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Node-Similarity Link Prediction Algorithm Combined Common Neighbor Contribution
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Abstract; Link prediction is an important research direction of complex networks, and the method based
on the node similarity is one of the most popular methods. So far, most of the node similarity prediction
methods using link density have not considered the difference of each common neighbor node, that is, the
contribution of different nodes to the link is different. Therefore, this paper proposes a link prediction al-
gorithm based on the node contribution and link density of the common neighbor nodes(LDNC). The al-
gorithm first calculates the link information between the common neighbor nodes as the link density of
the nodes, and then defines node-coupling clustering coefficient to describe the contribution of the com-
mon neighbor nodes, and finally combines the two parameters. Experiments based on the real-world data-
sets show that the LDNC is more accurate compared with four baseline link prediction algorithms (CN,
AA,RA and Jaccard) and the CNBIDE algorithm based on the node link density.
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Tab.3  Statistical measure of nine real networks

™ £% N M (k> C P D
FWMW 97 1492 15.4 0.468 1.692 9 3
FWFW 128 2 075 32.42 0.334 6 1.776 3

Jazz 198 2 742 27.70 0.618 2.235 6

C. elegans 297 2 345 7.9 0.292 2.46 5
USAir 332 2126 12. 81 0.749 2.738 6

PB 1490 19 090 27. 36 0. 36 2.74 8

NS 1 589 2 742 3.451 2 0.637 8 — —

Yeast 2 375 11 693 9. 85 0.388 5.10 15
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Tab.4 The results of AUC on 9 real-networks

™) 2% CN AA RA Jaccard CNBIDE LDNC
FWMW 0.710 1 0.714 2 0.719 4 0.627 3 0.719 7 0.732 5
FWEFW 0.608 3 0.610 9 0.616 1 0.529 7 0.624 1 0.642 4
Jazz 0.954 3 0.961 6 0.970 8 0.960 8 0.954 9 0.967 6

C. elegans 0.846 6 0.863 6 0.868 6 0.795 1 0.851 8 0.868 6
USAir 0.9371 0.9478 0.952 7 0.914 0 0.951 2 0.967 1
PB 0.942 8 0.944 8 0.945 7 0.911 6 0.9421 0.9436
NS 0.9913 0.9916 0.9917 0.9914 0.991 3 0.992 6
Yeast 0.914 0 0.914 8 0.913 0 0.913 2 0.914 2 0.914 9
Power 0.625 0 0.624 9 0.624 8 0.625 0 0.627 2 0.627 4

F5 EHr4EHR Precision {45 R (L=100)

Tab.5 The result of precision on 9 real-networks (L=100)

% 28 CN AA RA Jaccard CNBIDE LDNC
FWMW 0.150 0 0.157 0 0.158 0 0.024 0 0.146 0 0.162 0
FWFW 0.084 0 0.087 0 0.076 0 0.010 0 0.086 0 0.096 0

Jazz 0.822 0 0.831 0 0.822 0 0.728 0 0.856 0 0.899 0

C. elegans 0.138 0 0.138 0 0.130 0 0.014 0 0.132 0 0.149 0
USAir 0.601 0 0.611 0 0.646 0 0.012 0 0.591 0 0.650 0

PB 0.421 0 0.378 0 0.257 0 0.002 0 0.458 0 0.466 0

NS 0. 866 0 0.976 0 0.978 0 0.566 0 0.833 0 0.984 0

Yeast 0.644 0 0.670 0 0.493 0 0.029 0 0.630 0 0.743 0
Power 0.098 0 0.079 0 0.001 0 0.164 0 0.188 0 0.129 0
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