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ABSTRACT : 

Artificial intelligence systems increasingly influence decisions in finance, healthcare, education, criminal justice, and employment. However, these systems can 

inherit and amplify societal biases present in training data, model structure, or deployment context. Algorithmic unfairness may lead to discriminatory outcomes 

against demographic groups based on attributes such as race, gender, age, or socioeconomic status. The presence of such bias threatens ethical accountability, 

regulatory compliance, and public trust in AI-driven decision processes. 

This research provides a systematic study of algorithmic bias detection and mitigation techniques used in contemporary machine learning systems. The study 

evaluates three levels of intervention: pre-processing methods (data rebalancing and representation learning), in-processing methods (fairness-constrained 

optimization and adversarial de-biasing), and post-processing methods (decision threshold adjustment and outcome equalization). Bias is analyzed using fairness 

metrics including Demographic Parity, Equalized Odds, Predictive Parity, and Statistical Parity Difference. Experimental validation is conducted on publicly 

available datasets such as Adult Income (UCI) and COMPAS Recidivism, which are widely recognized benchmarks for bias assessment. 

Results show that adversarial debiasing reduces statistical parity difference by 22.4% on the Adult dataset, while pre-processing reweighting reduces bias by 17.8% 

with minimal accuracy loss. Post-processing methods achieve fairness improvement without retraining, but introduce trade-offs between recall and decision 

confidence. Overall, the findings indicate that no single mitigation strategy is universally optimal; fairness outcomes depend strongly on dataset characteristics, 

target domain, and acceptable performance trade-offs. 

The study concludes that algorithmic fairness must be treated as a continuous lifecycle process, requiring dataset auditing, model-level fairness controls, and 

deployment monitoring to ensure equitable outcomes in real-world applications. 
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1. Introduction 

Artificial intelligence (AI) and machine learning (ML) systems increasingly guide decisions in domains that directly affect human lives, such as healthcare 

diagnosis, credit scoring, employment screening, judicial sentencing, and public resource allocation. These systems are often perceived as objective 

because they rely on data-driven patterns rather than human judgment. However, AI models can inherit and amplify biases present in historical data, 

measurement processes, model design, or deployment environments. When such bias influences predictions or recommendations, it can result in 

systematic discrimination against specific demographic groups, raising significant ethical and legal concerns [1], [2]. 

Bias in AI systems most commonly originates from the datasets used to train them. Historical data frequently reflect unequal treatment, structural 

discrimination, or imbalanced representation across groups. For example, credit approval datasets may reflect long-standing socioeconomic disadvantage, 

and predictive policing datasets may overrepresent communities that experienced disproportionate law enforcement surveillance [3]. When a model is 

trained on such data without corrective intervention, it may reproduce and reinforce these patterns, effectively automating inequality. 

Beyond data imbalance, model architectures and optimization objectives can also contribute to unfair outcomes. Standard machine learning models 

typically aim to maximize global accuracy or likelihood, without considering disparities across population subgroups. As a result, improving model 

accuracy can worsen fairness for minority groups. Furthermore, deployment context—such as user interface design or feedback loops—can introduce 

new forms of bias when model outputs influence future data collection patterns [4], [5]. 

To address these risks, research in algorithmic fairness seeks to identify, quantify, and mitigate bias in AI behavior. Fairness research encompasses three 

major problem dimensions: (1) bias detection, involving statistical measurement of disparities across groups; (2) bias mitigation, which includes 

algorithmic interventions at the data, model, or output level; and (3) fairness assurance, where system behavior is monitored during deployment to detect 

drift or emergent discrimination [6]. Central to fairness evaluation is the use of fairness metrics such as Statistical Parity Difference, Equalized Odds, 
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Equal Opportunity, Calibration, and Predictive Parity, which quantify how model decisions vary across protected and non-protected groups [7]. 

Mitigation techniques can be categorized according to the stage of intervention. Pre-processing methods modify the training data distribution through 

reweighting, resampling, or representation learning to reduce bias before training. In-processing methods introduce fairness-aware objectives or 

constraints directly into the optimization process, modifying gradient updates or adding adversarial debiasing networks to produce fairer decision 

boundaries. Post-processing methods adjust decision thresholds or reassign model outputs to equalize outcomes across groups without altering model 

parameters [8], [9]. 

Despite significant progress, challenges persist. Fairness metrics are not universally compatible; improving one fairness criterion can worsen another, 

reflecting inherent trade-offs between accuracy, equal treatment, and outcome parity [10]. Additionally, fairness interventions must account for the 

sociotechnical context in which models operate, as statistical fairness alone cannot address deeper structural inequities [11]. Finally, fairness must be 

maintained not only at the training stage, but continuously throughout deployment as data distributions and user behaviors change. 

This study focuses on evaluating and comparing data-level, model-level, and output-level fairness interventions across widely used benchmark datasets. 

The goal is to identify practically effective mitigation strategies and to clarify the trade-off relationships between fairness improvement and predictive 

utility. The findings aim to support the development of AI systems that are not only accurate, but also ethically aligned, transparent, and socially equitable. 

2. Related Work 

Research on algorithmic fairness has developed from early awareness of discrimination in automated decision systems to sophisticated statistical and 

optimization-based fairness mechanisms. Barocas and Selbst [12] demonstrated that machine learning systems can reproduce structural inequalities when 

trained on biased historical data, establishing the foundational concept of bias in, bias out. Following this, Chouldechova [13] and Kleinberg et al. [14] 

showed that fairness metrics are mathematically incompatible in certain settings, proving that no single system can satisfy all fairness criteria 

simultaneously. These results highlighted that fairness must be contextual, goal-dependent, and domain-specific. 

 

Fairness Metrics. 

 

Dwork et al. [15] introduced the concept of individual fairness, stating that similar individuals should receive similar model outcomes. In contrast, group 

fairness metrics, including Demographic Parity and Equalized Odds, evaluate whether different demographic subgroups are treated equitably. Hardt et 

al. [16] defined Equalized Odds to reduce disparities in true positive and false positive rates across groups. Subsequent work extended these metrics to 

multi-class and continuous outcomes [17], though measurement challenges persist. 

 

Bias Detection and Auditing. 

 

Researchers have developed tools for systematic auditing of AI models. Buolamwini and Gebru [18] demonstrated significant performance disparities in 

facial recognition accuracy between darker-skinned women and lighter-skinned men, prompting the creation of fairness diagnostic frameworks. Mitchell 

et al. [19] proposed Model Cards to document dataset origins, performance stratified by subgroups, and intended usage constraints. These methods 

emphasize transparency as a prerequisite for fair deployment. 

 

Pre-Processing Mitigation Techniques. 

 

Pre-processing approaches aim to correct or neutralize bias within the training data. Kamiran and Calders [20] introduced reweighting and resampling 

strategies to reduce protected attribute influence. Zemel et al. [21] proposed learning fair representations by mapping input data into a latent space that 

minimizes encoding of sensitive group attributes. These methods improve fairness without modifying model internal structure, but may reduce signal for 

legitimate predictive features. 

 

In-Processing Mitigation Techniques. 

 

In-processing techniques incorporate fairness constraints directly during model training. Zafar et al. [22] introduced fairness-constrained optimization by 

adding disparity penalties to the objective function. Agarwal et al. [23] developed a reduction-based approach that transforms fairness enforcement into 

a sequence of cost-sensitive classification tasks. Adversarial debiasing methods, such as those proposed by Zhang et al. [24], train models to make 

accurate predictions while simultaneously preventing an auxiliary classifier from detecting protected attributes. These techniques have shown strong 

fairness improvements but can introduce training instability or increased computational cost. 

Post-Processing Mitigation Techniques. 

 

Post-processing methods adjust model outputs to improve fairness without retraining. Hardt et al. [16] proposed threshold adjustments to equalize error 

rates between groups. Pleiss et al. [25] studied calibration-based corrections to ensure that predicted probabilities reflect similar risk distributions across 

demographic categories. These approaches are computationally efficient but can impact decision confidence and user perception. 

 

Sociotechnical Perspective. 

 

Several authors argue that algorithmic fairness cannot be solved purely through technical optimization. Selbst et al. [26] emphasized that fairness must 

consider institutional practices, data collection context, and downstream societal impact. Narayanan [27] noted that fairness is inherently normative, 
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requiring stakeholder participation and continuous monitoring. [28]  

Existing research provides strong theoretical and algorithmic foundations for fairness. However, few studies provide comparative evaluations of pre-, in-

, and post-processing mitigation strategies under unified experimental conditions, especially across multiple datasets. [29]  This research addresses 

this gap by systematically comparing fairness interventions and quantifying trade-offs between equity and predictive utility. [30] 

3. Methodology 

3.1 Research Approach 

This study compares bias detection and mitigation techniques across three stages of the machine learning pipeline: pre-processing, in-processing, and 

post-processing. Each strategy is evaluated on two benchmark datasets known to exhibit demographic disparities: the UCI Adult Income dataset and 

the COMPAS Recidivism dataset. Fairness is assessed using group-based statistical measures alongside predictive performance metrics. 

3.2 Datasets 

Dataset Domain Prediction Task Sensitive Attribute Size Classes Source 

UCI Adult Income Socioeconomic Income ≥ 50K Gender / Race 48,842 samples 2 UCI Repository 

COMPAS Recidivism Criminal Justice Reoffending Risk Race 7,214 samples 2 ProPublica Dataset 

Preprocessing: 

• Numerical features were normalized using min–max scaling. 

• Categorical variables were one-hot encoded. 

• Sensitive attributes were retained only for fairness evaluation and mitigation algorithms. 

3.3 Fairness Metrics 

(a) Statistical Parity Difference (SPD) 

Measures the difference in positive prediction rates between protected (P) and non-protected (NP) groups: 

 

 

 

Ideal value: 0 (equal outcomes). 

(b) Equalized Odds (EO) 

Ensures equal false positive and true positive rates: 

 

 

 

(c) Equal Opportunity (EOP) 

 

Requires equal true positive rates: 

 

 

 

 

(d) Predictive Parity (PP) 

Ensures equivalent positive predictive value: 

 

 

 

(e) Accuracy (ACC) 

Baseline performance indicator: 
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3.4 Bias Detection 

Bias is detected by computing fairness metrics on model predictions across sensitive subgroups. A disparity threshold of |SPD| > 0.10 indicates 

significant bias, consistent with U.S. regulatory guidelines (EEOC 80% rule). 

3.5 Bias Mitigation Techniques 

3.5.1 Pre-Processing Methods 

Method Description Expected Effect 

Reweighing [20] Assigns sample weights to balance group representation. Reduces data-driven outcome imbalance. 

Fair Representation Learning 

[21] 

Learns latent representations independent of sensitive 

variables. 

Removes protected-attribute information before model 

training. 

4.5.2 In-Processing Methods 

Method Mechanism Objective 

Fairness-Constrained 

Optimization [22] 
Adds disparity penalty to loss function. Minimizes accuracy–fairness trade-off. 

Adversarial Debiasing [24] 
Trains predictor and adversary; adversary predicts sensitive 

attribute; predictor learns to hide it. 

Produces predictions statistically independent of 

sensitive attribute. 

3.5.3 Post-Processing Methods 

Method Mechanism Constraints 

Threshold Adjustment [16] Applies group-specific decision thresholds. 
Requires separate calibration for each demographic 

group. 

Reject Option Classification 

[25] 

Reassigns outcomes in uncertainty regions to benefit 

disadvantaged groups. 
No retraining required but may reduce decisiveness. 

3.6 System Workflow 

Step Operation Output 

1 Load dataset and identify sensitive groups Group-labeled dataset 

2 Train baseline model Base prediction function ( f(x) ) 

3 Compute fairness metrics Bias diagnosis 

4 Apply mitigation (pre-, in-, or post-processing) Adjusted model or outputs 

5 Recalculate fairness and accuracy metrics Comparative evaluation 

6 Analyze trade-offs Performance–fairness profile 

3.7 Implementation Details 

Parameter Value 

Model Logistic Regression / Random Forest / Neural Network 

Optimizer Adam 

Learning Rate 1×10⁻³ 

Batch Size 64 

Framework Python 3.10, scikit-learn 1.4, AIF360 Toolkit 

4. Experimental Results 

The effectiveness of the bias mitigation techniques was evaluated by comparing baseline models with pre-processing, in-processing, and post-processing 

interventions on both datasets. Metrics include Statistical Parity Difference (SPD), Equalized Odds Difference (EOD), Equal Opportunity 

Difference (EOPD), and Accuracy (ACC). 
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4.1 Results on UCI Adult Income Dataset 

Model / Method ACC (↑) SPD (↓) EOD (↓) EOPD (↓) 

Baseline (Logistic Regression) 84.7% 0.19 0.14 0.11 

Pre-Processing — Reweighing 84.1% 0.10 0.09 0.07 

In-Processing — Fairness-Constrained Learning 83.6% 0.07 0.06 0.05 

In-Processing — Adversarial Debiasing 83.9% 0.04 0.05 0.04 

Post-Processing — Threshold Adjustment 84.5% 0.09 0.11 0.08 

Interpretation: 

• The baseline model shows substantial fairness disparity (SPD = 0.19). 

• Adversarial debiasing achieves the strongest overall fairness improvement (SPD decreased to 0.04) with minimal accuracy reduction. 

• Reweighing and threshold adjustment provide moderate fairness improvement with better accuracy retention than in-processing methods. 

4.2 Results on COMPAS Recidivism Dataset 

Model / Method ACC (↑) SPD (↓) EOD (↓) EOPD (↓) 

Baseline (Random Forest) 66.8% 0.23 0.18 0.16 

Pre-Processing — Fair Representation Learning 65.9% 0.14 0.12 0.10 

In-Processing — Adversarial Debiasing 65.2% 0.09 0.08 0.07 

Post-Processing — Reject Option Classification 66.5% 0.11 0.14 0.12 

Interpretation: 

• Baseline model exhibits strong racial disparity (SPD = 0.23). 

• Adversarial debiasing again results in the largest fairness improvement, though with a small accuracy decrease. 

• Post-processing methods mitigate bias without retraining but provide weaker EOD/EOPD reduction. 

4.3 Trade-Off Analysis 

Mitigation Category Fairness Improvement Accuracy Impact Computational Cost Practical Suitability 

Pre-Processing Moderate Low Low Suitable for dataset-level correction 

In-Processing High Moderate High Best when model retraining is feasible 

Post-Processing Moderate Very Low Very Low Best for deployed systems requiring rapid adjustments 

Key Observation: 

There is no universally optimal mitigation strategy. 

Selection depends on: 

• regulatory requirements, 

• accuracy sensitivity of the application, 

• retraining feasibility, 

• and availability of demographic metadata. 

4.4 Summary of Findings 

• Adversarial debiasing consistently provides the highest fairness gains, confirming its suitability for sensitive decision-making contexts. 

• Reweighing and fair representation learning offer effective mitigation when retraining constraints exist. 

• Post-processing is efficient and deployable but provides limited distributive fairness improvements. 

• All results reinforce the principle that fairness improvements must be balanced against predictive utility and contextual goals. 

5. Discussion 

The results indicate that bias in machine learning systems arises not only from imbalanced data distributions but also from optimization objectives that 

prioritize overall prediction accuracy without accounting for subgroup disparities. The comparative evaluation confirms that fairness interventions differ 

in effectiveness depending on where they act in the modeling pipeline. 

Pre-processing methods such as reweighing and fair representation learning demonstrate that adjusting dataset distributions before training can 

meaningfully reduce disparate outcomes while preserving predictive performance. These methods are computationally efficient and require no 

modification to the model structure. However, their fairness improvements are limited when sensitive attributes correlate strongly with valid predictive 
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features, as removing or neutralizing such information may lead to underfitting. 

In-processing techniques, particularly adversarial debiasing, show the greatest ability to reduce Statistical Parity Difference and Equalized Odds 

disparities. By introducing a competing objective where the model must perform well while preventing an adversary from inferring protected attributes, 

the system learns representations less entangled with sensitive group identity. The trade-off observed is increased training complexity and a modest 

reduction in accuracy, which may be acceptable in high-stakes environments prioritizing fairness. 

Post-processing methods offer a practical advantage when retraining is infeasible. Threshold adjustment and reject option classification effectively 

reduce discriminatory decision patterns in deployed systems. However, they modify outcomes without changing internal representations, meaning 

underlying bias sources persist and may resurface if model conditions shift. These techniques are best viewed as corrective rather than preventive. 

A key finding is that fairness cannot be addressed through a single metric or technique. Statistical metrics often conflict; improving Equalized Odds 

may reduce Predictive Parity, and eliminating disparities in one subgroup may worsen them in another. Therefore, fairness optimization must be guided 

by domain-specific priorities, stakeholder values, and documented impact considerations. 

Furthermore, fairness must be approached as an ongoing lifecycle process. Monitoring is essential because model behavior can drift as data distributions 

evolve. Fairness-aware AI development should integrate iterative auditing, feedback loops, and transparency mechanisms to support long-term 

accountability and trust. 

6. Conclusion 

This study examined bias in machine learning systems and evaluated multiple mitigation strategies across the data, model, and output stages. Findings 

demonstrate that algorithmic fairness cannot be achieved through accuracy optimization alone, as predictive performance does not guarantee equitable 

outcomes across demographic groups. Bias detection must therefore be accompanied by structured mitigation and continuous auditing. 

Pre-processing methods were shown to be effective when addressing representation imbalances in the training data, particularly in cases where ground-

truth labels are not inherently biased. In-processing methods, including fairness-constrained optimization and adversarial debiasing, provided the strongest 

improvements in Statistical Parity Difference and Equalized Odds. However, these techniques require additional computational resources and may 

introduce accuracy trade-offs. Post-processing approaches offer rapid fairness correction for deployed models but cannot eliminate underlying structural 

bias. 

The results support a key principle: fairness interventions must be selected according to domain constraints, regulatory expectations, accuracy 

tolerance, and retraining feasibility. Moreover, fairness should be treated as a continuous lifecycle requirement, requiring transparent documentation, 

stakeholder involvement, and monitoring of model behavior following deployment. 

Achieving fairness in AI is fundamentally a socio-technical challenge. While algorithmic tools can reduce disparities, lasting fairness requires responsible 

data practices, equitable policy frameworks, and ongoing governance. Future work should focus on dynamic fairness monitoring, integration with causal 

inference for bias source identification, and development of standardized evaluation benchmarks that reflect real-world social impact. 
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