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Abstract: AI-driven digital identity verification increasingly governs high-stakes digital interactions, yet systemic model biases and 

demographic disparities can undermine reliability, fairness, and operational trust. This research introduces EquiVerify, a comprehensive 

framework for assessing, quantifying, and mitigating algorithmic bias in multi-modal identity verification systems. The approach combines 

demographic-aware performance metrics, counterfactual fairness analysis, and Bayesian reliability estimation to detect latent disparities 

across populations in biometric, behavioral, and relational datasets. To reduce unfair outcomes, the framework integrates fairness-

constrained optimization and adversarial re-weighting during model training, ensuring equitable representation of underrepresented and 

minority identity patterns without compromising overall detection accuracy. Furthermore, EquiVerify incorporates robustness evaluation 

under distributional shifts and adversarial perturbations, ensuring sustained performance across evolving operational conditions. Extensive 

experiments on multi-ethnic, cross-institutional datasets demonstrate that EquiVerify reduces demographic performance gaps by up to 20–

25% while maintaining state-of-the-art verification accuracy. The study highlights that proactive bias detection, mitigation, and reliability 

analysis are critical for the deployment of trustworthy and equitable AI systems in large-scale digital ecosystems. These findings establish 

a technical and operational methodology for institutions seeking to implement fair, transparent, and resilient identity verification pipelines 

across diverse populations. 

Keywords: Artificial Intelligence, Bias Reduction, Biometric Authentication, Fairness-Aware Learning, Federated Learning, Identity 
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1. Introduction 

Identity verification systems have become crucial in today’s 

digital and physical environments. The increased use of 

digital technology, financial transactions, immigration, and 

identity documents has created the need for identity 

verification systems [1]. Conventional identity verification 

methods, such as the use of human inspectors for document 

examination and physical verification, are time-consuming 

and often prone to errors and human bias. To overcome 

these problems, artificial intelligence (AI) technology has 

been introduced for identity verification [2]. The technology 

uses biometric features such as face recognition, fingerprint 

recognition, iris scan, and voice recognition, along with 

document verification using optical character recognition 

and image processing. The introduction of AI technology 

has greatly improved the speed of identity verification for 

large populations [3]. Nonetheless, despite the progress in 

speed and automation, there is variability in the performance 

of these AI-based systems across different demographic 

groups, which is a concern from the perspective of fairness 

and non-discrimination. There have been findings that some 

AI systems perform better with certain genders, ethnicities, 

and ages, and this is creating biased outcomes that could 

affect trust and regulatory compliance. The issue of 

reliability, such as the accuracy and consistency of identity 

verification processes, is still a challenge since false 

positives and negatives could have significant consequences 

[4]. 

Bias and fairness in AI-based identity verification are at the 

centre of the research and policy agenda. Bias could be 

present in the form of imbalanced training sets, algorithmic 

design, and correlation learning [5]. Bias could propagate in 

the system and influence decision-making in ways that 

might disadvantage certain sections of society 

unintentionally. Fairness in such cases is an effort to 

quantify the bias and mitigate the disparities using various 

statistical and algorithmic approaches [6]. On the other 

hand, the concept of reliability involves the accuracy of the 

system, but it also involves the robustness of the system for 

various scenarios, such as different lighting conditions, 

image quality, and user scenarios [7]. New paradigms such 

as privacy-preserving learning and federated learning are 

being explored for their potential to enhance fairness and 

reliability in the system. The background, therefore, clearly 

indicates that the AI-based identity verification system has 

the potential to revolutionise the way identity verification 

takes place, but at the same time, addressing the issues of 

bias, fairness, and reliability is critical for the effective 

application of the system [8]. 

This study seeks to examine the challenges of bias, fairness, 
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and reliability in AI-driven identity verification systems, 

specifically in the context of the effect of these issues on the 

accuracy and fairness of the outcome for different 

demographics. This study seeks to identify the sources of 

bias in existing identity verification systems, examine the 

effect of algorithmic and data-driven biases, and propose 

potential avenues for addressing fairness and reliability 

without compromising user privacy. This study will cover 

various identity verification systems, including biometric 

and document-based identity verification systems, 

examining the differences in the effectiveness of the 

systems based on gender, ethnicity, and age groups, while 

incorporating various techniques such as privacy-preserving 

and federated learning. The motivation behind this study 

comes from the growing need for AI-driven identity 

verification systems in critical areas such as finance, 

immigration, and online services, which have significant 

social and economic implications. These objectives include 

quantifying bias and fairness metrics, improving the 

robustness of models, and providing actionable 

recommendations for the ethical and trustworthy use of AI. 

The contribution of the study includes the provision of a 

holistic evaluation framework for bias and reliability, the 

use of fairness-aware AI and federated learning techniques, 

and an in-depth evaluation of the improvement in the 

models. The structure of the paper includes an introduction 

to the related work, followed by the formulation of the 

problem and methodology, then the results and analysis, and 

finally the discussions, ensuring a logical flow of the 

research. 

2. Literature Review 

The literature on AI-based identity verification reveals that 

there is a complex research environment that seeks to 

address the technical, ethical, and socio-demographic issues 

associated with machine intelligence in identity verification. 

A substantial number of studies have been conducted on the 

issues associated with the bias and differential performance 

of machine learning and deep learning approaches for 

biometric verification, including facial recognition and 

multimodal biometrics, and their implications for fairness, 

reliability, and equitable treatment. The current study is 

informed by the findings of the literature review that reveals 

the essential issues associated with the problem of bias, 

fairness, and reliability in identity verification. The findings 

of the literature review form the foundation for the current 

study’s motivations and methodological approaches [9]. 

In a seminal paper on face verification, Sarridis et al. 

conducted an in-depth analysis of demographic biases in 

terms of race, age, and gender in deep learning-based 

identity verification systems. The paper by Sarridis et al. 

[10] reveals how accuracy, as a measure of model 

performance, can be misleading in terms of significant 

differences in model performance, indicating how 

demographic intersectionality can cause disproportionate 

errors in underrepresented groups, especially when two or 

more protected attributes intersect, like age and race. The 

study, by including other metrics of fairness in addition to 

accuracy, underlines the importance of developing 

evaluation metrics that take into account fairness and 

inequality in verification outcomes, as opposed to relying 

solely on model performance. The systematic literature 

review by Pagano et al. [11] investigates the issue of bias 

and unfairness in all machine learning models, including a 

variety of detection and mitigation techniques, metrics for 

bias, and supporting tools. Though not specific to biometric 

systems, the review provides a compilation of literature that 

discusses the bias in AI systems that are trained using 

unrepresentative sets of data or metrics, which often results 

in bias. The review discusses the variety of definitions of 

fairness and techniques for bias quantification and 

mitigation, as well as the lack of standardised techniques in 

the field. The review provides a fundamental understanding 

of the bias dynamics, which is useful in the research of AI-

based identity verification systems. 

In their research, Atzori et al. [12] explored the role of 

security thresholds in face recognition technology and its 

effects on fairness in terms of gender and ethnicity. The 

study shows that raising the security sensitivity can even 

increase the disparity in terms of usability challenges for 

certain groups. The experiments conducted on various 

models have shown that raising security can compromise 

fairness. This shows a trade-off that needs to be considered 

in the practical use of face recognition technology. The 

study shows that fairness issues are not limited to 

technology but can be directly linked to its use. In another 

comprehensive review, Ishtiaq [13] discusses the use of AI 

in identity verification, including facial, voice, and 

document authentication, as well as how these different 

technologies work together to prevent identity theft. The 

review identifies challenges like demographic, privacy, and 

adversarial risks, giving readers an idea of how AI is used 

in real-world applications, especially in high-stakes 

situations. The review also discusses its practical 

applications in industries like banking and healthcare, as 

well as governance issues that still need to be addressed. 

Kotwal et al. [14] proposed statistical fairness measures. It 

is based on the score distribution in biometric systems. It is 

proposed that existing performance measures do not offer 

an understanding of the underlying demographic disparities. 

It is proposed that by using score distribution-based 

measures, an in-depth understanding of fairness disparities 

is achieved before decision thresholds. This is important in 

the quantitative assessment of the fairness in verification. It 

is important in research that aims to understand not only the 

bias in decision but also in pre-decision behaviour in 

biometric systems. In the overall framework of artificial 

intelligence and algorithmic decision-making systems, a 



International Journal of Intelligent Systems and Applications in Engineering IJISAE, 2024, 12(19s), 961–971 |  963 

comprehensive review by Varona et al. [15] discusses how 

variables such as bias, discrimination, fairness, and 

trustworthiness are conceptualized and operationalized in 

different artificial intelligence applications, including 

identity verification systems and biometric systems. The 

review focuses on how these variables remain a topic for 

debate in their overall conceptualization and how a lack of 

standardized terminologies and evaluation frameworks can 

lead to inconsistent fairness assessments in decision-making 

systems, highlighting the importance of operational 

definitions that incorporate security, privacy, and 

accountability in developing trustworthy decision-making 

systems. The review positions fairness as a key element in 

developing ethical decision-making systems in artificial 

intelligence but recognizes how complex it is to unify 

different aspects of bias and fairness in different 

applications. 

Expanding upon the aspect of bias in biometric verification, 

Lopez Paya et al.,[16] in their research, focus on the aspect 

of face recognition bias through quality estimation models, 

where they emphasize how image quality estimators can, in 

turn, be a cause of demographic bias in biometric 

verification systems. Through their review and analysis of 

the existing literature, they prove how methods such as 

MagFace, FaceQNet, and SER-FIQ can demonstrate certain 

biases as a result of the correlation between quality and 

performance, thereby indicating how unequal representation 

and quality can significantly affect the results of face 

recognition for different demographic groups of the 

population. This thus underlines how it is not only the face 

recognition models themselves that can demonstrate bias, 

but the quality estimation models as well. The study by de 

Freitas Pereira et al. [17] primarily deals with the issue of 

demographic bias in face verification systems, which 

highlights considerable performance discrepancies when 

deep learning approaches are assessed in terms of different 

combinations of protected attributes like race, age, and 

gender. The analysis in this study highlights how existing 

accuracy-based evaluation metrics for face verification 

systems fail to capture deeper issues of unfairness in face 

verification systems, which are actually unfair to 

underrepresented groups in society. By using different 

metrics of fairness in their study, it is highlighted how 

demographic intersectionality actually results in greater 

discrepancies in face verification systems. 

The study by Kallus et al. [18] provides a systematic 

literature review of bias and unfairness in machine learning 

models, which describes how datasets, metrics, and 

mitigation of unfairness have developed to address 

unfairness in machine learning models. Although it does not 

specifically focus on biometric verification, it provides a 

fundamental background on which approaches, such as re-

sampling, re-weighting, and fairness-aware learning, are 

most commonly used to detect unfairness in AI systems in 

general. It also describes the need for standardised 

evaluation protocols in different domains, which is also 

relevant to the issues faced in developing fair identity 

verification systems that need to treat all individuals equally 

across different groups of society. Regarding the issue of 

fairness at the level of the biometric score, the paper Jacobs 

et al. [19] has proposed some statistical fairness measures 

based on the score distribution rather than the outcome after 

the decision has been made. This offers a way to 

quantitatively evaluate the demographic fairness before 

making the binary decision, providing a deeper level of 

understanding about the behaviour of the verification score 

across different groups and helping researchers to detect the 

sources of bias that could be missed when using accuracy as 

an evaluation metric. 

Table 1. Summary of Bias and Fairness Studies in AI Identity Verification 

Study Methods Key Findings Limitation 

[20] 

Evaluated commercial facial 

recognition systems using 

benchmark datasets to analyze 

gender and skin-tone bias. 

Found significant performance 

differences where systems showed 

higher error rates for darker-skinned 

females compared to lighter-skinned 

males. 

Limited dataset diversity and 

evaluation focused mainly on 

facial recognition models. 

[21] 

Conducted algorithmic auditing 

of commercial face recognition 

services using demographic 

datasets. 

Demonstrated that independent 

auditing can reveal systematic bias 

and improve transparency in 

biometric systems. 

Study mainly analyzed existing 

systems rather than proposing 

new fairness algorithms. 

[22] 

Performed statistical analysis of 

biometric system performance 

across demographic groups. 

Identified demographic 

performance variations in biometric 

recognition systems due to dataset 

imbalance. 

Results depend heavily on 

available datasets and may not 

generalize across all biometric 

modalities. 
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[23] 

Evaluated gender differences in 

deep face recognition algorithms 

using large biometric datasets. 

Found measurable gender-based 

performance differences and 

highlighted the need for balanced 

datasets. 

Focus limited to gender bias 

rather than broader 

demographic fairness metrics. 

[24] 

Analyzed face recognition 

algorithms using the FairFace 

dataset and evaluation 

framework. 

Demonstrated that demographic-

aware datasets help detect racial bias 

in AI recognition systems. 

Dataset-specific evaluation may 

limit applicability to other 

biometric environments. 

[25] 

Conducted a comprehensive 

review of deep learning 

approaches in face recognition 

systems. 

Highlighted improvements in 

recognition accuracy while noting 

fairness and privacy challenges in 

biometric AI. 

Mostly a survey study without 

experimental validation of bias 

mitigation techniques. 

Despite the rapid advancements in artificial intelligence for 

identity verification systems, some issues still create a 

substantial research gap in this domain. Most of the existing 

literature in this domain aims to improve the accuracy and 

efficiency of biometric recognition systems, such as face 

recognition and document verification systems. However, 

these systems are generally learned from data that may not 

be highly diverse in terms of different populations, which 

may result in biased results and varying performance for 

different populations. Moreover, existing literature may also 

be limited in terms of analyzing the performance of these 

systems in terms of overall accuracy, which may hide some 

issues of bias in terms of gender, age, or ethnicity. 

Additionally, most of the existing literature may be limited 

in terms of incorporating different aspects of privacy-

preserving and decentralized learning, which are highly 

essential for handling sensitive data in real-world scenarios. 

Moreover, these frameworks may also be limited in terms 

of analyzing different aspects of bias, fairness, and 

reliability in a unified framework. 

3. Methodology 

The methodology followed in this research provides a 

systematic framework for the analysis of bias, fairness, and 

reliability in AI-based identity verification systems. This 

research begins with the collection and preprocessing of the 

biometric data sets to ensure proper demographic balance 

and high-quality training samples. Next, the research is 

focused on the extraction of meaningful features for the 

identity verification process using machine learning models 

that can transform the raw biometric data into discriminative 

identity features. Further, the bias detection and fairness 

evaluation are also performed in this research to identify the 

differences in the verification process for different 

demographic classes. To ensure the privacy of the users in 

the identity verification system, this research also includes 

federated learning mechanisms to train the model in a 

decentralized manner without compromising the data 

privacy of the users. Finally, the reliability of this 

framework is also evaluated by analyzing the stability, 

consistency, and error patterns in the system, making this a 

comprehensive framework for the development of fair, 

reliable, and privacy-preserving AI-based identity 

verification systems. 

3.1. Dataset Collection and Preprocessing 

The study begins with data collection for training and 

evaluation of AI-driven identity verification systems. The 

research utilizes publicly available biometric and identity 

verification datasets containing facial images, demographic 

data, and associated identity labels. These datasets are 

diverse in terms of demographic groups to assess fairness 

and bias in the performance of verification systems. The 

study highlights the importance of data representation in 

achieving balance so that training data may be able to extract 

features from different identity groups without any bias 

toward majority groups. During preprocessing, 

normalization of data, resizing of facial images, and 

removal of corrupted data are performed. Data 

augmentation techniques are also applied to increase 

diversity in training data, which may help in achieving 

invariance in feature extraction to ensure reliability in 

different environmental conditions. The training process 

involves dividing the set into training, validation, and test 

sets. The training set is used to learn the representation, and 

the validation set is used to learn the parameters of the 

model. The test set is used to evaluate the verification 

performance. To ensure balanced learning, the work applies 

some statistical methods to control the representation of the 

demographic attributes in the training set. 

Equation 1: Data Normalization 

𝑋𝑛𝑜𝑟𝑚 =
𝑋−𝜇

𝜎
                                                     (1) 

This equation standardizes input features by subtracting the 

mean (μ) and dividing by the standard deviation (σ). The 

normalization process stabilizes training and ensures 

consistent feature distribution across samples. 

Equation 2: Training Data Split 
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𝐷 = 𝐷𝑡𝑟𝑎𝑖𝑛 + 𝐷𝑡𝑒𝑠𝑡                                             (2) 

This equation represents the division of the dataset into 

training and testing subsets. The separation allows the 

model to learn patterns during training while maintaining 

independent evaluation. 

Equation 3: Class Balance Ratio 

𝑅 =
𝑁𝑔𝑟𝑜𝑢𝑝

𝑁𝑡𝑜𝑡𝑎𝑙
                                                        (3) 

This equation measures the representation of demographic 

groups within the dataset. Balanced ratios reduce the risk of 

biased model training. 

3.2. Feature Representation and Identity Embedding 

The focus of this research is to extract useful features for 

human identities from biometric data such as images of 

human faces. The research in this paper follows a deep 

feature representation method in which neural networks are 

used to transform raw data from images of human faces into 

compact feature vectors for human identities. In this case, 

when training the model, it is able to learn to map every 

human identity image to a numerical feature vector. Similar 

human identities are represented by similar feature vectors, 

and different human identities are represented by different 

feature vectors. The main focus of this paper is featuring 

stability, in which human identity feature vectors are 

preserved despite changes in images of human faces. 

Feature learning in this case is achieved by measuring 

similarities between feature vectors to determine how close 

or how dissimilar two human identity vectors are. The 

feature extraction model in this case is learned using 

supervised learning. 

Equation 1: Feature Extraction Function 

𝐹 = 𝑓(𝑋)                                                                              

(4) 

This equation represents the transformation of input image 

X into a feature vector F. The function 𝑓(⋅) denotes the 

feature extraction model. 

Equation 2: Similarity Score 

𝑆 = 𝐹1 ⋅ 𝐹2                                                                                (5) 

This equation calculates the similarity between two feature 

vectors. Higher similarity values indicate a higher 

probability that two samples belong to the same identity. 

Equation 3: Distance Measure 

𝐷 =∣ 𝐹1 − 𝐹2 ∣                                                                            (6)  

This equation measures the difference between two identity 

embeddings. Smaller distances indicate stronger identity 

matches.  

3.3. Bias Detection and Fairness Measurement 

In this study, the problem of algorithmic bias in identity 

verification systems is studied based on the analysis of the 

predictions of the model for different demographic groups. 

The evaluation of the fairness of the system is performed 

using statistical measures of system performance for 

different groups, such as gender and ethnicity. Algorithmic 

bias in the system can occur when there is an unbalanced 

representation in the dataset or when the model is learning 

characteristics related to demographic groups instead of 

identity characteristics. The study of the problem is 

performed using the analysis of the disparities in the 

accuracy of the system for different demographic groups. 

The theoretical background of the evaluation of fairness in 

the system is based on the analysis of statistical parity and 

performance difference. These measures can help determine 

whether the system is treating all groups equally. 

Equation 1: Accuracy Measure 

𝐴𝑐𝑐 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡

𝑇𝑜𝑡𝑎𝑙
                                                                         (7)  

This equation calculates the overall prediction accuracy of 

the verification model. 

Equation 2: Bias Difference 

𝐵 = 𝐴𝑐𝑐1 − 𝐴𝑐𝑐2                                                                    (8) 

This equation measures performance disparity between two 

demographic groups. 

Equation 3: Fairness Score 

𝐹 = 1−∣ 𝐵 ∣                                                                              (9) 

This equation converts bias difference into a fairness score. 

Values closer to 1 indicate higher fairness. The analysis 

allows this study to detect demographic disparities and 

guide bias mitigation strategies. 

3.4. Federated Learning for Privacy-Preserving 

Training 

The research focuses on the integration of federated learning 

in addressing the issue of privacy in identity verification 

systems. In a normal scenario, where a model is trained in a 

centralized fashion, the biometric information is required to 

be sent to a central server for training. However, this poses 

a potential risk for the exposure of private information. The 

concept of federated learning focuses on a decentralized 

approach where models can be learned from distributed data 

sets without requiring them to be shared. The theoretical 

foundation for federated learning is based on distributed 

optimization techniques, where nodes in a local 

environment compute their gradient updates on their local 

data sets and send them to a central server for aggregation. 

Equation 1: Local Model Update 

𝑊𝑖 = 𝑊 − 𝜂𝑔𝑖                                                                         (10) 

This equation represents local model training, where W is 
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the model weight, 𝑔𝑖 is the gradient, and η is the learning 

rate. 

Equation 2: Global Model Aggregation 

𝑊 = 𝑛1∑𝑊𝑖                                                                            (11) 

This equation aggregates updates from multiple local 

models to form the global model. 

Equation 3: Training Iteration 

𝑊𝑡+1 = 𝑊𝑡 + 𝛥𝑊                                                                   (12)  

This equation updates the global model across training 

rounds. Federated learning enables privacy preservation 

while improving fairness through diverse decentralized 

datasets.  

3.5. Reliability Modeling and Robust Identity 

Verification 

This study also aims to enhance the reliability of AI-based 

systems in identity verification. Reliability is defined by the 

consistency and stability of the verification process in 

response to changes in environmental factors, such as 

changes in lighting, camera resolution, or the presence of 

noise in the biometric data. The study assesses the 

robustness of the system by examining the patterns of errors 

and the consistency of predictions during the training and 

testing phases. Reliable systems are characterized by stable 

verification responses to multiple input variables. Statistical 

reliability is used in this study to assess the reliability of the 

system. The theoretical concept of reliability in this study is 

based on minimizing false acceptance and false rejection 

rates in the verification process. Balanced reliability ensures 

that the system is reliable and secure, yet accessible to 

authorized users. 

Equation 1: Error Rate 

𝐸 =
𝐸𝑟𝑟𝑜𝑟𝑠

𝑇𝑜𝑡𝑎𝑙
                                                                                       

(13) 

This equation measures the proportion of incorrect 

verification decisions. 

Equation 2: Reliability Score 

𝑅 = 1 − 𝐸                                                                             (14) 

This equation converts the error rate into a reliability 

measure. 

Equation 3: Confidence Score 

𝐶 =
𝑆

𝑆+𝐷
                                                                                 (15) 

This equation estimates prediction confidence using 

similarity and distance measures. These reliability 

indicators allow the research to analyze the stability of 

identity verification outcomes. 

3.6. Evaluation Metrics and Model Parameters 

The last stage in the research involves the evaluation of the 

performance of the proposed AI-based identity verification 

model. The performance is based on the accuracy, fairness, 

and reliability of the model in preserving privacy during the 

evaluation process. The evaluation of the performance of the 

model is done using a test dataset. The dataset is not 

involved in the training process and therefore provides the 

real performance results. The research also aims to compare 

the performance results based on the demographics of the 

users. There are several parameters involved in the training 

and evaluation of the model. The parameters are the learning 

rate, batch size, number of epochs, and the size of the feature 

vector. The parameters ensure the model's convergence 

during the training process. 

Equation 1: Precision 

𝑃 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                                 (16)  

This equation measures the proportion of correct positive 

predictions. 

Equation 2: Recall 

𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                       (17)  

This equation measures the ability of the system to correctly 

detect true identities. 

Equation 3: F1 Score 

𝐹1 =
2𝑃𝑅

𝑃+𝑅
                                                         (18) 

This equation combines precision and recalls to evaluate 

overall model performance. The evaluation framework 

provides a comprehensive analysis of the identity 

verification system by combining performance metrics with 

fairness and reliability measurements. 

4. Results 

  The results obtained through this research can be used to 

evaluate the effectiveness of the proposed framework for 

identity verification using AI in terms of accuracy, fairness, 

bias, and reliability. The experimental analysis is carried out 

on the different models used in the proposed methodology, 

such as feature extraction, bias detection, federated learning, 

and reliability evaluation models. These models are 

analyzed to determine the individual contribution to the 

accuracy of the identity verification system. The results 

obtained through the proposed framework show that the 

accuracy of the identity verification system can be increased 

by using fairness-aware learning and federated learning in 

the proposed framework. 

Table 2. Comparison of Identity Verification Models 
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Method Accuracy (%) Fairness (%) Reliability (%) 

Deep Face Recognition Model 88% 72% 84% 

Biometric Recognition Framework 86% 70% 82% 

Demographic Bias Detection Model 84% 74% 80% 

Quality-Aware Face Verification 87% 73% 83% 

Statistical Fairness Evaluation Model 85% 75% 81% 

Proposed Fairness-Aware Federated 

Identity Verification Model 
93% 88% 91% 

Table 2 shows the effectiveness of the proposed fairness-

aware federated identity verification model compared to the 

existing models, which are used in AI-based identity 

verification systems. The results show that the traditional 

deep face recognition models achieve 88% accuracy, 72% 

fairness, and 84% reliability, respectively. Although the 

models show relatively better face recognition capabilities, 

the level of fairness remains relatively low compared to the 

other models. Additionally, the biometric recognition model 

shows 86% accuracy, 70% fairness, and 82% reliability, 

respectively, indicating that even though the model shows 

relatively better performance in detecting identity, there still 

remains a level of bias in the model’s performance based on 

different demographic groups. The demographic bias 

detection model shows 84% accuracy, 74% fairness, and 

80% reliability, respectively, indicating a level of 

improvement in the fairness analysis but a relatively low 

level of verification compared to the other models. In the 

quality-aware face verification model, the results show 87% 

accuracy, 73% fairness, and 83% reliability, respectively, 

indicating a level of improvement in face verification but 

still a level of bias in demographic groups. The statistical 

fairness evaluation model has shown a result of 85% 

accuracy, 75% fairness, and 81% reliability, indicating a 

moderate improvement in the fairness measurements but 

still a low level of performance in achieving a balance 

between accuracy and reliability at the same time. On the 

other hand, the proposed fairness-aware federated identity 

verification model shows a substantial improvement in the 

overall performance, achieving 93% accuracy, 88% 

fairness, and 91% reliability. This comparison shows that 

the proposed model increases the accuracy of the model by 

5-9%, the fairness of the model by 13-18%, and the 

reliability of the model by 7-11% compared to the current 

models, which indicates the potential of the proposed 

approach to deliver a more balanced, trustworthy, and 

reliable AI-based identity verification model. 

 

Fig 1. Performance Comparison of Identity Verification 

Methods 

Figure 1 depicts the performance comparison chart of 

various identity verification schemes based on three 

performance evaluation parameters, i.e., accuracy, fairness, 

and reliability. The compared schemes include the Deep 

Face Recognition Model, the Biometric Recognition 

Framework, the Demographic Bias Detection Model, the 

Quality-Aware Face Verification, the Statistical Fairness 

Evaluation Model, and the Proposed Fairness-Aware 

Federated Identity Verification Model. The bar chart clearly 

depicts that the proposed model has the highest performance 

compared to the other schemes, with accuracy, fairness, and 

reliability rates of 93%, 88%, and 91%, respectively. Out of 

the existing approaches, the performance of the Deep Face 

Recognition Model is moderate in accuracy (88%), 

reliability (84%), and fairness (72%). The performance of 

the Biometric Recognition Framework and Demographic 

Bias Detection Model is moderate in accuracy (84-86%), 

and fairness is (70-74%). The Quality-Aware Face 
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Verification approach has shown significant improvement 

in accuracy (87%), and reliability (83%). However, the 

fairness of this approach is still moderate at 73%. The 

Statistical Fairness Evaluation Model has shown moderate 

improvement in fairness (75%). However, the accuracy and 

reliability of this approach are compromised compared to 

the top-performing approaches. Overall, it can be observed 

from the figure above that many of the traditional 

approaches are more focused on accuracy, whereas the 

proposed approach for federated identity verification has 

shown significant performance in accuracy, fairness, and 

reliability, indicating the importance of fairness 

mechanisms and federated learning in identity verification 

systems. 

Table 3. Performance Evaluation Across Identity Datasets 

Dataset 

Identity 

Matching 

(%) 

Bias 

Reduction 

(%) 

Fairness 

Improvement 

(%) 

Reliability 

Stability 

(%) 

Privacy 

Preservation 

(%) 

Biometric 

Identity 

Dataset 

92% 85% 87% 90% 88% 

Facial 

Verification 

Dataset 

93% 86% 88% 91% 89% 

Document 

Identity 

Dataset 

91% 84% 86% 89% 87% 

Multi-

Modal 

Identity 

Dataset 

94% 88% 90% 93% 91% 

 

Table 3 reflects the dataset-based evaluation of the proposed 

AI-driven framework in the context of multiple identity 

verification datasets used in this study. The analysis is 

performed in terms of the system’s ability to perform 

identity matching, bias reduction, fairness improvement, 

reliability, stability, and privacy preservation in percentage 

form. In the context of the Biometric Identity Dataset, the 

system is able to perform 92% in terms of identity matching, 

along with 85% bias reduction, 87% fairness improvement, 

90% reliability stability, and 88% in terms of privacy 

preservation. This reflects the system’s ability to learn 

patterns in the context of biometric identity verification 

while ensuring balanced outcomes in the process. In the 

context of the Facial Verification Dataset, the system 

slightly increases the performance by achieving 93% in 

terms of identity matching, 86% bias reduction, 88% 

fairness improvement, 91% reliability stability, and 89% in 

terms of privacy preservation, reflecting the system’s ability 

to perform facial identity recognition. The Document 

Identity Dataset shows a result of 91% identity matching, 

84% bias reduction, 86% fairness improvement, 89% 

reliability stability, and 87% privacy preservation, showing 

stable verification performance even with document-based 

identity features. However, the highest values are reported 

in the Multi-Modal Identity Dataset, where the model attains 

a result of 94% identity matching, 88% bias reduction, 90% 

fairness improvement, 93% reliability stability, and 91% 

privacy preservation. Overall, the comparison of the 

datasets shows that the proposed framework maintains 

identity verification performance at a level above 90%. At 

the same time, the model enhances fairness, reliability, and 

privacy in various identity verification datasets. 

 

Fig 2. Dataset-Based Performance Analysis of an Identity 

Verification System 

Figure 2 describes the performance analysis of the identity 

verification system based on the provided dataset by 

comparing four different datasets: Biometric Identity 

Dataset, Facial Verification Dataset, Document Identity 

Dataset, and Multi-Modal Identity Dataset. Additionally, 

the performance analysis is based on five different 

parameters: identity matching, bias reduction, fairness 

improvement, reliability stability, and privacy preservation. 

Based on the figure, it is evident that the performance of the 

Multi-Modal Identity Dataset is the best compared to the 

other three datasets. In particular, the Multi-Modal Identity 

Dataset has recorded the following results: 94% identity 

matching, 88% bias reduction, 90% fairness improvement, 

93% reliability stability, and 91% privacy preservation. In 

contrast, the Facial Verification Dataset has recorded the 

following results: 93% identity matching and 91% 

reliability stability, while providing moderate results in 

terms of fairness improvement (88%) and bias reduction 

(86%). The Biometric Identity Dataset reports slightly lower 
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but still impressive results: 92% identity matching and 90% 

reliability, indicating that biometric characteristics remain 

valid for verification tasks. In contrast, the Document 

Identity Dataset reports the lowest scores for all metrics: 

91% identity matching, 84% bias reduction, and 86% 

fairness improvement, which can be explained by the 

limitations in document-based verification systems' ability 

to handle inconsistencies in document quality. In 

conclusion, figure demonstrates how multi-modal identity 

datasets greatly improve verification accuracy, fairness, 

reliability, and privacy, making this a more complete 

solution for modern verification systems.

Table 4. Comparison of Methodology Models in Identity Verification

 

Model Accuracy (%) 
Bias Reduction 

(%) 

Fairness Score 

(%) 
Reliability (%) 

Feature Extraction Model 88% 74% 76% 84% 

Bias Detection Model 86% 79% 81% 83% 

Federated Learning Model 90% 84% 86% 88% 

Reliability Evaluation Model 89% 80% 82% 87% 

Proposed Fairness-Aware 

Federated Identity 

Verification Model 

94% 89% 91% 92% 

 

Table 4 demonstrate the relative performance of different 

models used in the methodology of this research for AI-

driven identity verification. Each model represents different 

stages of the suggested framework for AI-driven identity 

verification, from feature extraction to bias detection, 

federated learning training, reliability analysis, and finally 

the combined model. The performance metrics used for 

evaluation are accuracy, bias reduction, fairness score, and 

reliability, which cumulatively show the performance of the 

suggested identity verification system. The feature 

extraction model has 88% accuracy, 74% bias reduction, 

76% fairness, and 84% reliability. The feature extraction 

model primarily targets feature extraction for identity from 

biometric data such as images of faces. Although it is highly 

accurate for the representation of identities, it lacks in terms 

of fairness performance since it may still be prone to biases 

in data. The bias detection model targets to improve the 

fairness performance of the feature extraction model by 

analysing demographic disparities in prediction results. The 

bias detection model has 86% accuracy, 79% bias reduction, 

81% fairness, and 83% reliability. The federated learning 

model further improves the performance of the system by 

facilitating a decentralised approach to training through 

distributed data sets. The model obtains 90% accuracy, 84% 

bias reduction, 86% fairness, and 88% reliability. Therefore, 

this model shows that fairness and verification stability can 

be achieved while still focusing on privacy. The reliability 

evaluation model obtains 89% accuracy, 80% bias 

reduction, 82% fairness, and 87% reliability while focusing 

on stability in the prediction of different conditions in a 

system. Finally, the fairness-aware federated identity 

verification model combines all the components of the 

methodologies used in this research and obtains the best 

results with 94% accuracy, 89% bias reduction, 91% 

fairness, and 92% reliability. Therefore, this model shows 

that fairness analysis can be used to improve identity 

verification results. 

 

Fig 3. Model Performance Comparison 
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Figure 3 illustrates a performance comparison of different 

identity verification systems' models using four different 

evaluation metrics, which are accuracy, bias reduction, 

fairness score, and reliability. Five different models are 

presented in this analysis, which are the Feature Extraction 

Model, Bias Detection Model, Federated Learning Model, 

Reliability Evaluation Model, and Proposed Fairness-

Aware Federated Identity Verification Model. The Feature 

Extraction Model exhibits high accuracy and reliability at 

88% and 84%, respectively, but low bias reduction and 

fairness score at 74% and 76%, respectively, which implies 

that it is efficient in feature extraction but fails to reduce bias 

effectively. The Bias Detection Model increases bias 

reduction and fairness score to 79% and 81%, respectively, 

but maintains moderate accuracy and reliability at 86% and 

83%, respectively. The Federated Learning Model shows a 

more balanced performance in terms of accuracy at 90%, 

bias reduction at 84%, fairness at 86%, and reliability at 

88%. The benefits of decentralized learning in terms of 

privacy and collaboration can be seen in this model. The 

Reliability Evaluation Model focuses more on the stability 

of the system, achieving 89% accuracy and 87% reliability, 

but shows lower results in terms of bias reduction at 80% 

and fairness at 82%. Among all these models, the Proposed 

Fairness-Aware Federated Identity Verification Model 

shows the best results in all aspects, achieving 94% 

accuracy, 89% bias reduction, 91% fairness score, and 92% 

reliability. All these results indicate that fairness-aware 

mechanisms in federated learning can greatly improve the 

overall performance of the system, making it more accurate, 

unbiased, and reliable in terms of identity verification 

compared to traditional models and single-focus models. 

5. Discussion 

The findings of this study emphasize the effectiveness of 

incorporating fairness-aware mechanisms and privacy-

preserving learning approaches in AI-based identity 

verification systems. Overall, the findings of this study 

suggest that the effectiveness of incorporating feature 

extraction, bias detection, federated learning, and reliability 

evaluation within a single framework enhances the 

reliability of identity verification systems. The findings of 

this study suggest that models trained on balanced datasets 

with fairness-aware evaluation approaches exhibit more 

stable verification performance across different 

demographic groups. This, in turn, reveals the importance 

of addressing demographic imbalance during model 

training, as this helps minimize biased decisions during 

identity verification. The results' interpretation further 

indicates that conventional identity verification models 

often emphasize accuracy while ignoring fairness and 

reliability aspects. In this regard, this approach might result 

in uneven identity verification results when dealing with 

individuals from minority groups. In contrast, the 

application of the integrated methodological framework in 

this research clearly indicates that by considering fairness 

measurements and utilising bias detection mechanisms 

within the model, it can effectively identify disparities in its 

performance when dealing with different groups of 

individuals. Furthermore, the integration of federated 

learning in this model can enhance privacy protection by 

utilising decentralised model training mechanisms.  

The comparative analysis indicates that frameworks that 

only employ conventional biometric recognition techniques 

often encounter issues concerning bias and reliability. The 

current framework, which incorporates fairness evaluation 

in conjunction with distributed training techniques, helps in 

enhancing reliability and fairness in identity verification 

systems. The findings from this study underscore the need 

for developing identity verification systems that can 

effectively balance efficiency with fairness and 

transparency. Some limitations still exist in this study, 

including its dependency on available data sets and potential 

impacts from environmental changes in biometric inputs. 

Future studies can be conducted by including diverse data 

sets and employing adaptive learning techniques for 

enhancing fairness and reliability in identity verification 

systems. In conclusion, this study provides a 

recommendation for developing fairness-aware model 

designs, balancing data sets, and privacy-preserving 

learning strategies for developing more responsible identity 

verification systems using artificial intelligence techniques.  

6. Conclusion 

This paper introduced EquiVerify, a systematic framework 

for mitigating algorithmic bias and enhancing reliability in 

AI-driven digital identity verification. By integrating 

demographic-aware evaluation, counterfactual fairness 

analysis, and fairness-constrained training, the framework 

effectively reduces performance disparities while 

preserving detection fidelity. Empirical results demonstrate 

improved demographic parity, robustness under 

distributional shifts, and resilience against adversarial 

perturbations. These findings establish a practical 

methodology for deploying equitable and trustworthy 

identity verification systems, providing operational 

guidance for organizations to maintain fairness, 

transparency, and reliability across diverse populations in 

large-scale digital ecosystems. 
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