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Abstract. Transaction fraud detection on digital payment platforms poses three inter-
twined challenges: sparse supervision, severe class imbalance, and complex relational
dependencies among accounts and transaction events. This paper studies fraud detection
on a heterogeneous transaction graph constructed from the public PaySim simulator. To
this end, we propose ProtoHGC, a framework that integrates heterogeneous graph con-
trastive pre-training with prototype-regularized classification. ProtoHGC employs a
multi-scale encoder that aggregates first-order neighborhood features and second-order
meta-path-based context, coupled with node-level and subgraph-level contrastive objec-
tives to enhance representation quality under limited supervision. Building on the learned
embeddings, class-specific prototypes for normal and fraudulent behaviors enforce intra-
class compactness and inter-class separation. Experiments on PaySim demonstrate that
ProtoHGC consistently outperforms GCN, GAT, GraphSAGE, and MLP baselines
across all tested hidden dimensions in terms of AUC-ROC, PR-AUC, accuracy, recall,
and F1-score. We explicitly note that the current evaluation is limited to a single synthetic
dataset; few-shot adaptation, cross-domain generalization, and multimedia-specific fraud
scenarios remain unvalidated.

Keywords: Fraud Detection- Heterogeneous Graph Neural Networks - Graph
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1 Introduction

Digital payment and e-commerce platforms generate massive volumes of transactions,
within which fraudulent activities are highly sparse, adaptive, and inherently relational.
Rather than appearing as isolated incidents, fraudulent behaviors are often embedded
in complex interaction patterns involving payer accounts, payee accounts, transaction
events, and temporal dynamics. Therefore, effective fraud detection requires not only
the analysis of individual transaction attributes but also the modeling of broader rela-
tional context [1]. Traditional approaches based on hand-crafted rules or manually en-
gineered features often struggle to capture these dependencies and adapt to evolving
fraud strategies, motivating the development of more expressive and robust relational
learning methods.

Graph neural networks (GNNs) have shown strong potential for fraud detection be-
cause they naturally model entities and their interactions as graphs. Through message
passing, GNNs capture higher-order dependencies and behavioral correlations that are
difficult to learn with conventional tabular methods [2]. In transaction fraud detection,
this enables the exploitation of both direct transactional evidence and suspicious multi-
hop relational patterns. However, many existing methods are based on homogeneous
graphs, where all nodes and edges are treated uniformly. This assumption is restrictive
for financial transaction data, which typically involve multiple entity types and diverse
interaction semantics [3].

To better reflect the structure of transaction ecosystems, heterogeneous graph neural
networks (HGNNs) have been introduced to model different node types and relation
types explicitly. Nevertheless, most existing HGNN-based fraud detectors rely primar-
ily on supervised learning and therefore require sufficient labeled examples for training
[4-6]. In practice, this assumption is often unrealistic, since labeled fraud samples are
scarce due to severe class imbalance and the cost of manual expert annotation.

On the one hand, contrastive learning, as an unsupervised pre-training strategy, can
augment the model's discrimination ability in low-resource situations by creating posi-
tive sample paired with a negative sample for the purpose of stretching the feature dis-
tribution. Specifically, graph contrastive learning enables self-supervised training at the
node or subgraph level by leveraging structural augmentations while preserving seman-
tic consistency, improving the model's capacity to discern subtle anomalous patterns
without labeled data [7]. However, purely contrastive methods lack explicit class-level
structure in the embedding space and offer limited support for downstream classifica-
tion with few labeled examples.

On the other hand, prototype-based learning offers a complementary mechanism for
improving class discrimination and interpretability. By associating each class with rep-
resentative embeddings in latent space, prototype regularization encourages samples
from the same class to form compact clusters while pushing different classes farther
apart [8—10]. In fraud detection, such a mechanism is particularly useful for enforcing
clearer geometric separation between normal and fraudulent behaviors, which can en-
hance classification stability under imbalanced and low-label conditions. Despite these
advantages, the integration of prototype learning with heterogeneous graph remains
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relatively underexplored, especially in transaction fraud detection settings where both
relational heterogeneity and supervision scarcity must be addressed simultaneously.

Motivated by these observations, we propose ProtoHGC (Prototype-enhanced Het-
erogeneous Graph Contrastive Network), a unified framework for transaction fraud de-
tection on heterogeneous graphs. Built on a heterogeneous transaction graph con-
structed from the public PaySim [11] simulator, ProtoHGC combines heterogeneous
graph contrastive pre-training with prototype-regularized classification. Specifically,
the framework adopts a multi-scale encoder that captures both first-order neighborhood
information and second-order meta-path-based context, enabling the model to represent
local interactions and broader semantic structures in a unified way. On top of this en-
coder, node-level and sub-graph-level contrastive objectives are introduced to improve
representation quality under limited supervision. Based on the learned embeddings,
class-specific prototypes for normal and fraudulent transaction behaviors are further
used to promote intra-class compactness and inter-class separability during classifica-
tion [12].

Extensive experiments on the PaySim [11] dataset show that ProtoHGC consistently
outperforms several representative baselines, including GCN, GAT, GraphSAGE, and
MLP, across all tested hidden dimensions, demonstrating the effectiveness of combin-
ing heterogeneous graph modeling, contrastive pre-training, and prototype-based regu-
larization for fraud detection. At the same time, we emphasize that the current evalua-
tion is limited to a single synthetic dataset. Therefore, the framework’s effectiveness
for few-shot adaptation, cross-domain generalization, and multimedia-specific fraud
scenarios remains to be validated in future work.

2 Related Work

Yussif et al. [13] examined the application and performance of various machine
learning algorithms for fraud detection, including support vector machines, random for-
ests, and neural networks. They highlighted the respective advantages and limitations
of these methods in different fraud scenarios, offering useful theoretical and practical
guidance for the development of anti-fraud models. To cope with the continually evolv-
ing forms of fraud in e-commerce and the challenge of detecting unseen fraud types,
Zhang et al. [14] proposed a CGNN-based method. Their approach jointly models the
representation distributions of normal and fraudulent behaviors, thereby alleviating the
dependence on supervision based solely on historical fraud samples.

Furthermore, a regularity of mutual information is included to maximize the separa-
bility of normal and fraudulent behavior. Wang et al. [15] proposed a fraud detection
framework for multi-relational graphs. Their method addresses challenges such as mul-
tiple relation types, class imbalance, and complex graph interactions by introducing an
interactive learning strategy. By modeling both the imbalanced structure across rela-
tions and the synergistic effects among different relations, the framework improves
fraud detection performance. To overcome the lack of neighboring device information,
Zhu et al. [16] introduced “super-device” nodes to facilitate the propagation of struc-
tural information. In addition, a self-attention module was employed to enhance the
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modeling of interactions involving leaf nodes, while a label-smoothing mechanism was
adopted to reduce the adverse effect of noisy labels during training.

Dangsawang and Nuchitprasitchai [17] focused on customs fraud detection in supply
chains using publicly available unstructured text from social media. They collected ap-
proximately 2.37 million commercial product records from social media platforms and
categorized them into three classes for subsequent analysis. Adebowale and Akinnagbe
[18] employed Al-based ETL pipelines and semantic data models to manage both struc-
tured and unstructured data, and further applied machine learning and anomaly detec-
tion techniques to identify suspicious transactions and strengthen anti-money-launder-
ing and counter-terrorism financing efforts.

Mutemi and Bacao [19] reviewed the application of machine learning and data min-
ing techniques to fraud detection on e-commerce platforms, providing a comprehensive
analysis of common algorithmic trends, dataset characteristics, and future research di-
rections, while also noting the increasing adoption of neural-network-based methods in
practice. Mali and Upadhyay [20] applied a random forest approach to fraud detection
through social media content mining. By analyzing user behavioral data, their method
was able to identify potentially suspicious dynamic activities and provide preliminary
risk assessments based on behavioral and content features.

In our framework, the prototype mechanism is introduced as a class-level represen-
tation constraint rather than as a dedicated few-shot learning module. It helps the model
capture stable class centers for normal and fraudulent behaviors in the heterogeneous
transaction graph, which may be advantageous when labeled anomalies are limited.
However, since all experiments in this study are conducted under a standard supervised
setting on PaySim, the current results only support the effectiveness of prototype-
guided representation learning for fraud detection, rather than its applicability to formal
few-shot detection scenarios.

3 Methodologies

3.1  Multi-Scale Heterogeneous Graph Encoder with Contrastive Pre-training

We construct a heterogeneous transaction graph G = (V, E) based on the PaySim da-
taset. Because PaySim consists of transaction records rather than multimedia data, the
graph is formed from the entities provided in the dataset, including account nodes,
transaction nodes, transaction-type nodes, and discretized time-bucket nodes. This for-
mulation enables the transaction system to be modeled as a heterogeneous graph that
captures diverse behavioral and structural information. The corresponding node attrib-
utes are then projected into a unified representation space through node initialization,
as shown in Equation (1).

G=W,e ) x = Fuse(xi, " 28, 5) = 3w f, (D)
m

where V and ¢ denotes the sets of nodes and edge, respectively. ¢ and ¥ are the node-
type and edge-type mapping functions; x,, € R% represents the initial feature of node
v; fm denotes the encoding vector of modality m € {text, img, vid, tab}; and w,, is the
fusion weight of modality m, computed as w,,, = softmax(—u,,), where u,,denotes
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the uncertainty estimate of modality m. In this way, modalities with higher uncertainty
are assigned lower fusion weights.

To capture strong signals from direct interactions among entities, we employ rela-
tion-aware first-order message passing to aggregate local neighborhood information at
layer [, as described in Equations (2) and (3).
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where R is the set of edge types, N,.(v) denotes the set of neighbors of node v under
relation r, and hff) is the representation of node uat the [-th layer. Here, Wr(l), Q,, K,

and a, are learnable parameters. The coefficient al(f;,r) denotes the type-aware attention
weight, which assigns greater importance to relation types and neighboring nodes that
are more indicative of fraudulent behavior.

To explicitly capture indirect evidence such as collusive behavior, we perform sec-
ond-order aggregation over selected meta-paths and apply attention to the two-hop
structural context to suppress noisy connections, denoted as Equation (4):

w2) _ WOrer2) 1, 3 )
m, - vuM} 2 er,rz hw ’ (4)
(r1,72)EM UENy (V) WENy, (W)
where M € R X Rdenotes a collection of selected meta-paths, such as account —trans-
action —account or account —transaction-type —account. The coefficient ﬁﬁ;’;}’m rep-

resents the second-order attention weight, which is obtained by applying a softmax
function to the corresponding triple-wise relevance score. The matrix Wrgl)rz denotes the
second-order relational transformation matrix.

To integrate first-order and second-order evidence, we introduce a node-level gating
mechanism to fuse multi-scale information, while residual connections and normaliza-
tion are employed to stabilize deep training, as shown in Equations (5) and (6).

v = o(wim ™ llmy D), ®)

Ry = NG + oW R+ m Y + A - mg Py, (©)

where y,,(l) € (0,1)denotes the gating coefficient, w, and Woa)are learnable parameters,
o(+)is a nonlinear activation function, and LN(-)denotes layer normalization. The out-

put representation h,(,l“) is then used as the input to the next layer.

To preserve the semantic structure of fraudulent behaviors during contrastive pre-
training, we apply semantic-preserving augmentation at the levels of relations, features,
and sampling. Specifically, two augmented graph views are generated, encoded by a
shared encoder, and projected into the contrastive space through a projection head, as
defined in Equation (7).

GO~AG), h’=f(G"), 2’ =g(r") )
where A represents the enhancement distribution (small probability of discarding weak
correlations, masking non-key subdimensions, and maintaining degree distribution of
isomorphic subgraphs), fy is a shared heterograph encoder, g(-) is the projection head,

z,Et) is the node representation of the contrast space.
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At the node level, contrastive learning uses structure-aware negative weighting to
enlarge the separation between structurally similar but semantically different instances,
thereby improving fine-grained fraud discrimination. At the subgraph level, the readout
vector of the k-hop ego-subgraph centered at node v (S,) is used to preserve local
structural consistency across the two augmented views, helping to stabilize higher-or-
der relational modeling, as defined in Equations (8) and (9).

s = READOUT ({h: u e S}, (8)
<@
1 exp (sim(s”, s$)/t)
Lsup = _mz lo @ (@ » )

p(sml(s Sy

- )+LﬂmeM¢%9vm

where READOUT(-) denotes the subgraph readout function, 7gis the subgraph-level
temperature, and s,gt)is the corresponding subgraph representation.
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Fig. 1. Heterogeneous Graph Comparison and Prototype Learning Network for Multimedia
Platform Fraud Detection.

3.2  Prototype-Regularized Classification

In the representation space learned through contrastive pre-training, we model the
global patterns of normal and abnormal behaviors using multiple prototypes, and em-
ploy temperature-controlled soft assignment to adapt to long-tailed and multi-cluster
anomalies, as defined in Equation (10).
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exXp (_||ﬁv_ﬁc,k||%/y) (10)
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where h,, is the encoder output, * denotes £,-normalization, and ¢ € {0,1} represents
the normal and abnormal classes, respectively. For each class, C prototypes are defined
as pcx, k =1,...,C. The parameter y is the temperature controlling the soft assign-
ment, with smaller values leading to harder assignments.

The class-conditioned probabilities derived from multiple prototypes provide direct
supervision signals. The prototype discriminative loss is formulated using cross-en-
tropy, transforming the geometric intuition that samples should be assigned to their
nearest prototypes into a statistical decision criterion, as defined in Equation (11).

P P e 12
PO Wil Lver, T oreon Zioexp (l|hy = B 13/1)
where V;denotes the set of labeled nodes, and y,,is the class label of node v.

To encourage intra-class samples to cluster more tightly around their corresponding

prototypes while explicitly increasing the separation between prototypes of different

classes, we introduce compaction and separation regularizers as geometric priors, as
defined in Equations (12) and (13).

qv,(c,k) =

€8Y)

Lcomp = ZUEVZZkQU,(yv,k) ||ﬁv - ﬁc,k“%' (12)
Loy = Y [m = [lBose = Prol Bl (13)
k,kr

where Lcomp denotes the intra-class compactness term, Lge,, denotes the inter-class
separation term. Here, [-], represents the ReLU operator, and m > 0 is the minimum
margin imposed between prototypes of different classes.

Figure 1 illustrates the overall framework and structural composition of the proposed
ProtoHGC model. The left part shows the pre-training stage, including heterogeneous
graph construction and contrastive learning. Specifically, entities such as accounts,
transactions, transaction types, and temporal nodes are organized into a heterogeneous
graph with multiple node and edge types. The corresponding node attributes are used
to initialize the graph representation. Semantic-preserving graph augmentation is then
applied to generate different views, which are fed into the Multi-Scale Encoder to learn
node embedding representations.

4 Experiments

4.1 Experimental Setup

We utilize the publicly available PaySim dataset [11], which is widely used in fraud
detection and simulates large-scale financial transaction scenarios based on real mobile
payment logs. PaySim contains multiple types of transaction records, including both
normal and fraudulent activities, making it suitable for evaluating fraud detection meth-
ods. During data preprocessing, entities such as accounts and transactions are modeled
as nodes, while different transactional interactions are represented as edges. In addition,
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transaction attributes, such as amount and timestamp, are incorporated as node or edge
features to construct a heterogeneous graph for downstream learning.

We do not restrict the number of labeled fraudulent samples to a small support set,
nor do we compare against few-shot fraud detection baselines under episodic or low-
shot settings. As a result, the prototype component should not be interpreted as provid-
ing experimentally verified few-shot capability in the current version of the paper. In-
stead, the reported results demonstrate that prototype-based regularization can improve
fraud detection performance in a conventional supervised setting.

Figure 2 illustrates the distribution of account-level transaction frequencies for nor-
mal and fraudulent behaviors. The left panel shows the distribution of normal transac-
tions, while the right panel presents the distribution of fraudulent transactions. In both
subfigures, the horizontal axis represents the number of transactions associated with an
individual account, and the vertical axis denotes the number of accounts with the cor-
responding transaction frequency.
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Fig. 2. Distribution of Account-Level Transaction Frequencies for Normal and Fraudulent Be-
haviors.

In the model, ProtoHGC's multiscale encoder has its infrastructure as a two-layer
heterography attention network (HAN), and its projection head is a two-layer feedfor-
ward neural network, with embedding dimension set to 128. The optimizer used in the
model is Adam, with a learning rate of 0.001 and a batch size of 512. In the training
process, the model combines the comparative learning loss and the prototype alignment
loss for joint optimization, and the hyperparameter search on the validation set was
used to determine the loss weight in the model to improve accuracy and robustness in
the financial fraud detection tasks. This paper selects five representative comparison
models including:

®  GCN (Graph Convolutional Network): A classic graph neural network method

that aggregates the features of neighboring nodes through convolutional oper-
ations, and is commonly used in financial fraud detection to capture local struc-
ture information of accounts and transactions.
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e  GAT (Graph Attention Network): Introduce an attention mechanism based on
graph convolution, assigning different weights to different neighbors to im-
prove the discrimination ability of node representation.

e  Metapath2Vec: A heterogeneous graph-based embedding method that per-
forms random walks and learns node embeddings by defining meta-paths (e.g.,
"account-deal-account").

e  GraphSAGE: A sampling and aggregation framework that can efficiently pro-
cess large-scale graph data. In fraud detection tasks, GraphSAGE can improve
the modeling capabilities of large-scale transaction graphs while ensuring com-
putational efficiency.

e CARE-GNN (CAmouflage-REsistant Graph Neural Network): A graph neural
network model designed for fraud detection, considering that fraudulent nodes
may be connected to legitimate nodes through "camouflage".

4.2  Experimental Analysis

1) Detection accuracy measures the proportion of correctly classified samples among
all samples and is widely used to evaluate classification performance. However, for
highly imbalanced tasks such as fraud detection, accuracy alone can be misleading. In
terms of accuracy, Figure 3 shows that ProtoHGC consistently outperforms GCN,
GAT, GraphSAGE, and MLP across all tested hidden dimensions. Its accuracy remains
above 0.89 throughout and reaches a peak of 0.95. These results demonstrate the effec-
tiveness of ProtoHGC in capturing abnormal patterns within complex heterogeneous
graph structures.

GCN and GAT exhibit similar performance at smaller hidden dimensions, but their
accuracy tends to plateau as the hidden dimension increases, suggesting limited capac-
ity to exploit more complex relational information. GraphSAGE achieves relatively
high accuracy at lower dimensions, yet shows only marginal improvement as the hidden
dimension grows. In contrast, MLP performs substantially worse than all graph-based
models across all settings, indicating that a model without explicit graph structural
modeling is inadequate for this task.



10 Y. Lin et al.

0.950 { —&— ProtoHGC
—-= GCN
0.925{ 4~ GAT
-4~ GraphSAGE
0.900] — MP
5. 0.875
(@]
e
5 0.850
o
< 825
0.800{ +
0.775
0.750 1

10 15 20 25 30 35 40 45 50
Model Parameters

Fig. 3. Accuracy Comparison of ProtoHGC for Fraud Detection on Heterogeneous Graphs.

2) Recall measures the proportion of truly fraudulent transactions that are correctly
identified by the model. In the recall evaluation, we compared five representative meth-
ods, namely ProtoHGC, GCN, GAT, GraphSAGE, and MLP, under different hidden
dimensions (64, 128, 256, 512, and 1024). As shown in Figure 4, ProtoHGC consist-
ently outperforms the other models across all parameter settings, achieving recall val-
ues ranging from 0.84 to 0.94. These results indicate that ProtoHGC is more effective
at identifying potential fraudulent samples, particularly in settings where fraudulent
transactions are sparse or difficult to distinguish from normal behavior.
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Fig. 4. Recall Performance Comparison of Fraud Detection Models.

In contrast, GCN and GAT exhibit only slight performance gains and plateau at ap-
proximately 0.76—0.77 recall at the highest hidden dimension, indicating limited capac-
ity to model complex graph structures and long-range dependencies. GraphSAGE at-
tains relatively competitive performance at medium dimensions, but its recall improves
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only marginally at larger dimensions. MLP remains the weakest baseline across all set-
tings, further demonstrating that models lacking explicit graph structural information
are inadequate for capturing the complexity of fraud detection data.

3) Fl-score is the harmonic mean of precision and recall, making it particularly suit-
able for imbalanced classification tasks. It provides a more comprehensive assessment
of the model’s ability to identify anomalous classes.
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Fig. 5. F1-Score Comparison Across Models with Varying Hidden Sizes.

Figure 5 compares the F1-scores of different models under five hidden dimensions
(64, 128, 256, 512, and 1024). The results show that ProtoHGC consistently achieves
the best performance, maintaining a stable F1-score in the range of 0.89—0.91 across all
parameter settings. This demonstrates the robustness and consistency of the proposed
model under limited-supervision conditions. In contrast, GAT and GCN also perform
relatively well, but their F1-scores remain at a lower level, approximately between 0.78
and 0.81 across different settings.

Although GAT and GCN achieve comparable performance under some parameter
settings, both remain consistently below ProtoHGC on average. GraphSAGE shows
noticeable variation across different hidden dimensions and even performs relatively
poorly in certain cases. This may be attributed to limitations in its neighbor aggregation
mechanism when modeling complex behavioral relationships. MLP yields the lowest
F1-scores overall, ranging from 0.70 to 0.74. Its inferior performance further suggests
that models without explicit graph structural modeling are not well suited to fraud de-
tection on complex heterogeneous graphs.

4) AUROC evaluates the ability of a binary classifier to distinguish positive samples
from negative ones over all possible decision thresholds. In fraud detection, it provides
a threshold-independent assessment of how well a model separates fraudulent transac-
tions from normal transactions. Table 1 compares the AUROC performance of Pro-
toHGC, GCN, GAT, GraphSAGE, and MLP under different hidden dimensions. As
shown in the table, ProtoHGC consistently obtains the highest AUROC values across
all settings, demonstrating superior discriminative capability. By contrast, GCN and
GAT perform slightly worse, while MLP remains the weakest baseline. These results
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further confirm that incorporating graph structural information is critical for effective
fraud detection.

Table 1. AUC-ROC Performance Comparison Across Models.

Hidden Size ProtoHGC GCN GAT GraphSAGE MLP
64 0.9431 0.8865 0.8726 0.8361 0.769
128 0.9486 0.8740 0.8655 0.8556 0.7854
256 0.9452 0.8828 0.8638 0.8368 0.7666
512 0.944 0.8892 0.8752 0.8538 0.7649
1024 0.9589 0.8967 0.877 0.8431 0.7761

Table 2. PR-AUC Performance Comparison on Imbalanced Data.

Hidden Size ProtoHGC GCN GAT GraphSAGE MLP
64 0.9108 0.8531 0.8399 0.8186 0.738

128 0.9259 0.8554 0.8536 0.8148 0.7324
256 0.9120 0.8429 0.8479 0.8032 0.7405
512 0.9161 0.8545 0.8416 0.8174 0.7510
1024 0.9250 0.8502 0.8428 0.8233 0.7586

5) PR-AUC is a particularly important metric in fraud detection tasks with severe
class imbalance. Table 2 presents the PR-AUC results. Because fraudulent transactions
account for only a small fraction of the data, PR-AUC provides a more informative
evaluation of how effectively a model balances precision and recall for the fraud class.
The results show that ProtoHGC consistently outperforms the baseline methods on this
metric, highlighting its strong ability to detect fraudulent transactions under sparse-la-
bel and imbalanced conditions.

By comparison, traditional models such as GraphSAGE and MLP achieve markedly
lower PR-AUC values, suggesting limited ability to identify minority-class fraud pat-
terns. The superior performance of ProtoHGC indicates that prototype-based regulari-
zation together with contrastive pre-training can more effectively enhance anomaly dis-
crimination and improve fraud detection performance.

4.3  Ablation Study

1) Embedding Visualization Before and After Knowledge Enhancement. Figure 6
illustrates the distribution of learned embeddings before and after the incorporation of
generative multi-domain knowledge. In Figure 6(a), the original embedding space ex-
hibits only partial separation between abnormal and normal samples, and the target
sample remains difficult to distinguish from nearby instances. After enhancement, as
shown in Figure 6(b), abnormal samples become more compactly clustered and more
clearly separated in the embedding space, while normal samples retain a relatively well-
structured distribution.



ProtoHGC 13

Targel sample (true label: 1) is undetected in the original embedding, but becomes delectable after enhancement with gencrative multi-domain knowledge.
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Fig. 6. Visualization of Embedding Enhancement for Abnormal Transaction Detection.
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Fig. 7. Ablation Study of ProtoHGC for Transaction Fraud Detection.

2) Ablation Study of ProtoHGC Components. Figure 7 presents the ablation study
results of ProtoHGC under different component removal settings, including the exclu-
sion of prototype learning, node-level contrastive learning, subgraph-level contrastive
learning, and the second-order encoder. The performance is evaluated using three met-
rics, namely AUC-ROC, PR-AUC, and F1-score. It can be observed that the full Pro-
toHGC model achieves the best performance across all three metrics, indicating the
effectiveness of the complete framework for transaction fraud detection.

5 Conclusion

In conclusion, we propose ProtoHGC, a heterogeneous graph neural network frame-
work that integrates graph contrastive learning and prototype-based regularization for
fraud detection. By constructing a heterogeneous transaction graph that captures rela-
tionships among entities such as accounts and transactions, ProtoHGC jointly models
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structural dependencies and attribute information. The framework further enhances rep-
resentation learning through contrastive pre-training under limited supervision, while
the prototype module promotes intra-class compactness and inter-class separability be-
tween normal and fraudulent behaviors. In addition, the multi-scale encoder effectively
combines first- and second-order relational information to capture fraud patterns at dif-
ferent structural levels. Future work will focus on improving the model’s cross-domain
generalization, interpretability, and practical applicability, as well as exploring incre-
mental learning and human-in-the-loop mechanisms for more robust fraud detection.
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