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A three-level weighted approach for text clustering ensemble

LINa'"?, XU Sen', XU Xiufang', XU Heyang', GUO Naixuan'”, LIU Xuangi', ZHOU Tian’

(1. School of Information Engineering, Yancheng Institute of Technology, Yancheng 224051, China; 2. Key Laboratory of Computer
Network and Information Integration, Southeast University, Nanjing 211189, China; 3. School of Underwater Acoustic Engineering,

Harbin Engineering University, Harbin 150001, China)

Abstract: To improve the clustering ensemble effect, this paper designs a unified framework for weighted points,
clusters and partitions, and proposes a three-level weighted approach for text clustering ensemble. Firstly, the hyper-
graph adjacency matrix is generated according to the base clustering, and then the weighted adjacency matrix is ob-
tained by successively weighting the points, clusters and partitions. Finally, the final result is obtained by the hierarchic-
al condensation clustering algorithm. Experiments were carried out on multiple real text datasets. The results show that
compared with the unweighted results and other level weighted results, this approach has better clustering effect. The av-
erage increase of three-layer weighted compared with that unweighted is 12.02%. Compared with the other 8 weighted
methods in recent years, the average ranking of this algorithm is the first in all datasets, which verifies the effectiveness

of the proposed method.
Keywords: text clustering; clustering ensemble; weighted clustering ensemble; three-level weighting; weighted cluster-

ing; multi-level weighting; cluster analysis; unsupervised learning
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Reviews 4069 18483 5
Lal2 6279 31472 6
Hitech 2301 10080 6
Kl1b 2340 21839 6
Sports 8580 14870 7



http://trec.nist.gov

54

2R, A — b = 2RSS B 2 i <811+

PRI SR SCAS 288 ) B 28 00, A S 3 R ] 22 7
8 %4 (adjusted rand index, ARI) fil F {§ ( F-measure )
X2 PR AR R AT AN o 2 DI R AR A N E
R, TR R Z, AR,

JeYe oy N 2 5851 DA RBORI e, X — =
TBCR R AT TEAIXT b, B0uF = 2 AR 2 46
BT AR R T A2 A G et 2) 5 HA,
TOA J5 i i A7 % b, Bk = )2 AT A T B A
P& 0 AW INAL Ty ¥ o FEASSCR S b, BT S
AE PRI E 4 i TF-IDF (term frequency-inverse
document frequency ) A, &R0 A4 WL 7 % Riz
176 FH AT 7% AR RUE A9 K-means 535 100 %, Hip
KT kEMRE T, 28550 T I E ik

BN KO B i S ), o TR K
B 53 BN 22 A AL, A 22 Ty T S 1 B A PN AR 4
Ha), A SORERE BNk BB AE [K, 267 B e 2,
FORUEA N IE, DR B 1) H3se 35 0 7 [R) 3
R EA LT,
32 BEMBBIRTEE

R2HMT KBRS LR, %2
HBUE Y B AT 10 IRBCE B8, B AR AR R
2 MAUE SR AT R ACRCR A R
WA T R B R R T 25 R AR 19X [
o AL, B TR B B AR T S =R AL T
38 b B8 T B9 BOE R AR IR 8 AR A
.

x2 BEMMEIIEE
Table 2 Weighted effect comparison of each layer

G 14 g 5 b= bl =2 B
ARI  0.600+0.029 0.522+0.026 0.626+0.027 0.606+0.031 0.652+0.077 0.521+0.041 0.636+0.022 0.683+0.084 13.83
B F 0.762+0.015 0.700+0.012 0.768+0.025 0.770+0.015 0.761+0.044 0.704+0.026 0.773+0.016 0.780+0.051 2.36
ARI  0.454+0.042 0.461+0.059 0.435+0.047 0.448+0.033 0.556+0.081 0.447+0.056 0.474+0.061 0.578+0.064 22.69
2 F0.704+0.019 0.705+0.035 0.686+0.028 0.696+0.016 0.760+0.034 0.702+0.033 0.710+0.028 0.769+0.030 9.39
ARI  0.259+0.009 0.268+0.025 0.320+0.021 0.262+0.009 0.328+0.010 0.260+0.028 0.305+0.047 0.318+0.020 22.78
123 F 0.528+0.010 0.540+0.010 0.566+0.014 0.527+0.010 0.563+0.009 0.530+0.010 0.549+0.041 0.556+0.014 5.50
) ARI  0.565%0.021 0.653%0.004 0.619+0.049 0.566+0.020 0.661+0.003 0.653+0.003 0.616+0.047 0.661+0.003 16.99
Reviews F0.728+0.014 0.767+0.002 0.751£0.022 0.729+0.013 0.769+0.001 0.767+0.002 0.749+0.022 0.769+0.001 5.63
ARI  0.567£0.023 0.590+0.050 0.59840.025 0.555+0.014 0.576+0.057 0.585+0.048 0.592+0.025 0.579+0.061 2.12
btz F0.728+0.027 0.765+0.041 0.763+0.030 0.720+0.019 0.764+0.034 0.762+0.041 0.761+0.030 0.765+0.035 5.08
_ ARI  0.269+0.012 0.260+0.017 0.281+0.014 0.272+0.012 0.272+0.018 0.260+0.013 0.28340.008 0.270+0.015 0.37
Hitech F 0.517+0.017 0.511+0.024 0.530+0.017 0.518+0.013 0.525+0.023 0.519+0.022 0.531£0.016 0.530+0.020 2.51
ARI  0.555+0.091 0.580+0.098 0.700+0.079 0.564+0.111 0.726+0.017 0.532+0.098 0.673+0.104 0.727+0.018 30.99
Kib F0.802+0.043 0.817+0.042 0.861£0.039 0.804+0.054 0.860+0.006 0.779+0.041 0.849+0.050 0.861+0.006 7.36
ARI  0.476+0.042 0.654+0.066 0.603+0.093 0.484+0.069 0.651+0.016 0.609+0.103 0.618+0.083 0.655+0.017 37.61
sports F0.722+0.025 0.792+0.042 0.786+0.048 0.733+0.040 0.772+0.002 0.762+0.064 0.797+0.036 0.773£0.003 7.06
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Table3 Comparison results with other weighted methods (average)
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Fig.1 Comparison results with other weighting algorithms (optimal value)
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Table 4 Ranking of weighting

methods under ARI evaluation index
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