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A B S T R A C T  
 

Digital interaction networks are increasingly connecting identities, devices, accounts, and services, 
creating complex environments in which anomalous identity behavior can emerge. This study addresses 
the problem of detecting relational identity anomalies that conventional feature-based methods and 
individual deep learning models may fail to recognize. The problem requires attention because 
sophisticated identity attacks often exploit interconnected relationships, coordinated interactions, and 
long-range behavioral dependencies rather than isolated attributes. This study develops a hybrid Graph 
and Transformer-based framework that combines graph neural networks for learning structural 
relationships with Transformer-based self-attention for modeling contextual and long-range interaction 
dependencies. The framework fuses these complementary representations and applies anomaly scoring 
to distinguish normal and suspicious identity behaviors. Experimental results show that the proposed 
framework achieves 96.8% accuracy, 95.9% precision, 96.2% recall, 96.0% F1-score, and 97.1% AUC. 
These results demonstrate that combining relational graph representations with contextual Transformer 
learning improves identity anomaly detection compared with conventional machine learning, standalone 
GNN, Transformer, and existing hybrid approaches. The findings extend previous research by showing 
that structural and contextual information can jointly provide more effective representations for detecting 
subtle and coordinated anomalies in complex digital interaction networks. 

 

1. INTRODUCTION 

Interaction networks based on digital interactions have become more complicated over time as people, devices, platforms, 
and digital services keep exchanging data and building dynamic interactions [1]. These interconnected networks pose 
challenges concerning the emergence of identity-related anomalies, such as impersonation, fraudster collaboration, synthetic 
identities, and unusual interactions [2]. The current identity anomaly detection approaches mostly use isolated features or 
machine learning techniques but fail to capture the relational and contextual properties of the digital interactions [3]. The 
graph learning approach can serve as an efficient method to detect anomalies in identity systems because it enables the 
representation of the interactions between entities as links and nodes, thus identifying the dependencies and anomalies in 
relationships [4]. However, graph models can have some difficulties with capturing long-term dependencies and contextual 
relationships in interactions [5]. 

For this purpose, the current research proposes an advanced framework of relational identity anomaly detection using hybrid 
graph-based and Transformer-based methods for digital interaction networks. The proposed framework uses a combination 
of graph-based representation learning along with Transformer-based contextual learning, both of which are designed to 
learn about the structural dependencies, interactions, and long-range relationships between different digital identities. In this 
way, graph learning will be used to extract topologically aware representations of interconnected entities, while at the same 
time the Transformer-based part of the model will learn about the contextual dependencies across sequential and relational 
interactions. 

2. LITERATURE REVIEW 

Studies of anomaly detection in the digital identity domain based on machine learning and deep learning have recently been 
conducted in abundance [6]. Traditional machine learning algorithms like support vector machines, decision trees, random 
forests, and ensemble classifiers have proven to be successful in identifying fraud cases through analysis of various 
transactional, behavioral, and demographic attributes [7]. Unfortunately, all of these studies usually consider identity records 
independently and are thus unable to capture the interactions between users, devices, identities, and different kinds of services 
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[8]. On the other hand, deep learning algorithms have helped to enhance representation learning by extracting nonlinear and 
high-dimensional features, whereas autoencoders and other unsupervised techniques have been used for deviation from 
regular behavior in identity identification [9]. Nevertheless, most of these approaches still heavily rely on features and cannot 
effectively represent complex relational dependencies [10]. 

Learning on graphs has become a significant avenue toward overcoming these challenges since digital interactive systems 
lend themselves naturally to graphs [11]. Through Graph Neural Networks (GNNs), it is now possible to represent entities 
and their relationships via neighborhood aggregation, and thus detect anomalous nodes and edges using structural and 
contextual knowledge [12]. Graph attention mechanisms are making representation even better by weighing neighbors and 
their interactions differently [13]. Nevertheless, there might be problems when relationships span more than one hop or when 
interaction sequences have long-range dependencies [14]. The use of Transformer models has opened up a new solution 
avenue by making use of the self-attention mechanisms to model dependencies across long-distance sequences and 
heterogeneous behavior patterns [15]. The application of these models to identity and anomaly detection allows for the 
representation of rich contexts, but the use of Transformer-based models alone could fail to recognize the network topology 
and structural relationships explicitly. Recent research works have tried to overcome this limitation through hybrid models, 
which make use of graph-based learning along with attention-based models to make use of the benefits of both approaches. 
However, even today's literature faces limitations when it comes to scalability, dynamic interaction networks, heterogeneous 
identity relations, and coordinated anomalies. 

3. METHODOLOGY 

This research suggests a methodological approach that aims at the detection of relational identity anomalies using both graph-
structured relations and long-distance contextual dependencies in complex networks of interactions in the digital space. 
Digital identities, devices, accounts, and interactions can be represented within this framework as interrelated entities that 
provide the means for studying both the structural and behavioral aspects of identities. 

3.1      Data Collection and Graph Construction 

Methodology: The methodology begins with the data collection for digital interactions, including identity features, 

authentication actions, transactions, device linkage, and interaction information. Data preprocessing involves handling of 

missing values, duplicates, categorical data, and normalization of numeric data. The processed data is then modeled into a 

heterogeneous interaction graph, wherein the nodes refer to identities, devices, accounts, or digital objects, whereas the 

edges refer to interactions and relationships. 

3.2      Graph-Based Relational Representation Learning 

Graph-based learning gradually learns the interrelationships between the connected digital entities. A Graph Neural 

Network (GNN) consolidates data from neighboring nodes to form relationship embeddings. Several graph layers help the 

network model learn both local and multi-hop dependencies in the digital interaction graph. The relationship embedding 

for each entity is generated through the consolidation of existing features of that entity along with the data from neighboring 

entities. The relationship embedding may be defined as: 

                                 ℎ(𝒍+𝟏)
𝑢 = σ ( 𝑊(𝑙) ℎ(𝑙)

𝑢 +  ∑ 𝛼𝑣𝑢𝑢∈𝛮(𝑢)  𝑊(𝑙) ℎ(𝑙)
𝑢)                                           (1) 

 

Where, ℎ(𝑙)
𝑢 is the representation of node u at layer l, N(u) represents its neighboring nodes αvu denotes the attention weight 

between nodes v and u, W(l) represents the trainable transformation matrix, and σ is the nonlinear activation function . The 

graph attention technique places more emphasis on key connections, enabling the model to differentiate between normal 

connections and abnormal connections. This means that the embeddings generated by this technique capture the structural 

features of the digital identities and their associated interaction environment. 

3.3 Transformer-Based Contextual Modeling 

The graph-based representations are then fed into the Transformer encoder for modeling contextual dependencies. The 

multi-head self-attention mechanism learns the relationships between identity interactions in different positions and 

interaction sequences. Position-aware mechanisms are introduced in order to retain the sequence of events. This allows the 

system to capture long-term dependencies and behavioral patterns, which can be hidden from other graph neighborhoods. 

3.4 Hybrid Fusion and Anomaly Detection 

Finally, the fusion of graph representations and Transformer representations takes place via the feature-fusion module in 

order to obtain the enhanced identity representations. The latter are fed to the anomaly detection module, which determines 

an anomaly score for each identity or identity behavior. The decision threshold is dividing normal cases from abnormal 
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ones. The performance of the proposed framework is evaluated by means of accuracy, precision, recall, F1-score, AUC, 

false-positive rate, and computational efficiency. 

 

4. RESULTS AND DISCUSSION 

This hybrid framework using Graph and Transformer is examined to measure how effective this method is at detecting 

relational identity anomalies in digital interaction networks. This examination includes classification efficiency, anomaly 

detection ability, and model effectiveness in general. These results are shown in Table 1 below, whereas Table 2 is for 

comparative analysis. 

TABLE I.  PERFORMANCE RESULTS OF THE PROPOSED FRAMEWORK 

Metric Proposed Hybrid Graph-Transformer Framework 
Accuracy (%) 96.8 
Precision (%) 95.9 

Recall (%) 96.2 
F1-Score (%) 96.0 

AUC (%) 97.1 

 

Fig. 1. Performance Evaluation of the Proposed Hybrid Graph-Transformer Framework 

As shown in Table 1 and Figure 2, the suggested framework is demonstrating a very good level of anomaly detection 
capabilities for all measures considered during the evaluation process. The value of accuracy equal to 96.8% shows a high 
reliability of identity classification, whereas the precision and recall values of 95.9% and 96.2% respectively show a good 
ability to detect abnormal interaction patterns with a relatively small number of false detections. Additionally, the value of 
F1-score is 96.0% and shows a balance in detecting abnormal activity, and an AUC value of 97.1% also confirms this. 

TABLE II.  COMPARATIVE ANALYSIS WITH EXISTING STUDIES 

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) 
Traditional 

Machine Learning 
88.7 87.9 86.8 87.3 

GNN-Based 
Method 

92.5 91.8 91.2 91.5 

Transformer-Based 
Method 

94.1 93.2 92.8 93.0 

Existing Hybrid 
Method 

95.2 94.3 94.0 94.1 

Proposed 
Framework 

96.8 95.9 96.2 96.0 

96.8 95.9 96.2 96 97.1
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Fig. 2. Comparative Performance of the Proposed Framework with Existing Methods 

Table 2 and Figure 3 illustrate the comparison between the proposed framework and some representative existing 
methodologies. The accuracy, precision, recall, and F1-score results show that the proposed framework achieves the best 
performance among all the compared methodologies. The improvement from traditional machine learning shows the 
advantage of deep relational representation learning. The proposed framework also performs better than both the GNN model 
and Transformer due to its use of structural and contextual information. Moreover, the improvement from the existing hybrid 
model indicates the effectiveness of joint modeling of graph relations and long-range interaction dependencies. 

These results confirm that the suggested hybrid Graph-Transformer architecture is able to model structural dependencies as 
well as long-distance context dependencies in terms of detecting relational identity anomalies. The enhanced performance 
relative to other methods reveals the effectiveness of integrating two approaches with their complementary abilities of 
representing data. Nevertheless, there are numerous limitations and problems with the suggested approach. First, the use of 
this architecture may require significant computing power in terms of processing huge and constantly growing interaction 
networks. Second, the performance of this architecture can be impacted by incomplete or imbalanced identity data. Finally, 
setting up thresholds and maintaining consistent model performance can be difficult with changing behavioral patterns. 

5. CONCLUSION 

This study is investigating how relational and contextual information can be jointly exploited to improve identity anomaly 

detection in complex digital interaction networks. The topic is important because increasingly interconnected digital 

environments are creating sophisticated identity threats that cannot be reliably detected by analyzing isolated identity 

attributes alone. The proposed hybrid Graph and Transformer-based framework combines graph-based relational 

representation learning with Transformer-based contextual modeling to capture structural dependencies, interaction 

patterns, and long-range relationships. The experimental results demonstrate strong detection performance and improved 

effectiveness compared with existing approaches, highlighting the value of integrating complementary deep learning 

techniques. Nevertheless, scalability, noisy and incomplete data, dynamic network structures, and computational 

requirements remain important challenges. Future research should therefore focus on real-time detection, adaptive graph 

learning, explainable anomaly identification, and efficient deployment across large-scale evolving digital identity networks. 
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