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Applications Examples, Tests, Sample Applications
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Fig.3 Architecture of BigDAWG
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Big Data Technology Stack Shifting: From SQL Centric to Graph Centric

Shen Zhihong' Zhao Zihao"” Wang Haibo'

'(Computer Network Information Center, Chinese Academy of Sciences, Beijing 100190, China)
*(University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: [Objective] The traditional SQL centric technology stack cannot handle multivariant and
heterogeneous data management, large-scale network management, as well as complex network analysis.
Therefore, we proposed a new graphic centric technology stack for big data. [Methods] First, we analyzed the
advantages of graph-based data model and established a new graph centric technology stack. Then, we developed
PandaDB, an intelligent fusion data management system. [Results] The new technology stack performed well in
the applications of biological data network and scholar knowledge graph. PandaDB could manage structured and
unstructured data fusion. [Limitations] It is difficult to further promote this technology stack due to the lack of
supporting tools and complete application ecology. [Conclusions] Our new technology stack will play a greater
role in big data applications.
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