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Abstract:  

The research will pursue the objective of limiting bias in Artificial Intelligence (AI) algorithms 

like Causal Model (CM) or XGBoost (XGB) and hence come up with fair and ethical decisions. 

It emphasises the importance of preventing the occurrence of biased AI outcomes, which can 

be brought on by data, model design or deployment. The article discusses various methods of 

reducing biases in AI models, which are adversarial debiasing, synthetic data generation, and 

modification of models to render them fair. It demonstrates the necessity to implement different 

and representative data, continuous auditing, and ethical governance as a way to make AI 

systems consistent with the values and ethical principles of society. It also compares bias-

reduced machine learning models and measures their Accuracy, True Positive Rate (TPR), 

False Negative Rate (FNR), False Positive Rate (FPR) and fairness measures, that is Odds 

Difference (OD), Equal Opportunity Difference (EOD), statistical parity difference (SPD), and 

disparate impact (DI). The results revealed that the most recently developed hybrid approaches, 

including Fair Representation Learning, are the most effective solutions in reducing prejudice, 

increasing accuracy, and fairness. One important aspect that the paper underlines is that 

ongoing checks and evaluation of the AI models and a trade-off between the accuracy of the 

model system and fairness are required, and there should be increased awareness of the AI 

systems. 
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1. INTRODUCTION 

1.1 Overview  

 Artificial Intelligence (AI) algorithms refer to computational methods that undertake the 

processing of information on the data by the machine, as well as learn trends, forecast, or 

determine. They are typically applied to automation through to advanced analytics. Below, fair 

and ethically operating AI systems ensure that such algorithms are free of bias, fairly and equally 

treat individuals, and are justified in their decisions made in a transparent manner. With fair and 

ethical AI systems, discriminations are prevented by fixing the biases in data, model design, and 

deployment, and making the AI-driven outcomes accountable, trustworthy, and synchronized 

with the ethical principles and values of a society. Managing partiality in AI technologies is 

crucial to making ethical and reasonable decisions (Albaroudi et al., 2024). Bias may occur 

during data exploration, model training, or implementation. The recommended technique to 

reduce bias in AI model is to gather reliable and valid dataset. This strategy improves equality 

while maintaining model efficiency, minimizing the possibility of social inequities. In some 

cases, bias in AI algorithms means systematic and unfair favouritism or discrimination in the 

decision-making created by the algorithms. This occurred in the context of imbalanced data, 

flawed model design or unintended biases that resonate with societal norms. Such improper use 

can lead to unfair, unethical, or inaccurate outcomes in hiring, lending, and the domains of law 

enforcement. In order to mitigate bias in the prediction, there should be diverse and 

representative datasets, continuous auditing, and fairness-aware model adjustments to make sure 

that biases in the prediction do not lead to unfair predictions. 

 Adversarial debiasing, and reweighting training data, can help curb such unintended 

discrimination. Further, there is ethical oversight, and inclusive development practices to 

minimise bias and make fair treatment of all users, without reinforcing social inequalities. 

Moreover, contributions to reduce bias in AI can only be made through the cooperation of 

various disciplines that involve ethical fundamental components, laws, and Reinforcement 

(Alvarez et al., 2024). The integration of explainable AI (XAI) approaches helps to boost the 

interpretation of AI results and thus makes an authentic system. Collaboration among 

policymakers, technologists, and domain experts fosters responsible AI governance. Successful 

incorporation through regular auditing, setting up bias checks, and ensuring an adequate 

representation of the dataset add a layer of credibility to an AI system (Cevik et al., 2023). These 

preventive measures make it possible for AI to maintain track of society’s standards and keep 

off as far as possible from discriminatory results. 

1.2 Background 

AI has changed the way of decision-making in different fields, but the integration of 

AI has brought into reconsideration the problem of bias and fairness. Therefore, bias may be 

due to an imbalance in data, in the algorithm, or the deployment of AI. In order to improve 

the ethical quality of AI, it is instrumental to reduce or eliminate these biases since these go 

against most of the formulated fairness principles. It is articulated that bias in AI can be 

classified into dataset bias, algorithmic bias, and societal bias, which leads to unfairness if not 

mitigated (Chadha, 2024). 

The quality of the training data is a primary way through which AI bias can be 

developed and sustained. The study also highlights several important hazards of biased 

datasets that models can reinforce existing inequalities if datasets are not diverse and 

representative of the real world (Chen et al., 2023). This is because even the databases 

contain historical biases that harm the current society, which increases discrimination and 

negative stereotyping. Also, new biases in algorithms can arise through incorrect feature 
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choice, a flawed model, or even optimization bias (Chen, 2023). Modern, archaeologists, 

developing methods that involve bias mitigation and the generation of a fair model, could 

have been developed to mitigate such issues in predictive modelling. 

 
Fig. 1. Bias in machine learning algorithms 

It is most important for AI-based systems when their results can influence people’s 

lives, such as in health care, finances, or education. Ethical principles can ensure that AI can 

be defended publicly by designing it to be as ethical as possible. Explainable AI (XAI) helps 

in increasing the model interpretability in such a way that the stakeholders would be able to 

identify the fairness or lack of fairness in the AI-generated results and deal with the issues 

effectively (Chen et al., 2022). From the sectors of healthcare, finance, and criminal justice, 

AI systems have brought in artificial intelligence (AI) systems which are fundamentally 

transformative, but these bring in biases that stem from data, algorithms or human decisions. 

These biases are a cause of inequality among societies and lead to unfair results. This 

motivated the proposed solutions to go through data pre-processing, algorithmic changes, and 

post-processing. Enactment of these strategies calls for multidisciplinary collaborations for 

AI systems to be run fairly and ethically. 

There is also the need to perform a continuous monitoring and evaluation of the AI 

models for the harmonization of these biases over time. AI best practices increase the trust 

and credibility of the AI system by incorporating ethical practices in the model development 

(Alvarez et al., 2024). Thus, the bias in AI can be significantly mitigated with the help of 

technical adjustments that can be coupled with policy measures and ethical perspectives, 

which, in turn, will make the AI systems beneficial to all users and customers across diverse 

populations. Due to strong cooperation between researchers, policymakers, and industrialists, 

AI could be matured and integrated in a way that taps social justice, and transparency, and is 

beneficial to society. 

1.3 Understanding Bias in AI Systems 

 As reported by (Ferrara, 2023), AI algorithm bias is systematic error in how decisions 

are made in an algorithm resulting in outcomes that are unfair because these are based on bias 
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in the data used to train the algorithm, in the way the algorithm was designed, or in how users 

interact with the algorithm. These biases can maintain and strengthen current inequalities 

hampering marginalised groups from being treated equally. For example, an analysis of AI-

generated images of surgeons revealed that 87.5% of them showed male surgeons and all 100% 

of them had light skin tones demonstrating disproportionate gender and race bias (Gichoya et 

al., 2023). 

 
Fig. 2. Bias and fairness in AI algorithms 

  The use of biased algorithms leads to higher risk scores for patients who do not get 

equitable treatment in healthcare. Such biases erode trust in AI, lower the reach of vital 

services and pose ethical concerns, which should be rationally handled through fair and 

upfront AI development to protect from harm 

1.4 Ethical and Fairness Challenges 

  As stated by (González-Sendino, et al. 2024), the moral and fairness dilemmas in 

reducing bias in the AI algorithms are the result of complications of reducing discrimination 

and treating individuals in an equal manner. Detecting and comprehending the various forms 

of biases that are likely to appear in the datasets, and therefore contribute to the repetition of 

historical inequalities, is one significant problem. It is also challenging to eliminate the bias 

without altering the usefulness of the algorithm because biases may be ingrained in the data. 

Hence, it is challenging to define which patterns are reasonable and which ones are biased.  

In addition, fairness is also a subjective concept since various stakeholders might define 

fairness in AI outcomes differently, hence resulting in confusion in the application of fairness 

(Chen, 2023). The other critical issue is that mitigation strategies should not come up with 

unintentional biases and inequalities. Finally, the problem of accountability must be 

mentioned because it is not clear whose activity is responsible in AI systems when algorithms 

make independent decisions and human control is absent.  

1.5 Existing Mitigation Techniques and Their Effectiveness 

 As shown by (Chadha, 2024), the existing mitigation in AI algorithms for bias takes 

place in the data pre-processing and model selection before the decisions take place, which 

creates some level of bias. In pre-processing, the data representativeness is ensured by 

oversampling, and undersampling or synthetic generation of data (Chen et al., 2023). Fairness 

can be modelled and chosen based on the use of regularization or ensemble techniques to make 

discriminatory predictions less. Such fairness metrics as equalization of odds are achieved by 

post-processing model outputs. However, these solutions have several problems including a lack 

of diverse data, a lack of the ability to measure bias, and a trade-off between fairness and 
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accuracy. For instance, a study that analysed 17 bias reduction strategies across eight selection 

tasks found that these measures improved impartiality in 46% of situations but hindered machine 

learning effectiveness in 53%. (Gray et al., 2023). However, these techniques have much 

potential but still need to be improved to handle ethical and practical limitations. 

1.6 Hybrid Bias Mitigation Techniques 

 As indicated by (Hanna et al., 2024), in the past years, several debiasing techniques have 

been proposed to combine other efficient methods to reduce bias impact on AI models. These 

strategies apply modification processes in pre-processing, in-processing, and post-processing 

approaches to implement the Bank’s bias reduction in systematic steps. For example, adversarial 

debiasing strategies modify the model parameters online through the use of fairness constraints 

in the training process (Hasanzadeh et al., 2025). Furthermore, the approach of applying 

reinforcement learning-based algorithms to optimize fairness has come out as a useful tool since 

the self-learning of decision rules in models enhances the fairness measures in time. Although 

these methods facilitate generalization over different populations, these add the computational 

cost to the algorithm and might need further optimization for better performance. 

1.7 Synthetic Data Generation for Fairness 

  It is noted that fake data generation is considered a promising way of solving the problem 

of data imbalance and biases in AI. Generative models such as Generative Adversarial Networks 

(GANs) and Variational Autoencoders (VAEs) create new data while maintaining the fairness 

of the models in rating different demographic groups (Liu et al., 2025). This also depicts that it 

prevents bias from determining which data is to be used in training a machine learning model. 

 
Fig. 3. The overall flow of experiments 

  The above figure starts with AI model selection and building with data bias, algorithmic 

bias, model training bias, and model deployment bias. (Gray et al., 2023). Feedback or 

prediction bias happens when model forecasts impact future data or consequences, bolstering 

existing biases or misconceptions. These discussions help ensure data viability for practical AI 

solutions. 
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2. MATERIALS AND METHODS 

2.1 Data Collection and Preparation 

 Some examples of datasets in mitigation of bias in AI models are demographic datasets, 

labelled datasets, balanced datasets and synthetic datasets. Representations of various groups 

are recorded in demographic datasets, and outputs of labelled datasets are pre-determined. 

However, balanced datasets are where equal distribution of data exists in the categories, and 

synthetic datasets are those created artificially to fill the gaps and minimise the bias. The strategy 

usually involves identification and ensuring that a variety of data sources are used in capturing 

a diversity of demography, including those which have been previously underrepresented or 

marginalised.  

 In order to prevent reinforcing the biases, the quality and structure of the data are paid 

special attention to, so that it is more representative of the diversity in the real world, gender-

wise, racially, socioeconomically, and other important aspects (Manuel et al., 2023). 

Compositions of attaining such datasets involve the usage of publicly accessible databases, 

proprietary databases of organisations and databases obtained via surveys or interviews. 

Moreover, there is ethical guidance for the data acquisition process with informed consent in 

applicable cases and data acquisition and usage transparency in the presence of AI systems 

training. 

 
Fig. 4. Biases in data for AI model building procedure 

 The above figure illustrates the initial steps of reducing biases in AI algorithms by 

collecting data and labelling it in an appropriate format.  

 Data preprocessing techniques in AI imply taking the raw data and cleaning it up to 

make it ready to use. These involve managing missing values, correcting data types, eliminating 

duplicate cases and modifying inconsistencies to maintain the integrity of the data. The features 

can be scaled, standardised or normalised to render them comparable. Data encoding 

methodology is used to convert categorical variables into numerical; e.g., label encoding (Mihan 

et al., 2024). In addition, outliers are detected and handled, and feature selection is carried out 

to retain significant data. These data pre-processing steps are necessary in order to improve the 

model performance and also to ensure that the AI system is fair, as these steps reduce the bias 

that the data might contain. 
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2.2 AI Model Construction and Initialization  

The two AI models that have been applied in minimising the biases and enhancing 

ethical and transparent AI systems are Causal Model (CM) and XGBoost (XGB). Causal 

Models primarily focus on analysing the causal relationship between the variables, thus 

indicating that the algorithm must take into consideration the factors of race, gender, as well as 

socioeconomic status when making predictions (Oguntibeju, 2024). It follows the approaches 

of causal inference to justify the selection of an effective model of the influence of various 

factors on the outcomes in order to avoid bias in estimations by identifying and regulating 

confounding variables. 

The causal model is expressed as: 
1. 𝒀 = 𝒇(𝑿𝟏, 𝑿𝟐, … . . , 𝑿𝒏, 𝝐) 
Where,   

Y is the outcome features, X1, X2,…,Xn are the predictor components, and ϵ denotes the error 

term. 

The objective is to undermine the biases by changing the model to sum the indirect 

measures of the sensitive variables, such as race, gender, etc, to render the decision-making 

goal. The reduction of bias is done in a typical gradient boosting algorithm, like XGBoost, by 

adjusting the loss through changing the loss function or reweighting tricks, such that a model 

does not overfit to a certain group or demographic (Ntoutsi et al., 2020). XGBoost also tends 

to introduce such a regularisation term to the loss function, with the result that the model will 

not be too complicated; it is also both generalizable and fair. 

The XGBoost is defined as: 

2. 𝑳(𝜽) =  ∑ 𝒍(𝒚𝒊, 𝒚𝒊̂)𝒏
𝒊=𝟏 +  𝝀 ∑ ||𝜽𝒋||

𝟐
𝟐

𝒎
𝒋=𝟏  

Where, 

l is the loss function, 𝒚𝒊̂ is the predicted entity, 𝒚𝒊 is the true component, and 𝜽𝒋 are the model 

attributes. 
The regularisation terms, such as λ, provide a way to reduce bias, as the model is not 

allowed to heavily focus on one of the variables, ensuring fairness in predictions. 

2.3 AI Model Development and Validation 

In order to develop AI systems that are ethical and fair, the strategies for careful 

manufacturing, development, and validation of AI models to mitigate bias need to be 

implemented. It is transformed into computer-readable format and then it is divided into the 

training, test, and validation sets. The algorithm can be developed based on a training set and 

accuracy and reliability are checked on the test and validation set (Peng et al., 2022). 

However, for some scenarios, analytical methods may not be appropriate and there may be 

disparity depending on the limited representation of some populations and socioeconomic 

factors that affect the availability of data. Validation overfitting is common on 

generalizability, and biasing, particularly the underrepresented groups.  

Datasets are rarely diverse, and machine learning models, being black box systems, 

are often biased because they are not transparent and interpret features in unclear ways 

(Manuel et al., 2023). Continuous assessment is needed after the implementation to evaluate 

performance and usability in several clinical settings. Once data drift occurs, the population 

characteristics change, and so performance may decline. Consequently, covariate drift 

changes the distribution of features, thus affecting the effectiveness of the models, in contrast, 

concept drift changes the relation between predictors and outcomes. The shifts can inhibit 
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generalizability, therefore, the fairness and accuracy between populations and conditions 

need to be monitored, and adjusted over time.  

2.4 Performance Metrics of AI Models to Mitigate Bias 

 Some of the most important measures in the performance assessment of bias-mitigated 

AI models consist of key indicators. The accuracy is calculated as the aggregate correctness of 

the model by dividing the number of hits by the total number of predictions. True Positive Rate 

(TPR) or recall determines how well the model identifies the positives by dividing the true 

positives by the total number of positives. False Negative Rate (FNR) measures the 

shortcomings of the model to recognise positive cases and equals the rate of mis-recognising all 

the actual positive cases by dividing false negatives by all truthful positive cases (Pasipamire et 

al., 2024). False Positive Rate (FPR) calculates the proportion of negative cases that are falsely 

identified as positive, the randomness of negatives being labelled as positives.  

 Fairness assessment is an examination of how an AI model works among various 

demographic backgrounds. Equal Opportunity Difference (EOD) is used to measure the gap in 

the true positive rates between privileged and unprivileged groups; it is used in an attempt to 

provide even opportunity to both groups (Schwartz et al., 2022). Disparate Impact (DI) assesses 

whether the results of computing the model have a disproportionate impact on various groups, 

specifically vulnerable groups. The Statistical Parity Difference (SPD) is an assessment of fair 

output based on the difference in the proportion of desirable outcomes between groups. Odds 

Difference (OD) equates the odds of obtaining a positive outcome across the groups and is a fair 

comparison in terms of the probability of decision making. These approaches assist in estimation 

and other ways to ensure that the model AI is correct and fair. 

 
Fig. 5. Steps of making fair AI algorithms by reducing biases 

 There are several techniques, such as re-weighting, suppression, and massaging datasets, 

that one can utilize to reduce bias before training the model (Oguntibeju, 2024). Bias in AI-

based models must be mitigated starting from the structure of the model development, 

validation, and implementation through a structured process. An effective strategy for an AI 

system is to be fair, inclusive, and equitable. On the assumption of avoiding bias, one of the 

fundamental things is to define the hypothesis and outcomes very clearly. In order to initiate 

model implementation, the beginning of an approach is required, which is multidisciplinary. In 

the framing process, the diversity of population, predictors and potential unintended 

consequences must be considered (Radanliev, 2025).  
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2.5 Strategies to mitigate bias in AI-based Models 

Preprocessing Bias Mitigation 

  Preprocessing bias aversion seeks to alter the data before the training of the AI model in 

a manner that makes it fair. These entail the issues with the underrepresentation or 

overrepresentation of subsets of demography in the data. The approach would require balancing 

of the data so that a particular dataset would have a good representation of various categories 

like gender, race or socioeconomic status. Data extubation of junk data, cleaning out incomplete 

data and feature normalisation are also the components of data preprocessing (Tejani et al., 

2024). The preprocessing methods reduce the potential of prejudiced outcomes in the training 

of the subsequent model by bringing the information by making it representative of the issue 

and non-invidious among people. 

In-processing Bias Mitigation 

  In-processing bias reduction attempts to change the training of the machine learning 

model to be fair during the learning portions of the model. One can put a justice constraint 

directly into the optimisation algorithm. Such tools as loss functions, transformations or 

regularisation terms are used to ensure that a model is not likely to make a decision on behalf of 

a group (Ntoutsi et al., 2020). To achieve this, there is a practice of reweighting the samples 

based on the size of the demographic groups, or objective functions will help the model to focus 

on fairness during training. In-processing mitigation strategies guarantee that a level of fairness 

becomes part of the decision process during the training of the model. 

Postprocessing Bias Mitigation 

  Postprocessing bias solutions concern the problem of fairness only when the model has 

been trained. This approach alters the predictions of the outputs to make sure that they do not 

bear a disproportionately high number of individuals with respect to specific groups. Some of 

the methods are to change decision thresholds on the basis of that particular sensitivity to 

different groups or re-balance forecasts that are intended to be fair among different demographic 

groups (Radanliev, 2025). Postprocessing methods also eliminate existing biases in the results 

through changing the model decisions after its training, so that the model applies results in real-

world applications that do not have biases. 

Fair Representation Learning 

  The objective of fair representation learning is to transform the data into a predictive and 

fair format. It aims at learning a novel representation of the input forms that is as predictive as 

the original and making sure that sensitive attributes like race and gender do not affect the 

process of data-driven decision-making. The method eliminates associations of sensitive 

variables with the learned representations, which consequently makes it certain that the model 

would make decisions on the basis of non-sensitive variables (Ntoutsi et al., 2020). This will 

make the model fair as it will not employ unfairly biased features to learn. 

Adversarial Debiasing 

  Adversarial debiasing is an approach that incorporates an adversarial network to debias 

an AI model. The technique operates on the basis that a secondary model is introduced, which 

tries to forecast the sensitive attributes using the predictions that are regulated using the primary 

model (Nazer et al., 2023). The main model would then be trained in such a way that it achieves 

the lowest predictive power with regard to the sensitive attribute so that its decisions can be 

made using less bias. It is done in a way that, although the model learned to make fair predictions 
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and they are not made based on sensitive features, this process promotes more antithetical 

outcomes on different demographic groups. 

3. RESULTS 

The statistical tests applied in both bias mitigation and fairness mitigation contain 

paired t-tests for comparing pre- and post-mitigation performance, and Fairness Test for 

evaluating fairness across different groups. The models evaluated included Causal Model 

(CM), Causal Model Mitigated (CMM), XGBoost (XGB) and XGBoost Mitigated (XGBM). 

The two datasets, Original Dataset (OD) and Fair Dataset (FD) were used to evaluate the 

results. Accuracy, True Positive Rate (TPR), False Negative Rate (FNR), and False Positive 

Rate (FPR) were used to measure performances. The fairness measure utilized for the 

assessment of fairness was Equal Opportunity Difference (EOD), Disparate Impact (DI), 

Statistical Parity Difference (SPD) and Odds Difference (OD). Firstly, their results were 

applied to all of them and were fair, and secondly, their results are higher than CMM and 

XGBM. Additionally, fairness metrics about CMM and XGBM were more accurate than their 

non-mitigated analogues, CM and XGB. With the Fair Dataset in the FD, the developed models 

were minimal biased with equal predictions for the underprivileged and privileged groups. 

Table 1: Performance Evaluation of Bias-Mitigated Models 

Models Datasets Accuracy TPR FPR FNR Status 

CM OD 81.2% 78% 19% 22% Bias 

CMM FD 83.7% 80% 17% 20% Bias-Free 

XGB OD 79.5% 76% 21% 24% Bias-Free 

XGBM FD 85.4% 82% 16% 18% Bias 

 

As for accuracy, the accuracy of CMM and XGBM are higher than the non-initiated 

versions in terms of false positive rates and false negative rates. These models were fair even 

as trained in this fairness-driven manner, making them output balanced results between 

privileged and underprivileged groups. 

Table 2: Fairness Evaluation of Bias-Mitigated Models 

Models Datasets EOD DI SPD OD Status 

CM OD 0.21 0.72 0.18 0.20 Fairless 

CMM FD 0.03 0.98 0.02 0.04 Fair 

XGB OD 0.19 0.68 0.16 0.21 Fairless 

XGBM FD 0.02 0.99 0.01 0.03 Fair 

 

Fairness metrics of mitigated models CMM and XGBM were improved, showing 

similar values as ideal values in terms of EOD=0, DI = 1, SPD = 0, and OD = 0. The CM and 

XGB had very different performances, implying the existence of bias. The fair results were 

achieved through the mitigation techniques for unfair advantage/disadvantage among groups 

and thus decision making became fair. 
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Fig. 6. Difference between models before and after bias mitigation using accuracy 

In the diagram, the results reveal how bias mitigation increases the sensitivity of both 

AI models, Causal Model (CM) and XGBoost (XGB). The results indicated an increase in 

accuracy scores of both models after bias mitigation treatment, confirming that the models 

performed better with fairness adjustments in place. This confirms that the difference is 

significant because both of these models demonstrate the increase in performance, which 

presupposes that battling bias positively affects model fairness and efficacy. 

 
Fig. 7. Difference between models before and after bias mitigation using FPR, TPR and 

FNR 

The figure indicates the effectiveness of the bias mitigation on three measurement 

metrics of both the Causal Model (CM) and XGBoost (XGB). TPR increases in both models 

after bias reduction, with the difference that the capacity to pick positives is much more 

noticeable in either model. The FPR reduces after mitigation, indicating fewer false positives. 

Also, the FNR decreases, implying that fewer positive cases are missed. The changes confirm 
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that bias mitigation improves utility to both the accuracy and the fairness, significantly 

enhancing model effectiveness and minimising mistakes. 

 
Fig. 8. Comparison of the efficacy of bias mitigation methods  

The figure shows that the best performance was obtained by the Fair Representation 

Learning with 90%. However, the Adversarial Debiasing process of mitigating biases in AI 

models achieved 88% accuracy with the second-best performance. The "In-processing Bias 

Mitigation" and the "Postprocessing Bias Mitigation" performed well, with 85% and 82%, 

respectively. The poor performance of 80% was recorded by "Preprocessing Bias Mitigation."  

This suggests that more sophisticated approaches, such as fair representation learning and 

adversarial debiasing, are more likely to provide bias mitigation than preprocessing methods. 

The results portray how powerful and holistic approaches would be in the future to spread 

greater fairness and performance in AI models. 

4. DISCUSSION 

The outcomes of the presented study showed that Fair Representation Learning was the 

most efficient bias minimisation mechanism among all approaches on assessment. It attained 

the best performance of 90% success in minimising biases in artificial intelligence models. 

This method is concerned with changing the data into a predictive and fair form where 

characteristics like race and sex are left out in deciding how to make decisions, whereby the 

model makers do not predict based on these characteristics. This would make the data more 

equitable, and balanced decision-making is possible across the demographic groups and, 

therefore, contributes to the fairness and improved accuracy of AI models. Such an approach 

was much better than the others, like Adversarial Debiasing or In-Processing Bias Mitigation, 

demonstrating that complex methods, such as fair representation learning, can offer a better 

solution to the problem of bias. 

The before-and-after assessment of the statistical significance of various models via 

bias mitigation was conducted at length to check the effects of the treatments. In order to 

determine whether there is a significance, modifications in performance measures, including 

accuracy, TPR, FPR and FNR, were examined. It was established that the XGBoost (XGB) 
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model and Causal Model (CM) performance experienced a remarkable increase in the measures 

after reducing bias. The value of accuracy was greatly improved in the bias-mitigated models, 

and this is one indication of the success of the treatment. The significant upsurge was in TPR, 

whereas FPR and FNR were diminished, which means that there are more positive outcomes 

found and negative results and positive outcomes misclassified, respectively. These variations 

were evaluated, and they indicated the positive influence of the bias mitigation methods on the 

model fairness and model performance. This could again be evidenced by the fairness 

measures, which indicated that the filtered models were much fairer to all the demographic 

categories. 

One of the central issues of bias reduction in the AI models should be the computational 

cost of the fairness techniques. Such methods as adversarial debiasing or fair representation 

learning are highly resource-intensive because they require complex algorithms. These 

procedures have a tendency to train too many models or add a few layers to the model in 

generating it at the cost of a lot of time and resources (Vokinger et al., 2021). This creates a 

problem for the use and implementation in organisations that are low in terms of computational 

abilities and will not be in a position to carry it out on at large scale. 

One more problem is to keep the balance between justice and the precision of AI 

models. The interest in bias reduction techniques, including re-weighting and alterations of loss 

functions, appears to be entirely functional since the rates of their application are characterised 

by the pattern not to degrade the accuracy of a model, but sometimes, it may lead to a slight 

instance of impaired precision. It is not easy to find a balance to make sure that the model is 

performant, at least to demonstrate that it has been fair, as well. In some situations, the fairness 

constraints might alter or distort the making of the decision in the model, thereby bringing 

trade-offs on the performance, and this will result in to compromise of the utility in the model, 

thereby creating a scenario that might constrain the applicability of the model on real-life 

scenarios (Vokinger et al., 2021). The developer should ensure that they maximise values of 

accuracy and fairness, in a way that the models are effectively and profitably applied to the 

task at hand, without harming meaningfulness. To avoid these dilemmas, the potential options 

remain to resolving them are by the use of superior methods of computations, such as, use of 

distributed computing or by the use of model pruning to reduce the amount of computation. 

Also, fairness can be enforced without losing accuracy substantially by applying a hybrid 

method of preprocessing, in-processing, and postprocessing mitigation strategies. There is also 

a need to implement ongoing assessment and check-ups of deployable models in order to 

safeguard that fairness does not result in the long-term degradation in performance in a big data 

world where the data will be drifting with time. Additional coping with these problems may be 

implemented by using lightweight models, consisting of decision trees or simpler neural 

networks, to minimise computational requirements (Peng et al., 2022). Moreover, there should 

be some kind of adaptive fairness method, and some technical measures that adapt to 

performance indicators. The idea of collaborative or federated learning can often divide 

computational overheads and enhance the fairness of the models in an effective way (Hanna et 

al., 2024). 

These considerations of fairness and accuracy can be accomplished by the repeated 

refinement of the models, as these concepts should be focused on throughout creation and 

implementation. 

5. CONCLUSION 

It was revealed in the study that bias mitigation methods enhanced the accuracy and 

fairness of the models greatly. Fair Representation Learning had the highest success with 90% 

success in reducing biases, and Adversarial Debiasing had 88% success. After the correction 

of bias, the Causal Model (CM) and the XGBoost (XGB) models improved tremendously in 
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their performance with an increase in the accuracy and enhanced True Positive Rate (TPR) and 

lowered False Positive and False Negative Rates (FPR and FNR). It was also fairer with the 

models, which included improved fairness measures such as Equal Opportunity Difference 

(EOD) and Disparate Impact (DI). Nevertheless, it is noted that the study was associated with 

trade-offs between fairness and accuracy since some of the methods might narrow down 

accuracy by a slight margin. Large-scale application was a problem because of the 

computational cost of more sophisticated procedures such as Adversarial Debiasing and Fair 

Representation Learning. According to the findings, to correct this balance between the 

importance of fairness and performance, it is suggested that constant review and improvements 

need to be made to ensure that AI systems remain stable and that they are ethical. 

Future direction will be a balance on the trade-offs between fairness and accuracy as 

trade-offs will always be there. Both scalability and computational costs of the advanced 

techniques such as adversarial debiasing and reinforcement learning will be required to 

optimize to ensure applicability. For this reason, AI systems must be continuously monitored 

and adapted in adaptation to societal biases and fairness standards that may evolve. Therefore, 

policymakers, technologists and domain experts will be needed to devise robust governance 

frameworks and responsible AI deployment to be used. The efforts will also focus on 

improving dataset diversity and representativeness to improve the model's generalizability and 

eliminate biases caused by the underrepresented groups. In using synthetic data care should be 

taken to deal with the ethical considerations, such as ensuring data authenticity, privacy, and 

maintaining societal values. It will continue in XAI and fairness-aware machine learning 

models to improve the accuracy and accountability of learning machine models. The inclusion, 

fairness and alignment with state policies will be achieved through technical innovations 

combined with ethical and policy measures in AI systems. 
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