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On an Improved Spark-Based Method for the Analysis of User Behaviors

RUAN Debao, LI Changyun

( School of Computer and Communication, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract : In view of the repeated scanning of the database and the potential massive candidate sets involved in the

Apriori algorithm, an improved method, with the compressed matrix and the transaction value introduced in the process, is

proposed to solve such problems as the timeliness and accuracy of the analysis of network user behaviors, with a further

application of the improved algorithm to Spark, a cloud computing platform. The experimental results verify the better

performance and higher efficiency of the proposed method, with evident advantages in the user behavior analysis.
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Fig. 1 Flow chart of the correlation analysis
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Table 1 Configuration table of the experimental environment
5 H i &
Spark hfi4 Spark-1.2.0
Hadoop A Hadoop-2.5.0
BIERS Ubuntu-12.04
Master 4 4%, 16 G A7, 500 G REAL, Kkt 1
Woker 44%, 16 G NfF, 80 G fifify, Huhtis

SR A B B AR, BRI AR
FEASGEIR L SO P AT B AR, B RN R
11652.36 MB. 25— 3 A RIS, X a3k
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Table 2 Algorithm test results of experiment 1 ms
o B K
ik 50 MB 100 MB 500 MB
Apriori 331 729 2 252
Uik Apriori 116 428 1672
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Fig. 4 Comparison between the performance of two
algorithms with different data scales
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Table 3  Algorithm test results of experiment 2 ms
N A
Bk | 5 3
Apriori 2252
ek Apriori 1 672 542 387
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Fig.5 Improved performance of algorithms

with different nodes
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