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Node Similarity Measurement and Link Prediction Algorithm in
Temporal Networks
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Abstract; Link prediction in temporal networks was analyzed and discussed in detail. The
temporal network was divided into multilayer network snapshot sequences with the same time
interval in chronological order. Aiming at solving the problem of rough granularity obtained by the
common-neighbor-based similarity index, similarity indexes NCC and NCCP based on neighbor
node clustering coefficient were proposed. Then a link prediction algorithm for temporal networks
was designed for networks based on these two indicators. The comparison experiments on real
datasets showed that the cluster information of neighbor nodes can improve the prediction
accuracy. The superiority of the proposed link prediction algorithm was verified by a real mail
dataset, and the experimental results showed that the closer the network structure is to the
prediction time, the greater the impact on the prediction results.
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Table 2 Statistic characteristics of networks
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Table 3 AUC for different network datasets

BiE#E CN jC AA RA NCC NCCP

0.689 0.599 0.724 0.733 0.693 0.705

Dolphins  0.762 0.762 0.764 0.764 0.763 0.766

9lldata 0.851 0.844 0.858 0.865 0.864 0.861

Polbooks 0.867 0.863 0.871 0.872 0.870 0.874

Footballs 0.848 0.860 0.848 0.848 0.847 0.848

Scientists 0.930 0.930 0.930 0.930 0.930 0.931
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Table 4 Enhancement effect of NCCP index
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Table 5 Evaluation indicators of temporal network
prediction results by dividing days

P #EfR CN IC RA AA NCC NCCP

P 0.060 0.056 0.061 0.066 0.071 0.060
R 0.458 0.417 0.5 0.458 0.542 0.458
Fl1 0.106 0.098 0.107 0.107 0.126 0.106

i NCC NCCP CN a/% B/%
Karate 0.693 0.705 0.689 2.322  1.732
Dolphins 0.751  0.766  0.762  0.525 1.997
9lldata 0.838 0.858  0.851 0.823  2.387
Polbooks 0.866  0.870  0.867 0.346  0.462
Footballs 0.843  0.846 0.848 -0.236 0.356
Scientists 0.874  0.930 0.930 O 6. 407
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Table 6 Evaluation indicators of temporal network
prediction results by dividing months

P FERE CN iC RA AA NCC NCCP

P 0.217 0.207 0.208 0.216 0.218 0.216
R 0.692 0.646 0.636 0.682 0.723 0.708
F1 0.331 0.314 0.313 0.328 0.335 0.331
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Fig. 2 Comparison of the proposed method
with the baseline method
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Table 7 Evaluation indicators of precision of
prediction results

Z% NCC NCCP CN ic AA RA
1 0.448 0.448 0.448 0.448 0.448 0.448
2 0.358 0.345 0.363 0.355 0.374 0.368
4 0.366 0.364 0.364 0.358 0.369 0.357
7 0.300 0.302 0.301 0.286 0.299 0.290
9  0.290 0.284 0.286 0.277 0.286 0.290
10 0.274 0.269 0.272 0.264 0.268 0.268
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Table 8 Evaluation indicators of F1-value results
JZ# NCC NCCP CN JC AA RA

0. 485
0. 425
0. 448
0. 404
0. 403
10 0.389

0.485 0.485 0.485
0.406 0.440 0.428
0.449 0.449
0.409 0.409
0.396 0.401
0.378 0.388

0.485 0.485
0.450 0.439
0.440 0.452 0.436
0.387 0.405 0.390
0.381 0.398 0.398
0.374 0.377 0.374
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