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ABSTRACT

Detecting financial fraud is a complex and evolving challenge, particularly because of the relational nature of
transaction data, graph sparsity, and severe class imbalance. To the best of our knowledge, this study represents
one of the first systematic benchmarks of five prominent Graph Neural Network (GNN) architectures, GCN, GAT,
GraphSAGE, GIN, and SGCN, for fraud detection under balanced and imbalanced conditions across multiple
public datasets. We explicitly evaluate the impact of the Synthetic Minority Oversampling Technique (SMOTE) on
graph-based fraud detection performance, an aspect that has rarely been addressed in prior research. The com-
parative analysis considers predictive performance (AUC, F1-Score, Precision, Re-call) and computational effi-
ciency to provide actionable guidance for real-world development. The experimental results show that
GraphSAGE offers the best trade-off between accuracy and execution time for laten-cy-sensitive environments,
while GAT'’s attention mechanism supports offline, interpretability-driven analysis. These findings provide empir-
ical evidence to inform GNN selection strategies for scalable and effective fraud detection systems.

Keywords: fraud analysis, graph neural networks, imbalanced dataset, SMOTE.

I. INTRODUCTION

RAUD detection in financial transactions is a critical challenges for banks, financial institutions,
F and online marketplaces [1], [2], [3]. Structured data plays a pivotal role in fraud detection, as it

captures important relationships between entities such as users, accounts, and transactions. These
relational patterns often help identify fraudulent activities, particularly in large-scale financial
ecosystems where anomalies may be subtle and context-dependent. Although traditional rule-based and
statistical techniques have been widely adopted, their effectiveness decreases as fraud patterns become
more adaptive and complex. Machine learning methods have emerged as a robust alternative because
they can learn discriminative patterns from transactional data [4], [5], [6], [7]. Among these approaches,
Graph Neural Networks (GNNs) have gained attention due to their ability to model complex
relationships between entities, such as users, transactions, and accounts. By using graph structures,
GNNs can capture hidden patterns that conventional methods may overlook, making them a promising
solution for financial fraud detection.

Despite the success of GNNs in fraud detection [8], [9], [10], [11], [12], [13], [14], existing research
has primarily focused on individual models without extensive comparative studies. Most studies show
the effectiveness of GNNSs in detecting fraud by leveraging relational data, but they often analyze only
one model or a limited set of architectures. Moreover, key challenges such as class imbalance, adver-
sarial robustness, and computational efficiency remain underexplored. Although some works propose
model enhancements, systematic benchmarking across multiple GNN architectures using real-world
fraud datasets remains limited. This gap highlights the need for a deeper investigation into the compar-
ative performance of different GNN models for fraud detection.

To address these research gaps, this study provides a comprehensive comparison of various GNN
architectures applied to financial fraud detection. Unlike prior research that focuses on isolated models,
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this work systematically evaluates multiple GNN variants, including Graph Convolutional Networks
(GCNs) [15], Graph Attention Networks (GATs) [16], GraphSAGE [17], Graph Isomorphism Networks
(GINs) [18], and Simplified Graph Convolutional Networks (SGCNs) [19]. Furthermore, key perfor-
mance metrics such as accuracy, recall, and computational cost are examined to assess their practical
feasibility in real-world fraud detection scenarios. Thus, the contributions of this study are threefold.
1) A systematic comparison of five GNN models across multiple fraud datasets.
2) An explicit evaluation of SMOTE’s effect on graph-based fraud detection.
3) A performance and computational cost trade-off analysis that offers guidance for deployment in
latency-sensitive and interpretability-focused applications.

By quantifying these trade-offs, we aim to inform the selection of GNN architectures in practical fraud
detection systems and provide a foundation for future hybrid or dynamic graph approaches.

The remainder of this paper is structured as follows. Section 2 reviews the background of GNN ap-
plications. Section 3 describes methodology and experimental setup. Section 4 presents the results and
analysis. Section 5 concludes with key takeaways and future research directions.

II. BACKGROUND

Graph Neural Networks (GNNs) have emerged as a powerful deep learning paradigm for processing
graph-structured data. Unlike traditional machine learning methods that operate on tabular data, GNNs
use the connectivity and relationships within graphs to improve learning performance. In the context of
fraud detection, financial transactions can be naturally represented as graphs, where nodes correspond
to entities such as users or accounts, and edges represent interactions such as transactions. This struc-
tured representation enables GNNs to uncover complex patterns that may indicate fraudulent behavior.

A. Graph Neural Networks

GNN s extend conventional neural networks by incorporating graph structures through message pass-
ing and node aggregation mechanisms. Given a graph G = (V' ,E), where V represents nodes and E

represents edges, the general update rule in a GNNs is expressed as (1) where hf,l) denotes the represen-
tation of node v at layer [, ' (v) represents the set of neighboring nodes, f (.) is an aggregation func-
tion that varies accross different GNN architectures, W® is a trainable weight matrix, and o is a non-
linear activation function.

Several variants have been proposed to improve standard GNN performance, including Graph Con-
volutional Networks (GCNs), Simplified Graph Convolutional Networks (SGCNs), GraphSAGE, Graph
Attention Networks (GATSs), and Graph Isomorphism Networks (GINs). GCNs employ a spectral-based
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convolution operation that smooths node features across edges, defined as (2) where H(is the node
feature matrix at layer [, A = A + I is the adjacency matrix with self-loops, and D is the diagonal degree
matrix. In contrast, SGCNs remove the non-linearity () and compress multiple graph convolutional
layers into a single operation. Therefore, instead of stacking multiple layers, SGCNs apply one matrix
multiplication with the precomputed propagation matrix. The SGCN update rule is simplified as (3).

GATs enhance message passing by introducing attention weights, allowing nodes to prioritize infor-
mation from important neighbors as we see in (4). GraphSAGE extends GNNs through inductive learn-
ing, allowing the model to generalize to unseen nodes. Instead of relying on the full adjacency matrix,
GraphSAGE samples a fixed number of neighbors and aggregates their features as we see in (5) where
AGG can use mean aggregation, LSTM-based aggregation, or max pooling. GraphSAGE improves
scalability, making it suitable for large-scale fraud detection in financial networks. Meanwhile, GINs
strengthen the expressive power of GNNs by using a multi-layer perceptron (MLP) for feature transfor-
mation. The update rule is expressed as (6) where € is a learnable parameter that controls the weight of
self-information. GINs are particularly effective in distinguishing complex graph structures, making
them useful for detecting subtle fraud patterns that other GNN models may overlook.

III. RESEARCH METHOD

A. Research Design

This study employs an experimental research design to systematically evaluate the effective-ness of
different Graph Neural Network (GNN) models in detecting fraudulent transactions. The methodology
consists of several key stages: data preprocessing, graph construction, model training, evaluation, and
performance analysis. The primary objective is to assess the impact of different GNNs architectures on
fraud detection performance while addressing the challenges posed by imbalanced datasets. The re-
search follows a structured workflow.

1) Dataset Preprocessing: Raw financial transaction data undergoes cleaning, encoding, and normali-
zation to ensure consistency. Fraudulent and legitimate transactions are labeled accordingly.

2) Graph Construction: Transaction networks are represented as graphs, where nodes correspond to
entities, such as users or accounts, and edges represent transactions. Node fea-tures and edge at-
tributes are extracted for meaningful representation.

3) Model Implementation: Five GNN models, GCNs, GraphSAGE, GATs, GINs, and SGCNs, are
implemented using PyTorch Geometric. These models are trained and tested on both the original
dataset and a synthetic oversampled dataset using SMOTE.

4) Evaluation and Analysis: Model performance is assessed using multiple fraud detection metrics,
including F1-score, AUC-ROC, and precision-recall curves. The effect of class imbalance on
model performance and the impact of SMOTE balancing techniques are also analyzed.

B. Datasets

The study uses four financial fraud datasets: Bank Fraud [20], IEEE-CIS [21], PaySim [22], and E-
commerce [23]. Each dataset has a highly imbalanced class distribution, where fraudulent transactions
are significantly outnumbered by legitimate ones. These datasets contain transactional details, including
amount, timestamp, sender and receiver IDs, transaction type, and location. The dataset details are sum-
marized in Table 1. Handling these imbalanced datasets is crucial because training models on skewed
distributions may lead to biased predictions that favor the majority class.

1) Data Preprocessing and Cleaning

Before graph representations are constructed, the datasets undergo preprocessing and cleaning to en-
sure consistency and improve model performance. The following steps are applied:

e Missing Value Handling: Transactions with missing values in critical fields, such as amount,
sender ID, and receiver ID, are either removed or imputed using statistical methods, such as mean
or mode imputation.
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TABLE 1
DATASETS DETAILS
Dataset Total Transactions  Fraudulent Transactions  Legitimate Transactions  Fraud Ratio (%)
Bank Fraud 45211 5289 39922 11.70
E-commerce 1472952 73838 1399114 5.01
IEEE-CIS 10000 351 9649 3.51
PaySim 100000 20000 80000 20
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Figure 1. Graph Construction Process

Xnew = X+ A (xyy — x;), A~U(0,1) (7

e Feature Encoding: Categorical features, such as transaction type (e.g., transfer, cash-out, pay-
ment), are encoded using one-hot encoding or label encoding for compatibility with numerical
models.

e Normalization: Continuous variables, such as transaction amount, frequency, and balance
changes, are normalized using min-max scaling.

e Duplicate Removal: Identical transaction records are removed to prevent data leakage and over-
fitting.

e Graph Feature Extraction: The cleaned dataset is transformed into a graph-based structure by
extracting node features, such as transaction history, account balance, and number of past frauds,
and edge features, such as transaction amount, frequency, and transaction type.

2) Handling class imbalance

Fraud datasets are typically highly imbalanced, with fraudulent transactions making up less than 5%
in some cases. This study implements the Synthetic Minority Over-sampling Technique (SMOTE) [24],
[25] to oversample the minority fraud class in the node feature space. Specifically, SMOTE is applied
after feature extraction and normalization but before GNN training, so it does not modify the original
graph topology. This method generates synthetic fraudulent transactions to balance the dataset and pre-
vent the models from overfitting to the majority class. SMOTE generates synthetic samples using the k-
nearest neighbors (KNN) approach: for each minority-class instance x;, identify its k-nearest neighbours
in the minority class, randomly select a neighbor xpy, and generate a synthetic sample x,,,using linear
interpolation.

Based on (7), 4 is a random number sampled from a uniform distribution. By oversampling the mi-
nority class, SMOTE effectively mitigates class imbalance in this study. For comparison, the models’
performance is also evaluated without SMOTE balancing.
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SMOTE was chosen over other balancing algorithms, such as random oversampling or ADASYN,
because of its stability and its ability to generate synthetic samples that better preserve the original data
distribution. This reduces the risk of overfitting and supports more consistent model performance.

3) Graph Construction

Figure 1 illustrates the graph construction process used in this study. Each dataset is represented as a
transaction graph in which nodes correspond to user or account entities, and edges represent transac-
tional interactions between them. The resulting graphs are modeled as directed graphs, reflecting the
sender—receiver relationship inherent in financial transactions. Edge weights encode transaction-related
attributes, such as transaction amount and interaction frequency, while unweighted edges are used when
such information is unavailable.

Node features are derived through domain-specific aggregation of transactional records and include
attributes such as transaction frequency, average transaction amount, account age, balance variation, and
historical fraud count. Edge features capture transactional characteristics including amount, transaction
type, and temporal occurrence. Before graph generation, all continuous features are normalized using
min-max scaling, and categorical attributes are encoded using one-hot or label encoding, as appropriate.

The final graph is constructed using the PyTorch Geometric framework and represented as a tuple
G = (X,E, A), where X denotes the node feature matrix, £ denotes the edge index and attributes, and A
denotes the adjacency structure. No domain-specific pruning or edge augmentation is applied beyond
the original transactional relationships, ensuring that the constructed graphs accurately reflect the un-
derlying data distributions and can be reliably reproduced.

C. Evaluation Metrics

Four main evaluation metrics are used in this study: accuracy, F1-Score, and AUC-ROC. is defined
as the ratio of correctly classified transactions, both fraudulent and legitimate, to the total number of
transactions. Mathematically, accuracy is expressed as (8) where TP (True Positives) refers to correctly
classified fraudulent transactions, TN (True Negatives) refers to correctly classified legitimate transac-
tions, FP (False Positives) refers to legitimate transactions incorrectly classified as fraudulent, and FN
(False Negatives) refers to fraudulent transactions incorrectly classified as legitimate.

Although accuracy provides an overall measure of classification performance, it may be unreliable in
highly imbalanced datasets, such as fraudulent financial transaction datasets. For this reason, the F1-
Score is also used because it balances precision and recall to provide a more meaningful evaluation in
fraud detection tasks. The F1-Score is defined as (9) where (10).

Precision measures the proportion of predicted fraud cases that are actually fraudulent, whereas recall
indicates the proportion of actual fraudulent transactions correctly identified by the GNNs. High preci-
sion means fewer false alarms, while high recall ensures that most fraud cases are detected.

Another important metrics for class imbalance is the Area Under the Receiver Operating Character-
istics Curve (AUC-ROC). This metric evaluates the model’s ability to distinguish between fraudulent
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Figure 2. AUC Comparison of Each GNN Model Without SMOTE Balancing: (a) bank fraud; (b) e-commerce; (c) IEEE-CIS; and (d) PaySim.

and legitimate transactions across different classification thresholds. The ROC curve plots the True Pos-
itive Rate (TPR) against the False Positive Rate (FPR), where (11). AUC is computed as the sum of the
areas under the ROC curve, often using the trapezoidal rule [26], which approximates it as (12). Equation
(12) estimates AUC by summing the areas of trapezoids formed between consecutive points on the ROC
curve. A higher AUC value, closer to 1, indicates better model performance in distinguishing fraudulent
transactions from legitimate ones.

D. Experimental Setup

The experiments were conducted on a system equipped with an NVIDIA RTX 3060 GPU with 4 GB
VRAM, an Intel Core i5 processor, 16 GB RAM, and running Ubuntu 22.04, while the software envi-
ronment consisted of Python 3.13.2, PyTorch 2.6, and PyTorch Geometric 2.6.1. Five Graph Neural
Network (GNN) models were implemented using PyTorch Geometric with a learning rate of 0.001,
batch size of 512, 50 training epochs, Adam optimizer, hidden layer size of 64, and a dropout rate of
0.5. The experiments were executed on a high-performance computing environment utilizing an
NVIDIA GPU to accelerate the training process. Furthermore, each model was trained using 80% of the
dataset and evaluated on the remaining 20% unseen test set while preserving the original class distribu-
tion.

IV. RESULTS AND DISCUSSION

This section discusses and analyzes the experimental results of the comparison of each GNN approach
in detecting fraudulent transactions. Since the dataset is highly imbalanced, the experiment is divided
into two conditions: with a balancing technique, namely SMOTE, and without balancing.

A. Experiment Without SMOTE

First, the performance comparison of each GNN method is illustrated in Figure 2. Figure 2 presents
the AUC curve of GNN performance without SMOTE balancing. Across all datasets, GINs consistently
achieve the highest AUC scores, particularly in the PaySim (0.98) and Bank Fraud (0.89) datasets.
GraphSAGE and GATs also show strong and competitive performance, reinforcing their effectiveness
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TABLE 2
ACCURACY AND F1-SCORE OF GNN MODELS WITHOUT SMOTE
2-Layer GCN GraphSAGE GAT GIN SGCN
Dataset Accuracy  F1-Score Accuracy  F1-Score Accuracy F1-Score Accuracy FI1-Score Accuracy Fl1-Score
Bank Fraud 0.89 0.339 0.89 0.42 0.89 0.42 0.88 0.43 0.87 0.42
E-commerce 0.95 0.20 0.95 0.16 0.95 0.19 0.94 0.08 0.94 0.25
IEEE 0.96 0.22 0.96 0.22 0.96 0.22 0.96 0.18 0.94 0.22
PaySim 0.88 0.68 0.92 0.79 0.91 0.77 0.94 0.87 0.85 0.58
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Figure 3. GNN Experiment Using SMOTE: (a) bank fraud; (b) e-commerce; (c) IEEE-CIS; and (d) PaySim.

in capturing complex fraud patterns. SGCNSs, on the other hand, consistently underperform, indicating
that their simplified convolutional approach is less effective.

Furthermore, Table 2 summarizes the performance of GNN models on different fraud detection da-
tasets using accuracy and F1-score as key metrics. Across all datasets, accuracy remains consistently
high, ranging from 0.94 to 0.96 in most cases, with minimal variation among models. However, F1-
scores show significant differences, reflecting the challenges caused by class imbalance. On the Bank
Fraud dataset, GraphSAGE, GATs, and GINs achieve the highest F1-scores (0.42—0.43), while GCNs
performs notably lower at 0.339. In the E-commerce dataset, despite all models maintaining high accu-
racy (0.94-0.95), Fl-scores vary widely, with SGCNs achieving the highest score (0.25) and GINs the
lowest score (0.08). The IEEE-CIS dataset shows uniform accuracy (0.94—0.96), but with low F1-scores
(0.18-0.22), indicating difficulty in fraud detection. In contrast, the PaySim dataset yields the highest
F1-scores, with GINs performing best (0.87), followed by GraphSAGE (0.79) and GATs (0.77), while
SGCNs underperform at 0.58.

B. Experiment With SMOTE

To reduce the impact of class imbalance and improve the predictive performance of Graph Neural
Network (GNN) models in fraud detection tasks, the Synthetic Minority Over-sampling Technique
(SMOTE) was applied to generate additional synthetic samples for the minority class. This approach
aimed to improve the models' ability to correctly classify fraudulent transactions, which are often un-
derrepresented in real-world datasets. Figure 3 illustrates the AUC score of each GNN model. The re-
sults indicate that each GNN model performs better with SMOTE than without SMOTE.

Among the tested models, GINs achieved the highest AUC scores, reaching 0.97 on the IEEE dataset
and 0.98 on the PaySim dataset. GATs followed closely, with AUC scores of 0.91 on Bank Fraud and
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TABLE 3
ACCURACY AND F1-SCORE OF GNN MODEL WITHOUT SMOTE
2-Layer GCN GraphSAGE GAT GIN SGCN

Dataset Accuracy  Fl-Score Accuracy Fl1-Score Accuracy FI1-Score Accuracy F1-Score Accuracy F1-Score
Bank Fraud 0.84 0.84 0.84 0.85 0.84 0.85 0.85 0.85 0.80 0.81
E-commerce  0.73 0.72 0.74 0.73 0.74 0.73 0.74 0.73 0.72 0.71
IEEE-CIS 0.89 0.89 0.90 0.90 091 091 0.92 0.92 0.79 0.80
PaySim 0.87 0.87 0.90 0.90 091 091 0.93 0.92 0.79 0.78

TABLE 4

TIME EXECUTION ANALYSIS
Dataset 2-Layer-GCN  GraphSAGE GAT GIN SGCN

Bank Fraud 1.07 £0.05 0.66 +£0.03 1.9+0.1 0.73+0.04 0.64+0.03
E-commerce 1.47 +£0.07 0.34 £0.02 0.8 +0.05 03+0.02 0.33+£0.02
IEEE-CIS 0.57+£0.03 027+£0.02 0.65+0.03 0.26+0.02 0.25+0.02
PaySim 30+ 1.5 23+1.2 478 £20 66+ 3 70+ 3

0.94 on IEEE. GraphSAGE consistently performed well across datasets, with AUC scores ranging from
0.80 on E-commerce to 0.95 on IEEE. The 2-Layer GCN showed moderate performance, with AUC
values between 0.78 on E-commerce and 0.94 on PaySim. SGCNs had the lowest AUC scores across
all datasets, with values ranging from 0.75 on E-commerce to 0.86 on IEEE. Compared with the exper-
iment without SMOTE, the AUC scores increased across all models and datasets. The most significant
improvement was observed in the IEEE dataset, where GINs” AUC score increased from 0.79 to 0.97,
and GraphSAGE’s AUC in-creased from 0.77 to 0.95.

Furthermore, Table 3 presents the accuracy and F1-scores of various GNN models with SMOTE
across four datasets. For the Bank Fraud dataset, GINs achieved the highest accuracy and F1-score, both
at 0.85, while GraphSAGE and GATs followed closely with an F1-score of 0.85. The 2-Layer GCN
model recorded an accuracy and F1-score of 0.84, whereas SGCNs had the lowest performance, with
an accuracy of 0.80 and an F1-score of 0.81. In the E-commerce dataset, GraphSAGE, GATs, and GINs
achieved the highest accuracy and F1-scores at 0.74 and 0.73, respectively. The 2-Layer GCN model
recorded an accuracy of 0.73 and an Fl-score of 0.72, while SGCNs had the lowest values, with an
accuracy of 0.72 and an F1-score of 0.71.

C. Time Execution Analysis

The time analysis of different GNN models across multiple datasets reveals significant variations in
computational efficiency. Table 4 shows the time needed to execute each GNN model. GraphSAGE and
SGCNs consistently outperform other models in terms of speed, making them suitable for large-scale
datasets. SGCN’s efficiency comes from its simplified architecture, which removes unnecessary non-
linearity and reduces computation time. GraphSAGE, by contrast, benefits from its neighbor-sampling
mechanism, which avoids processing the full adjacency matrix as GCN does. Meanwhile, GINs show
slightly higher execution times than GCNs because of their MLP-based aggregation, which offers im-
proved expressiveness at a small computational cost. In contrast, GATs require the highest execution
time, particularly on larger datasets, because of their pairwise attention computations. This trade-off
makes GATs less favorable for large-scale graphs unless attention mechanisms are essential for the
application.

Dataset size plays a major role in determining execution time, with PaySim showing significantly
longer runtimes across all models because of its larger scale. The Bank Fraud and IEEE-CIS datasets
are smaller and show much lower execution times, making them easier to process. The E-commerce
dataset falls between these two conditions and shows moderate complexity. These findings suggest that
GraphSAGE and SGCN are preferable choices for large datasets where efficiency is a priority, while
GINs and GCNs serve as balanced alternatives when computational cost is not a major constraint. GATs,
despite their expressiveness, remain the most computationally expensive and should be reserved for
cases where attention-based mechanisms provide clear benefits.

D. Discussion

The findings of this study resonate with a growing body of recent research on GNNs in fraud detection
and resource-constrained environments. For instance, the GAT-COBO framework [27] demonstrated
the value of attention mechanisms in cost-sensitive fraud detection, although with an increased compu-
tational burden. Similarly, the heterogeneous GNN approach [28], which integrates graph attention and
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a temporal decay mechanism with SMOTE and cost-sensitive learning, achieved notable improvements
over benchmarks such as GCNs, GATs, and GraphSAGE on the IEEE-CIS dataset. These contemporary
studies align with our observation that GINs and GATs offer expressive gains, particularly under imbal-
ance and temporal complexity. However, our results contrast with findings in benchmark-based studies
[8], [9], [10], [11], [12], which sometimes show minimal performance differences across simple GNN
architectures under controlled conditions. By evaluating multiple GNNs across four distinct fraud da-
tasets under both imbalanced and SMOTE-balanced conditions, this study fills a critical gap in under-
standing how architectural expressivity, imbalance handling, and real-world scale interact.

From an operational standpoint, GraphSAGE emerges as a highly appropriate model for deployment
in latency-sensitive domains such as banking and e-commerce fraud detection. Its neighbor-sampling
strategy enables efficient scaling to large graphs without substantially com-promising predictive perfor-
mance, making it a practical choice for real-time inference pipelines. In contrast, GAT, while delivering
strong discrimination and richer interpretability through its attention mechanism, requires substantially
higher computational costs and is better suited for offline analysis or audit contexts where model ex-
plainability is prioritized over low-latency operation. These findings highlight a previously underex-
plored trade-off: practitioners often focus on standalone model performance rather than aligning GNN
architecture with operational constraints. Our integrated analysis of performance metrics, execution
time, and imbalance treatment addresses this oversight and offers actionable guidance for model selec-
tion in real-world fraud detection systems.

Specific architectural features and topologies consistently influenced model performance across da-
tasets and imbalance ratios. Models with expressive aggregation, such as GIN with its MLP-based neigh-
borhood encoding and GAT with attention-driven weighting, consistently improved recall for minority
classes, particularly when paired with SMOTE. Conversely, GraphSAGE used its sampling mechanism
to maintain a favorable balance between scalability and accuracy, especially in high-throughput scenar-
i0s. Meanwhile, the oversimplified design of SGCN, although computationally efficient, consistently
underperformed in detecting rare fraud classes, showing that excessive architectural simplicity can re-
duce sensitivity. These patterns underscore a key implication: fraud-detection GNNs must be both ar-
chitecturally expressive and operationally practical, tailored not only to accuracy metrics but also to
graph topology, class imbalance, and deployment context.

V. CONCLUSION

To summarize, this study presents a comprehensive comparative analysis of five GNN models under
both balanced and imbalanced settings across four fraud detection datasets, offering a performance and
execution trade-off analysis. The results show that GraphSAGE achieves an optimal balance between
scalability and accuracy, making it a strong candidate for latency-sensitive environments such as real-
time banking and e-commerce fraud detection. In contrast, GIN provides superior representational
power but at the cost of higher computational demand, making it more suitable for scenarios where
accuracy is prioritized over execution speed. These findings provide actionable guidance for selecting
GNN architectures in high-stakes financial contexts, where both detection performance and system re-
sponsiveness are critical.

Beyond the empirical comparisons, the findings of this study provide a foundation for several prom-
ising research directions. Although the current work focuses on static graph representations, the ob-
served performance differences across GNN architectures highlight their varying suitability for exten-
sion into temporal and dynamic graph settings, where evolving transaction patterns and concept drift are
critical considerations. In particular, models such as GraphSAGE and GAT may be adapted to incre-
mental or streaming graph scenarios due to their sampling and attention mechanisms.

Additionally, although interpretability is not explicitly addressed in this study, the comparative results
offer valuable insights for future work on explainable graph-based fraud detection, especially in regula-
tory-sensitive financial environments. Integrating attention visualization, sub-graph explanations, or
post-hoc interpretability techniques could further enhance trust and accountability. By establishing a
robust benchmarking baseline under both imbalanced and balanced conditions, this work serves as a
stepping stone toward more adaptive, interpretable, and production-ready GNN-based fraud detection
systems.
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