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The research focus in text classification has expanded from a simple topic identification to a more chal-
lenging task, such as opinion/modality identification. For the latter, the traditional bag-of-word repre-
sentations are not sufficient, and a richer, more structural representation will be required. Accordingly,
learning algorithms must be able to handle such sub-structures observed in text. In this paper, we
propose a Boosting algorithm that captures sub-structures embedded in text. The proposal consists of
i) decision stumps that use subtree as features and ii) Boosting algorithm in which the subtree-based
decision stumps are applied as weak learners. We also discuss a relation between our algorithm and SVM
with Tree Kernel. Three experiments on the opinion/modality classification tasks confirm that subtree
features are important. Our Boosting algorithm is computationally efficient for classification tasks in-
volving discrete structural features.
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%4T7o72. Tree Kernel i2i%, CHEK[9] TRESIN TW
BES RO A XA B BRI AR, BT H O
HEIEEET, EHSRICERTH4 ) Y FVD Tree
Kernel % fi\V:72. Thi, FHICHEDLh LR EZ [
—ZL, BB AFICTA2OTH L. SVGM DV T
Fv—Y Uy A—% KU Boosting D#E Y &L [l
B, PR EN BRI ST R0 L, RRDOMRT
BRHLZ. B 7 A0SR, 2 R £
SEREAYIET 5 Fik0 1 D TdHh 5 one-vs-rest &
Fvare. BRI, 5-fold REREFC LN BONFE
OFHTTIT.

5.2 EEBRER

# 1,2,3 12, MEDLINE,PHS,MOD D EERHE R %
RY. B, _REFHE (Boosting) 1, SiE, SVM % A
WA RTH B, _

2http://chasen.org/
3http://cl.aist-nara.ac.jp/” taku-ku/software/cabocha/
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MEDLINE 5 -
Fik
’F*%:

Meta-analysis was used to analyze

It has been suggested that bipyridines or their derivatives may have a selective pulmonary ...
To investigate the perceptions of patients about delivery of their babies.

data obtained from a search ...

Review 486 courses of ECT yielded a total of 3936 treatments.

if: The data suggest that postmenopausal estrogen treatment reduces the risk for angiographically. .

BN RTENDOLERHYHVTT

PHS EL\,#. A—NEERELE-BE,
BUE: HAEHL LRARURANBEVNESIZBNET,
mod EE: TRYELIOKRETORMEEMZEATOTIELTEL,

ER: tom#LES, BERICESELZRTHHMTIZLOMN,
ft: NI ERETS *i?*ﬁﬁb‘ﬁ‘ﬁh HEEMYEEEIE Do,

& 67— %D

# 1: % (MEDLINE) F 2: R (PHS) # 3. #F (MOD)

Th | BN [ FE [ BR[| Fa FIE BiE | BR [ Bah
B/bow 53.7 | 58.2 | 80.9 | V8.0 | 58.6 B/bow 76.6 B/bow 71.2 | 62.1 | 83.0
B/dep 55.1 | 60.2 | 82.2 | 80.4 | 60.5 B/dep 79.0 B/dep 87.5 | 80.5 | 91.9
B/ngram | 56.1 | 66.1 | 82.5 | 79.7 | 61.4 B/ngram | 79.3 B/ngram | 87.6 | 78.4 | 91.9
S/bow 53.3 [ 594 | 81.8 | 79.1 | 57.8 S/bow 77.2 S/bow 72.1 | 59.2 | 82.5
S/dep 26.7 | 8.6 71.0 | 70.0 | 22.3 S/dep 77.2 S/dep 81.7 | 26.1 | 88.1
S/ngram | 41.5 | 65.7 | 79.8 | 76.4 | 43.8 S/ngram | 79.4 S/ngram | 81.7 | 26.1 | 88.1

5.3 £ LBBHCWA D) B AXTHolz. EFF—7Hh

5.3.1 BEEERTIHEUE

£ ATEBNT, HEF ARV - T4
(bow) 1IN, HE T BB T A REFENTEIIHE
HEWI EDHERTESL. )T (dep) & N-7' 7
2 (ngram) % BT B &, & A KSR <, BEE
LEGHERTER .

5.3.2 RBEF. vs SVM + Tree Kernel

S L 724 1-gram, 2-gram, 3-gram DFER ) s
FREN 4,211, 24,206, 43,658 Th D LB D, \»
PV BOERETHTEET o THPNGP S, b L,
SVM OHR— Ry 5 —DEEPL, FR—EH
ERBET L BT AP OBETORBRIC L LT
BENs.

PR— M FEOFFTOBIE LT, U712, HADF
F—hFEM t € g &, Boosting HM L - RUEA

bow * #EM & L 7234, Boosting & SVM IZ135H Afs@r—%ﬁffi'm %)‘U%‘Eﬁ
R ZA R Sk, LAL, Tree Kernel & fnz: () H{TL) K mURE e
Be, 5 2SI Lo CEEL DB, cnpo (L) ECR] 3, e Gk RO B

[BEEL | BEETOERL L T, Tree Kernel 213U
W4 % Convolution Kernel £S5 /R HAZIT
Shb. SiET — % L \VWo 2B — # 12 Convolution
Kernel # W5 &, REEDTREINCHEZ 5720, B
pipiys @W%tthiﬁb“(, HO B S & OWNEI B
TRELLAEMICH L. THITL D, FEEFNCHE
WL -EFOAREHEL, BYET 74V 75 A
SETAH LI %, ABREES IO T (5. &
NS A HEELT, 1) KELTHEEDEA
RFESES 9], 2) IEiﬁﬁ‘?"ﬁ@ Tk MO TEL
52 % (7,3) 7 1 2 FEIC L) FRERIRT 5 [13],
Vot FEFRESNRTWE., ThODOFELH
WAHZ LT BELV)ERTIE, REFERE LED
Mhetkidd s, UL, FHSNEZEUEEDOSON

KELEDY, iﬁiﬁ$kwo7"/\4’/\~/\7xuya)
BRI FIEIC ’Jv‘f@u&aﬁ?@ MED D70, R
BAST & v,

5.3.3 REFZEOFR

4 BT REFHO [HEN: | FIAICO>0TR
N TR, EBRER (PHS) 225, FN5 DFIT
EREET 5. -

BEFEL, LERMEOTM L BEIMIEIRT S
Be 1%z A, PHS ¥ A 712 BT, EBICfEbh
T (AR - P EE) oL, 1,793 TH ), AFIC

ThY), KSDEBZE (BVE) OEANG IO X
Twa, LaL, [hicdw] oAEDERERD,
F )‘/(/’ﬂ]-&(PHS) L RBLTwS
(B) M9 | 2 &0FEHE
[9 14F, SR IE A & BBR O HEE DS, B D
AV THF AN TERINFEL TwD (i) —
E, [MEwedn] -F). $512, B8R ([#Hne
FThorz])ilhol ), HOBERL DB ([(~D/
~T5) PRIl ) kb, ADEALD S
ZONTHY, BREN.
(C) TxRE| *&LENE
F A4 HiERE KL 2R ([ RERESE] —
E, [REHMEIRC] ~B)FHEEhTns. &
7o, ISE, R ZIEET EEL - REETH B
2 R8I, SEOENFIERT. AN K
HAKELT, ﬁé& Bedwlicdl, &)viFk
B S 7D IZHAL, SWEASICLTWA.
Z D& 9 AT, Tree Kernel TIXHEETH 5.
RIS ﬁiﬁiiﬁfi’@&) B0, RETFEO SFEHEED
0.135 %9/1 149 FHHUxF L, SVM I, 57.91 $/1,149
B Thot BEFEN, BLIFOEEETDH
L EDHERIN T

I HRBEESETLEN] I, ROy -V o<y FT
& 575, ngram 2L T& %W,
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000273 @3V
0.00015 £5
0.00013 &5 T%
0.00007 #5 gL

-0.00010 @3 BT
-0.00076 5 IZ<h [2]
-0.00085 If #5 D51
-0.00188 % 5% &5
000233 2 #5TH 3]

(1]

0.004024  YIhB 1oLy
-0.000177 1=<WLN EOS o
-0.000552 I=XLY &% 1=
-0.000566 12<LY &
-0.000696 & Izt
-0.000738 1=¢Ly 125
-0.000760 &35 (=<t
-0.001702 [=<ty ¢

CIRBEIZETHRE

-

00028 TEBE AR  Lr
0.0041 BE B A B oL AboRREEIETO/R) [4]

70 HE - b FEO—ER
(5]

e e -
8: SO FELTH
(i REED S RCAZ FHL TV 5700, AN 5)

6 HBbHYIC ]
KBTI, 7F A M OfE BXXEERPL AT
k) A £ 727 % A D8 CEEEbF 5 A5 [10]
) 2T, B A% E L % Decision Stumps &,
N5 % §EFEFBRL L THV: 5 Boosting 7 VT X
LEREL2. S5, MAKRIET VT ) X A%
L, BFERONRRVEE /SEFEEREL 2.
EF— I E AW ERICT, XOBEEZERTLET (19
EOFNELRL. S50, BEFEO 2 00K
(BROL 2T &, @S HE) 2 EF A 7BV THR
L7.
S%OFHBEE LT, DTHAHEFNR 5. [13]
o DY AV
AFHI, SELESKICEHETE ZNBNRF
EThHDH. SHRITFFANTERTTIRE L, F
0 ST RAT, BRI L Vo BRI Y A 2T [14)
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