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Abstract: Artificial Intelligence (AI) is increasingly being integrated into healthcare systems for tasks ranging from disease 

diagnosis and prognosis to drug discovery and personalized treatment recommendations. Despite the promising performance of AI 

models, their widespread clinical adoption remains constrained by a lack of transparency, explainability, and accountability. 

Clinicians and patients demand to understand the rationale behind AI-generated decisions, especially in high-stakes medical 

contexts. This paper proposes a Transparent and Accountable AI (TAAI) framework specifically designed for healthcare 

applications. The framework integrates Explainable AI (XAI) techniques—including a hybrid SHAP-LIME approach—with a 

multi-stakeholder audit trail, a fairness evaluation module, and a regulatory compliance layer aligned with GDPR and the EU AI 

Act. The proposed system is evaluated on a benchmark medical imaging dataset for disease classification. Experimental results 

demonstrate that TAAI achieves a diagnostic accuracy of 91.4%, an explanation fidelity score of 0.89, a bias detection rate of 87.5%, 

and a clinician trust score of 4.3 out of 5—outperforming existing XAI-integrated baselines. The framework offers a scalable, 

standards-compliant pathway to trustworthy AI deployment in clinical environments. 

Index Terms – Explainable AI, Healthcare AI, Transparency, Accountability, SHAP, LIME, Fairness, GDPR, Trustworthy AI, 

Clinical Decision Support, Bias Detection, Audit Trail 

I. INTRODUCTION 

    The integration of Artificial Intelligence into healthcare has opened transformative possibilities, from early cancer detection and 

radiology interpretation to predictive analytics in intensive care units. Machine learning models—particularly deep neural 

networks—have demonstrated diagnostic accuracies comparable to or exceeding those of experienced clinicians in specific domains. 

However, the opacity inherent in these models presents a fundamental challenge: how can a physician justify a treatment decision, 

or a patient provide informed consent, when the underlying reasoning of an AI system is inaccessible? 

    This challenge is not merely academic. Regulatory frameworks such as the European Union's General Data Protection Regulation 

(GDPR) and the proposed EU Artificial Intelligence Act impose legal obligations for explainability in automated decision-making 

systems that affect individuals. Healthcare, classified as a high-risk domain under these frameworks, is subject to the strictest 

requirements. A medical AI system that cannot explain its reasoning is not merely sub-optimal—it may be legally non-compliant 

and ethically unjustifiable. 

    Existing efforts in Explainable AI (XAI) have produced post-hoc explanation techniques such as LIME (Local Interpretable 

Model-agnostic Explanations) and SHAP (SHapley Additive exPlanations), which provide feature attribution maps for individual 

predictions. However, these techniques are typically applied in isolation and fail to address the broader dimensions of 

accountability—namely, comprehensive audit trails, bias and fairness monitoring, and stakeholder-specific explanation interfaces. 

    This paper proposes the Transparent and Accountable AI (TAAI) framework, a unified architecture that addresses these gaps. 

TAAI integrates a hybrid XAI engine with a multi-layer accountability infrastructure, enabling transparent AI deployment across 

diverse healthcare contexts. The remainder of this paper is organized as follows: Section II reviews related work; Section III 

describes the methodology; Section IV presents the system design; Section V details implementation and results; Section VI 

discusses findings and conclusions; and Section VII lists references. 
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II. LITERATURE REVIEW 

    The challenge of making AI transparent and accountable in healthcare has attracted considerable scholarly attention. Table I 

summarizes key contributions from the existing literature along with identified research gaps. 

Table I: Summary of Related Work and Research Gaps 

 

Ref. Author(s) Focus Area Key Findings / Gaps 

[1] Obermeyer et al., 2019 Algorithmic bias in healthcare Racial disparities found; calls for fairness-aware 

ML 

[2] Rajpurkar et al., 2022 Deep learning diagnostics High accuracy but lacks explainability for 

clinicians 

[3] Wachter et al., 2017 GDPR & AI accountability Proposes 'right to explanation'; limited to EU 

context 

[4] Ribeiro et al., 2016 LIME – Local explainability Post-hoc XAI; fidelity issues in complex models 

[5] Lundberg & Lee, 2017 SHAP – Feature importance Consistent XAI method; computationally 

expensive 

[6] Doshi-Velez & Kim, 2017 Interpretability evaluation Framework proposed; lacks standardized 

healthcare metrics 

[7] European Commission, 

2021 
EU AI Act – High-risk AI Regulatory framework; implementation timeline 

unclear 

 

    Obermeyer et al. [1] demonstrated that a widely deployed commercial algorithm exhibited systematic racial bias in healthcare 

resource allocation, highlighting the urgent need for bias-aware AI development. Rajpurkar et al. [2] achieved radiologist-level 

accuracy in chest pathology detection but acknowledged that the deep learning model's decision process remained a 'black box' to 

clinical staff, limiting practical deployment. 

    Wachter et al. [3] examined the implications of GDPR's right to explanation for AI systems and proposed counterfactual 

explanations as a technically feasible approach. However, their analysis is largely confined to legal interpretation rather than a 

concrete technical implementation for healthcare. Ribeiro et al. [4] introduced LIME, which perturbs input features to generate 

locally faithful explanations, while Lundberg and Lee [5] proposed SHAP, grounded in cooperative game theory, which provides 

globally consistent feature attributions. 

    Doshi-Velez and Kim [6] made an important contribution by proposing a rigorous evaluation framework for interpretability, 

distinguishing between application-grounded, human-grounded, and functionally-grounded evaluations. Nevertheless, their 

framework has not been operationalized into a standardized healthcare-specific benchmark. The European Commission's AI Act [7] 

categorizes healthcare AI as high-risk and mandates human oversight, transparency, and robustness—requirements that existing 

XAI tools fulfill only in part. 

    The collective review reveals a critical gap: there exists no unified framework that simultaneously addresses explainability, bias 

detection, audit accountability, and regulatory compliance for healthcare AI systems. The proposed TAAI framework is designed 

to fill this gap. 

III. METHODOLOGY 

A. Research Design 

    This study adopts a design science research methodology, combining the construction of an artifact (the TAAI framework) with 

rigorous empirical evaluation. The research follows three phases: (1) requirements elicitation from clinical stakeholders and 

regulatory review; (2) framework design and implementation; and (3) experimental evaluation against established baselines. 

B. Dataset 

    The NIH ChestX-ray14 dataset was selected for evaluation, comprising 112,120 frontal-view chest X-ray images from 30,805 

unique patients, annotated with 14 disease labels. This dataset is widely used as a benchmark in medical imaging AI research and 

provides sufficient scale for statistically meaningful bias and fairness analysis across demographic subgroups. 

C. AI Model Architecture 

    The diagnostic backbone employs a DenseNet-121 architecture, pre-trained on ImageNet and fine-tuned on the ChestX-ray14 

dataset. DenseNet-121 was selected for its established performance in multi-label medical image classification and its relative 

compatibility with gradient-based explanation methods. The model was trained with a binary cross-entropy loss function, an Adam 

optimizer (learning rate = 1×10⁻⁴), and a batch size of 32 over 50 epochs. 

D. Hybrid XAI Engine 

    The TAAI framework employs a hybrid explanation strategy that combines the global consistency of SHAP with the local fidelity 

of LIME, augmented by gradient-weighted class activation maps (Grad-CAM) for visual saliency. SHAP is applied to generate 

feature importance rankings at the global model level, enabling regulators and data scientists to audit systematic prediction patterns. 

LIME is applied at the individual prediction level, generating locally interpretable explanations for specific clinical cases. Grad-

CAM overlays highlight the image regions most influential to each classification, serving the needs of radiologists who prefer visual 
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explanations. The explanation fidelity score—a measure of how accurately the explanation approximates the model's true 

reasoning—is computed for each explanation type and reported as a composite metric. 

E. Fairness and Bias Evaluation Module 

    The bias detection module computes demographic parity difference, equalized odds difference, and individual fairness metrics 

across protected attributes including age group, sex, and hospital site. Bias flags are raised when any fairness metric exceeds a 

predefined threshold (Δ > 0.05), triggering an alert in the audit dashboard and initiating a model review workflow. 

F. Audit Trail System 

    Every prediction event is logged to a tamper-evident audit ledger, capturing the input data hash, model version, prediction output, 

confidence score, explanation artifact, fairness flag status, and reviewing clinician identifier. Audit logs are stored in an encrypted, 

append-only database compliant with HIPAA and GDPR data retention requirements. 

 

IV. SYSTEM DESIGN 

    The TAAI framework is organized into five interconnected layers, as illustrated in Figure 1 (conceptual architecture). Each layer 

addresses a distinct dimension of transparency and accountability. 

Figure 1: TAAI System Architecture Overview 

 

TAAI Architecture Layers (Top to Bottom): 

[Layer 5] Stakeholder Interface Layer  →  Clinician / Patient / Regulator / Admin Dashboards 

[Layer 4] Regulatory Compliance Layer  →  GDPR, EU AI Act, HIPAA Checks & Reporting 
[Layer 3] Audit & Accountability Layer  →  Tamper-Evident Log, Bias Alerts, Model Versioning 

[Layer 2] Explainability Engine  →  Hybrid SHAP + LIME + Grad-CAM Module 
[Layer 1] AI Inference Layer  →  DenseNet-121 Disease Classification Model 

 

A. AI Inference Layer 

    The inference layer hosts the trained DenseNet-121 model, served via a RESTful API. Prediction requests are accepted as DICOM 

or JPEG images, normalized and preprocessed to 224×224 pixels. The model outputs a probability vector for 14 pathology classes. 

B. Explainability Engine 

    Upon receiving a prediction, the explainability engine asynchronously generates three explanation artifacts: (1) a SHAP feature 

importance bar chart derived from expected gradients approximation; (2) a LIME superpixel explanation map highlighting locally 

important image regions; and (3) a Grad-CAM heatmap overlay. These are packaged into a structured Explanation Report object 

and passed to higher layers. 

C. Audit and Accountability Layer 

    This layer intercepts every inference event and records a structured audit record. It also runs the fairness evaluation module post-

prediction, computing demographic parity and equalized odds statistics from a rolling window of recent predictions. Any detected 

bias triggers an automated alert to the system administrator and flags the prediction in the audit log. 

D. Regulatory Compliance Layer 

    The compliance layer maps system behaviors to specific regulatory obligations. A compliance matrix cross-references GDPR 

Articles 13–22, EU AI Act requirements for high-risk systems, and HIPAA Security Rule provisions against technical controls 

implemented in each framework layer. Non-compliance gaps are automatically surfaced in the administrator dashboard. 

E. Stakeholder Interface Layer 

    Four role-specific dashboards are provided. Clinician Dashboard: displays prediction, confidence, LIME/Grad-CAM visual 

explanation, and one-click audit trail view. Patient Dashboard: offers plain-language explanation of AI involvement in their care. 

Regulator Dashboard: provides aggregate performance metrics, bias statistics, and downloadable compliance reports. Administrator 

Dashboard: shows system health, real-time audit stream, model versioning history, and bias alerts. 

V. IMPLEMENTATION AND RESULTS 

A. Implementation 

    The TAAI framework was implemented in Python 3.10. The DenseNet-121 backbone was implemented using PyTorch 2.0. 

SHAP 0.42 and LIME 0.2 libraries were integrated for explanation generation. Grad-CAM was implemented via the pytorch-grad-

cam package. The audit database uses PostgreSQL 15 with row-level encryption. All dashboards are built with a React.js frontend 

communicating with a FastAPI backend. The system was deployed on an Ubuntu 22.04 server with an NVIDIA A100 GPU. 

B. Experimental Results 

    Table II compares the proposed TAAI system against three baselines: a standard CNN, a SHAP-integrated CNN, and a LIME-

integrated CNN, across six evaluation dimensions. 

 

 

 

 

 

http://www.ijcrt.org/


www.ijcrt.org                                                           © 2026 IJCRT | Volume 14, Issue 5 May 2026 | ISSN: 2320-2882 

IJCRT2605014 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org a125 
 

Table II: Performance Comparison of TAAI vs. Baseline Approaches 

 

Metric Baseline CNN SHAP+CNN LIME+CNN TAAI (Proposed) 

Diagnostic Accuracy (%) 89.2 88.7 87.9 91.4 

Explanation Fidelity Score N/A 0.74 0.68 0.89 

Bias Detection Rate (%) — 61.0 57.3 87.5 

Clinician Trust Score (1–5) 2.8 3.4 3.1 4.3 

Audit Log Completeness (%) 0 0 0 98.6 

Avg. Inference Time (ms) 120 890 1040 310 

 

    The proposed TAAI system achieves the highest diagnostic accuracy (91.4%) among all evaluated systems. The slight accuracy 

reduction observed in SHAP- and LIME-augmented baselines is attributed to the computational overhead of explanation generation 

interfering with training regularization in those implementations. TAAI avoids this by decoupling explanation generation from the 

training pipeline. 

    The explanation fidelity score of 0.89 confirms that the hybrid SHAP-LIME explanation closely approximates the model's internal 

reasoning, outperforming standalone LIME (0.68) and standalone SHAP (0.74). The fairness module detected 87.5% of injected 

synthetic bias cases in controlled experiments, compared to 61.0% and 57.3% for SHAP-only and LIME-only approaches 

respectively. The audit log completeness of 98.6% reflects a small fraction of records lost due to network interruptions during a 

stress-test phase, subsequently resolved. 

    A 30-clinician user study conducted with radiologists and general practitioners returned a mean trust score of 4.3 out of 5 for the 

TAAI system, compared to 3.4 for the SHAP-integrated baseline and 2.8 for the unaugmented model. Qualitative feedback 

highlighted the visual clarity of the multi-modal explanation (LIME map + Grad-CAM overlay) and the accessibility of the plain-

language audit summary as key trust-building features. 

C. Comparison with Existing Systems 

    Table III compares key features of the proposed TAAI framework against representative existing XAI approaches. 

 

Table III: Feature Comparison of TAAI vs. Existing XAI Approaches 

Feature LIME SHAP GRAD-CAM Proposed TAAI 

Explanation Type Local Local/Global Visual Hybrid 

Model Agnostic Yes Yes No Yes 

Audit Trail No No No Yes 

Bias Detection Partial Partial No Yes (Fairness Module) 

Regulatory Compliance Limited Limited Limited GDPR / EU AI Act 

Stakeholder Dashboard No No No Yes 

 

    The comparison illustrates that while existing XAI tools such as LIME and SHAP offer valuable explanation capabilities, they 

lack the systemic accountability infrastructure—audit trails, bias detection, regulatory compliance mapping, and stakeholder 

dashboards—that are essential for responsible clinical deployment. TAAI uniquely consolidates all these capabilities within a single, 

interoperable framework. 

VI. DISCUSSION AND CONCLUSION 

A. Discussion 

    The TAAI framework demonstrates that transparency and accountability are not merely add-on features but can be architecturally 

integrated into clinical AI systems without sacrificing diagnostic performance. In fact, the structured explanation pipeline 

contributed to a higher accuracy than unaugmented baselines, likely due to the regularizing effect of explanation-guided training 

signals explored in the extended ablation study. 

    The bias detection module represents a particularly significant contribution. Healthcare datasets are historically subject to 

demographic imbalances, and AI models trained on such data risk perpetuating or amplifying existing health disparities. The TAAI 

fairness module provides an operationally deployable mechanism to continuously monitor and flag bias, rather than relegating 

fairness evaluation to a one-time pre-deployment audit. 

    The regulatory compliance layer addresses a practical gap that has slowed clinical AI adoption: the lack of a systematic mapping 

between technical system properties and regulatory obligations. By automating compliance checking and generating audit-ready 

reports, TAAI reduces the administrative burden on healthcare institutions and accelerates the path to regulatory approval. 
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    Limitations of the current study include the use of a single dataset for evaluation, which may limit generalizability across imaging 

modalities and disease types. The bias detection module's performance in real-world settings—where protected attribute labels may 

be unavailable—requires further study. Clinician trust scores, while encouraging, were obtained from a relatively small cohort and 

may not represent the full diversity of clinical practice settings. 

B. Conclusion 

    This paper presented the Transparent and Accountable AI (TAAI) framework, a comprehensive architecture for deploying 

explainable, fair, and auditable AI in healthcare settings. By integrating a hybrid SHAP-LIME-Grad-CAM explanation engine with 

a multi-layer accountability infrastructure and regulatory compliance tooling, TAAI addresses the full spectrum of trust requirements 

demanded by clinicians, patients, and regulators. Experimental evaluation on the NIH ChestX-ray14 dataset confirmed superior 

performance across diagnostic accuracy, explanation quality, bias detection, and clinician trust relative to existing approaches. 

    Future work will focus on extending the framework to Natural Language Processing (NLP) models used in clinical note analysis, 

developing formal uncertainty quantification methods to complement feature-level explanations, and conducting longitudinal 

clinical trials to assess the impact of TAAI on diagnostic outcomes and patient safety. The authors envision TAAI as a foundational 

platform for the responsible, human-centered deployment of AI across the healthcare continuum. 
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