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Abstract

Today, the per-capita holding rate of electronic media such as mobile phones and tablet com-
puters is greater than one. The spread of online media has reached an unprecedented peak.
Based on the Mahout data mining framework of Hadoop platform, this paper selects the
K-means clustering analysis algorithm optimized by Canopy algorithm, clusters the data, and
mines the network self-media tweets with much information to discover the micro: the hot
words related to the current society and life contained in the Weibo data, and then through the
ArcGIS, the kernel density analysis of the text clusters, and then the fishing grid rasterization
analysis, so that the discrete cluster samples have the adjacency, enabling visualization visually
see the main distribution of cluster topics, to study the habits of people’'s daily lives, to under-
stand the preferences of a single individual, and to evaluate the social events, such as social and
life related information.
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Figure 1. Experimental flow chart
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Figure 2. Seqdumper output Canopy
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Table 1. Canopy number corresponding to Canopy algorithm parameters
2 1. Canopy BERISHXT R A Canopy M

T1 (BRUHE ) T2 (BRUHE ) WSl Canopy M4
100 50 3537 ms 1
85 40 3686 ms 11
83 42 6164 ms 32
70 35 184,462 ms 113

Table 2. Canopy optimized K-means clustering parameters

%% 2. Canopy it BY K-means 223

e/ & e 0.3 0.1 0.01
e S5 & (C-means) 18,430 ms 47,904 ms 138,076 ms
IERIKEL(C-means) 2 3 9
7% 0] 5 K 25 (C-means) 0.870353 0.901472 0.972938
7% 6] ¢ /N 25 (C-means) 0.437512 0.487238 0.520349

Table 3. Canopy + K-means clustering results
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Figure 3. (a) Convergence rate comparison between K-means and C-means; (b) Maximum
distance between K-means and C-means algorithm clusters; (c) Comparison of minimum
distance between K-means and C-means algorithm clusters
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Figure 4. Viewing similar clusters
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Figure 5. Sample points
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Figure 6. Nuclear density analysis
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