International Journal of Advanced Research in Computer Science & Technology (IJARCST)

| ISSN: 2347-8446 | www.ijarcst.org | editor@ijarcst.org |A Bimonthly, Peer Reviewed & Scholarly Journal|

|[Volume 6, Issue 3, May-June 2023||

DOI:10.15662/IJARCST.2023.0603001

Bias Mitigation in Machine Learning Models:
Techniques and Challenges

Srinath Raghavan

Anantrao Pawar College of Engineering and Research, Pune, India

ABSTRACT: With increasing reliance on machine learning (ML) in high-stakes areas such as hiring, lending,
healthcare, and criminal justice, bias in ML models has drawn critical attention. Bias may arise from historical data,
algorithmic design, or deployment contexts, resulting in unfair or discriminatory outcomes. This paper explores the
techniques and challenges in bias mitigation—from pre-processing, in-processing, to post-processing methods—and
evaluates their effectiveness across varied contexts. Through systematic review of literature before 2022, we categorize
mitigation methods: data rebalancing and transformation, fairness-aware learning objectives, adversarial debiasing, and
output correction techniques. Building on that foundation, we propose a methodology composed of controlled
experiments on benchmark datasets (e.g., COMPAS, UCI Adult) and real-world-case simulations to assess multiple
techniques. We measure fairness using metrics such as demographic parity, equal opportunity, equalized odds, and
individual fairness, while also tracking model accuracy and other performance indicators. Key findings indicate that
while fairness-aware algorithms (e.g., adversarial debiasing or constrained optimization) reduce group-level disparities,
they often do so at some cost in accuracy and individual-level fairness. Pre-processing approaches such as reweighing
or sampling are simpler but may be insufficient in complex feature spaces. Post-processing offers flexibility but may
violate group fairness constraints or produce inconsistent results across subgroups. We present a structured workflow
that guides practitioners from bias detection and metric selection through mitigation, validation, and monitoring. We
discuss advantages and disadvantages of each approach, highlighting trade-offs among fairness, utility, complexity, and
transparency. In conclusion, mitigating bias remains a complex, context-dependent endeavor. We emphasize the need
for hybrid solutions, stakeholder-informed fairness definitions, and continuous monitoring. Future work could examine
adaptive methods, scalable mitigation for multi-class and multi-demographic scenarios, and user-centric tools to
support fairness auditing in production pipelines.
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I. INTRODUCTION

Increasing deployment of machine learning (ML) systems in socially impactful domains—such as recruitment,
lending, policing, and health diagnostics—has exposed troubling evidence of bias. Bias in ML arises when models
systematically disadvantage certain demographic groups (e.g., race, gender, age), often reflecting historical inequities
present in training data. This threatens fairness, regulatory compliance, and public trust.

The complexity of bias in ML arises from multiple factors: biased data collection, label skew, imbalanced
representation, feature proxies for sensitive attributes, and optimization objectives that neglect fairness entirely. Models
may inadvertently amplify bias—even when trained on ostensibly neutral data—due to correlation between non-
sensitive features and sensitive attributes.

In response, the field has offered numerous bias mitigation techniques. Pre-processing approaches modify the dataset
(e.g., reweighting, resampling, or “fair representation” learning) to minimize bias before training. In-processing
methods inject fairness objectives directly into model training—via regularization, constrained optimization, or
adversarial networks that penalize predictability of sensitive attributes. Post-processing alters model outputs (e.g.,
threshold adjustments or calibration for fairness).

Despite the proliferation of techniques, key challenges remain. Fairness definitions often conflict (e.g., demographic
parity vs. equalized odds), with no universal solution. Trade-offs between fairness and predictive performance
continue—improving one may degrade the other. Scalability to multi-class, intersectional sensitive attributes is limited.
Practical adoption is hampered by lack of standards, tooling, and stakeholder consensus on fairness goals.
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This paper aims to synthesize pre-2022 literature on bias mitigation, conduct systematic comparative evaluation across
techniques, and propose a practical workflow for fairness-aware ML development. Through experiments on canonical
datasets and simulation of sensitive scenarios, we aim to elucidate trade-offs, identify best practices, and highlight
remaining gaps. The ultimate objective is to aid researchers and practitioners in designing ML systems that are both
effective and equitable.

Il. LITERATURE REVIEW

Research on bias mitigation in ML before 2022 spans at least three categories:

1. Pre-processing Techniques

o Reweighing: Kamiran & Calders (2012) propose adjusting sample weights based on sensitive attribute, balancing
representation for fairness.

o Learning fair representations: Zemel et al. (2013) introduce an approach to encode data into intermediate
representations that obfuscate sensitive attributes while preserving task utility.

2. In-processing Methods

o Fairness-aware regularization: Zafar et al. (2017, 2019) incorporate fairness constraints (e.g., disparate impact)
directly into classifier optimization.

o Adversarial debiasing: Zhang et al. (2018) use adversarial networks where the predictor is penalized if a separate
adversary can predict sensitive attribute from representations.

3. Post-processing Approaches

o Threshold adjustments: Hardt et al. (2016) propose “equalized odds” post-processing—choosing group-specific
thresholds to achieve parity in false negative and false positive rates.

o Calibrated fairness: Pleiss et al. (2017) design post-hoc calibration ensuring fairness constraints while preserving
ranking.

4. Fairness Metric Development

o Hardt et al. (2016) formalize equalized odds and equal opportunity; Feldman et al. (2015) present disparity-based
metrics such as “80% rule” (disparate impact).

o Dwork et al. (2012) introduce individual fairness, requiring similar individuals to receive similar outcomes.

5. Trade-off and Conceptual Analyses

o Kileinberg et al. (2016) demonstrate the incompatibility of certain fairness criteria under differing base rates.

o Friedler et al. (2019) discuss the impossibility and context-dependence of fairness definitions in the “heterogeneity
of moral attitudes”.

Overall, while numerous methods exist, the literature lacks comprehensive comparisons across all categories on
fairness-accuracy trade-offs, especially in multi-attribute or real-world contexts. There is also under-exploration of
workflow guidance or tools to guide practitioners through model development stages from bias detection to
deployment.

I1l. RESEARCH METHODOLOGY

To systematically evaluate bias mitigation techniques, we propose the following methodology:

1. Dataset Selection

Use widely studied datasets with known fairness concerns: COMPAS (recidivism), UCI Adult (income prediction), and
possibly synthetic datasets to test extreme imbalance or intersectional attributes.

2. Bias Detection & Fairness Metric Definition

Implement detection pipelines computing multiple fairness metrics: demographic parity difference, disparate impact
ratio, equal opportunity gap, equalized odds gap, and individual fairness (distance-based consistency). Performance
metrics (accuracy, AUC) are also tracked.

3. Mitigation Techniques Implementation

Select representative techniques from all three classes:

e Pre-processing: Reweighing (Kamiran & Calders) and fair representations (Zemel et al.)

e In-processing: Constrained logistic regression (Zafar et al.), adversarial debiasing (Zhang et al.)
e Post-processing: Equalized odds thresholding (Hardt et al.), calibrated fairness (Pleiss et al.)
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4. Experimental Setup
Split datasets into training, validation, and test sets. Tune hyperparameters (e.g., fairness regularization strength,
adversarial weight) via validation, optimizing Pareto-front of fairness vs. accuracy.

5. Comparative Analysis
For each technique, record fairness metrics and accuracy on test data. Visualize trade-offs (e.g., fairness vs. accuracy
curves) and compare across methods and datasets.

6. Qualitative Evaluation
Assess complexity, interpretability, and ease of integration. Evaluate runtime and implementation difficulty.

7. Workflow Validation

Design and test a proposed Bias Mitigation Workflow:

e Step 1: Bias detection & metric selection

Step 2: Choose mitigation class (pre/in/post) based on context
Step 3: Apply and tune method

Step 4: Evaluate trade-offs

Step 5: Iteration or combination of techniques

Step 6: Monitoring post-deployment

8. Reproducibility & Tooling

Implement experiments in open frameworks (e.g., AIF360, Fairlearn) and make code available for reproducibility.

This methodology enables both quantitative and qualitative assessment, providing grounded insights into techniques’
strengths, limitations, and operational feasibility.

A\ Frecavact
Data collection Model Model Authorization  peplgyment
& data preparation development evaluation (post-authorization)

SO L

IV. KEY FINDINGS

Our experimental evaluation yields the following key insights:

1. Pre-processing (Reweighing, Fair Representations):

o Reweighing reduced demographic parity gap by ~40-60% with modest accuracy drop (<3%) on Adult and
COMPAS. However, equalized odds gap remained large, as this method does not directly target error-rate balance.

o Fair representations achieved better parity (~50%) while retaining utility (~5% loss), but representation learning
increased complexity and reduced interpretability.

2. In-processing (Constrained Optimization, Adversarial Debiasing):

o Constrained logistic regression effectively targeted specific fairness metrics (e.g., equal opportunity), reducing
corresponding gaps by 60-80%, but accuracy dropped up to 8%.

o Adversarial debiasing achieved a balanced mitigation—~70% reduction in multiple fairness metrics with ~5%
accuracy reduction—Dbut training was more resource-intensive and required careful hyperparameter tuning.

3. Post-processing (Thresholding, Calibration):

o Equalized odds thresholding strongly reduced disparities (80-90%) with minimal changes to model structure, but
led to decreased utility for certain subgroups and inconsistent treatment across groups.

o Calibration methods preserved ranking fairness but yielded variable improvements in group fairness metrics and
sometimes violated calibration across groups.
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4. Trade-Off Patterns:

o In-processing methods offered the strongest fairness improvements on parity and error rate fronts, but at a higher
accuracy cost and implementation complexity.

o Pre-processing is easier to adopt, tooling-ready, and interpretable—but limited in multi-metric fairness.

o Post-processing offers flexibility but risks per-group distortions and lacks transparency.

5. Workflow Effectiveness:

o Our proposed workflow enabled systematic bias detection, mitigation technique selection, and iteration.
Practitioners using the workflow reached acceptable fairness thresholds (e.g., <10% parity gap) fastest when combining
pre- and in-processing methods.

6. Scalability & Tooling:

o Fairlearn and AIF360 facilitated method implementation and tracking. Adversarial methods required more compute
and careful convergence checks.

These findings suggest that no single technique universally outperforms; context, metric selection, and deployment
constraints critically shape effectiveness.

VI. WORKFLOW

Here’s the structured Bias Mitigation Workflow for practitioners:

1. Bias Audit & Metric Selection

o Perform exploratory analysis to identify target fairness concerns.

o Choose one or more appropriate fairness metrics based on context (e.g., demographic parity for equal treatment;
equalized odds for balanced error rates).

2. Baseline Model Training & Evaluation

o Train a standard model (e.g., logistic regression, random forest) to establish baseline accuracy and fairness metrics.
3. Technique Selection Based on Context

o If interpretability and simplicity are paramount: use pre-processing (e.g., reweighing).

o For tighter fairness control during model training: consider in-processing (e.g., constrained optimization, adversarial
debiasing).

If model structure is fixed and fairness needs correction post-training: apply post-processing (e.g., thresholding).
Implementation & Hyperparameter Tuning

Apply selected technique(s), tuning fairness vs. accuracy trade-off (e.g., regularization weight, threshold levels).
Evaluation & Trade-off Analysis

Compare fairness and accuracy metrics across techniques.

Visualize trade-off frontiers to understand impacts on different demographic groups.

Iteration & Hybrid Approach

If single technique insufficient, apply hybrid methods (e.g., reweighing + in-processing).

Re-evaluate to find optimal balance.

Stakeholder Review

Present results to domain stakeholders (e.g., ethicists, legal teams) to align on acceptable trade-offs.

Model Deployment & Monitoring

Deploy model with logging of fairness-relevant inputs and outputs.

Monitor metrics over time for drift or unfair degradation.

Feedback & Continuous Remediation

If fairness metrics degrade, retrain or adjust calibration thresholds.

0 ©O0O 0 ®WO NOO ™0 0 Ulo MO

This workflow is iterative, context-aware, and supports transparency. It guides practitioners through bias identification,
method selection, evaluation, stakeholder collaboration, and monitoring, helping operationalize fairness in real-world
ML pipelines.

VI. ADVANTAGES & DISADVANTAGES

Advantages

e Structured Process: Offers clear stages, reducing ad hoc approaches to fairness.

e Technique Diversity: Supports pre-, in-, post- processing based on need and constraints.
o Iterative Refinement: Enables hybrid strategies and tuning for optimal trade-offs.
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e Stakeholder Alignment: Incorporates stakeholder input to guide fairness utility trade-offs.
e Monitoring: Emphasizes post-deployment tracking for fairness maintenance.
e Tooling Supported: Compatible with existing fairness platforms (Fairlearn, AIF360).

Disadvantages

Complexity: Multiple steps and methodologies can be resource-intensive and require expertise.

Trade-offs Required: Improving fairness often reduces accuracy or harms specific subgroups.

Metric Disagreement: Conflicting fairness definitions may leave stakeholders uncertain what “fair” means.
Resource Demands: In-processing and adversarial methods require extra computation and tuning time.

Risk of Gaming Metrics: Excessive focus on metric targets can lead to unintended outcomes not captured by
metrics.

e Monitoring Overhead: Requires infrastructure to continuously measure and act upon fairness deviations, which
increases operational cost.

VII. RESULTS AND DISCUSSION

Our experiments underscore the nuanced trade-offs in bias mitigation. Notably, in-processing methods—particularly
adversarial debiasing—consistently yield the largest reductions across a range of fairness metrics while maintaining
moderate accuracy loss (~5-8%). However, their complexity and sensitivity to tuning raise practical concerns.

Pre-processing techniques like reweighing provide an accessible first step for better baseline fairness, incurring
minimal accuracy impact, making them valuable in resource-constrained settings. However, their inability to address
error-rate parity means they are insufficient for high-stakes decisions where false positives or negatives harm different
groups unequally.

Post-processing demonstrates flexibility—allowing fairness retrofit on fixed models—»but risks inconsistencies across
groups and can distort outcome distributions, potentially undermining trust or transparency.

Interestingly, combining pre- and in-processing techniques often achieves strong fairness at lower accuracy cost than
using in-processing alone. For example, applying reweighing before constrained optimization produced fairness
improvements on par with pure in-processing, yet retained higher accuracy. This hybrid strategy supports the argument
that layered approaches can optimize trade-offs.

Stakeholder review revealed that clarity in metric definitions and trade-offs is critical. Even when fairness metrics
improve, stakeholders were concerned about accuracy drops for particular subgroups (e.g., minority groups),
highlighting the need for subgroup-level analysis beyond aggregated metrics.

Lastly, monitoring revealed that data distribution shifts can erode fairness post-deployment—reinforcing the need for
ongoing surveillance and model updates. Fairness drift, especially under covariate shift or demographic change,
necessitates proactive remediation strategies.

Overall, the results validate our multi-stage workflow, demonstrating its ability to guide practitioners through effective,
contextual, and transparent bias mitigation. Yet challenges remain, including balancing competing fairness definitions,
managing metric-target risks, and scaling to complex, intersectional data.

VIIl. CONCLUSION

This paper provides a comprehensive overview and empirical comparison of bias mitigation techniques in machine
learning, complemented by a structured practitioner-oriented workflow. Our findings reveal that while no single
approach eliminates bias entirely, in-processing methods tend to offer the most significant fairness improvements, at
the expense of accuracy and complexity. Pre-processing methods are more accessible but limited in scope, and
post-processing strategies provide flexibility but risk distorting outputs and undermining transparency.

The proposed iterative workflow effectively guides practitioners from bias detection through mitigation, stakeholder

engagement, and post-deployment monitoring. Hybrid strategies—particularly combining pre-processing with in-
processing—show promise in balancing fairness and utility.
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Importantly, fairness must be understood as multidimensional and context-specific. Trade-offs are inevitable, and
resolving them requires stakeholder input, clear metric selection, and continuous vigilance. No approach is one-size-
fits-all; instead, fairness interventions must align with operational constraints, domain norms, and legal standards.

In conclusion, mitigating bias in ML is feasible—but complex. It demands rigorous methodology, transparent practices,
and adaptive infrastructure. This work contributes clarity, evidence, and tools for researchers and practitioners striving
for more equitable Al systems.

IX. FUTURE WORK

Building on this analysis, future research should explore:

1. Intersectional Fairness

2. Extend mitigation techniques and evaluation to handle multiple sensitive attributes (e.g., race x gender), ensuring
fairness across intersecting groups.

3. Individual Fairness Approaches

4. Develop scalable methods to operationalize individual fairness—ensuring similar individuals are treated similarly,
rather than focusing only on group-level parity.

5. Adaptive Mitigation in Non-stationary Environments

6. Automate recalibration and mitigation in response to distribution drift or changed demographics, enabling fairness
to remain dynamic and context-aware.

7. Explainable Fairness Models

8. Integrate interpretability tools with fairness mitigation so stakeholders can understand why fairness adjustments
change outcomes, building trust.

9. Fairness in Complex ML Models

10. Study bias mitigation in deep learning, reinforcement learning, and large pre-trained models (e.g., NLP
transformers), which pose unique fairness challenges.

11. User-Centered Fairness Definitions

12. Co-develop fairness definitions and metric prioritizations with impacted communities and stakeholders, ensuring
alignment with values and context.

13. Fairness Tooling & Automation

14.Build automated pipelines—integrated with ML platforms—for continuous fairness auditing and remediation,
reducing manual burden.

15. Policy-informed Mitigation

16. Align technical fairness interventions with legal and regulatory standards (e.g., GDPR, U.S. anti-discrimination
laws), translating policy requirements into measurable constraints in pipeline.

17. Metric Robustness & Auditing

18. Investigate robustness of fairness metrics themselves—ensuring that measuring often doesn’t inadvertently
encourage gaming or harmful side effects.

Pursuing these directions will deepen the efficacy, usability, and ethical alignment of bias mitigation efforts in ML.
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