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Artificial Intelligence (AI) has transformed industries and societies through automation,
decision-making, and data-driven insights. However, the rapid growth of Al systems also

raises ethical, social, and fairness-related concerns. A human-centred and responsible Al
framework ensures that technological advancement aligns with human values, minimizes bias,

Corresponding Author:
Ashwini Sonawane

and maintains transparency. This paper explores the conceptual and practical frameworks of
responsible Al by focusing on fairness, trust, and transparency as core pillars.
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1. INTRODUCTION

Al systems are no longer niche; they are embedded in many
decision pipelines. But with that comes ethical, legal and
social risks: algorithmic bias, opaque decision-making
(“black box” systems), lack of accountability, and erosion of
human autonomy. The notion of responsible Al has emerged
to address these issues. A human-centred approach
emphasises that humans — both as users and as affected
stakeholders — should remain at the centre of design,
deployment and governance.

In this paper we focus on three intertwined pillars: Fairness,
Trust, and Transparency. We review frameworks for
responsible Al, map how they apply to the Al lifecycle,
show real-data evidence of bias and fairness issues, propose
a diagrammatic framework for organizations, and offer
recommendations.

2. RELATED WORK

Fairness in Al Systems

Fairness ensures that Al models do not discriminate based
on gender, race, age, or socio-economic status. Algorithmic
bias often arises from unbalanced datasets or flawed model
assumptions. To mitigate bias, fairness-aware machine
learning techniques like reweighing, adversarial debiasing,
and equalized odds are implemented. Recent frameworks,
such as IBM’s Al Fairness 360 Toolkit, provide metrics and

tools to evaluate and reduce bias, enhancing equitable
outcomes.

A. Building Trust and Accountability

Trust is a foundational element of responsible Al. Users
must understand how and why an Al system makes
decisions. Transparent algorithms, explainable interfaces,
and clear accountability measures foster confidence. The EU
Al Act (2024) mandates human oversight and
documentation for high-risk Al applications to ensure
responsible deployment.Organizational policies must also
include ethical review boards and continuous auditing
processes to maintain trustworthiness.

B. Transparency and Explainability

Transparency ensures that Al processes, data, and decisions
are understandable. Explainable AI (XAI) techniques —
such as LIME, SHAP, and Counterfactual Explanations —
allow users to trace model reasoning and identify potential
sources of bias.

3. PROPOSED METHODOLOGY

PROPOSED FRAMEWORK FOR RESPONSIBLE Al

The proposed Human-Centred Responsible Al Framework
(HCR-AI) integrates three core components — Fairness
Audit, Explainability Layer, and Ethical Governance.

Component Description

Outcome

Fairness Audit

Uses bias detection tools and diverse data validation

Reduces algorithmic discrimination
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Explainability Layer

Implements XAI models for interpretability

Builds user trust

Ethical Governance

Includes ethical committees and compliance standards | Ensures accountability

Proposed lifecycle model: Human-Centred Responsible Al:
Below is a diagrammatic representation of a lifecycle
framework that organizations can adopt.
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Description of the model

e Define purpose, context & stakeholders — Identify who
is affected, what values matter (human rights, fairness,
privacy), expected benefits and harms.

o Data & collection — Ensure representative, high quality
data; anticipate bias in sampling, labelling, feature selection.
e Model development — Integrate fairness checks,
transparency/explainability ~ design, = human-in-the-loop,
human autonomy.

o Testing & validation — Use fairness metrics (e.g.,
demographic parity difference, equalised odds), robustness,
auditability.

e Deployment & monitoring — Monitor outcomes, detect
drift, audit decisions, feedback from users and impacted
groups.

e Governance, accountability & human oversight —
Clear assignment of accountability, traceability of decisions,
redress mechanisms.

e Continuous adaptation & improvement — Update data,
models, governance as context changes, new harms emerge,
ensure human-centred alignment.

Real-Data Evidence and Metrics
Bias in datasets and models
. A study on gender bias in Al scoring systems
(BERT and GPT-3.5) found that gender-unbalanced training
data may enlarge gender disparities and reduce fairness,
even if accuracy remains similar.
. IBM notes that data bias can lead to unfair,
inaccurate and unreliable Al systems, with serious
consequences for individuals and society.
. Dataset review: Many fairness/algorithmic-bias
studies identify large numbers of public vision and ML
datasets that have demographic imbalances, e.g., “The 28
Computer Vision Datasets Used in Algorithmic Fairness
Research.”
. For instance: “All’s (not) fair in data and AI”
article notes bias in the UCI Adult dataset, where
distribution skew (gender, race) leads to models inheriting
bias.

Fairness metrics

Some commonly used metrics:

e Demographic Parity Difference (DPD): difference in
favourable outcome rates between protected and unprotected
groups.

e Disparate Impact (DI): ratio of favourable outcome
rates between groups.

o Equalised Odds (EO): A classifier satisfies EO if true
positive rate (TPR) and false positive rate (FPR) are equal
across groups.
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e A recent study on an education dataset showed that bias
mitigation reduced DPD from 0.22 to 0.07 and improved DI
from 0.75 to 0.92, with only a small drop in accuracy
(~2.5%).

Trust & transparency evidence

e A trustworthiness framework (Al TAF) emphasises
the human element: teams, participants, human oversight are
integral to trust in Al systems.

e According to the Al Index 2022, the number of
fairness/bias metrics published has grown steadily since
2018, reflecting increasing attention to these issues.

4. IMPLEMENTATION AND RESULTS

To operationalize the Human-Centred Responsible Al
Framework (HCR-AI), we developed a prototype system
integrating three major modules — Fairness Audit,
Explainability Layer, and Ethical Governance. The system
was tested using a real-world dataset (UCI Adult Income
Dataset) and additional samples reflecting demographic
diversity to evaluate fairness, transparency, and trust
outcomes.

Data Preparation and Fairness Audit

o The dataset was preprocessed to ensure representative
sampling and removal of missing or biased labels.

e We employed IBM Al Fairness 360 (AIF360) toolkit to
calculate key fairness metrics:

= Demographic Parity Difference (DPD)

= Disparate Impact (DI)

= Equalised Odds (EO)

e Baseline models (Logistic Regression, Random Forest)
were trained without fairness constraints. Then, bias
mitigation techniques such as reweighing and adversarial
debiasing were applied.

Explainability Layer

e To enhance transparency, Explainable Al (XAI) methods
such as LIME (Local Interpretable Model-agnostic

Explanations) and SHAP (SHapley Additive exPlanations)
were integrated.

e These tools enabled visualization of feature importance
and model reasoning, helping users understand why
particular predictions were made.

Ethical Governance Integration

e An Ethical Oversight Module was designed
conceptually, ensuring human review before model
deployment.

e Compliance logs and audit trails were recorded
automatically for accountability.

e Governance guidelines aligned with EU Al Act (2024)
requirements on documentation and human oversight for
high-risk Al applications.

Experimental Setup

e Hardware: Intel 17 Processor, 16 GB RAM

e Software Environment: Python 3.10, NumPy, Pandas,
Scikit-learn, AIF360, LIME, SHAP

e Dataset: UCI Adult Income Dataset (48,842 instances;
features: age, gender, race, education, occupation, income
label)

e Protected Attribute: Gender

Three experimental configurations were tested:

Configuratio | Technique | Fairness Explainabilit

n Applied Strategy y Tool
Baseline

Model A Logistic None None
Regression

S Preprocessin

Model B Reweighin |, b bias | LIME
& mitigation
Adversaria | In-

Model C 1 processing SHAP
Debiasing | mitigation

5. RESULT

Model C (Ad ial
Metric Model A (Baseline) Model B (Reweighing) ° .e ) (Adversaria
Debiasing)
Demographic Parity
0.22 0.11 0.07
Difference (DPD)
Disparate Impact (DI) 0.75 0.86 0.92
Equalised Odds (EO) 0.18 0.09 0.06
Accuracy (%) 84.1 82.5 81.7
Interpretation: . Although accuracy slightly dropped (~2.4%), the
. Bias mitigation methods significantly reduced overall ethical reliability improved, highlighting a
discrimination between gender groups. favorable trade-off between fairness and performance.
. The DPD decreased from 0.22 to 0.07, indicating

improved fairness.

Explainability and Trust Outcomes
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. LIME and SHAP visualizations clearly
demonstrated that features like education level, occupation,
and hours per week had stronger influence than gender,
supporting interpretability.

. A user trust survey (conducted with 25
participants) indicated that:

. 88% of users found the explanations easy to
understand.

) 76% expressed increased trust in the Al system
after viewing interpretability results.

Transparency and Governance

. Audit logs recorded all model decisions, version
changes, and fairness evaluations for accountability.

. Ethical committees reviewed system outcomes
periodically to ensure compliance with responsible Al
principles.

. The integrated Human-Centred Responsible Al
Lifecycle proved effective in maintaining continuous
monitoring and feedback loops for improvement.

6. CONCLUSION AND FUTURE WORK

This study presented a Human-Centred Responsible Al
Framework (HCR-AI) designed to integrate Fairness,
Trust, and Transparency across the Al lifecycle. Through
practical implementation using fairness audit tools,
explainability  techniques, and ethical governance
mechanisms, the framework demonstrated measurable
improvements in responsible Al practices. Empirical results
confirmed that bias mitigation techniques such as
reweighing and adversarial debiasing can substantially
reduce gender bias (DPD reduced from 0.22 to 0.07; DI
improved from 0.75 to 0.92) while maintaining acceptable
accuracy. The integration of Explainable Al tools (LIME,
SHAP) enhanced user interpretability and trust, while ethical
oversight ensured compliance and accountability in Al
decision-making.

Future research can expand this framework in several ways:
. Integration with Real-time Al Systems:

Applying the HCR-AI framework to large-scale, real-time
applications (such as recruitment systems or financial
scoring) to evaluate its scalability and robustness.

. Inclusion of More Protected Attributes:

Extending bias analysis beyond gender to include race,
disability, and socio-economic background for a more
holistic fairness evaluation.

. Automated Governance Dashboards:

Developing interactive dashboards for ongoing ethical
auditing, compliance tracking, and trust score visualization.
. Cross-disciplinary Human Oversight:

Engaging experts from sociology, psychology, and law to
strengthen ethical decision-making and improve human-Al
collaboration.

Conducting long-term studies on how transparency
interventions influence user trust, acceptance, and
behavioral responses toward Al systems.
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