ISSN 1673-9418 CODEN JKYTAS E-mail: fcst@vip.163.com
Journal of Frontiers of Computer Science and Technology http://www.ceaj.org
1673-9418/2014/08(00)-0000-00 Tel: +86-10-89056056
doi: 10.3778/j.issn.1673-9418.

ET Spark WHITERIES RS

Fhode R 2, x)0p
1. dbmdpd k52 i EMFTE, dbE 100876

A Parallel Graph Data Analysis System Based on Spark™

WANG Hongxu **, WU Bin?, LIU Yang?®

1. School of Computer Science, Beijing University of Posts and Telecommunications, Beijing 100876, China
+ Corresponding author: E-mail: 513196584@qq.com

WANG Hongxu, WU Bin, LIU Yang. A Parallel Graph Data Analysis System Based on Spark. Journal of
Frontiers of Computer Science and Technology, 2014, 8(0): 1-000.

Abstract: A parallel data analysis system was built based on the computing platform of Spark. This system mainly
aims at large-scale graph data analysis tasks, supports analysis applications of non-graph data, and integrates set of
data analysis algorithms and non-graph data analysis algorithms. This paper describes the design and implementa-
tion of the system, as well as part of the parallel data analysis algorithms. Through tests of multiple scale of datasets,
the system is proved to be more efficient at completing computing tasks comparing to the previous graph data min-
ing system, and non-graph data also can be analyzed efficiently.
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