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[ Abstract] Aiming at the problem that the information transmission bias is not considered in the Absorption Centrality algorithm of
undirected networks, an improved algorithm for identifying key nodes based on the biased random walk of degree information is
proposed. Firstly, the degree information of nodes is used to construct the transition probability matrix of information transmission in
undirected network, and the absorption node is defined. The importance of the node is measured by the average first arrival time of
the absorption node. The algorithm is extended to the directed network, and the information transfer probability matrix is
reconstructed to identify the key nodes. Based on SIR propagation model and Kendall tau similarity, three groups of comparative
experiments were designed in a real undirected and directed network, which were compared with Degree Centrality, Betweenness
Centrality, Closeness Centrality, Absorption Centrality before improvement, PageRank, LeadRank ,Pro_ PageRank and DPRank
algorithm, the average similarity between the improved algorithm in undirected network and other centrality algorithms is 0.869, and
that based on node degree, in degree and out degree information in directed network is 0.893, 0.867 and 0.854 respectively.
Experimental results show that the improved algorithm can effectively identify the key nodes.
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Tab. 2 Centrality values of all nodes in each centrality method

A DC BC cC AS GAS_D H—1H
1 4 0.083 3 24 2.7 4.9 1
2 4 0.083 3 24 2.7 4.9 1
3 4 0.083 3 24 2.7 4.9 1
4 2 0.055 6 0 1 1 0.203
5 2 0.055 6 0 1 1 0.203
6 2 0.055 6 0 1 1 0.203
7 2 0.055 6 0 1 1 0.203
8 2 0.055 6 0 1 1 0.203
9 2 0.055 6 0 1 1 0.203
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Tab. 3 Parameters of datasets

e n m <k> kmax <d> c R H
karate 34 78 4.59 17 2.41 0.571 -0.476 0.562
USAir 332 2126 12.81 139 2.74 0.625 -0.208 0.539
91 lterriset 62 148 4.77 22 2.98 0.436  -0.070 0.558
NetScience 379 914 4.82 34 6.04 0.741 -0.081 0.391
Email 1133 5451 9.62 71 3.61 0.220  0.078  0.452
Freemans_EIES_3 32 442 27.625 60 1.559 - -0.406  0.85
Organisational 77 2228  57.870 130 1.605 - -0.026  0.850
Celegansneural 297 2359  15.886 139 3.072 - -0.226  0.606
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Tab. 4 The similarity comparison between the recognition results

of the proposed algorithm and other algorithms

i AS DC BC cC CFHAHEE
GAS_D  0.928 0.884 0.777 0.886 0.869

WiRS PR LR PPR  DPRank ~EHJAH{IME:
ZAS 0.932 0.929 0.899 0.811 0.829
GAS_Din  0.856 0.869 0.925 0.818 0.867
GAS_Dout  0.803 0.813 0.842 0.959 0.854
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