure  BPS MC CC

FUN datasets

Accuracy 21.23 24.34 15.21
Full-match 17.45 17.64 7.89
Fl-macro D 25.67 26.89 17.78
Fl-macro L 14.23 15.45 9.78

GO datasets

Accuracy 38.56 38.45 38.34
Full-match 23.96 21.93 9.56
Fl-macro D 49.67 46.67 51.45
Fl-macro L 14.56 15.56 9.56
measure  BPS MC
Caltech
datasets
Accuracy 26.56 18.45
Full-match 10.23 6.34
Fl-macro D 3545 24.45
Fl-macro L 12.45 8.67

B4 =AMoEi kg LR
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Caltech 4l 4 A 256 Fl1 84 A0 F-47 5, LA w45
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BERE 2 IR 2 bR 28 7325 (BPS) X T £ br 25 58 43 2%
(CC) WIERATE4 S Y, B T 7E Full-match 845 T
BPS SR LT CC, HAbH5 ARER AT ARG 25 5 (H 2
BPS iHRPEREEAL T CC,

4 Z5RiE
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BN A B, TR R A %717 1 04 0
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RN AR B SEAT R, O 1 A0 5 bR 45
PRAETZ DR N T A5 28 1L 75 BRI A AR 4519 s
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