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Abstract

This paper presents a two-stage approach for multiple labels classification of text documents. The first stage of the approach
applies topic model to obtain a topic proportion, while the second stage applies least mean square estimation to obtain the labels.
We suppose that a topic should be independent from each other under ideal conditions and this leads us to express the label
probability by a linear transform from topic proportion. Therefore we can calculate the optimum solution under the least mean
square criterion. Furthermore we introduced a series decision rule for deciding the most appropriate labels from the LMS
estimation results. In order to evaluate the proposed methods, we conducted a confirmation experiment using labeled news data
from Asahi Shimbun. The results of our experiment show that we achieved remarkable improvements comparing with

conventional method.
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Hamming Loss vs. parameter A
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Fig.8 Hamming Loss vs. Parameter 2
One error vs. parameter A
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Fig.9 One Error vs. parameter 1
Tablel Compare with MLKNN
Dataset Trainingj Test Labels| Method | F-measure Time(s)
Instance| Instance Stepl(s)|Step2(s)
MLKNN 0.6562 813.6
1 546 61 32
Proposed | 0.8062 | 1137 | 15
MLKNN 0.798 4840.3
2 976 109 6
Proposed | 0.9422 | 177.4 | 20
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5.95(>1.783=5.64)% C, XX FEHIZWMT 20, LT
HEO A 1.56(<1.78)% T, lBIABME LV L4720
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Table2 Compare with the Ref.8

Labels LC Precision | Recall |F-measure
Ref.8 (Rat; r=0) 14 3.4 0.57 0.67 0.59
Ref.8 (Rat; r=1) 14 3.4 0.66 0.54 0.58
Proposed Method 14 3.0 0.81 0.90 0.86
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Table3 Compare with the Ref.9

Labels LC Recall(maximum)
Ref.9 22 1.0 0.6974
Proposed Method 22 1.1 0.8640
i ORGSR, |EFEOF T, YEERFEMAEL O BB

L bWBAHE LY KIFICER TV 5 2 & 2
5.

R

5. HH Y I

AKX TIE, P Y ZEF L /A ERHFEHE &
DFEGIZEY, vV F IXAGETHZDDFIEICD
WTHZEL, ZOMIEEROFBERICOVTHE L.
METIETIE, 1 BEBELT, FEYZ7ETLOD
LDA HEIC L > TXENS MY v 7 2§ 5 {4
FAEITH. T LT, FH2EETIE, T —F2 DT
Nty NEHWTR/ESAR#EEEZIT, NE Y
DD T NVHEREHE LI BT, Ik&ICIRE L
— VIS TTNNVRET L. JHHGERLET — % %
AWV REEFERRIC L 0, BATHFRD 3 o & el L
T, MEFTIEOF D, SR F R 72 £ i A
ZRWENRNDH DI EDPMERTE .

EBILT _NVAIOERFLE L LT, v~ U 7 R fiE
OFEEEANL, TXVEOMBEEZRET D L5 R
LTS, BEENE T LI O JT T, M b=
AL DO HERU B LT o2 LTI EHET S
LT, K EMRESRTLVF IR ALSEGEEBTE
LHEEZD.




Py 7 ETAB KON AREE A VT F 2 P CEHOTILF T LG EEIZ DN T

Table4 Format of Asahi Shimbun article data
| musAr | fiE | @3 | @8 | amwrm | mEs8E | xzm | Rl | x|

Table5 News theme categories in Asahi Shimbun article data

No T—< HIRE%k | No. T—< HIRE %k | No. T—Y HIRE%K
1 |&F 4006 26 |t@tlk 642 51 | EimIRE 262
2 |&EH 3106 27 | KEf 604 52 |#ugEHIL 258
3 |EE 2917 28 |BHfE-RIR 598 53 |E%E 242
4 |BBEFEH 2910 29 |RIR—VEH 575 54 |BRRE 239
5 |B&E 2802 30 | 541 55 |ZEE 213
6 |RBEH 2566 3 | Skt s 540 56 |{EIEE 206
R EES 2375 32 |KEFE 508 57 |MRESEH 199
8 |BAGEEH 2334 33 |EEE 505 58 | R EmE & 191
9 |FHE-ER 2215 4 |EREH 504 59 |EBESEA 189
10 |SEfly 1906 35 |RFAEHR 483 60 |f#RE 177
11 [ R 1832 36 |BUAmER 461 61 |fHIE 162
12 |KE 1784 37 |#EEK 409 62 [;EREH 162
13 | BEGEEH 1782 38 |fELMEE 408 63 |EEFEER 160
14 (0% 1629 39 |B%% 401 64 | N#E 153
15 |FROEH 1575 40 |BEEXE 392 65 |HIRIFTEE 147
16 & 1434 41 |/KDEK 382 66 |RRfiEit 142
17 | AFFEDTHE 1143 42 | NBESH 381 67 |HUEKIRIE 120
18 |4E%) 1013 43 |FH 377 68 |[fE&£E 90
19 |XAtBt 1009 a4 | nE 355 69 |EFES 83
20 |RB-1EI05E 914 45 |RykD—oEH 353 70 |Rig 77
21 |EEHR 887 46 |EESBH 348 71 |ZASE 67
22 |9 RER 830 47 |FOEH 347 72 | BB AEEY 49
23 |BREHE 734 48 |[LLDHEHK 300 73 |1EE|R 37
24 | REOEH 719 49 |#%fEIRE 286 74 |EFHES 35
25 |HOELRE 645 50 |CREIRE 264 75 |{TEERE 30
Table6 Summary of experimental Data set

Data Set Condition Summary

Least Least Training Test Category La.tbeI. Labgl

Label Appearance Instance Instance Cardinality Density

1 100 41948 4661 67 1.2394 0.0184

1 400 36021 4003 39 1.2123 0.0311
1 800 28627 3181 22 1.1219 0.0510
1 1500 23205 2579 15 1.0857 0.0724
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Table7 Experimental result: F-measure

Data Set Condition F-measure
Least Label Least Label LDA+LMS LDA+LMS LDA+LMS LDA+LMS LDA+LMS
number Appearance topic=10 topic=30 topic=50 topic=70 topic=90
1 100 0.3715 0.5757 0.6502 0.6618 0.6792
1 400 0.4967 0.6605 0.7295 0.7463 0.7458
1 800 0.5362 0.7516 0.7980 0.8049 0.8194
1 1500 0.6074 0.7874 0.8572 0.8502 0.8620
Table8 Experimental result: Hamming Error
Data Set Condition Hamming Loss
Least Label Least Label LDA+LMS LDA+LMS LDA+LMS LDA+LMS LDA+LMS
number Appearance topic=10 topic=30 topic=50 topic=70 topic=90
1 100 0.03675 0.02105 0.01643 0.01615 0.01578
1 400 0.04705 0.03191 0.02475 0.02314 0.02320
1 800 0.06428 0.04131 0.02913 0.02314 0.02704
1 1500 0.08070 0.04645 0.03153 0.03264 0.04242
Table9 Experimental result: One Error
Data Set Condition One Error
Least Label Least Label LDA+LMS LDA+LMS LDA+LMS LDA+LMS LDA+LMS
number Appearance topic=10 topic=30 topic=50 topic=70 topic=90
1 100 0.6695 0.4499 0.3492 0.3353 0.3070
1 400 0.5405 0.3602 0.2752 0.2425 0.2518
1 800 0.4838 0.2741 0.2065 0.1902 0.1735
1 1500 0.4176 0.2279 0.1504 0.1454 0.1329
Tablel0 Experimental result: F-measure (parameter 1)
Data Set Condition F-measure
Least Label | Least Label Topic LDA+LMS | LDA+LMS | LDA+LMS | LDA+LMS | LDA+LMS
number | Appearance ramda=1.0 ramda=1.5 ramda=2.0 ramda=2.5 ramda=3.0
1 100 10 0.3438 0.3621 0.3715 0.3823 0.3808
1 1500 90 0.8678 0.8587 0.8620 0.8453 0.8149
Tablell Experimental result: Hamming Loss (parameter 1)
Data Set Condition Hamming loss
Least Label | Least Label Topic LDA+LMS | LDA+LMS | LDA+LMS | LDA+LMS | LDA+LMS
number | Appearance 1=1.0 A=15 1=2.0 1=25 1=3.0
1 100 10 0.02764 0.03053 0.03267 0.03402 0.03675
1 1500 90 0.02453 0.02848 0.03001 0.03487 0.04241
Tablel2 Experimental result: One Error (parameter 1)
Data Set Condition One error
Least Label | Least Label Topic LDA+LMS | LDA+LMS | LDA+LMS | LDA+LMS | LDA+LMS
number | Appearance A=1.0 A=15 1=2.0 A=25 A=3.0
1 100 10 0.6623 0.6655 0.6695 0.6575 0.6623
1 1500 90 0.1310 0.1380 0.1328 0.1337 0.1376
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