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A New Hybrid Deep Learning Model for Homologous Protein De-
tection

ZHANG Qian' ,SUN Yijia®* ,BAI Lin**, LI Taoshen”"*
(1. The First Affiliated Hospital of Guangxi Medical University, Nanning, Guangxi, 530021, China; 2. School of Computer, Elec-
tronics and Information, Guangxi University, Nanning,Guangxi, 530004 ,China; 3. Guangxi Colleges and Universities Key Labora-

tory of Parallel and Distributed Computing Technology,Nanning,Guangxi,530004 ,China)

Abstract; It is an important challenge in the field of bioinformatics research to detect its homologous proteins
based on protein amino acid chains and to predict the function of proteins. It is also a basic research content
in many biomedical research fields with important scientific research value and extensive application require-
ments. The research difficulties are how to learn effective and useful protein feature information for homolo-
gous protein prediction and how to better use protein feature information to achieve detection and recognition
of homologous proteins. In order to solve the key difficulties in the research of homologous protein detection
and recognition, this paper proposed a homologous protein detection and recognition model based on hybrid
deep learning architecture (HDLM-PHP). By using a unified "pipelined" deep learning architecture, protein
feature learning and detection and recognition were unified into a single entity to improve the efficiency of ho-
mologous protein detection and recognition. The model used multiple sets of parallel deep convolutional neu-
ral networks to learn various attribute information of proteins and to obtain rich and advanced correlation fea-
tures between the protein to be detected and the target protein. The multi-layer RBM structure through full
connection was used to fuse and refine these correlation features into global correlation features. Through a
unified deep network connection, the most effective and comprehensive protein feature information for ho-
mologous protein prediction was achieved, which guided by detection and recognition tasks. On the standard
dataset SCOPe, performance and efficiency evaluation of the proposed model was performed. The experi-
mental results show that the proposed model can effectively learn the task-oriented protein characteristic data
and improve the accuracy and recall rate of homologous protein detection and recognition. The performance
of this model is superior to existing models and algorithms.

Key words: hybrid deep learning, homologous proteins, deep convolution neural network, protein feature
learning,deep learning model, machine learning algorithm
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