A L & # 8-l
(1992 5 26)

HEARDSEEIC L 2 XRF— 2 DNEE
HAZE *X — vV — FoHH

IR BESC =K I
(KK) BL@urseet EREmL ST

XEF— 22T 5 D0RBHEE LT, REREAWRHE, Tabb, XFFL
DREEFHSIRER, #REL, ThEFWNWICEET 2 TATY XLRRT. COTATY
XAk, BAELBCEEOS A bEEFLERLEAW, ANF—2CEEhs /4 XICH
W, YDA D, FLTCOEFTAT Y XL, ¥V — FEBHIHEER: LTH
BLENTEBCE%RRL, TOERSERYHET 3.

Classifying Document Data and Extracting Japanese
Keywords by Learning Decision Trees
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We introduce a class of representations for classifying document data based on decision
trees, that is, decision trees over attributes on strings, and present an algorithm for
learning it inductively. Our algorithm has the following features: it does not need Japanese
segmentation processing, and it is robust for noisy data. We show that our learning
algorithm can be used for automatic extraction of Japanese keywords. We also show some

experimental results using our algorithm on classifying document data and extracting
Japanese keywords.
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FHEXNW TV BOERICX->TRINB XS5, ok hBMABEEMAWTY, H
AL LCIELLEHKOBES F— vV — Fosfiiah 3. ¥ccofkiAT L XD,
SHbBEBENED L HOHBLA—F R EOREEYARTIBEN R, YATLLELT,
FEECERADDLAE->TVS.

FEEB AR, ME B KXo TREI WA/ A X2 EBUT — 4 b bRERREET DT
A Y ZLRESWT, EHIh TS,

KOS DU L, [M2Ickx 0BT A=Y X4 LEARN %753, i (example)
ik, M (w, ) THB. T, w ik T HOXFH, | RS FRADIATHD. T
JL (sample) & X, FIOHRPEETHS. SkFv7r,v €L, 2TV ET D LD
%, SY, Sg, Occur %
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™ Occur(X, ;) Occur(X, 1;)

I(X) = - J; X] log, X
Xl XY
Loss(v,X) = |—IXQI—|I(X0) + I——Xl—‘—lI(Xl)

2397 o) X4 LEARN 1%, 2387 4 Xl 372, 7 4 XS 5{E
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CHEX N AT THY, SETCORERRFETETATY XL LREIRNTHD. 2D
DB B prort & nsrt OfEE, Valiant © PAC ZE €7 A 5] FeRAPCKRD BT B TE
5. %L, REOERC BT, RBOC ZOEZRDTNS.
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ALGORITHM LEARN
Input:

e A sample S,
e Parameters keyll, keyl2, prnrt, and nsrt.
Output:
A decision tree T.
Procedure:

1. Calculate the following:

Keywords = {v | keyll < |v| < keyl2,

v is a substring of w for some example (w,1)};

2. Let T =FINDS(S, Keywords, prnrt,nsrt);
3. Output T and halt.

Subprocedure FINDS(S, K eywords, prnrt, nsrt):

1. It (|S| = Occur(S,1;))/|S| £ nsrt for some I;,
stop and return the decision tree T' = [;;

2. If |S| < prart,

stop and return the decision tree T' = [; for a largest Occur(S, [;);

3. Else

3.1. Calculate Loss(v,S) for all v € Keywords that is informative for S;

3.2. If there is no informative keyword in Keywords,
then stop and return T =“bad”;

3.3. Choose a longest keyword v, that minimizes Loss(vg, S);

3.4. Let To =FINDS(Sy?, K eywords — {v,}, prnrt,nsrt)
and Ty =FINDS(S}?, K eywords — {v,}, prnrt, nsrt);

3.5. Stop and return the decision tree with root labelled vy, left subtree 7o
and right subtree 77;

X 2: XEYFEAROEHT =Y X4 LEARN
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