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Abstract 

The rapid development of generative AI has greatly affected different industries such as journalism, healthcare, and 

finance, among many others. However, this has also created ethical concerns due to biased outputs that result from 

training data, algorithmic design, and human oversight. Explainable AI indeed helps mitigate these biases by 

increasing the transparency, interpretability, and accountability of AI decision-making. Techniques like SHAP, 

LIME, and counterfactual explanations facilitate the detection and correction of bias, ensuring that AI is utilized 

ethically. A comparison of the precision and accuracy across three studies showed varying results: Alikhademi Kiana 

et al. (2021) achieved 75% precision and 85% accuracy, Nagisetty Vineel et al. (2020) had 70% precision and 77% 

accuracy, while Brandt Rafael et al. (2023) recorded 60% precision and 75% accuracy. These discrepancies highlight 

the ethical challenges that biases in AI present and drive the imperative for better algorithm development, high-

quality data, and monitoring at all times. XAI fosters confidence since it enhances trust, facilitates regulatory 

compliance, and enables the just use of AI in sensitive areas like healthcare and criminal justice by its emphasis on 

transparency and explainability. 
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1. Introduction 

Generative AI has changed the face of media production, healthcare, and finance, among other industries. However, 

such models are likely to suffer from biases in the training data, algorithmic frameworks, and human input, thereby 

causing issues of unfairness. This is where explainable AI (XAI) comes in, enhancing the transparency, 

interpretability, and accountability of AI decision-making. Using XAI techniques, such as Shapley Additive 

explanations (SHAP), Local Interpretable Model Agnostic Explanation (LIME), and counterfactual explanations, can 

help organizations find, understand, and rectify AI biases. Explainability helps ensure that the AI systems developed 

are ethical and responsible in deployment, builds trust, and helps ease the burdens of regulatory compliance. 

1.1 Mitigation Bias in Generative AI   

With more exposed biases and prejudices in AI, fairness concerns kept rising. It explored issues relating to the topic 

of AI fairness, bias origin, their impacts, and means to minimize those effects. Employment and AI facial recognition 

algorithms tend to be discriminative to a certain set of groups [1] and [2]. These prejudices may perpetuate systemic 

discrimination and inequality in employment, lending, and criminal justice, harming people and communities. Data 

quality improvement [8] and deliberately fair algorithm design [9,10,11] were mitigating measures suggested by 

http://www.ijsrem.com/


          International Journal of Scientific Research in Engineering and Management (IJSREM) 
                       Volume: 08 Issue: 08 | Aug - 2024                               SJIF Rating: 8.448                                 ISSN: 2582-3930                                  

 

© 2024, IJSREM      | www.ijsrem.com                                 DOI: 10.55041/IJSREM37255                   |        Page 2 

researchers and practitioners. Researchers, politicians, and academics agree that AI fairness and prejudice are crucial 

[1,12,13,14,15,16]. This study examined data, algorithmic, and user bias in AI and gave examples [17,18].  

Table 1: Classification of Prejudice 

Categorization of 

Prejudice 

Description Examples 

Sampling Bias Biased forecasts and poor performance 

result from training data that does not 

accurately reflect the people it is meant to 

help. 

A racial bias in a face recognition 

technology that struggles to identify 

persons of color 

Algorithmic Bias Algorithm design and implementation may 

prioritize specific features and provide 

biased results. 

 

A system that takes gender and age 

into account more than others, 

causing unjust employment choices. 

 

Confirmation Bias An example of this would be when an AI 

system backs the biases of its creators or 

end users. 

An AI algorithm that predicts job 

hopefuls' success using recruitment 

coordinator biases. 

 

Measurement Bias As a result of persistent over- or under-

representation of certain groups in data 

collected or measured. 

Urban replies dominated the poll, 

under-representing rural sentiments. 

 

Interaction Bias An AI system treats people unfairly when 

it is biased. 

 

A chatbot that unfairly treats men and 

women. 

 

Generative Bias Included in artificial intelligence models 

that can create new data, images, and text. 

As a result of producing an excessive 

number of results, generative bias 

Misrepresentation of non-Western 

cultures and an excess of Western 

idioms and conventions were possible 

outcomes of training a text generation 

algorithm on Western literature. 

Even when age and health conditions were the same, the method assigned higher-risk ratings to African-American 

individuals [20]. Due to greater false positive rates, Darker skin tones showed worse accuracy when using facial 

recognition technologies [16]. Bias may lead to unjust arrests or convictions. Generated AI systems (GenAI) raised 

the likelihood of detrimental “biases” [14,21,22]. Criminal justice algorithms may unfairly target some groups, 

notably persons of color, whose chances of being wrongfully punished or facing more severe penalties [1] credit 

score systems, making loans and mortgages tougher to get [25] algorithms for face recognition that were taught to 

use male data may fail to recognize female faces, sustaining security system gender bias [1]. As AI systems were 
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developed to reduce their negative effects [14,21,22] race, gender, age, and disability discrimination was a major 

worry [7]. In sensitive fields like healthcare, biased AI systems might damage patients or limit therapy [25]. Whoever 

built and implemented an AI system that was biased and prejudiced was equally responsible [23]. Ethical rules, 

openness, and responsibility in AI research and usage were needed [26]. In the data gathering, model creation, and 

application phases of generative AI systems, bias may provide skewed outputs that penalize some populations. For 

example, training data biases may produce discriminatory outputs [27], demonstrating how language models can 

replicate social preconceptions [28]. Insufficient emphasis was given to model architecture and training goals [29] 

since large-scale systems may discriminate unexpectedly [30]. An important step towards regulating generative AI, 

although bias reduction guidelines were lacking, especially for decision-making [31] hazardous applications with 

constrained generative AI [32]. Their work facilitates ethical AI system audits, but it does not provide AI model-

building technology [33], auditing transparency, or stakeholder participation [34] to address bias in output and models 

[35]. To some extent, prejudice can be eliminated by using reweighting algorithms and counterfactual fairness [36]. 

AI has the potential to remain stationary in the face of constantly advancing AI technology. There were insufficient 

standards and enforcement for AI self-regulation. Updating data or adding new users can alter system biases [37]. 

Artificial intelligence systems generate layers for data, models, and applications [38].  

 

 

 

 

                                                             Billions of parameters; apply of possibility 

  Data Level                                      Model Level                                                Users Level 

Figure 1:  There are three levels of bias in generative AI 

 

1.2 Explainable AI for Ethical Deployment 

Readings [39,40,41,42] were essential to understanding Generative AI Ethics. The boundaries between real and false 

were becoming porous in AI-generated material, such as deepfakes [43, 44]. Be wary of biased generative AI data if 

you want to avoid prejudice and unfair outcomes [45, 46, 47, 48]. When AI decisions had real-world consequences, 

it was helpful for those decisions to be explained clearly and concisely [49, 50, 51, 52]. Generative AI models must 

be transparent and explainable as they are utilized more. The procedure by which the model arrives at its conclusions 

must be explained correctly and to the audience. Countability and Responsibility define who was accountable for 

damaging or deceptive generic AI material [53, 54, 55]. AI-generated content ownership and creator rights were 

covered under IP [56, 57, 58, 59]. Employment losses and depreciation of human-generated stuff were economic and 

social impacts [60, 61]. IDSSs and AITC improve decision-making, target identification, and field casualty care. 

Generational AI reduces field operators' mental strain and speeds up action in military applications. First, both 

industries understand the need for reliable generative AI systems for application validity. These systems must be 

reliable and fast to identify security concerns in a complex battlefield or modest medical image anomalies. Second, 

implementation matters. These two aims were key for military and healthcare generative AI. The military has used 

AI to develop autonomous drones and smart cruise missiles for decades [62, 63]. A resume screening AI system 

could give more weight to applicants with a given industry's hiring history, for example, giving more weight to male 

candidates for technical positions than to those who would be the greatest match for the position. Since healthcare 

recently implemented generative AI technologies [64], the military's ethical lessons may apply. American military 

modernization requires AI-focused Robotic Autonomous Systems (RAS) [65]. Automation and AI might make 

Input ccccccc Neural Networking Model  
output 
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robots colleagues, not tools. AI might speed up decision-making by examining big data. Troops must trust their 

identifications because these algorithms need successful human systems integration [66] supporting healthcare 

personnel. By giving stakeholders the ability to link certain outcomes back to particular model characteristics, XAI 

technologies may aid in identifying and mitigating bias. For example, XAI may assist in identifying the variables 

(such as past arrest records) that were causing a predictive policing technology to unfairly target minority groups.  

 

 

Figure 2: Block Diagram of the Conceptual Framework for Solving Ethical Issues in Generative Artificial 

Intelligence [67] 
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2.  Review of literature 

Luk C., et al. (2024) [68] said that generative AI ethics and explainability were under consideration. With the fast 

growth of generative AI technologies, this study examined the many ethical issues that emerge, emphasizing the 

necessity of transparency, accountability, and justice. The report proposes a balanced strategy that promotes 

innovation and ethical monitoring by examining regulatory frameworks and introducing new explainability criteria. 

Case examples show the challenges of applying generative AI in various domains and its ability to assist society 

and raise ethical concerns. Dynamic regulatory systems, multidisciplinary cooperation, and ongoing research 

were necessary to navigate the ethical landscape of generative AI and take advantage of its opportunities. 

Chik Wallace (2024) [69] said the fast pace and deployment of generative AI technologies have resulted in the 

impact of change within several industries but also raise pertinent ethical issues and privacy-

related. The prime issue is a major problem-accidental uncontrolled release of sensitive 

personal information by AI. This paper addresses the ethical peril of privacy-violating generative AI models as 

they relate to individual privacy as well as the social trust element. Data training weaknesses, effects of data-

driven models on user privacy, and uncertain implications of the generative powers of AI were discussed. 

The study further illustrates legislative frameworks and recommends anonymization of data, transparent AI 

development, and robust privacy safeguards to reduce these risks. This research addresses these 

ethical challenges to make the development and deployment of generative AI safer and more responsible. 

Al-fairy Mousa, et al. (2024) [70] conducted an interdisciplinary deep analysis and study of the ethical issues raised 

by generative AI. Deepfakes highly convincing synthetic media that can be generated using generative AI to imperil 

credibility, democracy, and truth. Ethical problems include amongst others issues connected to data privacy, security 

of data, infringements of copyrights, misinformation, discrimination, and social inequality. The study focused on 

"generative AI" ethics from the education, media, and healthcare viewpoints. It advocates for responsible AI design 

for equitable AI that was conceived to reduce social imbalance. It emphasizes the fact that human rights, justice, and 

openness norms, rules, and frameworks need to be brought forth. Policy-makers, developers, and researchers have to 

team up to bring responsible AI, ensuring that AI fits social norms and ethics. The present report highlighted the 

ethical problems of the emerging generative AI and required serious efforts at solutions. The study promoted the 

ethical and socially beneficial development of generative AI technologies, adding to the discussions on "AI's ethical" 

elements nowadays with the help of technology. 

Paul Rudrendu Kumar (2023) [71] claimed Generative AI had transformed several sectors by unlocking the ability 

to create both realistic and complex digital material. This technology also raises ethical concerns with properly 

deploying AI systems in society. Generative AI-related ethics issues researched include bias, misinformation, human 

agency in huge language models, deepfakes, etc., and other topics relevant to this application area. To solve these 

problems, provide an ethical framework that promotes openness, accountability, security, and human supervision. 

Watermarking synthetic media and policy actions that balance regulation and good innovation were recommended 

to embrace this approach. This research promoted an integrated approach that incorporates ethical concerns into 

the design of technologies and corporate governance to produce trustworthy "AI systems" that embody the values 

of society and respect human rights. 

Ferrara Emilio (2023) [72] examined recent breakthroughs in decision-making in health care with the aid of AI, 

medical diagnostics, and many more fields that have brought forward concerns about AI system fairness and bias. 

This was crucial in "healthcare, employment, criminal justice, credit scoring", and new GenAI prototypes for 

producing synthetic media. Such systems may perpetuate inequities and generative biases that impact the synthetic 

data representation of persons. This concise research covered fairness and prejudice in AI, including their causes, 

effects, and mitigation techniques. It discussed data, algorithm, and human choice biases, including generative AI 

bias, which may reinforce social preconceptions. This examined how biased AI systems perpetuate inequality and 
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negative preconceptions, particularly as generative AI creates more public-facing output. Examine mitigation 

measures, debate their ethical implications, and stress the necessity for multidisciplinary teamwork to succeed. This 

defines AI bias and its varieties, including generative AI bias, using a comprehensive literature review from diverse 

academic fields. How AI bias harms people and society and addresses preparation of data, selection of models, and 

processing as ways to reduce it. The inherent problems of generative AI models and the need for specialized tactics. 

A more transparent and accountable AI system, research on equitable and moral AI models, and more diverse and 

representative datasets were all necessary to combat AI bias.  

Luckett Jonathan (2023) [73] stated that “Artificial intelligence (AI)” became progressively common in everyday 

lives and had almost endless uses. AI might be exploited, like any technology. AI platforms used for employment 

recruiting may prejudiced towards minority groups and women, which is a major worry. AI might track individuals 

or conduct cyberattacks, raising privacy and security issues. Ethical AI development and usage need legislation to 

address these problems. These rules should include safety, privacy, security, and discrimination. Finally, public 

education on AI and safe usage was crucial. AI policies and problems in the US will be examined in this study. “The 

AI in Government Act of 2020 and National Artificial Intelligence Initiative Act” will be my emphasis. It will also 

explore two federal Executive Orders on AI. I'll finish with federal agency policy suggestions. 

Morande Swapnil (2023) [74] said generative AI systems had the potential to alter scholarship, but their capabilities 

and responsible application must be carefully examined. This pioneering work empirically benchmarks four top 

generative models. Standardized examinations evaluated the systems' capacity to aid 10 academic research tasks, 

from literature reviews to hypothesis creation. Quantitative assessment of completeness, correctness, and relevance 

and thematic analysis of AI systems' viewpoints reveal strengths, hazards, and validation requirements. 

Summarization skills are promising, but contextual adaption, reasoning, and bias reduction were lacking. Narrow 

augmentation was possible, but automating academic labor was difficult. To responsibly integrate these technologies, 

the research provided realistic adoption techniques, governance agendas, and ethical concerns. It also suggested a 

study on transparency and rationality. This effort was important to realize the great potential of generative AI while 

proactively addressing dangers and constraints. These instruments are growing rapidly and could improve academic 

discoveries for society with careful control and prudence. 

Arif Haroon, et al. (2023) [75] discussed the evolving landscape of AI-enhanced threat detection in cloud systems. 

The development of this industry from traditional approaches to AI integration was studied in detail, and it was found 

that AI has the potential to revolutionize cyber security. The research included several key aspects, which provided 

readers with a comprehensive view. The revolution of AI in threat identification and response was studied. The 

research exhaustively looked at the issue of cloud security concerns and revealed that modern attacks are 

multidimensional and that AI was a strong form of defense, the review illuminated existing research potential and 

provided a roadmap for future work. AI-enhanced threat detection was applied to real-world case studies, providing 

cybersecurity decision-makers, academics, and practitioners with important insights. AI threat detection created 

privacy, prejudice, and accountability concerns, therefore ethics are considered. By analyzing existing trajectories 

and new technologies, the essay helps readers predict cyber security's future. In addition to technology, the study 

emphasized collaboration and flexibility. Industry professionals, academics, and governments must collaborate to 

address digital dangers' interconnectedness. A comprehensive approach that mixes AI technology with human skills 

to defend against changing cyber threats is recommended in the review literature. 

Kumar Bhargava, et al. (2023) [76] stated GenAI, featuring prominent “large language models (LLMs) like GPT-

3”, generates human-like text and more, advancing healthcare, education, and customer service. However, these 

developments raise critical ethical concerns. Social biases, privacy risks through data exploitation, potential misuse 

in deepfakes and disinformation, and unclear decision-making mechanisms are significant. GenAI impacts work, 

thereby raising job displacement issues. This paper discussed the ethical issues of bias, privacy, abuse, openness, 
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accountability, and employment. It also assessed regulatory concerns and proposed ethical governance standards that 

highlight the need for interdisciplinary research. The study researched these topics for responsible GenAI 

development and deployment. 

Yandrapalli Vinay (2023) [77] said the use of generative AI to SCM ushers in this age of unprecedented productivity 

and creativity. This detailed research analyses how generative AI affects “risk management, inventory optimization, 

procurement, logistics”, and more in supply chains. Due to generative AI's predictive power, organizations can now 

estimate demand, maximize inventory, and speed up procurement with unprecedented precision. Dynamic decision-

making allows real-time adaptability, robustness against disruptions, and proactive market responses. However, 

supply chain generative AI implementation was difficult. Problems with scalability, complexity in data integration, 

lack of skills, and ethical concerns need strategic navigation and organizational preparation. Generated artificial 

intelligence in supply networks had bright prospects. AI that can be explained, analytics that can be predicted, smooth 

integration, and ethical frameworks could produce significant gains. Autonomous supply chains, adaptive resilience, 

and decision-making being forthright might help redefine supply chain paradigms.  

Agarwal Lokesh (2023) [78] stated "Defining Organisational AI Governance" and discussed the necessity for strong 

AI governance frameworks in organizations to handle AI system benefits and hazards. The research explored how 

AI governance could involve elements of justice. According to the research, organizational AI governance is 

developed alongside business, IT, and data governance. This study explored various elements to create 

comprehensive “AI governance frameworks” that assist organizations in engaging in responsible AI practices. 

Hadi Muhammad Usman et al. (2023) [79] study Large Language Models have emerged as a revolutionary 

innovation in the field of computerized language analysis, able to understand complex speech patterns and provide 

coherent, contextually relevant responses. Such powerful AI tools are crucial for NLP, machine translation, and 

question-answering tasks. This survey covered the history, architecture, training methods, applications, and 

challenges related to LLMs. It introduces the concept of generative AI and the generative pre-trained transformer 

architecture, followed by a discussion on the evolution and training techniques of LLMs. The report highlights 

various applications of LLMs in fields such as medicine, education, economics, and engineering. Additionally, it 

examines the influence of LLMs on the AI landscape and their potential to tackle real-world problems. In addition to 

all of that, it will be worthwhile to mention ethical considerations, model biases, interpretability, and computational 

resources necessary to deploy LLMs in realistic applications. Also discussed in this report are approaches toward 

increasing the robustness and control of LLMs, as well as bias issues, fairness issues, and general quality issues for 

generated content. The final section provides some insight into the future of LLM research and the challenges that 

need to be overcome to increase the reliability and utility of such models. This report aims to provide researchers, 

practitioners, and enthusiasts with a comprehensive understanding of LLMs, their development, applications, and 

associated challenges. 

Rana Saadia Afzal et al. (2023) [80] explored how integration with AI improved quality of life. However, concerns 

about bias and inequality hindered the further development of AI. There was a strong interest in a plan that would be 

designed to minimize bias. The study summarized relevant information to further enhance fairness management, 

creating a basis for one framework to identify and reduce bias throughout the pipeline of AI development. The 

“software development life cycle (SDLC), machine learning life cycle (MLLC)”, and cross-industry standard 

procedure for “data mining (CRISP-DM)” were mapped together to understand how their stages connect. Researchers 

of various technological backgrounds should benefit from the map. Biases were classified as pre-existing, 

technological, and emerging, there were three methods for reducing risk: theoretical, empirical, and technological. 

For managing equity, sampling, learning, and certification. The proposed derbies and challenge-overcoming 

procedures help develop a consistent framework. 
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Sarker Iqbal H., et al. (2023) [81] stated this position investigated AI potentiality in cybersecurity, with a focus on 

its potential risk factors and awareness, which can be handled by using human specialists via “Human-AI” teaming. 

Advanced AI technology will enable unprecedented attack detection, event response, and recovery. However, 

understanding AI's capabilities, limitations, and ethical and legal consequences was necessary to manage risk factors 

in real-world cybersecurity applications. This stressed a middle-ground approach that integrates human expertise 

with AI's computational prowess. Pattern recognition and predictive modeling may help AI systems find 

vulnerabilities and abnormalities faster and more accurately. Human specialists can explain AI-generated judgments 

to stakeholders, regulators, and end-users in crucial circumstances, assuring responsibility and accountability and 

building confidence in AI-driven security solutions.  

Brandt Rafaël et al. (2023) [82] explained the reasoning behind the output of a deep learning model is frequently 

challenging for humans to comprehend. Explainable AI (XAI) seeks to address this issue by creating methodologies 

that enhance the interpretability and elucidation of machine learning models. Dependable assessment measures are 

essential for assessing and comparing various XAI methodologies. The author presented an innovative evaluation 

methodology for assessing state-of-the-art XAI attribution techniques. The study proposal included a synthetic 

categorization model with corresponding ground truth explanations, facilitating a very precise representation of the 

contributions of input nodes. It additionally provided novel high-fidelity criteria to measure the disparity between the 

explanations of the examined XAI approach and those obtained from the synthetic model. Study criteria provided the 

evaluation of explanations based on precision and recall independently. They also presented metrics to independently 

assess the negative or positive contributions of inputs. Our idea offers an enhanced understanding of the outputs of 

XAI algorithms. The author examined our idea by developing a synthetic neural image classification model and 

assessing various prevalent XAI attribution approaches through our assessment framework. It juxtaposed the study’s 

findings with recognized existing XAI evaluation measures. By obtaining the ground truth directly from the created 

model in our methodology, The author guaranteed the elimination of bias, such as subjectivity arising from the 

training set. Study experimental findings offered new insights into the efficacy of the widely utilized Guided-

Backprop and Smoothgrad XAI methodologies. Both exhibit commendable precision and recall metrics for favorably 

contributing pixels (0.7, 0.76, and 0.7, 0.77, respectively), although they demonstrate subpar precision scores for 

negatively contributing pixels (0.44, 0.61, and 0.47, 0.75, respectively). The recall scores in the latter scenario remain 

comparable. The study demonstrated that our measures rank among the swiftest regarding execution time. 

Nolan Adrian, et al. (2022) [83] stated revolutionized business consulting and had great potential to improve 

decision-making, operations, and growth. However, rising AI use raised ethical issues that must be addressed. AI-

driven decision-making systems can analyze massive data sets and provide strategic suggestions. These technologies 

were efficient and precise, but data privacy, algorithmic bias, accountability, and transparency were problems. These 

models undergo training using previous data, which may perpetuate decision-making biases and lead to unjust results 

in recruiting, financing, and customer service. The problem is creating and training “AI systems” with justice, 

inclusion, and diversity in mind. Data privacy was also important. Organizations must strengthen security to prevent 

breaches and exploitation of sensitive company and consumer data as it grows. For stakeholders to trust AI systems, 

transparency is essential. Without knowing how judgments are made, customers and staff struggle to trust AI advice. 

In this setting, business consultants must comprehend AI technology and its ethical implications. 

Alikhademi Kiana et al. (2021) [84] evaluated numerous machine learning algorithms that are inscrutable to 

humans, generating decisions that are excessively intricate for easy comprehension. In response, methods for 

explainable artificial intelligence (XAI) that examine the internal mechanisms of a model have been developed. 

Despite the efficacy of these tools in elucidating model behavior, critics have expressed apprehensions regarding the 

potential of XAI tools to facilitate 'fairwashing' by deceiving users into placing trust in biased or erroneous models. 

This study presented a paradigm for assessing explainable AI technologies for their ability to identify and mitigate 

bias and fairness issues, as well as their effectiveness in effectively communicating these findings to users. The 
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author found that while many of the best XAI tools are exceptional at making and explaining model behavior, 

they 

are weak in the attributes needed to detect bias. Our framework allows developers to identify what improvements

 are needed in their toolkits to eliminate problems such as fairwashing. 

Nagisetty Vineel, et al. (2020) [85] studied Data as complex as photorealistic images and music as well as writings, 

which have been created using DNNs, one of the breakthrough classes under GANs. Training GANs do come with 

a fair share of issues. However, one such highly significant is how resource-heavy this process might become. It's 

possible that high cost, along with large amounts of data, could prove to be an issue in training GANs. Normally, the 

discriminator evaluation of the example produced is how the loss value, usually computed using a single real-

numbered value, flows from the corrective input of the discriminator DNNs to generator DNNs. Alternatively, it 

provides xAI-GAN, a novel GAN class that takes advantage of explainable AI (xAI) system advancements to offer 

generators a "richer" type of corrective input from discriminators. To be more precise, it enhances the gradient descent 

process by incorporating xAI systems that explain the discriminator's reasoning behind its classifications. This allows 

for more thorough corrective feedback, which in turn helps the generator to deceive the discriminator more 

effectively. The author found that xAI-GANs outperform regular GANs on the MNIST and FMNIST datasets by as 

much as 23.18% in terms of Frechet Inception Distance (FID), a quality metric for GANs. The CIFAR10 dataset also 

compares xAI-GAN trained on 20% of the data to standard GAN trained on 100% of the data. Despite this difference, 

xAI-GAN still manages to get a higher FID score. It also demonstrated that xAI-GANs perform better than GANs 

trained on Differentiable Augmentation, which has been demonstrated to make GANs data efficient. More so, the 

two methods can be mixed for even more potent outcomes. Lastly, it states that compared to regular GANs, xAI-

GAN gives users more control over the learning process of models. 

Table 2:  Approach to Literature Reviews 

Authors/ Year Techniques Used Research Gaps Outcomes References 

Ferrara Emilio 

(2023) 

Literature review, 

AI bias analysis 

Limited focus on 

specific AI 

domains like 

healthcare, 

employment, and 

criminal justice 

Offers an in-depth 

understanding of AI bias 

and its causes and provides 

mitigation techniques 

focusing on fairness in AI 

[72] 

Luckett Jonathan 

(2023) 

Case study, AI 

policy analysis 

Lack of regulation 

on AI usage, 

privacy, and 

discrimination in 

AI systems 

Stresses the need for AI 

legislation on safety, 

privacy, and discrimination 

and emphasizes public 

education on AI usage 

[73] 

Chik Wallace 

(2024) 

Privacy analysis, 

ethical framework 

analysis 

Need for better 

privacy risk 

management in 

generative AI 

models 

Highlights privacy issues in 

generative AI, 

recommending 

anonymization and 

transparent AI 

development to reduce 

risks 

[69] 
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Al-fairy Mousa et 

al. (2024) 

Multidisciplinary 

ethics analysis 

Need for more 

proactive ethical 

AI development 

and human rights 

considerations. 

Calls for proactive AI 

development to reduce 

social inequalities, 

focusing on transparency 

and responsible 

development 

[70] 

Luk C., et al. 

(2024) 

Ethical framework 

analysis, case 

studies 

Lack of 

integration 

between 

innovation and 

ethical regulation 

Proposes a balanced 

approach to AI 

development, 

recommending regulatory 

frameworks and ongoing 

research for ethical AI 

[68] 

Nagisetty, Vineel, 

et al. (2020) 

GAN analysis, 

xAI-GAN 

development 

High resource 

demand for 

training GANs, 

need for improved 

feedback 

mechanisms. 

Introduces xAI-GAN, 

enhancing GAN learning 

by providing richer 

feedback and improving 

model performance 

[85] 

Brandt Rafaël, et 

al. (2023) 

XAI evaluation 

methodology, 

neural network 

analysis 

Lack of precise 

evaluation metrics 

for XAI 

techniques 

Develops a new 

methodology for 

evaluating XAI tools, with 

improved measures for 

precision and recall in 

neural model outputs 

[82] 

Alikhademi 

Kiana, et al. 

(2021) 

XAI framework 

for bias detection 

Insufficient tools 

for detecting and 

mitigating bias in 

AI tools 

Introduces a framework for 

assessing XAI tools, 

helping mitigate issues like 

"fair washing" in AI 

systems 

[84] 

 

3.   Research Gap 

▪ Lack of comprehensive governance norms and ethical frameworks for responsible AI deployment. 

▪ Limited mitigation strategies addressing generative AI biases and fairness concerns across different domains. 

▪ Privacy vulnerabilities due to AI data training processes and potential breaches of user confidentiality. 

▪ Ethical risks posed by synthetic media, deepfakes, and social disparities created by AI-driven content. 

4. Research Objective 

➢ To analyze existing governance norms and ethical frameworks related to the development and deployment of 

responsible AI. 
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➢ Evaluate and develop strategies to address biases in generative AI, promoting fairness and transparency in AI 

systems. 

➢ Study privacy risks in AI models and suggest techniques for data anonymization and secure processing. 

➢ Explore interdisciplinary approaches combining human rights, justice, and accountability in AI ethics to foster 

fair AI implementation. 

The research objectives are crafted to tackle the core challenges outlined in the research gaps. Through analyzing 

existing governance standards and ethical practices, the research seeks to narrow the gap between comprehensive 

regulations of responsible AI. The emphasis on bias reduction and fairness is relevant to the objective of creating 

methods that tackle biases in generative AI across industries. Securing privacy exposures through safe data 

anonymization methods addresses issues with user confidentiality concerns. Lastly, investigating cross-disciplinary 

strategies for responsible AI use aids in curbing the ethical dangers of synthetic media and content created by AI. 

5. Result Layout 

  

 

Figure 3: Precision Comparison Analysis 

Comparison Precision Analysis of Figure 3 compares the three studies: Alikhademi Kiana et al. (2021), Brandt Rafael 

et al. (2023), and Nagisetty Vineel et al. (2020). According to the results, Alikhademi Kiana et al. (2021) attained the 

highest precision at 75%, followed by Nagisetty Vineel et al. (2020) at 70%, and Brandt Rafael et al. (2023) at the 

lowest with 60%. These differences in accuracy imply that the experiments used different methods, datasets, or 

models. Although Alikhademi Kiana et al. (2021) have shown better accuracy, Brandt Rafael et al. (2023) show less 

efficiency and thus could improve or fine-tune their approach. Overall, the graph indicates the performance of 

different methods that were utilized in different research studies regarding the accuracy under investigation. 
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Figure 4: Accuracy Comparison Analysis 

Figure 4: Accuracy comparison for the studies Alikhademi Kiana et al. (2021), Brandt Rafaël et al. (2023), and 

Nagisetty Vineel et al. (2020) From the plot, Alikhademi Kiana et al. (2021) presented the highest accuracy at 85%, 

depicting that they were better with their model or method. Nagisetty Vineel et al. (2020) gave an accuracy of 77% 

while Brandt Rafaël et al. (2023) had the lowest accuracy at 75%. Such differences in accuracy may indicate 

differences in data quality or feature selection, model optimization, or even differences in training methods used in 

their experiments. The large lead of Alikhademi Kiana et al. (2021) suggests that their model is more reliable for 

producing consistent results. The lower accuracy of Brandt Rafaël et al. (2023) could be a place for improvement 

either in refinement or preparation of data. It clearly shows the accuracy of comparisons between various methods 

for the graph overall. 

 

Figure 5: Comparison Analysis 

Figure 5 Comparing the accuracy and precision of the three studies, Alikhademi Kiana et al. (2021), Brandt Rafaël 

et al. (2023), and Nagisetty Vineel et al. (2020). Blue is used for accuracy, while red is for precision. In the study 

conducted by Alikhademi Kiana et al. (2021), an accuracy of 85% with a precision of 75% was recorded. Nagisetty 
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Vineel et al. (2020) closely followed with 77% accuracy and 70% precision, showing consistency. Brandt Rafaël et 

al. (2023) had the lowest figures, with 75% accuracy and 60% precision, which indicates that there is still room for 

improvement in both accuracy and precision. The results of Brandt Rafaël et al. (2023) indicate a huge gap in accuracy 

and precision, which may indicate inconsistencies in reliability. Overall, the graph emphasizes the relationship 

between accuracy and precision across different studies, underscoring that Alikhademi Kiana et al. (2021) excelled 

in both metrics. 

Conclusion  

This study emphasizes the role of Explainable AI (XAI) in mitigating bias in generative AI models to enable 

responsible implementation across diverse applications. The findings indicate that models using XAI techniques like 

SHAP and LIME improve fairness, transparency, and the interpretability of AI choices. The comparison of precision 

and accuracy among the studies by Alikhademi Kiana et al. (2021), Brandt Rafaël et al. (2023), and Nagisetty Vineel 

et al. (2020) reveals a substantial correlation between enhanced explainability and improved model performance, 

with Alikhademi Kiana et al. (2021) achieving the highest accuracy rate of 85% and precision of 75%. The 

enhancement of AI transparency protocols may yield more precise predictions. Moreover, our work underscores the 

ethical peril of generative AI, particularly in sectors such as healthcare, finance, and law enforcement, where biased 

outcomes have significant consequences. This study presents a framework for integrating Explainable Artificial 

Intelligence (XAI) into AI governance models, emphasizing equitable data selection, algorithmic transparency, and 

continuous bias monitoring as essential components for responsible AI implementation. 

Future research should extend beyond SHAP and LIME by integrating deep learning interpretability methods, such 

as Integrated Gradients and Counterfactual Explanations, to enhance bias detection in generative AI models. 

Moreover, extensive testing on authentic datasets, such as OpenAI’s GPT-4 bias evaluation datasets and IBM’s AI 

Fairness 360 benchmark, can substantiate the efficacy of suggested mitigation measures. Integrating federated 

learning techniques will enhance privacy preservation and data security protocols, hence reducing the likelihood of 

backdoor assaults during AI training. Ultimately, collaborative transdisciplinary efforts by policymakers, legislators, 

and jurists will be vital in establishing unified criteria for AI ethical norms. Subsequent investigations must also 

encompass automatic bias reduction mechanisms that respond appropriately to real-time audits of equitable 

opportunities. These advancements will ensure that AI systems comply with ethical norms while adapting to evolving 

society expectations and legal requirements, thereby enhancing the accountability and acceptability of generative AI. 
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