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PCA-KDKM Algorithm and Its Application in Weibo Public Opinion
LIU Rongkai, SUN Zhonglin
(College of Computer Science and Engineering, Shandong University of

Science and Technology, Qingdao, Shandong 266590, China)

Abstract: To solve the problem of unstable clustering results of the K-means algorithm due to its random selection of
cluster centers, this paper proposed the PCA-KDKM algorithm. Principal component analysis was used to reduce
the dimension of the data set and extract the main attribute. The k'dist curve was used to obtain the k value automat-
ically. The average value of the data objects contained in the flat curve was calculated and one was selected as the
first initial clustering center. Clustering was made based on density and minimum distance algorithm ideas. cluste-
ring quality evaluation functions were proposed by combining the distance between classes and intra-class clustering.
The clustering results of the algorithm and K-means, KNE-KM, QMC-KM, CFSFDP-KM algorithm on UCI data
sets were compared and the results show that the proposed algorithm has stable clustering results and high clustering
accuracy. The PCA-KDKM algorithm was then applied to the Weibo public opinion analysis to capture tens of thou-
sands of data in different categories for cluster analysis. The experimental results show that the PCA-KDKM algo-
rithm has higher accuracy and stability in the Weibo public opinion analysis, which is conducive to timely detection

of hot public opinion.
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Tab.1 Comparison of clustering accuracy between PCA-KDKM algorithm and K-means algorithm

. e 2/ %
% P4 -
7 B 8y
Iris 86.52 78.31 84. 30
Glass 71.68 45. 65 62.13
K-means
Wine 69.23 61.54 65.40
Hayes-Roth 83.73 70.58 77. 84
Iris 95. 35 90. 68 93.55
Glass 86. 40 79.53 86. 86
PCA-KDKM
Wine 78. 46 67. 36 75.83
Hayes-Roth 88.73 84.63 86. 38

#z 2 PCA-KDKM &£ 5 K-means EEZRERE T M JEE S L&

Tab. 2 Comparison of clustering quality evaluation function value S between PCA-KDKM algorithm and K-means algorithm

Bk S Smax Smin Savg
Iris 0.345 2 0.246 5 0.303 2
Glass 0.491 2 0.382 1 0.416 5
K-means
Wine 0.481 2 0.412 6 0.434 6
Hayes-Roth 0.618 2 0.502 3 0.562 3
Iris 0.818 7 0.7187 0.755 7
Glass 0.846 5 0.798 5 0.814 5
PCA-KDKM
Wine 0.764 1 0.613 6 0.734 1
Hayes-Roth 0.818 2 0.712 3 0.782 4

N 1.5 2 Al LA % T Tris.Glass, Hayes-Roth 3 M# 44 . PCA-KDKM 54 ¥ 76 % 25 i i %
OB 2 B VT A pR B )7 T [t K-means 856 i B2 MERN R I W18, BB HMEME N 90% LU | s X%t T Wine
B x4 A K 3 PCA-KDKM B3k [ K-means 5335 09 AE 6 6 45 = AN B 5 o (H DR 28 B i A0 s BUE S oK
% ,PCA-KDKM 8%t K-means 5155 B9 B 2RGUR L,

1 UCT ¥ im s rp YE B 4 DB 5 yeast,abalone.magic il skin #£47525 . ¥ PCA-TDKM & 4y 7 5
AN CFSFDP-KM B3k L FEHG A% 2 1) QMC-KM BB L MEEFF #5501y KNE-KM R XL
AT RIS UET R SR IR T O Ml L. SCk[12-14] 19 3 DR ER 2 5T X K-means FE W) 1R & 4
BT T BOTE— EFR B 7R T K-means BB L FEHLER: £ NP IE R L LTS R LR
FoUE B TR) R, 38 2 S 06 75 31 2R 2OKG BE 0 LR 4 R R 257 T MW FL R 5 R 4l an sk 3.3 4, Hirp HIG R
R R B LOW KR i R KR R, AVG R PR EHER 3,

H 3% 3 Al 3 T PCA /Y PCA-KDKM 533k 1Y SRR HORFESE 5 XF T yeast,abalone Fl skin £ #i4E . PCA-
KDKM 532 () R0 R ABIE B T 84. 3520 LA I, i F HoAlh = b 5295 : 78 magic i 4 I, PCA-KDKM 5.



% 6 1 X P4 : PCA-KDKM 53k K JH 7 1 B A v i1 o + 89 -

B UER RNy 79. 63 %, A8 F HoAth = Fh 443

R3 AMEEREEBENLL

Tab. 3 Clustering accuracy comparison of 4 algorithms

A UET R/ Y
Bl PCA-KDKM KNE-KM QMC-KM CFSFDP-KM
HIG LOW AVG HIG LOW AVG HIG LOW AVG HIG LOW AVG
yeast 86.56 86.56 86. 56 79.93 71.32 73.54 72.14 70. 36 71.45 68. 54 61.78 64. 25
abalone 84.35 84.35 84.35 80. 45 76. 46 78.93 75.67 73.62 74.34 70. 94 67.95 69. 34
magic 79.63 79.63 79.63 70.59 64.32 68.45 76. 35 69. 43 73.94 77.98 70. 46 74.58
skin 86.79 86.79 86.79 81.23 73.64 78.42 80. 64 78. 46 79. 34 74.12 70.67 73.45

R4 AWMERREFHMLE

Tab.4 Squared error sums comparison of 4 algorithms

22705
B
PCA-KDKM KNE-KM QMC-KM CFSFDP-KM
yeast 0.112 0.153 0.156 0. 345
abalone 0.192 0.456 0. 564 0.753
magic 54. 361 69. 133 70. 694 78.321
skin 70.135 89. 321 99. 135 86. 124

H % 4 A1, PCA-KDKM BL7E 4 D86 4R By 220 5 A/ T 1Al 3 R A 4 D8 4 iR
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Tab.5 Comparison of the average of F 5 algorithm %
(G NEIR IS % AL 5 Hb = S 5
K-means 56. 8 69.5 74.6 69.7
PCA-KDKM 79.5 82.3 78.5 84. 3
KNE-KM 65.4 70. 6 67.9 71.4
QMC-KM 66. 4 71.3 73.6 68.1
CFSFDP-KM 53.4 80. 6 77.8 69.5

H1 % 5 A1, PCA-KDKM 83k F{E AN R 2  ARIAD 4 PR IRFE S 3 K. b4k . PCA-KDKM # ik
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P T B B iR A B S T R B Y SRR L
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