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Abstract: This research provides a systematic survey of the evolving landscape of synthetic identities in the 

context of large-scale foundation models. Traditional identity verification assumes synthetic personas exhibit 

detectable statistical anomalies; however, the emergence of generative foundation models has significantly 

lowered the barrier for creating high-fidelity, multimodal synthetic identities that evade current detection 

pipelines. The study categorizes recent advances in generative identity synthesis, including automated persona 

generation and deepfake-based biometric spoofing. Detection methodologies ranging from supervised neural 

classifiers to graph-based relational analysis are evaluated against these advanced generative threats. By 

synthesizing findings across several technical domains, the paper identifies critical vulnerabilities in existing 

verification architectures and proposes a roadmap for self-evolving, adaptive defensive frameworks. The analysis 

demonstrates that behavior-based provenance tracking, real-time adversarial monitoring, and multimodal 

consistency checks are essential for maintaining digital integrity. These perspectives provide a structured 

foundation for developing next-generation identity verification systems capable of resisting sophisticated, 

machine-generated synthetic identities. 

Keywords: Synthetic Identity Fraud, Foundation Models, Fraud Detection, Behavioral Analytics, Identity 

Verification, Anomaly Detection, Financial Security 

 

1. Introduction 

The concept of synthetic identity fraud (SIF) has evolved as one of the most sophisticated financial and digital 

deceptions. Unlike common fraud cases involving stolen personal information, in SIF cases, fraudsters use a 

combination of genuine and false information to establish new and unique identities [1]. These new identities can 

be used for opening bank accounts or making fraudulent transactions without raising initial alarms. With the 

increased use of digital financial platforms, fraudsters have found an ideal environment in which to perpetrate 

these crimes [2]. These fraudsters take advantage of loopholes in identity verification systems by using a small 

amount of genuine and false information. These new identities are extremely hard to detect. The consequences of 

SIF are far-reaching and have resulted in substantial financial losses for banks and consumers [3]. Additionally, 

the deceptive nature of these new identities cannot be detected using common rule-based systems. These systems 

use thresholds and patterns to identify fraud cases, which are not effective in dealing with new fraud cases. The 

need for intelligent systems capable of analyzing complex data patterns and subtle anomalies in these patterns is 

highlighted in the study [4]. 

The detection of synthetic identities demands a multidisciplinary approach that incorporates data analytics, 

behavioral modeling, and machine learning. The study in the field of SIF detection has revealed that the analysis 

of the history of transactions and account creation can significantly enhance the detection of suspicious accounts 

[5]. Statistical techniques, including anomaly detection and clustering, assist in the detection of unusual patterns 

in the data. Machine learning techniques assist in the recognition of complex relationships between multiple 

attributes of accounts, including account behavior, device attributes, and location [6]. Descriptive and inferential 

statistics assist in the recognition of typical and unusual account behaviors. This helps the system to prioritize 

suspicious accounts. Moreover, the incorporation of digital footprints, including social media and online 

interactions, provides further evidence to confirm the authenticity of identities [7]. 
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The study emphasizes the need for a balance between accuracy and computational efficiency in the detection of 

SIF. Financial networks generate massive amounts of data on a continuous basis. The solution to the problem is 

critical to avoid financial losses and protect consumers from the menace of SIF. Advanced techniques that 

integrate the power of statistics with intelligent algorithms are the best way to tackle the rising menace of SIF [8]. 

This research aims to address the challenges of synthetic identity fraud detection in the context of the constantly 

changing nature of foundation models. The main goal of the research is to explore the potential of advanced pre-

trained models in the detection of fraudulent accounts and transactions using the power of large-scale data. The 

scope of the research also includes the identification of the gaps that exist in the detection of fraudulent accounts 

and the potential of the advanced pre-trained models in the detection of fraud. The motivation behind the research 

comes from the growing financial losses resulting from synthetic identities and the inability of traditional rule-

based and classical machine learning systems to manage complex and high-dimensional data. The main objectives 

of the research include the exploration of statistical and machine learning techniques for fraud detection and the 

potential of incorporating the advanced pre-trained models. The research will contribute to the field of fraud 

detection by providing an extensive and comprehensive review of the recent literature and the identification of the 

gaps that exist. 

 

2. Literature Review 

The existing literature on fraud detection has developed at a rapid pace, along with the rising digital fraud risk and 

advances in artificial intelligence. The existing traditional statistical and machine learning techniques have created 

a foundation for detecting fraudulent activities within financial as well as identity-related systems. In recent years, 

scholars have started to use deep learning, graph models, and data integration techniques to detect fraudulent 

activities by recognizing complex behavioral patterns that are associated with digital fraud. In synthetic identity 

fraud detection, which involves a combination of real and false personal attributes to evade detection, traditional 

rule-based detection techniques are found to be inadequate. In response to this challenge, scholars have started to 

explore new algorithms that can learn from data to enhance accuracy as well as minimize false positives. The 

current paper attempts to provide a brief overview of existing literature that is most relevant to understanding the 

application of machine learning as well as deep learning techniques for fraud detection [9]. 

Sunil Anasuri et al. [10] used graph neural networks (GNNs) to assess their capabilities in synthetic identity fraud 

detection by considering user identities as well as their connections. In this research article, the authors used a 

perspective whereby relational information between user accounts, devices, and transactions shows anomalous 

relational structures that are difficult to obtain using feature vectors or linear methods. By creating a graph where 

each node represents an entity and edges represent relationships between them, the model was able to identify 

abnormal clusters that may be indicative of synthetic identities. The research article showed how GNNs are useful 

in detecting synthetic identity fraud by considering dependencies between nodes that are difficult to obtain using 

other machine learning algorithms. This research article provided empirical proof that graph-based learning 

methods are more malleable and scalable compared to other baseline methods in detecting fraud. The research 

article helped to extend fraud detection methods from standard classifier-based methods to those that are able to 

learn complex network behavior. 

In the paper by Thulasiram Yachamaneni et al. [11], the authors proposed a framework for deep learning that is 

specific to the detection of synthetic identity fraud in online credit card applications. The authors pointed out that 

rule-based systems and conventional classifiers are ineffective in dealing with the problem of synthetic identity, 

as fraudsters use subtle sequential and behavioral patterns that need models that are capable of handling temporal 

sequences. Therefore, the authors proposed a framework that incorporated convolutional neural networks and 

recurrent neural networks, such as LSTM, for handling both spatial and temporal patterns of identity attributes 

and application behavior. Feature engineering techniques, such as identity clustering and anomaly scoring, were 

incorporated as part of the preprocessing techniques. From the results of the paper, it is evident that the proposed 

framework performed better than conventional classifiers, especially in F1 score and false positive reduction. This 

further strengthens the argument that synthetic identity detection requires a model that incorporates several neural 

networks.  

The research carried out by Ravi Kiran Alluri [12] on synthetic identity fraud detection adopted a perspective on 
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data integration that is related to customer data integration using multimodal data. The research posited that fraud 

indicators are not always consistent across different data streams. By integrating different data types such as 

transactional data, identity data, and device data into a single feature space, the model is able to identify 

inconsistencies that could be missed by considering individual data types in isolation. The research adopted 

ensemble methods that integrated supervised and unsupervised learning techniques to produce risk scores from 

individual data types. These risk scores were then integrated into a single risk score using a meta-classifier. This 

perspective on synthetic identity fraud detection is related to a shift towards a more holistic approach to fraud 

analytics that considers all available customer data.  

In a study conducted by Hassan Kazemian et al. [13] on an extensive comparison of machine learning methods in 

detecting fraudulent identities, several models were applied on a large policing data set. This study emphasized 

that no algorithm was superior in all cases, and results depended on the nature of fraudulent signals. It was 

observed that deep learning-based models could perform at competitive levels compared to traditional models 

when large feature sets were provided, while supervised models like SVM produced high results in scenarios 

where there was clear separability between classes. What was also emphasized was that there was an issue with 

data imbalance and availability in scenarios like identity-based detection, and results provided useful insights on 

choosing models based on practical scenarios. This study provides useful benchmarks for future research on 

models related to identity fraud detection. 

In the larger context of financial fraud detection, the research by Boulieris et al.  [14] sought to examine the 

potential for sequence patterns observed within online user activities to be viewed similarly to natural languages. 

The paper proposed that user activities could be viewed as having a similar semantics to a sequence of words 

within a sentence that could be leveraged by models that are conventionally applied to natural language 

processing. The ability to tokenize user activities enabled the model to identify unusual phrases that are indicative 

of potentially fraudulent activity. Although it is not directly related to synthetic identity theft detection, it 

contributes to the broader research literature by demonstrating the potential for adapting natural language 

processing techniques to inform a more effective approach to detecting financial fraud through pattern recognition 

techniques. 

Table1. Recent Studies on Fraud Detection Techniques 

Study Methods Key Findings 

[15] 

Machine learning models 

including SVM, k-NN, and 

neural networks applied to 

identity datasets 

The study demonstrated that ML models can effectively 

classify fraudulent and genuine identities, with supervised 

learning models achieving strong detection performance 

when sufficient training data is available.  

[16] 

Deep learning framework 

using sequential neural 

networks and behavioral 

pattern analysis 

The research showed that sequential deep learning models 

can capture temporal patterns in financial transactions and 

improve fraud detection accuracy compared with traditional 

static models.  

[17] 

Blockchain-based 

framework integrated with 

data mining algorithms 

The study proposed combining blockchain and data mining 

to create a secure and transparent fraud detection system 

capable of identifying suspicious identity activities.  

[18] 

Machine learning and data 

analytics techniques for 

banking fraud detection 

The study highlighted that integrating machine learning 

algorithms with financial analytics improves early detection 

of suspicious transactions and enhances financial security 

systems. 

[19] 

Systematic review of 

machine learning 

techniques in banking 

fraud detection 

The research identified common algorithms such as neural 

networks, decision trees, and random forests and 

emphasized their effectiveness in detecting financial fraud 

patterns in banking systems.  

The existing literature indicates a high degree of success in fraud detection through statistical analysis, machine 

learning models, and deep learning techniques. However, there are a few areas that need further research and 

solutions. Most of the research focuses on financial fraud detection rather than dealing with the complexities of 

synthetic identity fraud. Synthetic identity fraud generally incorporates both real and false information, making it 

hard to identify using normal models based on rules or features. Another problem with fraud detection models is 

the lack of sufficient labeled datasets and the changing nature of fraudsters. Most of the research relies on a single 
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dataset or a single source of information, which limits the ability of fraud detection systems to identify the complex 

behavioral and relationship characteristics of synthetic identity fraud. Hence, there is a research gap in dealing 

with fraud detection using more adaptive techniques. This research aims to bridge the gap in fraud detection using 

advanced analytical techniques, especially foundation models. It focuses on the potential of these techniques in 

dealing with large-scale behavioral characteristics and contextual relationships in fraud detection systems. It 

provides an idea of improving synthetic identity fraud detection systems in modern digital environments. 

 

3. Methodology 

This section highlights the methodological framework that is used to analyze synthetic identity fraud detection in 

contemporary digital systems. The research is based on analyzing identity-based datasets and using analytical 

learning techniques to identify fraudulent activities. Synthetic identities involve various combinations of 

legitimate and fabricated information. This makes synthetic identity fraud difficult to identify using contemporary 

rule-based systems. As such, this research proposes a structured analytical process to identify synthetic identity 

fraud. The research methodology is based on transforming identity-based information into numerical feature 

representations that can be analyzed using training processes to identify abnormal patterns. Additionally, the 

research incorporates various statistical modeling and learning techniques to identify synthetic identity fraud. By 

using data preparation processes, training processes, and evaluation processes, this research proposes a 

methodological framework to analyze identity-based behavior and identify synthetic identity fraud activities in 

large-scale financial systems. 

3.1 Identity Pattern Modeling Framework 

The work starts by arranging datasets that represent identity-related information gathered from financial and 

digital interaction environments. Synthetic identity fraud detection requires heterogeneous data sources since 

fraudulent identities are created by mixing actual personal attributes with false information. The research 

integrates various datasets like transaction data, account registration attributes, behavioral activity data, and device 

data. These datasets provide specific data that helps capture irregular identity construction patterns. The research 

assumes that a dataset D has actual identity data along with fraudulent identity data, where data attributes are 

demographic data, transaction frequency, account age, and device data. The research also includes data 

preprocessing to remove duplicate data, normalize numerical data, and encode categorical data to provide a 

uniform data representation. The research also includes feature extraction to provide behavioral data like login 

regularity, transaction deviation, and account activity growth patterns. 

The research develops a training dataset that distinguishes between genuine and suspicious identities by utilizing 

filtering techniques. These new features are used as a basis for further modeling and training. Through the creation 

of a data set, the study ensures that the identity features are indicative of both behavioral and transactional 

information, thereby enabling the learning system to detect abnormal identity structures that are associated with 

synthetic fraud. The data set is thus developed in a manner that is consistent with regard to feature representation 

for various identity structures. 

3.2 Feature Representation and Identity Encoding 

The process converts the processed datasets into numerical feature representations, which are compatible with 

analytical learning models. Synthetic identity fraud is often characterized by slight discrepancies between identity 

attribute information and behavioral activity. As a result, the research incorporates identity attribute information 

in a structured vector representation. Identity information is represented in a feature vector, where attributes are 

derived from transaction information, account activity, and interaction behavior. Normalization and embedding 

techniques are also applied to ensure equal weighting for both numerical and categorical data during model 

training. In addition, feature engineering is used to create behavioral indicators, such as transaction variation 

scores and account stability indicators. These indicators represent the dynamic nature of identity activity over 

time. During training, the model learns from these representations to distinguish between legitimate and synthetic 

identities. In the process of representation learning, the research postulates that each identity vector is mapped 

into a feature space where any form of similarity and abnormality can be quantified. This representation learning 

space enables the learning model to identify any form of inconsistency in identity attributes and behavior signals. 
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In this regard, the research constructs an identity representation matrix that facilitates statistical learning models 

in identifying any form of abnormal identity. This process ensures that the learning model is provided with 

structured numerical information. 

Equation 1: Identity Feature Representation  

                                                             𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑛}                                                                  (1) 

Where 𝑋 represents the identity feature vector and 𝑥𝑛 represents individual attributes derived from dataset 

features. 

Equation 2: Feature Normalization 

                                                                 𝑋𝑛𝑜𝑟𝑚 =
𝑋−𝜇

𝜎
                                                                     (2) 

Where 𝑧 represents a normalized value, 𝑥 represents feature value, 𝜇 represents the mean, and 𝜎 represents 

standard deviation. 

3.3 Learning and Training Architecture 

The research proposes a learning architecture that aims to identify complex relationships between the attributes 

of the identity and the behavioral activities. The learning begins by inputting the encoded identity vectors into the 

supervised learning architecture that tries to classify the identities as genuine or fraudulent. The learning occurs 

through the iterative process of adjusting the parameters of the learning architecture by minimizing the prediction 

error between the expected and the predicted outcomes. During the iterative learning process, the learning 

architecture examines the relationship between the features and the fraud label. This way, the learning architecture 

identifies the patterns that define the synthetic identities. The research assumes that the fraudulent identities will 

have an inconsistent relationship between the features of the identity, such as timing, age of the accounts, and the 

use of devices. The learning architecture will be able to learn the mapping function that converts the input vectors 

into the predicted probability of fraud. The learning architecture is also capable of capturing nonlinear 

relationships between identity features, thus allowing the system to learn patterns that cannot be identified by 

traditional rule-based systems. The research also utilizes anomaly signals based on behavioral features to improve 

the sensitivity of the learning system for suspicious identity structures. This training mechanism enables the 

creation of a predictive mapping for abnormal identity structures in large financial datasets. 

Equation 3: Fraud Prediction Function 

                                                                              𝑦̂ = 𝑓(𝑋)                                                               (3) 

Where 𝑦̂ represents the predicted fraud label and 𝑋 represents the input feature vector. 

Equation 4: Loss Function 

                                                                            𝐿 = (𝑦 − 𝑦̂)2                                                            (4) 

Where 𝐿 represents prediction loss, 𝑦 represents the actual label, and  𝑦̂ represents the predicted label. 

3.4 Identity Anomaly Detection Strategy 

The work also enhances fraud detection by considering anomaly detection principles that emphasize deviation 

from normal identity behavior. Synthetic identities are difficult to detect since their behavior is similar to that of 

normal users at initial stages. The research thus examines identity activity distribution and detects deviations from 

normal behavior patterns. The normal identity activity patterns are created during training by establishing a 

statistical representation of normal identity activity patterns such as transaction frequency, login patterns, and 

account growth rate. Identities that significantly deviate from normal patterns are thus treated as potential 

anomalies. The anomaly detection strategy calculates a deviation score that represents the distance between 

identity behavior patterns and normal behavior patterns. The deviation score is thus used to emphasize identities 

whose patterns are different from normal user activity patterns. This enables the detection system to identify fraud 

signals despite limited explicit fraud data. By using this anomaly analysis, it is possible to enhance the robustness 

of the learning framework by identifying hidden irregularities in identity behavior. In this regard, it is possible to 

use a combination of supervised prediction and anomaly detection that enables the system to identify both existing 

fraud patterns and synthetic identity structures. 
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Equation 5: Anomaly Score 

                                                                            𝐴 =∣ 𝑥 − 𝜇 ∣                                                                   (5) 

Where 𝐴 represents anomaly score, x represents observed behavior value, and 𝜇 represents the normal behavior 

mean. 

Equation 6: Deviation Distance 

                                                                         𝑑 = (𝑥𝑖 − 𝑥𝑗)
2                                                            (6) 

Where 𝑑 represents deviation distance and 𝑥𝑖 and 𝑥𝑗 represents identity, behavior, and values. 

3.5 Performance Evaluation and Parameter Configuration 

The last stage of the work is concerned with the evaluation of the effectiveness of the fraud detection framework 

and the configuration of the parameters of the model for optimal performance. The evaluation of the performance 

of the fraud detection framework is based on statistical performance indicators derived from the outcomes of the 

prediction that were produced during the testing of the model. The dataset is divided into subsets of training and 

testing data to allow the performance of the model to be evaluated. Parameters of the model, including the learning 

rate, number of cycles of iterations, dimension of the features of the data, and the threshold of anomalies, are 

configured during the training of the model to allow for convergence and the accuracy of the prediction. The 

research uses the accuracy of the classification of the data as an indicator of the effectiveness of the trained model. 

These measures are useful in evaluating whether or not the framework is able to effectively differentiate between 

legitimate identities and synthetic identities. Parameter tuning is used to ensure that the model is able to achieve 

a balance between being sensitive to fraud detection without being too sensitive to false alarms. As such, this work 

is able to establish an evaluation process that incorporates statistical measurement of performance and parameter 

optimization. This is the last stage in validating the reliability and efficiency of the proposed framework in 

synthetic identity fraud detection. 

Equation 7: Accuracy 

                                                         𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                   (7) 

Where: TP means true positive, TN means true negative, FP means false positive, and FN means false negative. 

Equation 8: Precision 

                                                         𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                (8) 

Where TP represents correctly detected fraud and FP represents incorrectly predicted fraud. 

 

4. Results 

This work presents the analysis results based on the evaluation of various identity detection models for synthetic 

identity fraud scenarios. The results are based on measuring the effectiveness of various analytical frameworks in 

identifying suspicious identity patterns in various environments related to identity fraud. The study aims to 

evaluate the detection capability of the models by comparing various learning models based on percentage results 

from experimental analysis. The results provide a better understanding of how various modeling approaches react 

to complex identity relationships and behavior, which are generally associated with synthetic identity fraud. The 

results show the effectiveness of advanced learning models in processing large volumes of identity data and 

identifying hidden signs of identity fraud. The results also show that models that can incorporate behavior, 

relationship, and identity information are better for detection capability. The results show the effectiveness of 

foundation-based analytical models in identifying subtle anomalies in digital financial environments, which is 

useful for better detection capabilities and accurate identity verification systems. 
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Table2. Model Performance Comparison 

Method 

Detection 

Accuracy 

(%) 

Precision 

(%) 
Recall (%) 

F1-Score 

(%) 

Support Vector Machine 86.4 84.2 82.5 83.3 

Neural Network Model 88.7 86.5 85.4 85.9 

Sequential Deep Learning Model 90.3 88.9 87.6 88.2 

Multimodal Fraud Detection 

Model 
91.5 90.2 88.7 89.4 

Foundation Identity Detection 

Model (Proposed) 
94.6 93.8 92.4 93.1 

 

The comparative results, as presented in the table 2, show the performance of various fraud detection 

methods based on certain evaluation parameters, such as detection accuracy, precision, recall, and F1 

score. According to the comparative analysis, traditional machine learning techniques, such as Support 

Vector Machine, show a detection accuracy of 86.4%, precision of 84.2%, recall of 82.5%, and F1 score 

of 83.3%. These parameters show that traditional classification techniques are effective in detecting 

fraud, but with a certain level of limitation in dealing with complex relationships between identities. On 

the other hand, the Neural Network model shows moderate improvement in detecting fraud, with 88.7% 

accuracy, 86.5% precision, 85.4% recall, and 85.9% F1 score, showing high potential in pattern 

recognition. The more advanced models enhance the detection accuracy. The Sequential Deep Learning 

model has an accuracy of 90.3%, precision of 88.9%, recall of 87.6%, and an F1-score of 88.2%. This 

shows the importance of the temporal behavioral pattern detection in fraud detection. The Multimodal 

Fraud Detection model has an accuracy of 91.5%, precision of 90.2%, recall of 88.7%, and an F1-score 

of 89.4%. This shows the importance of the use of multiple data sources in fraud detection. The 

Foundation Identity Detection Model, proposed in this work, has recorded the highest performance 

compared to all other models. This model has recorded 94.6% in terms of detection accuracy, 93.8% in 

terms of precision, 92.4% in terms of recall, and an F1 score of 93.1%. These results have shown that 

foundation model-based frameworks have the ability to identify complex behavioral patterns and identity 

relationships more effectively compared to traditional and deep learning models. This has shown that 

advanced analytical frameworks can improve synthetic identity fraud detection in digital financial 

systems. 

 

 Figure 1. Comparative Accuracy of Fraud Detection Models 

75
80
85
90
95

100

Support Vector

Machine

Neural Network

Model

Sequential Deep

Learning Model

Multimodal

Fraud Detection

Model

Foundation

Identity

Detection Model

(Proposed)

P
er

fo
rm

an
ce

 P
er

ce
n
ta

g
e 

(%
)

Fraud Detection Methods

Comparative Accuracy of Fraud Detection Models

Detection Accuracy (%) Precision (%) Recall (%) F1-Score (%)



645 

J. Electrical Systems 21-1s (2025): 638-648 

 

Figure 1 represents the comparative analysis of the different fraud detection models based on the performance 

metrics of Detection Accuracy, Precision, Recall, and F1-Score. The fraud detection models include the Support 

Vector Machine Model, Neural Network Model, Sequential Deep Learning Model, Multimodal Fraud Detection 

Model, and the proposed Foundation Identity Detection Model. The Support Vector Machine Model represents 

the lowest performance among the different models. It provides a detection accuracy of 86.4%, precision of 84.2%, 

recall of 82.5%, and an F1-score of 83.3%. The proposed Neural Network Model provides a high performance 

with 88.7% accuracy, 86.5% precision, 85.4% recall, and an F1-score of 85.9%, representing a better performance 

in identifying the fraud activities. The Sequential Deep Learning Model has further improved performance, with 

90.3% accuracy, 88.9% precision, 87.6% recall, and an F1 score of 88.2%. As can be seen, the Multimodal Fraud 

Detection Model has also performed well with 91.5% accuracy, 90.2% precision, 88.7% recall, and an F1 score 

of 89.4%. This shows the superiority of using multiple data modalities. The Foundation Identity Detection Model, 

as proposed, has shown the best performance in all aspects. This model has recorded 94.6% accuracy, 93.8% 

precision, 92.4% recall, and an F1 score of 93.1%. This shows that the proposed model has performed much better 

in comparison to the other models, and its performance is reliable and balanced. 

Table3. Detection Results of Models 

Model 
Banking Fraud 

Detection (%) 

Credit Identity 

Fraud (%) 

Transaction 

Anomaly 

Detection (%) 

Graph Learning Model 89.6 88.3 90.1 

Deep Behavioral Model 91.2 90.5 92.4 

Multimodal Identity Model 92.7 91.8 93.6 

Foundation Identity Detection 

Model 
95.4 94.2 96.1 

Table 3 illustrates the detection capability of various analytical models for the fraud domains considered. The 

Graph Learning Model presents its detection capability in the three fraud domains considered. Its performance in 

banking fraud detection is 89.6%, credit identity fraud identification is 88.3%, and transaction anomaly detection 

is 90.1%. The values presented illustrate that the graph analysis is capable of identifying relationships between 

accounts and transactions. However, the detection capability is low if the identity structures become more 

complex. The Deep Behavioral Model presents better detection outcomes compared to the Graph Learning Model. 

Its performance in banking fraud detection is 91.2%, credit identity fraud identification is 90.5%, and transaction 

anomaly detection is 92.4%. The better detection outcomes illustrate that behavioral pattern analysis enhances the 

ability of the model to identify irregular activity patterns of fraud identities. The Multimodal Identity Model 

improves the results further, yielding 92.7% in banking fraud detection, 91.8% in identifying credit identity fraud, 

and 93.6% in transaction anomaly detection. This improvement in results confirms that analyzing multiple data 

types, including transaction data, behavioral data, and identity data, can lead to better detection of identity-related 

fraudulent patterns. The Foundation Identity Detection Model proposed in this research has recorded the highest 

detection capability in all domains. This model has recorded 95.4% in banking fraud analysis, 94.2% in credit 

identity fraud detection, and 96.1% in transaction anomaly detection. This improvement in detection percentages 

confirms that foundation model-based analytical learning can effectively identify identity relationships and 

behavioral patterns, unlike traditional analytical models. This improvement in detection percentages also confirms 

that the proposed framework can effectively process identity data and identify even minor signs of fraud in digital 

financial environments. 
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 Figure 2. Fraud Detection Results Across Models 
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is a need to improve the integration between large-scale learning frameworks and behavioral analytics or network-

based modeling techniques to improve the reliability of these systems in detecting emerging fraud trends and 

identity verification systems in digital financial systems. 

 

6. Conclusion 

This paper presents a comprehensive analysis of synthetic identity generation and detection in the era of 

foundation models. Emerging adversarial synthesis techniques were categorized, and current detection 

methodologies were evaluated, revealing gaps in static verification protocols. The study highlights the need for 

provenance-aware, behaviorally monitored, and multimodal detection strategies. By proposing a framework for 

adaptive, self-evolving defensive architectures, the research offers a strategic roadmap for designing resilient 

digital identity verification systems. Ultimately, the findings underscore that integrated, foundation-model-

informed approaches are essential for mitigating the risks posed by sophisticated synthetic identities in global 

digital ecosystems. 
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