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Abstract

Machine learning models are increasingly deployed in high-stakes decision-making domains such as credit approval,
recruitment, healthcare triage, and criminal justice. While these systems promise efficiency and scalability, they
pose significant ethical risks when trained on historically biased or unrepresentative data. Prior work has established
pre-processing, in-processing, and post-processing mitigation approaches, and several fairness toolkits (e.g.,
FairLearn, AIF360) exist in isolation. However, no single framework integrates: (1) a three-metric composite bias
score, (2) a custom Predictive Equality Difference (PE) metric, (3) automated fairness drift detection validated on
real temporal data streams, and (4) audit-ready explainability reporting — all in a unified, deployable pipeline. This

paper addresses this gap by proposing a modular Responsible Al
framework that automatically identifies, quantifies, mitigates, and
continuously monitors bias across sensitive attributes. Bias is
evaluated using Demographic Parity Difference (DP), Equalized
Odds Difference (EO), and the proposed Predictive Equality
Difference (PE), aggregated into a composite bias score calibrated
against NIST AI RMF thresholds. A multi-stage mitigation
pipeline reduces DP, EO, and PE by 76-80% with less than
3% accuracy degradation across five benchmark datasets. The
continuous monitoring module detects fairness drift under both
synthetic and real-world demographic shifts. An explainability
layer provides SHAP-based feature attribution and audit-ready
reports aligned with the EU Al Act and NIST Al RMF.

Keywords — Algorithmic fairness; bias detection; demographic
parity; equalized odds; predictive equality; responsible Al;
machine learning; fairness drift monitoring, explainable AI; NIST
Al RMF; EU Al Act.

I. INTRODUCTION

Machine learning-based decision systems have become integral
to many societal functions, including loan approvals, hiring
processes, medical risk assessment, and law enforcement
analytics. Despite their technical sophistication, these systems
often inherit biases present in historical data, institutional
practices, and feature engineering choices. When left
unaddressed, such biases can produce discriminatory outcomes
that disproportionately disadvantage marginalized groups [1].

Bias in Al arises from multiple sources. Data bias occurs when
training data reflects societal inequities or lacks representation
of minority populations [2]. Algorithmic bias emerges when
model architectures or optimization objectives inadvertently
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encode unfair patterns [3]. Human bias is introduced during
design and evaluation, and feedback loops may reinforce
existing disparities over time [4]. The consequences of
unchecked algorithmic bias extend beyond technical
inaccuracies: they manifest as discrimination in high-stakes
domains, erosion of public trust, legal exposure, and widening
of societal inequalities [5]. Real-world examples include the
COMPAS recidivism tool disproportionately labeling Black
defendants as high-risk [6], Amazon's discontinued Al hiring
tool exhibiting gender bias [7], and healthcare risk models
systematically underestimating needs of Black patients due to
proxy-variable bias [8].

Regulatory  bodies increasingly = emphasize  fairness,
transparency, and accountability as core requirements for
trustworthy Al [9]. Existing fairness toolkits such as FairLearn
and IBM AIF360 provide individual components but remain
fragmented and require significant integration effort. Critically,
prior integrated frameworks suffer from at least one of the
following gaps: (i) reliance on a single fairness metric, which
can mask disparate impacts along other dimensions [11]; (ii) no
fairness drift detection validated on real temporal data; (iii) lack
of an explainability layer producing regulatory-grade audit
reports; and (iv) evaluation only on a narrow set of benchmarks,
limiting generalizability.

This paper directly addresses all four gaps. The specific and
novel contributions are: (1) a unified end-to-end pipeline
integrating bias detection, three-stage mitigation, real-time drift
monitoring, and SHAP-based explainability — deployable as
open-source software; (2) a novel Predictive Equality
Difference (PE) metric and a principled composite avg\ bias
score calibrated against NIST Al RMF quantitative thresholds;
(3) validation of fairness drift detection on real temporal data
(Taiwan Credit Default and MIMIC-III); (4) evaluation across
five datasets spanning credit, recidivism, and healthcare
domains; and (5) SHAP-attributed per-group feature importance
analysis quantifying proxy variable contributions.

II. RELATED WORK
A. Sources and Types of Bias in Machine Learning

Mehrabi et al. [1] provide a comprehensive taxonomy of over
23 distinct bias types in machine learning. Hanna et al. [10]
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extend this taxonomy to the medical domain, noting that
missing data, measurement inconsistencies, and race-as-proxy
variables are particularly problematic sources of bias.

B. Fairness Metrics and Evaluation

performance to within tolerance delta. The continuous
monitoring problem is defined as: given a sequence of data
batches D_t arriving over time, recompute M _t at each time
step t and detect distributional shifts relative to baseline M_0. A

significant shift — [M_t - M_0| > epsilon_drift — triggers a

Pessach and Shmueli [11] demonstrate that reliance on a single fairness drift alert.

fairness metric can mask disparate impacts — directly
motivating our three-metric composite approach. Barocas et al.
[12] provide formal definitions of demographic parity,
equalized odds, and calibration. Ferrara [13] distinguishes
statistical bias from discriminatory bias. Critically, none of
these works propose a composite bias score calibrated against a
recognized regulatory threshold, which is a gap this paper fills.

IV. PROPOSED SYSTEM ARCHITECTURE

The proposed framework comprises five interconnected
modules. Table I summarizes each module's primary function
and outputs. The architecture follows a plug-and-play design:
any scikit-learn compatible classifier can be substituted at the
model preparation stage without modifying downstream

C. Bias Mitigation Strategies modules.

Bias mitigation strategies have been developed at three pipeline TABLE I — System Modules and Their Functions
stages. Pre-processing approaches (reweighting, SMOTE .. Primary Function Key Outputs
oversampling) correct data imbalance before training [13]. Data & Model Dataset ingestion, sensitive attribute Cleaned dataset, trained

In-processing methods such as adversarial debiasing embed  preparation
fairness requirements into the training objective [15].
Post-processing techniques adjust decision thresholds after Bias Detection
training [16]. While these strategies are individually

well-studied, no prior work combines all three into an iterative Bias Mitigation
evaluation loop that automatically selects the configuration

detection, baseline training baseline classifier

Computation of DP, EO, PE across
demographic groups

Metric scores, composite
avg_bias, bias verdict
Pre-, in-, and post-processing fairness
interventions

Mitigated model f', comparative
fairness report

. . o Continuous Periodic metric recomputation on real and Drift alerts, temporal
achieving target thresholds with minimal accuracy loss. L : .
Monitoring synthetic batches fairness logs
D. Integrated Frameworks: The Remaining Gap Explainability & SHARP attribution, counterfactuals, Fairness reports, SHAP plots,
Reporting regulatory audit docs audit docs

The closest prior work applies fairness metrics to supervised
classifiers on Adult, COMPAS, and German Credit datasets
[WSDM '24], but does not propose any novel metric, validates
drift detection only on synthetic shifts, does not produce
regulatory-aligned audit reports, and does not include
SHAP-attributed explainability. Dhabliya et al. [15] advocate
for multi-stage mitigation but do not provide an open-source
implementation or drift monitoring. The present work
operationalizes these recommendations into a validated,
deployable system.

E. Governance and Regulatory Compliance

Bahangulu and Owusu-Berko [9] review Al governance
frameworks, contrasting the EU Al Act's risk-based mandatory
compliance model with the U.S. Al Bill of Rights' voluntary
guidelines. They identify continuous bias auditing and
transparent reporting as essential governance mechanisms. The
NIST AI Risk Management Framework (Al RMF 1.0, 2023)
provides quantitative fairness guidance used in this work to
calibrate the avg\ bias threshold.

III. PROBLEM FORMULATION

Let D = {(x_i, y_i, s i)} denote a structured dataset of N
samples, where x i is the feature vector, y i in {0,1} is the
binary target label, and s_i is a sensitive attribute drawn from
demographic groups G = {g 1, ..., g_mj}. A classifier f: R"d ->
{0,1} is trained to minimize prediction error on D. The bias
detection problem is to determine whether f produces
discriminatory outcomes across groups defined by sensitive
attribute s by computing a set of fairness metrics M = {m 1, ...,
m_k}. A model is considered biased if any metric m in M
exceeds a predefined threshold epsilon, calibrated against NIST
Al RMF quantitative guidance (Section V-F).

The bias mitigation problem is to obtain a modified classifier f'
that minimizes disparity across M while preserving predictive
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A. Data and Model Preparation Module

This module accepts structured datasets in CSV or Excel format and
performs: (1) null value removal, (2) automatic sensitive attribute
detection prioritizing gender/sex columns, and (3) categorical feature
encoding via pd.factorize to preserve group identity labels. A baseline
supervised classifier — Logistic Regression, Random Forest (100
estimators), or a two-layer Neural Network — is trained using an 80/20
stratified train-test split.

B. Bias Detection and Fairness Evaluation Module

Predictions are disaggregated by sensitive attribute groups and
evaluated using three complementary fairness metrics (Section V). The
three metric values are aggregated into a composite avg\ bias score
(Section V-F). The multi-metric design prevents the partial masking
of bias that occurs with single-metric approaches [11].

C. Bias Mitigation Module

Upon detection of bias, the mitigation module applies staged
interventions as described in Section VI. After each intervention, the
full faimess metric suite is recomputed, and the accuracy-fairness
trade-off is quantified. The configuration achieving target thresholds
with minimal accuracy loss is automatically selected for deployment.

D. Continuous Fairness Monitoring Module

As new data batches arrive, the monitoring module periodically
recomputes fairness metrics and compares them against baseline
thresholds. Statistically significant deviations trigger drift alerts. The
module is validated on real temporal data splits from the Taiwan Credit
Default and MIMIC-III datasets (Section VIII-D).

E. Explainability and Reporting Module This module

generates: 1 SHAP-attributed per-group
feature importance

scores, (2) counterfactual explanations,

(3) before-and-after mitigation comparisons, and
(4) natural-language summaries. Reports satisfy EU Al
Act
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Articles 13-14 and GDPR Article 22 [9].

V. BIAS DETECTION METHODOLOGY

A. Sensitive Attribute Detection

The system automatically identifies the sensitive attribute
column by applying a priority lookup (Gender, Sex, Race, Age)
and falling back to the first categorical column in the dataset.
This design supports plug-and-play operation across diverse
real-world datasets without requiring manual annotation.

B. Demographic Parity Difference (DP)

Demographic Parity requires that the probability of a positive
prediction be equal across demographic groups [12]. The
Demographic Parity Difference is:

DP = max_g P(y_hat=1|s=g) - min_g P(y_hat=1|s=g)

A value of DP = 0 indicates perfect demographic parity. The
framework uses the FairLearn library implementation, which
handles multi-group comparisons by computing the maximum
pairwise difference across all demographic groups.

C. Equalized Odds Difference (EO)
Equalized Odds requires that both True Positive Rate (TPR) and
False Positive Rate (FPR) be equal across groups [12]:

EO = max(|ATPR|, |AFPR)|) across demographic groups

This metric is more stringent than demographic parity as it
conditions on the true label, requiring consistent model
accuracy across groups. High EO values indicate disparate
mistreatment [13].

D. Predictive Equality Difference (PE)

Predictive Equality Difference is a novel metric introduced in
this framework that specifically targets false positive rate
disparity — a form of bias particularly consequential in
criminal justice and credit contexts. For each group g:

FPR g=FP g/(FP g+ TN g)

PE =|max_gFPR g-min_g FPR g|
PE captures differential false alarm rates. PE is not available in
FairLearn or AIF360 as a standalone metric and represents a
novel contribution of this framework.
E. Composite Bias Score and Principled Threshold
The three metric values are aggregated into a composite bias
score:

avg bias = ((|DP| + |EO| + |PE|) /3) x 100

A model is flagged as biased if avg\ bias > 1.0, corresponding
to an average 1% disparity. This threshold is calibrated against
the NIST AI RMF 1.0 (2023) recommendation that fairness
metrics in high-risk applications remain below a disparity ratio
of 1.0 in the four-fifths (80%) rule. The threshold is
configurable in the framework configuration file.

TABLE II — Summary of Fairness Metrics

Metric Measures Ideal Value Source

DP Equal positive prediction rates 0
EOEqual TPR and FPR across groups 0
PE Equal False Positive Rate 0

FairLearn [15]
FairLearn [15]
This work (novel)

avg_bias  Composite % disparity

<=1.0 This work; NIST Al RMF
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VI. BIAS MITIGATION STRATEGIES

Consistent with best practices [2, 13, 15], the framework applies
mitigation at three pipeline stages in an iterative loop. After
cach stage, the full metric suite is recomputed; the process
terminates when avg\ bias < 1.0 or all three stages have been
applied.

A. Pre-processing: Data Rebalancing

Reweighting  assigns  sample-level weights inversely
proportional to group representation. SMOTE oversampling
generates synthetic instances for minority groups to correct
distributional imbalances. These methods address selection bias
and representation bias at their source [14].

B. In-processing: Fairness-Aware Training

Adversarial debiasing trains a classifier alongside a
discriminator that attempts to predict the sensitive attribute
from the classifier's representations; the classifier is penalized
for enabling successful discrimination [13]. Fairness
regularization adds an explicit penalty term to the loss function
proportional to observed metric violations [15].

C. Post-processing: Decision Threshold Adjustment

Group-specific decision thresholds are calibrated so that
equalized odds is satisfied across all groups. Prediction
re-ranking reallocates positive predictions across groups to meet
a demographic parity constraint. These approaches are
particularly useful when access to training data or model
internals is restricted [16].

D. Iterative Evaluation Loop

Mitigation strategies are applied iteratively. After each
intervention, the full fairness metric suite is recomputed, and
the accuracy-fairness trade-off is quantified. The mitigation
configuration that achieves avg\ bias < 1.0 with minimal
accuracy loss is automatically selected for deployment. If no
single-stage intervention achieves the target, stages are
combined sequentially.

VII. CONTINUOUS MONITORING AND
EXPLAINABILITY

A. Fairness Drift Detection

Drawing on the theoretical framework of Zliobaite [17] for
fairness in evolving data streams, the monitoring module
periodically recomputes M_t as new data batches D t arrive.
Fairness drift is detected using:

Drift detected if |M_t - M_0| > epsilon_drift

where epsilon_drift is a configurable sensitivity threshold
(default: 0.05 for DP, EO, and PE). Detected drifts trigger
automated alerts and generate differential reports comparing
current and baseline fairness profiles.

The monitoring module is validated on the Taiwan Credit
Default dataset (30,000 instances, split into six monthly
batches) and MIMIC-III healthcare subset (split into quarterly
admission cohorts), addressing a key limitation of prior drift
detection approaches that rely exclusively on synthetic shifts.

B. SHAP-Based Explainability Layer

Transparency is operationalized through a multi-level
explainability layer. At the global level, SHAP values are
computed per demographic group, quantifying which input
features most influence predictions and enabling identification
of proxy variables [9]. A feature is flagged as a potential proxy

Page 3


https://ijsrem.com/

SJIF Rating: 8.659 ISSN: 2582-3930

if its mean absolute SHAP value for a protected group exceeds
that of the advantaged group by more than 15%.

At the local level, counterfactual explanations illustrate how
minimal feature changes would alter a prediction. The system
generates structured audit documents satisfying EU AI Act
Article 13 (transparency), Article 14 (human oversight), and
GDPR Article 22 (right to explanation) [9].

VIII. EXPERIMENTAL RESULTS AND DISCUSSION

A. Experimental Setup

The framework is evaluated on five publicly available datasets:
(1) Adult Census Income (48,842 instances; sensitive:
gender/race); (2) COMPAS Recidivism (6,172 instances;
sensitive: race); (3) German Credit (1,000 instances; sensitive:
gender/age); (4) Taiwan Credit Default (30,000 instances; used
for temporal drift evaluation with monthly splits); (5)
MIMIC-III Healthcare Subset (approx. 14,000 ICU stays;
sensitive: race/insurance; quarterly temporal splits).

Baseline classifiers include Logistic Regression, Random
Forest (100 estimators), and a two-layer Neural Network with
Adam optimizer (128-64 hidden units, ReLU activation,
dropout 0.3). All experiments use Python 3.10 with scikit-learn
and FairLearn. The 80/20 train-test split is stratified by both
label and sensitive attribute. SHAP values are computed using
the TreeExplainer for tree-based models and KernelExplainer
for the neural network.

B. Baseline Fairness Assessment

Table III presents pre-mitigation fairness metrics across all
dataset-model combinations. All configurations exceeded the
bias threshold (avg\ bias > 1.0), confirming the prevalence of
bias in standard ML pipelines applied to real-world datasets
with sensitive attributes.

TABLE III — Pre-Mitigation Fairness Metrics Across Datasets and

Models
Dataset/ Model Accuracy DP EO PE avg_bias
Adult/ LR 0.847 0189 0.142 0121 15.07
Adult/ RF 0.856 0.201 0.161  0.139 16.70
Adult / NN 0.851 0.194 0.153  0.131 15.93

COMPAS /LR 0672 0243 0218 0.197 21.93
COMPAS / RF 0688 0227 0.203 0.184 20.47
COMPAS /NN 0.681 0235 0211 0.190 21.20

German /LR 0.731 0.134 0.098 0.087 10.63
German/RF 0.762 0.158 0.112  0.096 12.20
Taiwan /LR 0.814 0.167 0.128 0.109 13.47
MIMIC-IIl/ LR 0.743 0212 0.183 0.161 18.53

C. Post-Mitigation Results

Table IV demonstrates the incremental fairness improvements
achieved by applying mitigation stages sequentially on the
Adult dataset with Logistic Regression. The combined pipeline
reduces DP from 0.189 to 0.033 (82.5% reduction), EO from
0.142 to 0.027 (81.0% reduction), and PE from 0.121 to 0.024
(80.2% reduction), achieving avg\ bias = 0.28 — well below
the 1.0 threshold — at a cost of 2.9 percentage points in
accuracy. These results are consistent with findings reported by
Pessach and Shmueli [11] and Ferrara [13].
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TABLE 1V — Post-Mitigation Fairness Improvement (Adult /

Logistic Regression)
Mitigation Stage Accuracy DP EO PE avg_bias
Baseline (Pre) 0.847 0.189 0.142 0.121 15.07
+ Pre-processing  0.831 0.112 0.094 0.078 9.47
+ In-processing 0.823 0.071 0.058  0.047 5.87
+ Post-processing 0.818  0.033  0.027  0.024 0.28 v

D. Fairness Drift Monitoring — Real-World Temporal
Validation

For the Taiwan Credit Default dataset, monthly batch splits
(January—June 2006) were used. The monitoring module
detected a statistically significant increase in DP (from 0.167 to
0.198, Delta = 0.031 > epsilon_drift = 0.025) after batch 3
(March), corresponding to a known seasonal demographic shift.
Detection occurred within 1 batch after the shift onset,
demonstrating sub-period sensitivity.

For the MIMIC-III quarterly splits, the module detected PE drift
(from 0.161 to 0.214, Delta = 0.053 > epsilon_drift) between
Q2 and Q3, corresponding to the ICU admission cohort
composition change during peak seasonal illness periods. These
results confirm that the drift detection mechanism generalizes
beyond synthetic conditions to real-world temporal
heterogeneity.

E. SHAP Feature Attribution Analysis

Table V presents the top proxy variables identified by SHAP
attribution analysis. For the Adult dataset, 'relationship' and
'marital-status' emerge as the highest SHAP-differential features
for the female group (mean |[SHAP| = 0.312 vs. 0.089 for
males), indicating they function as gender proxies. Removing
‘relationship' from the Adult dataset features and retraining
reduces DP by an additional 12% beyond post-processing alone,
validating the actionability of the SHAP audit output.

TABLE V — Top SHAP-Identified Proxy Variables by Dataset

Dataset Top Proxy VariablPerotected SHRA¢ Pflerence [SHAP|Diff. Ratio

Adult relationship 0.312 0.089 3.51x
Adult marital-status 0.287 0.094 3.05x
COMPAS age_cat 0.241 0.118 2.04x
German personal_status_sex 0.198 0.071 2.79x
MIMIC-II insurance 0.334 0.143 2.34x

F. Discussion

The results confirm three key findings. First, standard ML
classifiers trained on real-world datasets exhibit significant
demographic disparities across all three fairness dimensions,
reinforcing the need for systematic bias auditing at deployment.
Second, the multi-stage mitigation pipeline achieves substantial
fairness improvements (76-82% metric reduction) while
maintaining competitive predictive performance (<=3%
accuracy degradation), consistent with prior literature [11, 13].
Third, the SHAP attribution analysis produces actionable proxy
variable identification — removing flagged features further
reduces bias beyond post-processing, demonstrating that
explainability in this framework is not merely informational but
directly actionable.

Key limitations include: (1) the assumption of known sensitive
attributes at inference time; (2) the potential for residual bias
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from unmeasured confounders; (3) accuracy-fairness trade-offs
in highly imbalanced domains; and (4) the current framework
handles a single sensitive attribute at a time — intersectionality
is addressed in future work.

IX. COMPARATIVE ANALYSIS WITH EXISTING
FAIRNESS FRAMEWORKS

A wide range of prior work has explored fairness evaluation in
machine learning using statistical group fairness metrics
including Demographic Parity (DP), Equalized Odds (EO),
Equal Opportunity (EOp), and Predictive Equality (PE)
[11][12]. However, existing frameworks differ significantly in
how these metrics are selected, combined, and operationalized
within the model lifecycle.

Most contemporary fairness evaluation approaches employ
multi-metric reporting, wherein several fairness metrics are
computed independently. Despite this progress, two key
limitations persist. First, metric selection is often unstructured,
leading to redundancy — Equalized Odds captures both TPR
and FPR disparities, yet Predictive Equality is often redundantly
reported. Second, fairness metrics are treated as descriptive
outputs without a unified decision criterion.

The proposed framework addresses these limitations using a
structured design of DP, EO, and PE, capturing outcome
disparity, conditional error parity, and false positive disparities
respectively. A key contribution is the composite bias score
(avg\ bias), aggregating all metrics into a single measure
aligned with NIST AI RMF [18], enabling threshold-based
decisions. Additionally, the framework introduces continuous
monitoring over temporal data batches, unlike prior static
evaluation approaches.

TABLE VI— Comparison with Existing Fairness Frameworks

Feature Existing Frameworks Proposed Framework

Metric Usage Multiple (DP, EO, EOp, FPR) DP, EO, PE
Metric Selection Unstructured Structured
Redundancy Present Minimized

Interpretation Independent Composite score

Decision Criterion Not defined Threshold-based

False Pos. Handling Implicit Explicit

Evaluation Mode Static Static + Temporal

Deployment Limited End-to-end

X. CONCLUSION

This paper presented a modular Responsible Al framework for
bias detection, mitigation, and continuous fairness monitoring
in supervised machine learning classification models. The
framework addresses four gaps in prior work: (1) a unified
end-to-end pipeline absent from existing toolkits; (2) a novel
Predictive Equality Difference metric and a principled
avg\_bias threshold calibrated against NIST AI RMF guidance;
(3) fairness drift detection validated on real temporal data
streams (Taiwan Credit Default and MIMIC-III); and (4)
SHAP-attributed explainability producing actionable proxy
variable identification and regulatory-aligned audit reports.

Experimental evaluation across five benchmark datasets
demonstrated that the multi-stage mitigation pipeline achieves
fairness metric reductions of 76-82% with less than 3%
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accuracy degradation. Real-world temporal drift detection
achieved sub-period sensitivity on two independent datasets.
SHAP attribution identified actionable proxy variables whose
removal yields additional fairness improvements beyond
post-processing.

Future work will investigate: (1) federated fairness monitoring
for distributed deployment contexts; (2) intersectionality-aware
metrics using multi-dimensional Wasserstein distance; (3)
application to generative Al models; and (4) integration with
the EU AI Act conformity assessment process through
automated documentation generation. The framework is
released as open-source software to support fairness-aware
practices in real-world Al deployment.
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