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A Boosting Algorithm for Semi-structured Text Classification

TAKU Kupot® and YUJI MATSUMOTO!

The research focus in text classification has expanded from a simple topic identification to
a more challenging task, such as opinion/modality identification. For the latter, the tradi-
tional bag-of-word representations are not sufficient, and a richer, 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 subtrees 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. Two
experiments on the opinion/modality classification tasks confirm that subtree features are im-
portant. Our Boosting algorithm is computationally efficient for classification tasks involving

discrete structural features.
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Fig.1 Labeled ordered tree and subtree relation.



2148 goooooooo

oooooogo

22 00O0D0ODO0OOOOOOOOO
O0000o00o00o0oooOoooooooooon
LO00D0000 T={(xs,y)}, 0000000
fx): X - {£1} 00000O0OO0UOOOUOOO
x;, €eX 0000000000000y, € {£1} 00O
0O x, 000000000000000000200
goooooomOoOoooodooooooooog
00 x, J000o00oo0oooooooooog
00oooooooooooooooooooo

2.3 Decision Stumps for Trees

Decision Stumps 101 0000000000000
00D00D0O00C0DODOO0O0O0OODecision Stumps
0000 10 Decision TreeD O O0OO0OOOOOOO
Schapire 00 O000OO0OO0OD0 10000000 De-
cision Stumps 00 000000000000 OO?0
0000000000000 00000oooooog
0000D0D00000000 Decision Stumps O
oooo

00 3 Decision Stumps for Trees

t 000 xOO0oOooOooooOoOoy e {1} 00O
0000000000000 000000 Decision
Stumps 000000000 0OOO

def y tCx
bty (x) = { .
—y otherwise.

=y-QItcx)-1) =

000000000000 t0000 yOO (4y)
gooboooboboobobooooboo

Decision Stumps 0000000000 T =
{(xi,y:)}-, 00000000000 DO000O0OD0
< gy0o0ooUuoooouooo

0D000F0000000000O00000000
0F=UL,Sx)M0000000 (4y) 0000
gain({t,y)) 000000000000

gain({ def Z Yi -

gain0 000000 (1)000000O0O0OOUOO
ooboooobooooo

(t,y) (Xi) (2)

(t,9) = argmax gain((t,y))
teF,ye{+1}

Sep. 2004

Algorithm: Arc-GV
argument: 0000

T ={(x1,91),...,(xr,yr)} C X x {£1}
ooooo K

returns: 000 f(x)

begin

énzlﬂ,ém:OW:L””L
foreach k=1,..., K
(e, yr) = argmaxtef ye{j:l} gain({t,y))
P =min;—y g, pgk 2

1+9a1n(<tkvyk>))

_ 1
ar = 3108 gty T

1
103(1+ (k 1))

i ,yj (XZ)/[BIC
D (S h/z (2 0000 D)
end

returns f(x) = sgn(f_y akhe, .y, (X)/BK)
end

02 0000000Are-GV
Fig.2 Algorithm: Arc-GV.
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Fig.4 Recursion of right-most-expansion.
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Table 1 Examples of data set.
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Table 2 Results of experiments on PHS and MOD (F-measure, precision %, and recall %).
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Table 3 Pruning rates in PHS dataset.
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