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Abstract With the advent of the era of big data,a large amount of unstructured text data streams have emerged online.
Those data streams are dynamic, high-dimensional and sparse. For these characteristics and on the basis of the traditional
AP algorithm,a text data stream clustering algorithm, called OAP-s algorithm, was proposed in this paper. By introdu-
cing attenuation factor in the AP algorithm, OAP-s algorithm passes the clustering center of the current window to the
next window, while attenuating the results. However, this OAP-s algorithm also has some shortcomings. Therefore, we
proposed another text data stream clustering algorithm, called OWAP-s algorithm, Based on the OAP-s algorithm,
OWAP-s algorithm defines the weighted similarity, introduces attractive factor and makes the historic clustering center
more attractive, thus obtains more accurate clustering results, Meanwhile, both algorithms adopt the sliding time win-
dow model, which reflects the temporal characteristics as well as the distribution of the data stream. Experimental re-
sults show that both algorithms are flexible and extensible, and they are more accurate and stable than OSKM algo-
rithm,
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OUM +p) * N+ N+k « M), fRIEE,OM +p) « N+ N)<
OUM +p) » N+ N+k « M), Lk OWAP-s 8 5 i it 18] 3
RERT OAP-s B,

Bik b, B TRMENEHONREPORET 8
SHBHA B QR RE S, BT T R R E O RELR,
H UL ShEEE O T RHREPOWEREFEE, MAER
FHREHEHHNE, BIEFIPEENRERRL. B
BRI P ORFRBIR .

BWRIE  ASCET BRTMIS L KRB IR 45 H L X
FHE KRG AP Bk R ASCA SR FFHEMESS &
EBIABRE T BT OAP-s Bk, 7E I ER FRHE APE
EARUE AN SN WAP Bk Tk, & H OWAP-s &
%R RERBISCABERR . LRERERH, XFME L
MBRIEHELR T OSKMH ., B FEZRPBB\RAL
P E S RMBEER, T— 5P R TIER MR R
AFHIE E BB REORL T AT RELER.
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