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Fig. 3 Flowchart of PageRank algorithm
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tions.txt").mapVertices{case(labelld,_)=>labelld} /5 A H
J1 22 8] S e R B SCAF relations. axt, I AR FH P T
bras
def sendMessage(): Iterator={ //a] JCIEH P A& 1% b
G ES)
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Table 1 System environment configuration
Ik 55 4 1D MR 55 1P Hishl: S5 BAER S BB REp=E =
1 192.168.1.100 CPU:16#%, W17 :32GB Cent0S7.1 ActiveMQ5.15.0 ActiveMQ £EHE M55 2%
2-3 192.168.1.101-102 CPU:16#%, N1F:32GB Cent0S7.1 ActiveMQ5.15.0 ActiveMQ A TAETT &4,
4 192.168.1.200 CPU:32#%, NTE:64GB Cent0S7.1 Hadoop2.6.4, Spark2.2.0 Spark [] master
5-7 192.168.1.201-203 CPU:32#%, N7 :64GB Cent0S7.1 Hadoop2.6.4, Spark2.2.0 Spark ¥ slave
8-10 192.168.1.204-206 CPU: 16, NF#:32GB Cent0S7.1 Hadoop2.6.4, Spark2.2.0 Spark ¥ slave
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[main] INFO org. apache. spark. SparkContext - Running Spark version 2
.2.0

[main] DEBUG o. apache. spark. util. ClosureCleaner - public static
final long org. apache. spark. graphx. Graphloader$Sanonfungl. serialVers
|[ienUID

[dag-scheduler-event-loop]l DEBUG o. a. spark. scheduler. DAGScheduler -
After removal of stage 93, remaining stages = 0

(23744582, 228%%£%644)

(178+#4%T 14, 2284444544

(B11##44(18, 2288#%4644)

|(211##24734, 20B%k24644)

| (B40###2262. 228%%4%174)

K5 Ak DR B2 R IA

Fig. 5 Screenshot of community detection results
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Table 2 Comparison results

Ve AR AR ke dERE
LPA LPA LPA
SRR 80.4% 80.5% 83.1%
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AR 22 G2 F) ) Spark SEREEITHSCI T AR
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A large scale social networking community detection prototype system

based on Spark
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Abstract

In order to effectively explore the user information in large— scale social networks and improve the understanding of the

relationship between users, a community detection prototype system based on Spark is designed and developed. The ActiveMQ is used to

acquire a large amount of the user data, taking advantage of the naive Bayesian algorithm provided by Spark—based MLIib to clean the user

data, and using the PageRank algorithm provided by Spark—based GraphX and the Z-Score algorithm provided by MLIib to calculate the

user ranking. In the prototype system, the LPA algorithm is finally used and optimized, to group the users of similar features and close ties

into the same community quickly, as a foundation for further analysis and utilization of the community user data.

Keywords Spark; GraphX; MLIlib; community detection
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