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Search Engine Ranking Optimization Technology Based on the Double-
Ended Penalty Propagation Algorithm

ZHAO Xunmian, NIU Xiaofei, WANG Zexian, WANG Yaohui, SONG Hongyuan
(College of Computer Science and Technology , Shandong Jianzhu University , Ji'nan 250101, China)

Abstract: Some Web pages cheat the search engine sorting algorithm by fraudulent means, so that they can obtain undeserved high ranking
values, which deteriorates the results returned by the search engine and affects the user experience. It can optimize the search engine sorting
results to enhance trust pages and degrade spam pages in the search results list. Some of the existing propagation algorithms only propagate
trust or distrust values, and the algorithms that propagate both trust and distrust values only punish the source or target end of the propagation,
so the performance of enhancing trust web pages and degrading spam Web pages is limited. The proposed double—end penalty algorithm can
propagate trust values forward along the outgoing link and distrust values backward along the incoming link , punish trust and distrust values at
both the source and target end of the propagation. The new algorithm can better rank the trust Web pages in front and the spam Web pages at
the back. The public WEBSPAM-UK2006 data set was used to verify the performance of the double-end penalty algorithm. The experimental
results show that among the top 4 000 Web pages, the proportion of trust Web pages of the double—end penalty algorithm is 12.9% higher than
that of TrustRank algorithm which only propagates trust values, 3.8% higher than that of GBR algorithm which punishes at the source end,
and 2.8% higher than that of TDR algorithm that punishes at the target end, while the new algorithm degrades spam pages.
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Table 2 Parameter settings
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Table 3 The average outdegree and indegree of the selected top 200

seeds
F3  FTIERET 200 T FRIEHNET G E
Bk SEH SR BE
High PageRank 242.460 571.765
Inverse PageRank 643.235 276.385
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Fig. 2 The effect of different number of seeds on double—end penalty
algorithm
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Fig.3 The change trend of c—score under different iterations
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Fig. 4 The percentage of trust pages in the first N pages of different

algorithm results
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Fig.5 The percentage of spam pages in the first NV pages of different
algorithm results
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Table 4 The running time of different propagation algorithms under

different iterations

R4 FREEEEETRERRBTHIEITHE (s)

Bk BAS R AT 10 BEANER/N At 207
DP-Rank 5.563 12.347 18.878 24.045

TDR 3.908 8.132 12.640 17.889

GBR 3.693 8.007 11.793 16.159
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