BT ia L A& B AR & E T 53
FESEAK, ZE TF
(Bifpss@ Ry HHENR S TR, RiREIATZ)11# 800 5 200240)

WE LS00 A W MR A FoR 1 R, (E T R EAFEIR RIS & . ASCHE Latent Dirichlet
Allocation (LDA) HIZ5HR L3gH T —FhI TR 110 B9 % AR B O 2. B AR AE 4 B E T A
WA TE AT, SRJ5, KA bootstrapping BAR, kAP LA E M FRICIIGEAIEERS, &S
A 552 5 1 5 BE PR A BE R R AR A8 o AR SORT T 2 4R 25 15 AR AT (] A R AT S5, I S R RN
AN TV, 1277 Al A 17T RS 25 e 0% B v ity 2 1 1% RV R U R

SKBRIR) U AR IR boot strapping Sk

Topic Label Extraction based on Seed Words

Abstract Traditional topic models use word probability distribution to represent topics. These words are
difficult to be understandable and express a consistent meaning. This paper proposed a topic label extraction
method based on seed words. The method first extracts topic seed words according to weight formulas, then uses
bootstrapping algorithm to generate a key phrase set that contains seed words. Finally, the method selects topic
label from the key phrase set according to the integrity and generalization of a phrase. The experiments were made
on two corpora. One is topic oriented reports, the other is event based news reports. According to the experimental
results, the method work well in extracting a meaningful phrase to represent a topic.
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