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Abstract: Graph neural networks (GNNs) have attracted widespread attention due to their powerful modeling capabilities,
and they are often used to solve node classification tasks on graphs. At this stage, the commonly used model with the
graph convolutional network (GCN) as the core solves such proble’mé. However, due to over-fitting and over-smoothing,
the deep node embedding representation effectis not positive. Therefore, this study proposes a graph convolutional neural
residual networks (GCNRN) model that combinés residual connection and self-attention based on GCN kernel to improve
the generalization ability of GCN. At the same time, in order to integrate more in-depth information, this study introduces
a fusion mechanism, uses fuzzy integral to fuse multiple classifiers, and finally improves the model testing accuracy. In
order to verify the superiority of the proposed method, this study uses ogbn-arxiv and commonly used citation datasets to
conduct comparative experiments. Compared with many existing models with GCN as the core, the GCNRN model has
an average improvement of node classification accuracy by 2% and avoids the traditional over-fitting and over-smoothing
phenomena. In addition, the experimental results show that the multi-classifier model with the fusion module based on
fuzzy integral has a better classification effect than the traditional fusion method.
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PLE H GCNRN #EAYTE ogbn-arxiv. Citseer Al PubMed
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Dataset Model accuracy valid macro_avg weighted_avg
MLP 0.5550+0.0023 0.5763+0.0012 0.4977+0.0037 0.5663+0.0041

GCN 0.7174+0.0029 0.7280+0.0016 0.5527+0.0036 0.7132+0.0031

ogbn-arsiv DeeperGCN 0.7112+0.0016 0.7262+0.0014 0.5548+0.0021 0.7111+0.0030
JKNet 0.7219+0.0021 0.7335+0.0010 0.5732+0.0023 0.7251+0.0017

GraphSAGE 0.7149+0.0016 0.7176+0.0010 0.5552+0.0022 % 0.7103+0.0023

GCNRN 0.7301+0.0024 0.7374+0.0022 0.6050+0.0021 0.7296+0.0014

MLP 0.5972+0.0101 0.6110+0.0091 0.5842+0.0077 0.5798+0.0064

GCN 0.8226+0.0054 0.8165+0.0027 0:8210+0.0013 0.8102+0.0017

Cora DeeperGCN 0.8561+0.0028 0.87§5i0.00:’,1 0.8588+0.0037 0.8614+0.0041
JKNet 0.8672+0.0017 0.8835+0.0022 0.8731+0.0010 0.8689+0.0016

GraphSAGE 0.8819+0.0029 0.8875+0.0013 0.8770+0.0023 0.8772+0.0022

GCNRN 0.8796+0.0023 0.8810+0.0025 0.8808+0.0021 0.8733+0.0017

MLP 0.5775+0.0105 0.5960+0.0092 0.5864+0.0061 0.5897+0.0088

GCN 0.7113+0.0112 0.7110+0.0122 0.7083+0.0030 0.6988+0.0119

Citeseer ' Deef)erGCN 0.7342+0.0037 0.7561+0.0033 0.7477+0.0026 0.7470+0.0039
JKNet 0.7477+0.0016 0.7553+0.0037 0.7482+0.0023 0.7571+0.0025

GraphSAGE 0.7598+0.0015 0.7683+0.0026 0.7538+0.0017 0.7624+0.0013

GCNRN 0.7613+0.0035 0.7768+0.0028 0.7642+0.0018 0.7627+0.0017

MLP 0.7315+0.0068 0.7339+0.0062 0.7330+0.0055 0.7357+0.0031

GCN 0.7889+0.0071 0.7891+0.0063 0.7727+0.0038 0.7887+0.0083

PubMed DeeperGCN 0.7979+0.0047 0.8008+0.0055 0.7960+0.0049 0.7998+0.0041
JKNet 0.8732+0.0030 0.8782+0.0033 0.8677+0.0023 0.8738+0.0029

GraphSAGE 0.8801+0.0029 0.8830+0.0041 0.8811+0.0015 0.8825+0.0019

GCNRN 0.8878+0.0027 0.8913+0.0022 0.8891+0.0013 0.8857+0.0022
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*4 BRREAER

Btk N THk L ONERES Bk BOBIAR T
<GCNRN, JKNet, GraphSAGE> 0.7174+0.0017 0.7156+0.0026 0.7184+0.0022 0.7335+0.0025
ogbn- <GCNRN, JKNet> 0.7126+0.0019 0.7058+0.0016 0.7014+0.0021 0.7312+0.0016
arxiv <JKNet, GraphSAGE> 0.7219+0.0023 0.7186+0.0018 0.7050+0.0033 0.7260+0.0019
<GCNRN, GraphSAGE> 0.7219+0.0014 0.7186+0.0019 0.7050+0.0017 0.7283+0.0013
<GCNRN, JKNet, GraphSAGE> 0.8763+0.0022 0.8800+0.0022 0.8726+0.0022 0.8982+0.0027
Cora <GCNRN, JKNet> 0.8745+0.0023 0.8763+0.0027 0.8735+0.0017 0.8835+0.0022
<JKNet, GraphSAGE> 0.8671+0.0027 0.8653+0.0026 0.8726+0.0024 0.8892+0.0029
<GCNRN, GraphSAGE> 0.8819+0.0029 0.8819+0.0023 0.8837+0.0022 0.8929+0.0037
<GCNRN, JKNet, GraphSAGE> 0.7657+0.0011 0.7657+0.0014 0.7672+0.0026 0.7867+0.0025
Citeseer <GCNRN, JKNet> 0.7687+0.0023 0.7612+0.0031 0.7522+0.0032 "‘«, 0.7792+0.0026
<JKNet, GraphSAGE> 0.7687+0.0021 0.7687+0.0023 0.7537+0.0027 70.7822+0.0024
<GCNRN, GraphSAGE> 0.7657+0.0031 0.7627+0.0029 0.7552+0.0033" 0.7837+0.0032
<GCNRN, JKNet, GraphSAGE> 0.8871+0.0023 0.8884+0.0020 © 0.8846+0.0016 0.8945+0.0017
PubMed <GCNRN, JKNet> 0.8823+0.0025 0.884k\i0.002§' " 0.8785+0.0025 0.8904+0.0015
<JKNet, GraphSAGE> 0.8820+0.0021 0.8831%0.0023 0.8742+0.0026 0.8846+0.0025
<GCNRN, GraphSAGE> 0.8891+0.0019 0.8899+0.0019 0.8803+0.0027 0.8939+0.0024
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