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! Embedding

2 Graph Neural Networks (GNNs)

3 Graph Convolutional Networks (GCNSs)

4 Graph Attention Networks (GATS)

5 Graph SAmple and aggreGatE (GraphSAGE)
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¢ Principal Component Analysis (PCA)

7 T-Distributed Stochastic Neighbor Embedding (t-
SNE)

8 Uniform Manifold Approximation and Projection
(UMAP)
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! Accuracy

2 Precision

3 Recall

4 F1-score

5 Confusion matrix
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7 Quantum Graph Neural Networks (QGNN)

8 ElectroEncephaloGraphy (EEG)

9 Generalized PageRank Graph Neural Networks
10 Homophilic

11 Heterophilic

12 personalized Propagation of Neural Predictions
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! Long Short Term Memory (LSTM)
2 Pooling

3 Inductive

4 State-of-the-art

5 Expressive power

¢ Motifs
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9 Peripheral nodes
19 Triangles

11 Betweenness

12 Eigenvector

13 Bridges

14 Influencers

15 Restart
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! Regularization

2 Feature augmentation

3 Degree

4 Clustering coefficient

3 Centrality

¢ Dual Adaptive PageRank Graph Neural Network
7 PageRank-based Mixed Random Network

8 Hubs
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! Class logits

2 Adaptive Moment Estimation (Adam)
3 Learning rate

4 Weight decay

3 Cross-entropy loss function

¢ Epochs
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Abstract

This paper presents a simple yet effective approach to enhance the
performance of Graph Neural Networks (GNNS) in node classification
tasks. The proposed method involves incorporating the PageRank score—
a global centrality metric—into node feature vectors to integrate broader
contextual information beyond local neighborhoods. To evaluate the
approach, three well-known GNN architectures—Graph Convolutional
Networks (GCNs), Graph Attention Networks (GATs), and
GraphSAGE—are tested on the Cora, CiteSeer, and PubMed citation
network datasets. Model performance is assessed using standard metrics
such as accuracy, precision, recall, F1 score, along with visual analyses
based on Principal Component Analysis (PCA), t-distributed Stochastic
Neighbor Embedding (t-SNE), and Uniform Manifold Approximation and
Projection (UMAP). Experimental results demonstrate that adding the
PageRank score leads to a significant improvement in classification
accuracy, particularly in GATs, which benefit more from the additional
global information. Despite its simplicity, the proposed method incurs
minimal computational overhead and delivers consistent and reliable
performance across datasets. Finally, the paper discusses the potential
extension of this strategy through the integration of other centrality
measures and its application to larger or heterogeneous graphs.

d :10.22034/ABMIR.2025.23200.1130

E-ISSN: 2821-2037

access article under the CC BY 4.0 License (https://creativecommons.org/licenses/by/4.0/).

/The Author 2025. Published by Yazd University This is an open

(OMOM

Improving Node Classification Accuracy in Graph Neural Networks Using

PageRank as an Additional Node Feature



https://portal.issn.org/resource/ISSN/%E2%80%AA2821-2037

	حسینی
	e_حسینی



