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CSR-based PageRank Algorithm on Historical Graphs
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Abstract In recent years,the research on static graphs has become more and more comprehensive and in-depth,and a perfect the-
oretical system has been formed. However, for some application issues in life, such as the changing relationships in social net-
works, it seems a bit weak to use static graphs to show that such moments are changing. Historical graph can be used to represent
dynamic changes. The PageRank algorithm is an algorithm for measuring the importance of a web page,and there are constantly
new or deleted websites in the network. Considering all these factors,such a network is quite appropriate to be represented by
historical graphs. Therefore,this paper considers using the CSR (Compressed Sparse Row) structure to implement PageRank on
the history graph,so that the program can give the scores of each website at several target times. In turn,it can provide changes
in website ratings and give forecasts of website influence trends. Comparing its performance with the PageRank algorithm imple-
mented on the linked list based on the hyperlinks network dataset provided by Wekipedia, the results show that its performance is
much better than the use of linked list structure,and its advantages will become more and more obvious as the data size and target
time scale increase.
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i A : Historical graph data v[ ],target time array t[ ]
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6. endif
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5. end if
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12. calPR(CSR-A,CSR-B)
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14. ope_array. append(v)
15. end while
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