
 

 

International Journal of 

INTELLIGENT SYSTEMS AND APPLICATIONS IN 

ENGINEERING 
ISSN:2147-67992147-6799                                       www.ijisae.org Original Research Paper 

 

International Journal of Intelligent Systems and Applications in Engineering IJISAE, 2022, 10(1s), 490–497 |  490 

Cross-Domain Transfer Learning for Robust Pattern Detection in 

Evolving Digital Identity Ecosystems  

Suman Kumar Sanjeev Prasanna*1, Shardul Pandya2 

Submitted:18/03/2022       Revised: 25/04/2022        Accepted: 07/05/2022 

Abstract: The rapid evolution of digital identity platforms often results in a significant distribution shift between historical training data 

and emerging operational environments. Traditional detection models struggle with this domain gap, leading to degraded performance 

when deployed across heterogeneous platforms. This research introduces a Cross-Domain Transfer Learning (CDTL) framework designed 

to enhance the generalizability of identity anomaly detectors. The approach utilizes Adversarial Domain Adaptation (ADA) to align the 

feature distributions of a labeled source domain (historical data) with an unlabeled target domain (live operational data) within a shared 

latent space. By incorporating a consistency-regularized fine-tuning strategy, the framework preserves critical identity-authoring signals 

while discarding domain-specific artifacts that contribute to model drift. The study further explores the use of mid-level attribute transfer 

to bootstrap detection performance in data-scarce environments. Experimental results across multiple cross-institutional identity datasets 

demonstrate that the proposed CDTL framework achieves a 15% improvement in detection accuracy on target domains compared to non-

adaptive baselines. These findings establish transfer learning as a critical methodology for maintaining the integrity of identity verification 

systems in the face of rapid technological and behavioral evolution. 

Keywords: Concept Drift, Cross-Domain Transfer Learning, Digital Identity Systems, Domain Adaptation, Pattern Detection, Robust 
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1. Introduction 

Digital identity has emerged as an essential feature in the 

modern online world, providing secure identification, 

financial services, and personalization for users. Digital 

identity has begun to incorporate massive amounts of data 

from multiple platforms, such as banking, e-commerce, 

telecom, and social media [1]. As the number of online 

interactions increases, the challenges to digital identity also 

grow in the form of sophisticated fraudulent activities, 

artificial identities, and behavioral changes. Conventional 

identity verification techniques, which often involve manual 

checks or static rule-based models, cannot cope with the 

ever-changing nature of these patterns [2]. The dynamic 

nature of the digital world brings about temporal changes in 

user behavior, making static models inappropriate for the 

identification process. Recent studies on pattern detection 

have focused on the importance of exploiting the 

capabilities of machine learning models that can detect 

anomalies in large datasets of identities [3]. It has been 

identified that supervised learning models perform well 

when there is a surplus of labeled data, but their 

performance is poor when data is scarce or when moving to 

a new domain. Identity systems have to deal with 

heterogeneous environments, which means that there is a 

large difference between the source and target domains, 

making it difficult for learning models to deal with 

distribution shifts that may be present. These shifts may be 

attributed to user demographics, platform usage, or even 

fraud behaviors [4]. 

Moreover, the adversarial nature of identity systems makes 

the identification process more complex. This is because 

attackers always find ways to improve their methods to 

avoid the identification models that have been developed so 

far, making the problem more challenging to solve [5]. 

Studies have also shown that the inclusion of domain 

knowledge and feature representation learning can improve 

the generalization of the models in different environments. 

In addition, the importance of the application of temporal 

modeling has been identified in the context of the 

identification of user behaviors, which is crucial in ensuring 

the models remain accurate in the identification process [6]. 

The importance of integrating multiple strategies, such as 

domain adaptation, dealing with temporal drift, and 

robustness to adversarial manipulations, has been 

emphasized in recent studies in the context of the 

identification of user behaviors in identity systems [7]. The 

analytical studies have shown that the application of models 

that integrate feature alignment and temporal adaptation can 

improve performance in cross-domain environments. 

Descriptive statistics and exploratory data analyses have 

also shown that the distributions of user behaviors can differ 

significantly in identity systems [8]. 

In this study, a strong cross-domain transfer learning 

approach is developed for pattern detection in changing 
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digital identity systems. The major goal is to ensure accurate 

detection of fraudulent or anomalous behavior in 

heterogeneous systems, handling temporal changes and data 

scarcity issues. The scope includes several identity domain 

types, including financial, telecom, and e-commerce 

systems, where user behavior varies and is difficult to model 

using traditional supervised learning techniques. The 

problem justifies itself in today’s environment, given the 

complexity of identity fraud, changing user behavior, and 

the necessity for effective generalization in heterogeneous 

systems. The goals of this study include developing a 

feature representation mechanism that aligns with the source 

and target domain, developing a temporal adaptation 

mechanism to account for temporal changes, and 

developing a robustness mechanism to resist adversarial 

attacks. This approach has shown promising results 

compared to existing approaches, with improved accuracy, 

temporal stability, and generalization performance. The 

structure of this paper includes an introduction to related 

work, problem definition, proposed approach, results, 

discussion, and conclusions. 

2. Literature Review 

An effective literature review for this study will be one that 

examines how transfer learning and domain adaptation 

methodologies have been developed and applied to 

scenarios that address issues of distribution shifts, changing 

data patterns, and cross-domain generalization. Transfer 

learning is generally defined as the use of knowledge from 

a source domain to improve learning of a target domain that 

may have limited or different data distributions. Domain 

adaptation is a subfield of transfer learning that specifically 

deals with reducing discrepancies that may occur between 

domains so that learning from one domain may be 

applicable to another. Over the last decade or so, there have 

been numerous methodologies developed that address 

issues of quantifying and reducing distribution discrepancy, 

adversarial learning for performance stability, and 

evaluating performances under changing conditions. Digital 

identity systems are prone to concept drift and temporal 

changes; therefore, domain adaptation is particularly useful. 

This literature review will be able to synthesize key 

literature that contributes to foundational frameworks, 

strategies, and understanding of domain adaptation and 

transfer learning that may be applied to the development of 

the current work [9]. 

Studies like Fuzhen Zhuang et al. [10] offer one of the most 

comprehensive surveys of transfer learning, which discusses 

different approaches to it from a broad perspective, along 

with explanations of basic concepts that underlie modern 

domain adaptation. It systematically discusses how transfer 

learning attempts to improve model performance on a target 

domain with limited labeled data by transferring knowledge 

from a source domain, which reduces dependencies on large 

target domain datasets and discusses different methods from 

data-centric and model-centric views to highlight the 

diversity of transfer learning strategies. It discusses different 

methods like instance weighting, feature transformation, 

and deep model fine-tuning that reduce distribution shift 

across domains, along with extensive references to different 

algorithms and frameworks that have been successfully 

applied to different tasks like sentiment analysis and object 

recognition. It focuses on understanding domain divergence 

and model selection for real-world scenarios. 

In the context of domain shift and divergent distributions, 

Jindong Wang et al. [11] investigate the concept of dynamic 

distribution adaptation, in which the authors develop 

mechanisms for assessing the relative importance of the 

marginal and conditional distributions in the context of 

transfer learning. This study is important in that it tackles 

the important problem of transfer learning, in that traditional 

methods for transfer learning often consider the adaptation 

of the distributions in a static manner, where the differences 

in the marginal and conditional distributions are often 

considered to be equally important, irrespective of the 

domains in consideration. This study introduces the 

Dynamic Distribution Adaptation (DDA) framework, in 

which the authors demonstrate the effectiveness of the 

proposed mechanisms in the context of digit recognition and 

sentiment classification tasks. 

The research by Jindong Wang et al. [12] continues the 

progress in the application of deep transfer learning by 

providing new methods for domain adaptation that consider 

the balance between marginal and conditional distributions, 

demonstrating the effectiveness of the methods in solving 

standard tasks. Although the research is reported in the 

context of a conference paper, the methods themselves 

demonstrate the application of the concepts of distribution 

discrepancy weighting and adversarial alignment in the 

learning process to close the performance gaps between 

domains that experience significant statistical shifts in the 

data. 

 Yu, C. et al. [13] Another line of work in the literature that 

is relevant in this context includes research in domain 

adaptation employing adversarial approaches for learning 

domain-invariant representations. This includes research in 

adversarial training and mixup approaches for enhancing 

model generalization. These adversarial approaches in 

domain adaptation incorporate discriminators that function 

for minimizing domain divergence in the model 

representations through a minimax game. Even though the 

research in this context has been focused on visual and 

language representations, the idea of adversarial distribution 

alignment has been adopted in a wide range of models 

because of its effectiveness in enhancing model 

performance for handling unlabeled tasks without requiring 

retraining. 
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Finally, domain adaptation studies, especially in the natural 

language processing field, such as Lisheng Fu et al. [14], 

focus on joint learning models that jointly optimize a 

domain classifier and task classifier to learn domain-

independent features. In these models, adversarial 

components are utilized to learn representations that 

perform well across domains despite changes in data 

distribution. These observations are helpful when 

understanding the underlying principles of knowledge 

transfer when tasks change over time or when underlying 

data patterns of identity change, which is useful when 

determining algorithm use and testing criteria for evolving 

digital identity systems. 

Table 1. Key Transfer Learning and Domain Adaptation Studies 

 

Study  
Methods Key Findings 

[15] 

Progressive transfer learning + adversarial 

domain adaptation for cross-domain 

classification; CNN fine-tuning followed 

by domain adversarial learning. 

Demonstrated that combining a two-step fine-

tuning strategy with adversarial domain adaptation 

significantly improves generalization across 

different clinical image datasets, reducing 

performance degradation due to domain shift.  

[16] 

Domain adaptation-based transfer 

learning using adversarial networks; 

integrating learned skills across related 

tasks. 

Showed that adversarial domain adaptation can 

incorporate learned source domain skills to speed 

up learning and improve generalization on related 

but distinct tasks, supporting cross-task transfer.  

[17] 

Coupled adversarial transfer learning 

(CatDA) with symmetric shallow 

networks for distribution alignment. 

Found that a coupled adversarial framework 

effectively reduces domain mismatch between 

source and target domains, improving cross-domain 

visual recognition tasks in semi-supervised settings.  

[18] 

Attention-based adversarial domain 

adaptation combining statistical and 

adversarial alignment for complex real-

world visuals. 

Demonstrated stable training and improved 

performance over traditional ADA by integrating 

attention mechanisms with statistical alignment to 

reduce domain shift in object recognition 

benchmarks.  

[19] 

Dynamic balancing of domain alignment 

loss and class discriminability in 

unsupervised domain adaptation (DWL). 

Identified that properly weighting alignment and 

discriminability simultaneously avoids negative 

transfer and improves target domain performance in 

classification benchmarks.  

Existing studies on transfer learning and domain adaptation 

have shown significant advancements in cross-domain 

knowledge transfer and distribution alignment. 

Nevertheless, there exist some limitations that need to be 

addressed. Firstly, most existing methods assume that the 

source and target domains remain static during the 

adaptation process. However, the evolution of users' 

behavior is an essential factor that needs to be considered in 

dynamic digital identity systems. Secondly, most methods 

require an abundance of labeled data in the source domain, 

which may not be the case in practice. Thirdly, most existing 

methods, such as adversarial and robust adaptation methods, 

have shown significant improvements in the generalization 

performance, especially in visual and language tasks. 

However, digital identity pattern detection remains an 

unexplored area. This is due to the fact that digital identity 

systems are dynamic, heterogeneous, and susceptible to 

concept drift and adaptive fraud strategies. Therefore, there 

is a need to fill the existing gap by proposing a unified cross-

domain transfer learning framework that considers temporal 

adaptation, feature alignment, and adversarial robustness for 

efficient digital identity pattern detection. 

3. Methodology 

The methodology employed by the current study provides a 

unified framework that supports cross-domain transfer 

learning in the context of evolving digital identity systems. 

The current study combines data preprocessing, feature 

representation learning, domain adaptation, temporal 

modeling, and robustness improvement in a structured 

manner. Moreover, the methodological approach employed 

by the current study emphasizes the minimization of 

distributional discrepancies among heterogeneous domains 

while maintaining discriminative information that supports 

accurate pattern detection. The current study employs a 

supervised learning paradigm in the context of the source 
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domain and extends the knowledge to the target domain by 

using alignment and adaptation approaches. Moreover, the 

current study incorporates temporal consistency constraints 

to handle behavioral evolution while ensuring that the 

learned representations remain consistent over time. Robust 

optimization approaches are also integrated during the 

training process to enhance the overall robustness of the 

approach against adversarial manipulations and noise. 

Overall, the methodological architecture employed by the 

current study aims to optimize generalization performance 

while ensuring statistical reliability and computational 

efficiency. 

3.1. Dataset Acquisition and Preprocessing 

The paper uses multiple heterogeneous digital identity 

datasets that were collected from financial, telecom, and e-

commerce domains. These datasets contain both legitimate 

and fraudulent digital identities, with feature sets that 

describe behavioral patterns, transactions, devices, and 

login patterns. The paper also emphasizes preprocessing the 

data to handle missing values, normalize numerical values, 

and encode categorical values. It also uses data balancing 

techniques like synthetic oversampling to handle the data 

imbalance that is typical in most fraud detection datasets. 

This paper focuses on splitting the data into training, 

validation, and testing sets to assess the performance of 

cross-domain transfer learning. Feature extraction methods 

emphasize generating a unified feature representation across 

the source and target domains. It extracts temporal feature 

sets that describe recent frequency and session duration to 

capture behavioral evolution over time. It also uses 

dimensionality reduction methods like PCA to handle noise 

and computational complexity. Graph-based feature 

representations were also used, where relationships among 

entities like accounts, devices, and transactions were 

modeled to enhance feature learning. 

In the training process, these datasets are used to optimize 

the weights of the model while ensuring that domain 

discrepancy is minimized. Various data augmentation 

techniques, such as data perturbation and synthetic data, are 

used to enhance the robustness of the system in response to 

the evolving nature of cyberattacks. The paper seeks to 

establish a well-curated and representative dataset that will 

enable the proposed framework to effectively generalize 

across multiple digital identity scenarios. 

3.2. Feature Representation Learning 

The research primarily focuses on the creation of a shared 

feature space that is capable of representing both the source 

and the target domains appropriately. The high-dimensional 

raw features are transformed by the application of the deep 

feature extractor, which is capable of reducing the noise in 

the features while representing the features in a latent form. 

The embedding layers are used to transform the 

heterogeneous features into a unified vector representation. 

Temporal encoding is also used in the research to account 

for the evolution in the behavioral patterns, ensuring that the 

features remain discriminative over time. A domain 

alignment loss is used in the research to reduce the 

discrepancy between the source and the target domains. 

Equation 1: Domain Alignment Loss 

𝐿𝐷𝐴 =∥ 𝜇𝑠 − 𝜇𝑡 ∥3
2                                                                       (1) 

where 𝜇𝑠 is the mean feature of the source domain, and 𝜇𝑡 is 

the mean feature of the target domain. 

Equation 2: Feature Regularization 

𝐿𝐹𝑅 =∥ 𝑓(𝑋) − 𝑋 ∥2                                                                   (2) 

where 𝑓(𝑋) is the learned feature mapping, and 𝑋 is the 

original input feature. 

The training process is used to update the feature extractor 

to minimize the loss, ensuring that the features learned 

improve the classification performance appropriately. 

3.3. Cross-Domain Adaptation Module 

In this study, a cross-domain adaptation module is proposed 

that is aimed at aligning source and target distributions 

while maintaining label consistency. Adversarial learning is 

used, where the discriminator tries to differentiate between 

source and target features, and the feature extractor is 

optimized to make it difficult for the discriminator to 

perform its task. 

Equation 3: Adversarial Loss 

 𝐿𝑎𝑑𝑣 = − ∑ 𝑦 𝑙𝑜𝑔 𝐷(𝑓(𝑋))                                           (3)  

where 𝐷(𝑓(𝑋)) is the domain discriminator output, and 𝑦 

indicates the domain label. 

Equation 4: Conditional Distribution Alignment  

𝐿𝑐𝑜𝑛𝑑 = ∑ ∥ 𝜇𝑠
𝑐 − 𝜇𝑡

𝑐 ∥𝑐 2
                                                    (4) 

where 𝜇𝑠
𝑐 and 𝜇𝑡

𝑐 are class-wise means of the source and 

target features.  

Equation 5: Total Adaptation Loss 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑎𝑑𝑣 + 𝜆𝐿𝑐𝑜𝑛𝑑                                                             (5) 

This assigns a fraud label if the deviation exceeds the 

threshold 𝜏. 

Training is performed by iteratively optimizing the feature 

extractor and domain discriminator. Gradient clipping and 

learning rate adaptation are used to ensure stable 

convergence. It is shown that by using adversarial and 

conditional alignment, cross-domain generalization is 

improved. 

3.4. Temporal Evolution and Robustness Module 

The research uses a temporal evolution module for handling 
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concept drift in user behaviors. The sequential features of 

the user behaviors over time are encoded using a recurrent 

model or a temporal attention mechanism. This way, the 

model learns patterns in the behaviors that evolve and 

remains accurate in its predictions despite changes in 

identity behaviors. Also, the research incorporates several 

techniques for model robustness, including adversarial 

perturbations during model training. 

Equation 6: Temporal Consistency Loss 

𝐿𝑡𝑒𝑚𝑝 =∥ 𝑓(𝑋𝑡) − 𝑓(𝑋𝑡−1) ∥2                                                              

(6)    

where 𝑋𝑡 and 𝑋𝑡−1  are consecutive time-step features. 

Equation 7: Robustness Regularizer 

𝐿𝑟𝑜𝑏 = 𝑚𝑎𝑥
𝛿∈𝜖

∥ 𝑓(𝑋 + 𝛿) − 𝑓(𝑋) ∥2                                                         

(7)  

where 𝛿 represents small adversarial noise, and 𝜖 is the 

allowed perturbation bound. 

The model is trained jointly for the optimization of temporal 

consistency and robustness losses, and cross-domain 

adaptation. The research guarantees the model's 

performance stability in the face of temporal drift and 

adversarial behaviors. 

3.5. Evaluation and Performance Metrics 

The process involves the evaluation of the framework using 

different parameters such as accuracy, F1-score, AUC, and 

domain generalization score. The framework is tested using 

a different set of domains that are not included in the 

training process. The parameters of the model, such as the 

learning rate, batch size, and domain adaptation weight (λ), 

are tuned based on their performance during validation. 

Equation 8: Accuracy  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                      (8) 

where TP is true positives, TN is true negatives, FP is false 

positives, and FN is false negatives. 

Equation 9: F1-score 

𝐹1 = 2 ⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⋅𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                                            (9)  

where Precision=TP/(TP+FP) and Recall=TP/(TP+FN). 

The study also presents the results of the evaluation process 

for multiple domain pairs to validate the effectiveness of the 

proposed framework for temporal robustness, cross-domain 

generalization, and overall performance. The parameter 

tuning process also ensures the stability of the proposed 

framework for evolving patterns and limited labels, where 

the training process is continuously monitored to avoid 

overfitting and cross-domain alignment. 

 

4. Results 

In this section, the experimental outcomes of the proposed 

cross-domain framework are presented after conducting a 

series of experiments using various digital identity systems. 

The experimental outcomes show the comparative 

performance of different learning architecture systems in 

heterogeneous and changing environments. The 

performance of the model is calculated in percentage values 

for better interpretation of the effectiveness of the detection 

process in different financial, telecom, E-commerce, and 

healthcare identity systems. The comparative performance 

of different learning architecture systems shows the 

effectiveness of different architectural changes and 

improvements in the proposed model. The variations in 

different identity systems indicate the presence of different 

probability distributions and changes in the behavior of the 

identity systems. The proposed Cross-Domain Temporal 

Robust Model demonstrates higher detection rates in all 

identity systems. This indicates better adaptability and 

resistance of the proposed model in changing identity 

systems. 

Table 2. Cross-Domain Performance Comparison (%) 

Method Accuracy (%) 
F1-Score 

(%) 
AUC (%) 

Dynamic 

Distribution 

Adaptation (DDA) 

91.8 90.6 92.4 

Coupled 

Adversarial 

Transfer Learning 

(CatDA) 

92.7 91.9 93.5 

Robust Adversarial 

Domain 

Adaptation 

(RADA) 

93.4 92.8 94.1 

Dynamic 

Weighted Learning 

(DWL) 

94.2 93.6 95.0 

Progressive 

Adversarial 

Transfer (PAT) 

92.9 91.7 93.8 

Proposed Cross-

Domain Temporal 

Robust Model 

(CDTRM) 

97.6 96.9 98.2 

Table 2 shows that it is evident that the Proposed Cross-

Domain Temporal Robust Model (CDTRM) performs better 

than existing domain adaptation models with respect to all 

performance metrics. Dynamic Distribution Adaptation 

achieves an accuracy of 91.8%, F1-score of 90.6%, and 
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AUC of 92.4%, showing moderate performance with 

respect to marginal and conditional distribution shifts. 

Coupled Adversarial Transfer Learning shows improved 

performance by achieving 92.7% accuracy and 91.9% F1-

score. The use of adversarial strategies enhances the 

performance of the model. Robust Adversarial Domain 

Adaptation shows improved stability by achieving 93.4% 

accuracy and 92.8% F1-score. Dynamic Weighted Learning 

achieves 94.2% accuracy and 93.6% F1-score, showing that 

balancing alignment and discriminability is crucial during 

training. Progressive Adversarial Transfer Learning 

achieves 92.9% accuracy and 91.7% F1-score, showing that 

it is competitive with respect to temporal adaptability. 

However, CDTRM achieves 97.6% accuracy, 96.9% F1-

score, and 98.2% AUC, showing that it achieves an 

improvement of 3.4% with respect to accuracy and 3.3% 

with respect to F1-score over Dynamic Weighted Learning. 

It achieves an improvement of 5.8% with respect to 

accuracy and 6.3% with respect to F1-score over Dynamic 

Distribution Adaptation. 

The significant improvement in AUC, from 95.0% (DWL) 

to 98.2%, further verifies the improved discriminative 

power across domains. These experiments demonstrate that 

the integration of temporal adaptation and robustness 

regularization in cross-domain transfer learning can 

significantly improve the generalization performance. The 

proposed model has shown its superior stability in dealing 

with the changing identity patterns, proving the 

effectiveness of the integration of feature alignment, 

adversarial adaptation, and temporal consistency in a 

unified way. 

 

Fig 1. Model Performance Comparison 

Figure 1 illustrates the comparison of the performance of six 

transfer learning methods using three performance metrics: 

Accuracy, F1-Score, and AUC (Area Under the Curve). 

These methods are Dynamic Distribution Adaptation 

(DDA), Coupled Adversarial Transfer Learning (CatDA), 

Robust Adversarial Domain Adaptation (RADA), Dynamic 

Weighted Learning (DWL), Progressive Adversarial 

Transfer (PAT), and the Proposed Cross-Domain Temporal 

Robust Model (CDTRM). As shown, the performance of all 

methods falls within the range of 90% and 98%. This 

suggests that the performance of these methods is high. 

DDA has an accuracy of 91.8%, an F1-score of 90.6%, and 

an AUC of 92.4%. This method provides a baseline 

performance. CatDA improves the performance of DDA by 

attaining 92.7% accuracy, 91.9% F1-score, and 93.5% 

AUC. RADA improves performance even more by attaining 

93.4% accuracy, 92.8% F1-score, and 94.1% AUC. DW. 

While PAT demonstrates slightly lower accuracy (92.9%) 

and F1 score (91.7%) than DWL, its competitive AUC value 

is 93.8%. The proposed CDTRM method exceeds all other 

approaches, as its performance metrics are the highest: 

97.6% accuracy, 96.9% F1 score, and 98.2% for the AUC 

metric. The above figure shows that the performance of all 

advanced approaches increases steadily, while the proposed 

method offers the greatest increase in the metrics of 

classification accuracy, precision/recall balance, and 

discriminative power. 

Table 3. Cross-Domain Identity Results (%) 

Model 
Financial Identity 

(%) 

Telecom Identity 

(%) 

E-Commerce 

Identity (%) 

Healthcare 

Identity (%) 

Baseline CNN 91.4 89.8 90.6 88.9 

86

88

90

92

94

96

98

100

P
er

fo
rm

an
ce

 (
%

)

Transfer Learning Methods

Model Performance Comparison

Accuracy (%) F1-Score (%) AUC (%)
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Domain Adaptation 

Model 
93.2 92.5 92.8 91.7 

Temporal Robust Model 95.1 94.3 94.8 93.6 

Proposed CDTRM 97.6 96.9 97.2 95.8 

Table 3 compare the performance of several learning 

models in four real-world digital identity systems: Financial 

Identity, Telecom Identity, E-Commerce Identity, and 

Healthcare Identity systems. In this regard, the Baseline 

CNN model performs at 91.4% in the Financial Identity 

system but reduces to 88.9% in the Healthcare Identity 

system, indicating that it does not generalize well when 

domain characteristics change. However, the performance 

of the Domain Adaptation Model is improved to 93.2% in 

the Financial Identity system and to 91.7% in the Healthcare 

Identity system, indicating that distribution alignment 

reduces degradation. Additionally, the performance of the 

Temporal Robust Model is improved to 95.1% in the 

Financial Identity system and to 93.6% in the Healthcare 

Identity system, indicating that incorporating temporal 

evolution improves adaptability when behavioral changes 

occur. However, it is clear that the performance of the 

Proposed Cross-Domain Temporal Robust Model 

(CDTRM) is superior to that of other models in all identity 

systems. In this regard, it performs at 97.6% in the Financial 

Identity system, 96.9% in Telecom Identity, 97.2% in E-

Commerce Identity, and 95.8% in Healthcare Identity. The 

improvement from Baseline CNN to CDTRM is 6.2% in 

Financial Identity and 6.9% in Healthcare Identity, 

demonstrating the cross-domain generalization ability. The 

high values in heterogeneous environments show that the 

integration of domain alignment, temporal consistency, and 

robustness regularization improves the stability and 

reliability of the models. This verifies the effectiveness of 

the proposed framework in dealing with the issues of 

distribution shifts and behavioral changes in digital identity 

systems. 

 

Fig 2. Identity System Comparison 

Figure 2 represents a comparison of the detection 

capabilities of four different identity systems, namely 

Baseline CNN, Domain Adaptation Model, Temporal 

Robust Model, and the Proposed CDTRM, for four different 

domains: Financial, Telecom, E-Commerce, and 

Healthcare. The y-axis represents the detection rate (%) of 

each system. From the graph, it is evident that the Baseline 

CNN has the lowest detection capabilities, with 91.4% 

(Financial), 89.8% (Telecom), 90.6% (E-Commerce), and 

88.9% (Healthcare) detection rates. On the other hand, the 

Domain Adaptation Model shows improved performance 

for all domains, with 93.2%, 92.5%, 92.8%, and 91.7% 

detection rates, respectively. In addition, the Temporal 

Robust Model shows improved performance with 95.1% 

(Financial), 94.3% (Telecom), 94.8% (E-Commerce), and 

93.6% (Healthcare) detection rates. Finally, the Proposed 

CDTRM shows the highest detection rates for all domains, 

with 97.6% (Financial), 96.9% (Telecom), 97.2% (E-

Commerce), and 95.8% (Healthcare) detection rates. From 

the figure, it is evident that there is an upward trend in the 

performance of the proposed model compared to the other 

models. It is also evident that the proposed model is superior 

to the other models with respect to domain adaptation and 

temporal robustness. 

5. Discussion 

The results demonstrate that by incorporating cross-domain 

alignment with temporal robustness, it is possible to 

significantly enhance the overall detection capability. The 

proposed framework has demonstrated improved stability 

across heterogeneous domains, thus suggesting that 

incorporating domain-aware feature learning can lead to 

improved generalization. The comparative evaluation has 

demonstrated that traditional deep learning architectures 

suffer from performance degradation due to distribution 

shift, while adaptation-based methods maintain improved 

stability. The incorporation of temporal robustness has 

further demonstrated improved resistance against 

behavioral evolution, thus suggesting that using static 

representations is not sufficient for digital identity 

ecosystems. The overall results demonstrate that digital 

identity systems need to incorporate adaptive learning 

mechanisms that can adapt to structural and temporal 

changes. The overall implications of these results can be 

applied to real-world scenarios where fraud patterns are 

continually evolving. The improved cross-domain 

consistency can thus lead to improved operational savings. 

However, there are some limitations with respect to 
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handling extreme divergence and rare patterns. Overall, the 

analysis suggests that a comprehensive approach to 

addressing domain variability issues is to combine feature 

alignment, temporal consistency, and robustness 

constraints. Future work should focus on developing 

scalable solutions, incremental learning mechanisms, as 

well as graph-based identity modeling to boost the overall 

adaptability of complex identity systems. 

6. Conclusion 

This paper presented a cross-domain transfer learning 

framework for enhancing the robustness of identity pattern 

detection across evolving digital ecosystems. By leveraging 

adversarial domain adaptation and consistency-regularized 

fine-tuning, the approach effectively mitigates the 

performance degradation caused by distribution shifts 

between disparate data environments. Empirical evaluation 

confirms that the framework enables the successful transfer 

of detection capabilities to new, unlabeled domains while 

maintaining high-fidelity precision. These findings provide 

a technical roadmap for deploying adaptive identity 

verification systems that remain resilient to the domain gaps 

inherent in global, multi-platform digital infrastructures. 
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