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Protein Complex Identification Algorithm Based on Hypergraph Network Embedding

WANG Jie' , YANG Xiancan' and ZHAO Xingwang®
1 School of Information, Shanxi University of Finance and Economics, Taiyuan 030006, China

2 School of Computer and Information Technology,Shanxi University, Taiyuan 030006, China

Abstract Protein complexes are crucial for understanding cellular functions and identifying biological processes, playing critical
roles in cell biology. The use of network clustering in PPI networks to identify protein complexes has become a hot research topic
in data mining and bioinformatics. A variety of computational methods have emerged to identify protein complexes. However,
most existing algorithms primarily use original network to detect dense subnetworks and fail to break through the limitations of
traditional graph structures for multi-node interactions. Aiming at the issue of many-to-many complex interaction characteristics
prevalent in biological networks,this paper proposes a novel protein complex identification method based on hypergraph network
embedding(PCIHNE). Through the ability of hypergraph networks,it firstly converts the original PPI network into a hypergraph
network. Then a hierarchical compression strategy recursively compresses the hypergraph into multiple smaller hypergraphs at
different levels, thereby constructing a multi-scale analysis framework. Next, hypergraph convolution is performed on each levels
to generate node representations at different granularities. These node representations are concatenated to obtain the complete
node representation. Based on the representations obtained from hypergraph learning,a weighted PPI network is constructed by
similarity on the original network. Finally,a core-attachment based strategy is used to obtain predicted protein complexes in the
weighted PPI network. It evaluates the effectiveness of PCIHNE by comparing it with other protein complex algorithms on multi-
ple yeast and human datasets. Experimental results demonstrate that PCIHNE is better than comparison protein complex identifi-
cation methods regarding F-measure and Accuracy metrics.
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Flowchart of algorithm
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4.1 HiE&E

ST TR Y R AR B VR T N 4% GavinlBT,
Gavin2®! ,K_extend™®"’, DIP'), BioGRID"", D) z A K HE 1
JH AR M 2 808E STRINGH , L CYC2008H F1 MIPSH Y
AE Ay BRTG TE BE BE 1 0 O B R 0 4 B 3, CORUNTS A g A3
BT AR A bR e 31T S 805 R B 28 25 T4l
F 1T PPTMEE Y HAKME B, X B R LB T A
R iR B

#1 PPIEEERGE

Table 1 PPI dataset informations

HlE % A H#ih
Gavinl 1352 3210
Gavin2 1430 6531
K_extend 3672 14317
DIP 4930 17201
BioGRID 4187 20454
STRING 9477 77295
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Table 2 Predicted gene ontology functional annotations for four protein complexes
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D T E A RE AR . - - 5
GO Term P-Value GO Term P-Value GO Term P-Value
5S class rRNA .
YBR123C,YAL0O01C, transcription factor
transcription by DNA binding )
a YGR047C, YDR362C, 2.33X10° 14 1.38x10 3 TFIIC complex 3.76 X101
RNA polymerase 111 GO:0003677
YOR110W, YPL0O07C G0O:0000127
G0O:0042791
YJL085W,YBR102C, X .
vesicle docking
YLR166C,YGL233W, . i X small GTPase
involved in exocytosis oo ) exocyst
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YMRI109W, YNRO35C,
YORI181W

GO:0045010

GO:0003779

GO:0030479




112

Com puter Science

HEHRE Vol. 52,No. 12, Dec. 2025

(83
& 4 3t #2 (BP) 7 f (MF) 40 0 4 2 (CCH
D REEED RS R TR LS L
GO Term P-Value GO Term P-Value GO Term P-Value
YBL038W,YBR122C,
YCR046C,YCRO71C,
YDR116C,YDR237W,
YDR296W, YDR322W, } } , , ,
mitochondrial structural constituent mitochondrial large
YDR462W,YGR220C, R . ; . . 2
d translation 1.47X10 %9 of ribosome 1.34X10 22 ribosomal subunit 8. 6410 36
YHR147C,YLR439W, N
G0:0032543 G0:0003735 G0O:0005762
YMLO009C, YMR193W,
YMR225C,YNL0O05C,
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