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[ Abstract] Existing methods used for academic paper classification neglect relational information. To address this
issue, this paper proposes a novel classification model that integrates a Graph Convolutional Network (GCN) with
contrastive learning, called a Contrastive Graph Convolutional Network (CGCN). First, two distinct types of
homogeneous-heterogeneous relational information are defined based on the content and citations of papers, and
they are transformed into self-supervised information to construct contrastive loss. Second, contrastive loss is
employed to enhance the feature extraction process of the GCN, such that homogeneous papers are extracted to be
close to one another, while heterogencous papers remain distant. Third, cross-entropy loss and the Softmax
function are utilized to complete “end-to-end academic paper classification. When tested on three benchmark
academic datasets, the CGCN outperforms advanced baselines in the classification task. Its Micro-F1 and Macro-F1
scores are higher than those of the original GCN by 8. 29 and 7. 91 percentage points, respectively, on the Cora
dataset. The CGCN enhances the capacity to represent potential information in papers by employing a contrastive
loss based on a homogeneous—heterogeneous relationship, thereby improving the prediction accuracy and
generalization. This method provides innovative ideas and methods for academic paper classification.
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Table 1 Statistical information of academic paper datasets

Datasets Subject Word Embeddings ~ Number of Papers  Number of Citations Number of Attributes Number of Topics
Cora Machine Learning Bag-of-Words 2 708 5429 1433 7
Citeseer Information Science Bag-of-Words 3327 4732 3703 6
PubMed Medical Science TF-IDF 19 717 44°338 500 3
ACM Computer Science Bag-of-Words 3025 13 128 1870 3
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Table 2 Experimental results of academic paper classification %
Methods Cora Citeseer PubMed ACM
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

MLP 62.92 57.15 62.58 52. 20 82. 05 82.35 85.42 85.32
KAN 55.41 50. 23 62.11 53. 36 81.70 81.99 86. 39 86. 38
Transformer 72.23 68. 82 72.22 64. 96 82. 46 82.71 90. 43 90. 41
GCN 76. 25 75.16 71.23 64. 69 75.97 75.54 90. 97 90. 88
LLGC 55.25 40. 19 73.22 61. 28 61. 60 50. 49 81. 37 81. 20
GAT 74. 90 73.51 70. 49 63. 80 77.03 76.52 90. 42 90. 35
SuperGAT 80. 92 79.25 74.74 63. 08 75.79 75.58 90. 39 90. 28
GKAN 79.16 77.99 72.12 60. 60 78.08 77.59 90. 77 90. 67
CGCN 84. 54 83.07 74.79 67.97 83.99 83. 63 91.28 91.22
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Fig.2 Experimental results of paper classification with different training rates
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