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Abstract

Graph Neural Networks (GNNs) have emerged as powerful models for learning on graph-
structured data, particularly for tasks like node classification, link prediction, and graph
clustering. This paper focuses on the application of GNNs to semi-supervised node
classification in social networks, where labeled data is scarce but the network structure is rich.
We implement and evaluate Graph Convolutional Networks (GCN), Graph Attention Networks
(GAT), and GraphSAGE on three public benchmarks: Cora, Citeseer, and PubMed. GATs
outperform other models in accuracy (up to 84.7% on Cora) due to their ability to assign
learnable importance weights to neighboring nodes. GraphSAGE demonstrates scalability
advantages for large graphs through neighborhood sampling. We explore the effect of feature
normalization, activation functions, and layer depth on classification accuracy and training
stability. Our experiments confirm that two-layer GNN architectures strike the best balance
between expressiveness and overfitting risk. We also assess model robustness to adversarial
perturbations and missing features. The results validate GNNs as state-of-the-art methods for
semi-supervised learning on social network data, enabling accurate label propagation through
graph topology. This paper contributes a practical guide to selecting and tuning GNN models
for network-centric machine learning applications.

2. Introduction

In real-world networks such as citation graphs, social media platforms, and communication
networks, data is often represented as graphs—structured collections of nodes (entities) and
edges (relationships). While deep learning has made significant advances in domains like
computer vision and NLP, its extension to graph-structured data posed challenges until the
emergence of Graph Neural Networks (GNNs). These models have enabled the application of
neural learning paradigms to graphs, making it possible to propagate label and feature
information through local and global graph structures.

A particularly relevant use case is semi-supervised node classification, where only a small
subset of nodes in a graph is labeled. This is typical in social networks, where full manual
labeling is expensive or impractical. GNNs offer a mechanism to exploit the rich relational
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information encoded in the graph structure to learn meaningful node representations that
generalize to unlabeled nodes.

In this paper, we evaluate three widely-used GNN architectures—Graph Convolutional
Networks (GCN), Graph Attention Networks (GAT), and GraphSAGE—on the task of semi-
supervised node classification using three benchmark datasets: Cora, Citeseer, and PubMed.
We study model performance under varying graph sizes, layer depths, and feature dropout
scenarios. Additionally, we examine the robustness of these models to adversarial feature
perturbations, and assess the impact of architectural choices such as activation functions and
normalization techniques. Our findings offer practical guidance for researchers and
practitioners selecting and tuning GNNs for graph-based learning tasks in networked
environments.

3. Comparison Criteria

To compare GCN, GAT, and GraphSAGE in a structured manner, we define the following
criteria:

1. Classification Accuracy

Measured on validation and test sets of Cora, Citeseer, and PubMed. Accuracy is the
primary metric for node classification effectiveness.

2. Scalability
The model’s ability to handle large-scale graphs efficiently, evaluated via runtime and
memory usage when scaling to 10k+ nodes.

3. Architectural Robustness

Measured by model sensitivity to changes in activation functions, layer depth (number
of hops), and feature corruption.

4. Interpretability
Evaluation of the model's transparency in learning from the graph, particularly via
attention weights in GAT or sampling visibility in GraphSAGE.

5. Resilience to Adversarial Perturbations

The performance drop when node features or edge connections are randomly or
adversarially modified.

6. Training Stability

Assessment of convergence behavior over epochs, gradient smoothness, and variance
in final accuracy across different seeds.
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These criteria help establish not only which model performs best on clean datasets, but which
ones are robust, scalable, and adaptable to real-world social network scenarios.

4. Methodology

4.1 Datasets

We use three standard citation network benchmarks for semi-supervised node classification:
e Cora: 2,708 scientific publications, 5,429 edges, 7 classes
o Citeseer: 3,327 documents, 4,732 edges, 6 classes
e PubMed: 19,717 articles, 44,338 edges, 3 classes

Each node is represented by a bag-of-words feature vector. Only 20 nodes per class are used
as labeled training data, with 500 validation and 1,000 test nodes per dataset, following Kipf
and Welling’s (2017) original GCN setup.

4.2 Model Architectures

1. GCN (Graph Convolutional Network)

Uses spectral convolution on graphs by propagating normalized feature vectors
through Laplacian smoothing.

2. GAT (Graph Attention Network)

Introduces self-attention mechanisms to assign learnable weights to neighboring
nodes before aggregating their features.

3. GraphSAGE
Employs inductive learning via neighborhood sampling and feature aggregation
(mean, LSTM, or pooling) to handle large graphs.

4.3 Experimental Setup
¢ Optimizer: Adam
¢ Learning rate: 0.01
e Dropout: 0.5
e Epochs: 200
¢ Hidden units: 16 per layer
o Layers: 1 to 4 tested; 2-layer chosen for core results

e Activation: RelLU vs. ELU tested
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e Normalization: LayerNorm vs. none
Models were implemented in PyTorch Geometric and trained on an NVIDIA RTX 2080 GPU.
4.4 Evaluation Pipeline

1. Train each GNN on each dataset using 2-layer architecture and default
hyperparameters

2. Record validation accuracy over time and final test accuracy
3. Repeat training with 10 random seeds and report mean * std.
4. Add adversarial noise to node features (10%) and observe accuracy degradation

5. Scale GraphSAGE to 100k nodes (synthetic graph) and log runtime/memory

5. Model A: Graph Convolutional Network (GCN)

The GCN model introduced by Kipf and Welling (2017) performs layer-wise propagation of
features via a first-order approximation of graph Laplacian filtering. Each GCN layer aggregates
features from immediate neighbors, followed by a non-linear activation.

Performance Summary:
e Cora:81.5% +0.7

Citeseer: 70.3% + 0.9

PubMed: 79.0% * 0.5

Training time (Cora): 3.2s

o Adversarial robustness: Moderate drop (~5% on 10% feature noise)
Strengths:
o Simple, fast, and easy to implement
e Performs well on small and moderately sized graphs
e Converges quickly with two-layer setups
Limitations:
e Sensitive to over-smoothing with >2 layers
o Struggles with highly imbalanced or large-scale graphs due to full-graph computation
e Lessinterpretable compared to attention-based models

GCN remains a strong baseline for semi-supervised learning but requires tuning and
normalization strategies to avoid degradation with increased depth or noisy input.
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6. Model B: Graph Attention Network (GAT)

Graph Attention Networks (GAT) extend GCNs by incorporating a self-attention mechanism
that dynamically weights the contribution of each neighbor during message passing. Instead
of treating all neighboring nodes equally, GAT learns an attention coefficient for each edge,

allowing the model to focus on more informative neighbors.
Performance Summary:

e Cora:84.7%+0.4

o Citeseer: 72.5% + 0.6

e PubMed: 79.8% £ 0.5

e Training time (Cora): 5.8s

e Adversarial robustness: Mildly resistant (3% drop on 10% feature noise)
Strengths:

e Best overall accuracy across datasets

¢ Learnable attention weights provide transparency

e Performs well under feature noise due to selective attention
Limitations:

¢ Slower training due to attention computations

o Slightly more prone to overfitting with deeper architectures

GAT is particularly valuable in heterogeneous or noisy graphs, where some neighbors may be
misleading. The ability to visualize and interpret attention weights makes GAT an ideal choice

for explainable GNN applications.

7. Model C: GraphSAGE

GraphSAGE (Graph Sample and Aggregate) is designed for inductive learning on graphs and
scales well to large datasets. It operates by sampling a fixed-size neighborhood and
aggregating features via mean, pooling, or LSTM-based functions. Unlike GCN and GAT,
GraphSAGE can generalize to unseen nodes and subgraphs, making it suitable for dynamic

social networks.
Performance Summary:

e Cora: 82.0% + 0.6

o Citeseer: 71.1% + 0.7

e PubMed: 78.6% + 0.6
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e Scalability Test (100k nodes): 3.4x faster training time than GCN
¢ Adversarial robustness: Similar to GCN (~5% drop)
Strengths:
e Excellent scalability for large graphs
e Supports mini-batch training and streaming data
o Easy to extend for inductive settings
Limitations:
e Accuracy slightly lower than GAT
e Requires tuning of sampling depth and aggregation function
e Interpretability depends on sampling method

GraphSAGE strikes a balance between performance and scalability, making it well-suited for
applications with evolving graph structures like recommendation systems and user behavior
modeling.

8. Comparative Analysis

The table below summarizes the performance of the three models across evaluation criteria:

Cora Citeseer PubMed Robustness
Model %) (%) (%) (VAcc Interpretability Scalability Best Use Case
° ° ? @Noise)
. General-
GCN 81.5 70.3 79.0 -5.0% Low Medium
purpose graphs
Noisy or
GAT 84.7 72.5 79.8 -3.0% High Medium heterogeneous
social networks
Large-scale and
GraphSAGE 82.0 71.1 78.6 -5.2% Medium High dynamic

networks
Key Observations:

e GAT consistently achieves the highest accuracy due to its attention mechanism, which
enables it to focus on informative neighbors and ignore noisy ones.

e GraphSAGE is best suited for scalability and real-time applications, especially when
node features are sparse or the network is growing.
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¢ GCN provides a strong and simple baseline but struggles with deeper architectures
due to over-smoothing.

The results suggest that GNN selection depends on data scale, label scarcity, and
interpretability needs. For small academic graphs, GCN and GAT are sufficient. For massive
online networks, GraphSAGE offers the best trade-off.
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Figure 1. Classification accuracy of GCN, GAT, and GraphSAGE models on three benchmark
datasets. GAT achieves the highest accuracy across all datasets, particularly on Cora and
Citeseer, due to its attention-based neighbor weighting. GraphSAGE shows competitive
performance with better scalability.

9. Conclusion

This paper presents a comparative study of three Graph Neural Network architectures—GCN,
GAT, and GraphSAGE—on the task of semi-supervised node classification in social network
data. Across three benchmark datasets (Cora, Citeseer, and PubMed), we evaluated each
model’s accuracy, scalability, robustness, and interpretability.

GAT demonstrated state-of-the-art performance due to its learnable attention mechanism,
excelling in both accuracy and robustness. GCN performed reliably as a lightweight model but
struggled with deeper architectures. GraphSAGE showed superior scalability and inductive
capabilities, particularly suited for real-time or large-scale graph applications.

We also explored how architectural choices such as layer depth, activation functions, and
sampling methods affect learning outcomes. Our findings reinforce that two-layer GNNs
provide optimal trade-offs, while deeper models risk overfitting or over-smoothing.

Future work should explore:

¢ Combining attention and sampling strategies
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Extending GNNs to heterogeneous and temporal graphs

Robustness against adversarial graph modifications

This study serves as a practical guide for deploying GNNs in social network analysis and
beyond, helping practitioners select and fine-tune models that balance performance,
interpretability, and scalability.
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