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Clustering Analysis of Micro Blogs Based on Active Learning

Zhu Li, Lu Jianfeng

(Department of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing, 210094, China)

Abstract; The K-Means clustering algorithm can not determine the initial clustering centers, which re-
sults in low accuracy and inability to reflect the interesting hotspots. Here, algorithm based on clustering
is proposed through applying Min-Max active learning strategy to ask the user for identifying the seed
points. Several points are provided in small quantities of query for users to confirm the initial centers, and
the weight is set in the recalculation of K-Means centers, which reduces the number of iterations and im-
proves the accuracy of clustering results. Moreover, the hot topics are obtained by applying this algo-
rithm to the micro-blog clustering analysis.
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HPRARWR BN APXREANBHERBE RN ERMBEE BB ARXRUARBEEHRP A
PRRRFAETEHTHR . DOETFHIEHNERBR BT HIEHE B N AR H S 76 K 8] 55 5
BERLATEER R ETEH#AITHR. OEFHEESEHENAR DX MIEEEABEA HMEES
BR/EW I EN—FIARS . AXRREXBBEXAE LHRTIEERANE, BRI ENE
BRI T B B LUK — R R B A B N e L A B 4 O JL 2L S/ T 258 S LK I BT v ARG
WREFBIRSNERFERERME, B BN AT URBEA T AR TIE. WREESE AN RE
M, 2WR TAERRRKMERNCEREF M ER,FHLTFEFEN T LA, ENERTELEIE
PR BB A . K-Means B ERBWEHTHTHRRATANRRAELRZ . ER—METHE
BMBERER RN RS RIERHEREBAUEENR S EE T FEPR MR RERR
L HAMERSERK, ATTHFAFEFETEMZNR/DN MARFEFELEENER., BITERE
WL AP ERERRINE L, RS L IR, BB E—IH T RE-ABECHY
HEHP O, HBRMENINNR  BELSEEPONEEAECRAEBENE. REEFITES I MEAN
KW HEE RO RE SO0, XS BREE AT, BB —E &0, AR E BB SCh Ik .
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Tab,1 Examples of segmentation results of micro blogs
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Tab.4 K-Means clustering result by active learning
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RS EH¥IHE K-Means 5EFHF S H A0 K-Means TR L LR

Tab.5 Comparative experiments between active learning with K-Means and active learning with improved K-Means

H & 1 2 3 4 5 6 7 8 9 10

FEh%E N 454 K-Means 0.431 0.555 0.489 0.589 0.535 0.602 0.598 0.621 0.594 0.615

EMEIEAYGHE K-Means  0.612 0.701 0.698 0.756 0.725 0.789 0.758 0.801 0.775 0.723
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