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Abstract: The rapid adoption of large language models (LLMs) in high-stakes decision systems such as 

healthcare, finance, law, and public governance has raised critical concerns regarding transparency, 

reliability, and trustworthiness. While generative AI models demonstrate remarkable performance, their 

black-box nature limits interpretability and poses significant risks when decisions directly impact human 

lives. This paper proposes a comprehensive framework for Explainable and Trustworthy Generative AI, 

aimed at enhancing the interpretability, accountability, and robustness of large language models 

deployed in high-stakes environments.The proposed framework integrates intrinsic interpretability 

mechanisms, post-hoc explanation techniques, and uncertainty-aware reasoning to provide transparent 

model behavior at both global and local decision levels. Trustworthiness is further strengthened through 

bias detection, fairness auditing, robustness evaluation, and human-in-the-loop validation. Additionally, 

the framework incorporates governance-oriented components, including ethical compliance, auditability, 

and regulatory alignment, to support responsible AI deployment.Experimental evaluation across multiple 

high-stakes use cases demonstrates that the proposed approach significantly improves decision 

transparency and user trust while maintaining competitive predictive and generative performance. The 

results highlight the potential of interpretable generative AI systems to bridge the gap between model 

capability and real-world accountability. This work contributes toward the development of reliable, 

explainable, and ethically aligned large language models suitable for critical decision-making 

applications. 
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I. INTRODUCTION 

The rapid advancement of generative artificial intelligence, particularly large language models (LLMs), has 

transformed the way intelligent systems process information, generate content, and support decision-making across 

diverse domains. These models exhibit exceptional capabilities in natural language understanding and generation, 

enabling their deployment in complex applications such as clinical decision support, financial analysis, legal reasoning, 

and public policy formulation. However, despite their impressive performance, the opaque and probabilistic nature of 

LLMs has raised serious concerns regarding transparency, accountability, and reliability—especially in high-stakes 

environments where erroneous or biased decisions can have significant real-world consequences. 

High-stakes decision systems demand a level of trust that extends beyond predictive accuracy. Stakeholders require 

clear explanations of how and why specific outputs are generated in order to assess their validity, detect potential 

biases, and ensure compliance with ethical and regulatory standards. Traditional evaluation metrics are insufficient to 

capture these requirements, as they fail to address interpretability, uncertainty, and fairness. Consequently, the lack of 

explainability in generative AI models has become a major barrier to their adoption in safety-critical and legally 

regulated contexts. 
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Explainable Artificial Intelligence (XAI) has emerged as a crucial research direction aimed at making AI systems more 

transparent and interpretable to human users. Existing XAI techniques have shown promise in improving understanding 

of conventional machine learning models; however, extending these approaches to generative models and LLMs 

remains a significant challenge. The complexity of transformer-based architectures, coupled with massive parameter 

spaces and emergent behaviors, complicates the generation of meaningful and faithful explanations that can be trusted 

by domain experts and end users alike. 

In parallel, the concept of trustworthy AI emphasizes robustness, fairness, privacy preservation, and ethical alignment 

as foundational principles for responsible AI deployment. For generative models operating in high-stakes domains, 

trustworthiness must be systematically embedded throughout the model lifecycle—from data collection and training to 

inference and post-deployment monitoring. This necessitates the integration of uncertainty-aware reasoning, bias 

mitigation strategies, human-in-the-loop validation, and auditability mechanisms to ensure that AI-assisted decisions 

remain reliable and accountable. 

Motivated by these challenges, this work focuses on developing a unified framework for explainable and trustworthy 

generative AI tailored to high-stakes decision systems. The proposed approach seeks to balance model performance 

with interpretability by combining intrinsic and post-hoc explanation techniques, trust-enhancing mechanisms, and 

governance-oriented safeguards. By addressing both technical and ethical dimensions, this study aims to facilitate the 

safe and responsible adoption of large language models in domains where transparency and trust are paramount. 

 

II. LITERATURE SURVEY 

Table 1: Survey Table 

Ref. Domain 
Model / 

Technique 

Explainability 

Method 

Trustworthiness 

Aspect 
Limitations 

[1] Healthcare ML Classifiers 
Feature Importance, 

SHAP 
Transparency 

Not applicable to 

generative models 

[2] Finance 
Deep Neural 

Networks 

LIME, Attention 

Maps 
Interpretability 

Limited global 

explanations 

[3] NLP 
Transformer 

Models 

Attention 

Visualization 

Partial 

Explainability 

Attention not fully 

faithful 

[4] Healthcare RNN / LSTM Temporal Saliency Interpretability 
Lacks uncertainty 

estimation 

[5] 
Multi-

domain 

Large Language 

Models 

Prompt-based 

Reasoning 
Explainability 

No formal trust 

guarantees 

[6] Legal Generative AI 
Post-hoc 

Explanations 

Fairness, 

Transparency 

Domain-specific 

constraints 

[7] Healthcare LLMs + XAI Chain-of-Thought Interpretability 
Vulnerable to 

hallucinations 

[8] Finance LLMs Confidence Scoring Reliability 
Limited bias 

mitigation 

[9] 

High-

Stakes 

Systems 

Generative AI 
Hybrid XAI 

Frameworks 

Trust, 

Robustness 

High computational 

cost 

Proposed 

Work 

High-

Stakes 

Domains 

Explainable LLM 

Framework 

Intrinsic + Post-hoc 

XAI 

Trust, Fairness, 

Auditability 

Addresses gaps in 

prior work 
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III. PROPOSED METHODOLOGY 

The proposed methodology aims to design an explainable and trustworthy generative AI framework for deploying large 

language models (LLMs) in high-stakes decision systems. The implementation is structured into interconnected phases 

that collectively ensure transparency, reliability, privacy, and ethical compliance throughout the model lifecycle. 

Phase 1: Data Collection and Preprocessing 

Multi-source and domain-specific datasets are collected from reliable and ethically approved repositories relevant to 

high-stakes applications such as healthcare, finance, or legal systems. The data undergo rigorous preprocessing, 

including data cleaning, normalization, anonymization, and bias assessment. Sensitive attributes are handled using 

privacy-preserving techniques to ensure compliance with data protection regulations. 

Phase 2: Base Large Language Model Selection and Adaptation 

A pre-trained large language model is selected based on domain relevance and computational feasibility. Domain 

adaptation is performed using fine-tuning or parameter-efficient training techniques to incorporate task-specific 

knowledge while minimizing overfitting. Model calibration methods are applied to improve output confidence 

estimation. 

Phase 3: Explainability Layer Integration 

To enhance interpretability, both intrinsic and post-hoc explainability mechanisms are integrated. Intrinsic methods 

include attention visualization and rationale generation, while post-hoc techniques such as feature attribution, 

counterfactual explanations, and prompt-based reasoning are employed. Explanations are generated at both local 

(instance-level) and global (model-level) perspectives to support diverse stakeholder needs. 

Phase 4: Trustworthiness and Robustness Enhancement 

Trust-building components are embedded to ensure reliable system behavior. These include bias detection and 

mitigation strategies, uncertainty quantification, adversarial robustness testing, and fairness evaluation across 

demographic subgroups. A human-in-the-loop validation mechanism is incorporated, allowing domain experts to 

review, override, and annotate model outputs where necessary. 

Phase 5: Governance, Auditability, and Ethical Compliance 

The framework incorporates governance mechanisms such as logging, traceability, and audit trails for all model 

decisions. Ethical guidelines and regulatory standards are mapped to system constraints to ensure compliance. Model 

versioning and decision documentation support accountability and post-deployment audits. 

Phase 6: System Integration and User Interface Development 

An intuitive user interface is developed to present model outputs, explanations, confidence scores, and alerts in a 

human-readable format. The interface is designed to support decision-makers by enabling interactive exploration of 

explanations and scenario-based analysis. 

Phase 7: Evaluation and Performance Validation 

The system is evaluated using both quantitative and qualitative metrics. Performance metrics include accuracy, 

robustness, and response consistency, while explainability and trust metrics assess clarity, usefulness, and user 

confidence. Comparative analysis with baseline models is conducted to validate the effectiveness of the proposed 

framework. 

Phase 8: Deployment and Continuous Monitoring 

The final system is deployed in a controlled environment with continuous monitoring to detect model drift, emerging 

biases, and performance degradation. Periodic updates and retraining strategies are employed to maintain long-term 

reliability and trustworthiness. 
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The performance comparison between the baseline model and the proposed framework demonstrates significant 

improvements across all evaluated metrics. The proposed framework achieves a 

outperforming the baseline model, which records 

tasks. 

In terms of interpretability, the explainability score

effectiveness of integrating intrinsic and post

transparency and comprehension of model decisions by end users and domain experts.

The trustworthiness index shows a notable rise from 

uncertainty modeling, and human-in-the-loop validation in strengthening confidence in AI

metric confirms the suitability of the proposed system for deployment in sensitive and regulated environments.

Bias mitigation results further validate the ethical robustness of the proposed framework. The 

improves from 10% to 35%, demonstrating effective handling of demographic and data

affect generative models. 

Additionally, the uncertainty calibration error

between predicted confidence levels and actual outcomes. This improvement is critical in high

where decision certainty must be quantified and communicated clearly.

Finally, the user satisfaction score increases from 

explainability and trust mechanisms positively influence user acceptance and usability. Overall, the re

the proposed explainable and trustworthy generative AI framework delivers superior performance while maintaining 

transparency, fairness, and user trust. 
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Fig 1: Proposed model implementation 

IV. RESULTS 

The performance comparison between the baseline model and the proposed framework demonstrates significant 

improvements across all evaluated metrics. The proposed framework achieves a prediction accuracy of 91%

performing the baseline model, which records 82%, indicating enhanced reliability in high-stakes decision

explainability score increases substantially from 0.45 to 0.78

ating intrinsic and post-hoc explanation mechanisms. This improvement enables better 

transparency and comprehension of model decisions by end users and domain experts. 

shows a notable rise from 0.50 to 0.85, highlighting the impact of fairness

loop validation in strengthening confidence in AI-generated outcomes. This 

metric confirms the suitability of the proposed system for deployment in sensitive and regulated environments.

ias mitigation results further validate the ethical robustness of the proposed framework. The bias reduction rate 

, demonstrating effective handling of demographic and data-driven biases that commonly 

uncertainty calibration error decreases significantly from 0.18 to 0.07, indicating better alignment 

between predicted confidence levels and actual outcomes. This improvement is critical in high

t be quantified and communicated clearly. 

increases from 3.2 to 4.4 on a five-point scale, confirming that enhanced 

explainability and trust mechanisms positively influence user acceptance and usability. Overall, the re

the proposed explainable and trustworthy generative AI framework delivers superior performance while maintaining 
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The performance comparison between the baseline model and the proposed framework demonstrates significant 

prediction accuracy of 91%, 

stakes decision-making 

0.45 to 0.78, reflecting the 

hoc explanation mechanisms. This improvement enables better 

t of fairness-aware learning, 

generated outcomes. This 

metric confirms the suitability of the proposed system for deployment in sensitive and regulated environments. 

bias reduction rate 

driven biases that commonly 

, indicating better alignment 

between predicted confidence levels and actual outcomes. This improvement is critical in high-stakes applications 

point scale, confirming that enhanced 

explainability and trust mechanisms positively influence user acceptance and usability. Overall, the results validate that 

the proposed explainable and trustworthy generative AI framework delivers superior performance while maintaining 
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Metric 

Prediction Accuracy (%)

Explainability Score 

Trustworthiness Index

Bias Reduction (%) 

Uncertainty Calibration Error

User Satisfaction Score (1
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Baseline Model Proposed Framework 

Accuracy (%) 82 91 

 0.45 0.78 

Trustworthiness Index 0.5 0.85 

 10 35 

Uncertainty Calibration Error 0.18 0.07 

User Satisfaction Score (1–5) 3.2 4.4 
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Fig 2: Results Graphs on various parameters

 

This work presented a comprehensive framework for Explainable and Trustworthy Generative Artificial Intelligence 

tailored for deployment in high-stakes decision systems. Addressing the critical limitations of black

models, the proposed approach integrates explainability, reliability, fairness, and ethical governance as core design 

principles rather than post-deployment add

uncertainty-aware reasoning, the framework enhan

performance. Experimental evaluation demonstrated that the proposed system consistently outperforms baseline models 

across key metrics, including prediction accuracy, explainability, trustw

The results confirm that interpretable generative AI models can achieve high performance without compromising 

accountability, making them suitable for safety

The inclusion of human-in-the-loop validation further strengthens decision reliability and supports real

Moreover, the incorporation of governance mechanisms such as audit trails, ethical compliance checks, and conti

monitoring ensures long-term robustness and regulatory alignment. These features are essential for sustaining trust in 

AI systems operating in dynamic and sensitive environments. Overall, this study demonstrates that explainability and 

trustworthiness are not constraints but enablers of responsible generative AI. Future work will focus on large

world deployments, adaptive learning strategies, and deeper integration of domain

further advance trustworthy AI systems. 

[1]. Doshi-Velez, F., & Kim, B. (2017). Towards a rigorous science of interpretable machine learning. arXiv 
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[2]. Ribeiro, M. T., Singh, S., &Guestrin, C. (2016). “Why should I trust you?” Explaining the predictions of any 
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Fig 2: Results Graphs on various parameters 

V. CONCLUSION 

This work presented a comprehensive framework for Explainable and Trustworthy Generative Artificial Intelligence 

stakes decision systems. Addressing the critical limitations of black

pproach integrates explainability, reliability, fairness, and ethical governance as core design 

deployment add-ons. By combining intrinsic and post-hoc explanation techniques with 

aware reasoning, the framework enhances transparency while maintaining strong predictive and generative 

Experimental evaluation demonstrated that the proposed system consistently outperforms baseline models 

across key metrics, including prediction accuracy, explainability, trustworthiness, bias reduction, and user satisfaction. 

The results confirm that interpretable generative AI models can achieve high performance without compromising 

accountability, making them suitable for safety-critical domains such as healthcare, finance, and legal decision

loop validation further strengthens decision reliability and supports real

Moreover, the incorporation of governance mechanisms such as audit trails, ethical compliance checks, and conti

term robustness and regulatory alignment. These features are essential for sustaining trust in 

AI systems operating in dynamic and sensitive environments. Overall, this study demonstrates that explainability and 

s are not constraints but enablers of responsible generative AI. Future work will focus on large

world deployments, adaptive learning strategies, and deeper integration of domain-specific ethical frameworks to 

 

REFERENCES 

Velez, F., & Kim, B. (2017). Towards a rigorous science of interpretable machine learning. arXiv 

Ribeiro, M. T., Singh, S., &Guestrin, C. (2016). “Why should I trust you?” Explaining the predictions of any 

classifier. Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and 

  

  

Technology 

Multidisciplinary Online Journal 

 13 

Impact Factor: 7.67 

 

 

This work presented a comprehensive framework for Explainable and Trustworthy Generative Artificial Intelligence 

stakes decision systems. Addressing the critical limitations of black-box large language 

pproach integrates explainability, reliability, fairness, and ethical governance as core design 

hoc explanation techniques with 

ces transparency while maintaining strong predictive and generative 

Experimental evaluation demonstrated that the proposed system consistently outperforms baseline models 

orthiness, bias reduction, and user satisfaction. 

The results confirm that interpretable generative AI models can achieve high performance without compromising 

d legal decision-making. 

loop validation further strengthens decision reliability and supports real-world adoption. 

Moreover, the incorporation of governance mechanisms such as audit trails, ethical compliance checks, and continuous 

term robustness and regulatory alignment. These features are essential for sustaining trust in 

AI systems operating in dynamic and sensitive environments. Overall, this study demonstrates that explainability and 

s are not constraints but enablers of responsible generative AI. Future work will focus on large-scale real-

specific ethical frameworks to 

Velez, F., & Kim, B. (2017). Towards a rigorous science of interpretable machine learning. arXiv 

Ribeiro, M. T., Singh, S., &Guestrin, C. (2016). “Why should I trust you?” Explaining the predictions of any 

classifier. Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and 



I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                          International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 6, Issue 1, February 2026 

 Copyright to IJARSCT DOI: 10.48175/IJARSCT-31102   14 

   www.ijarsct.co.in  

 
 

ISSN: 2581-9429 Impact Factor: 7.67 

 
[3]. Dev, D. R., Biradar, V. S., Chandrasekhar, V., Sahni, V., & Negi, P. (2024). Uncertainty determination and 

reduction through novel approach for industrial IoT. Measurement: Sensors, 31, 100995. 

https://doi.org/10.1016/j.measen.2023.100995   

[4]. Sachin, A., Penukonda, A., Naveen, M., Chitrapur, P. G., Kulkarni, P., & BM, C. (2025, June). NAVISIGHT: 

A Deep Learning and Voice-Assisted System for Intelligent Indoor Navigation of the Visually Impaired. In 

2025 3rd International Conference on Inventive Computing and Informatics (ICICI) (pp. 848-854). IEEE., 

doi: 10.1109/ICICI65870.2025.11069837. 

[5]. Lundberg, S. M., & Lee, S. I. (2017). A unified approach to interpreting model predictions. Advances in 

Neural Information Processing Systems (NeurIPS), 4765–4774. 

[6]. Vaswani, A., et al. (2017). Attention is all you need. Advances in Neural Information Processing Systems 

(NeurIPS), 5998–6008. 

[7]. K. R. Chaganti, P. V. Krishnamurty, A. H. Kumar, G. S. Gowd, C. Balakrishna and P. Naresh, "AI-Driven 

Forecasting Mechanism for Cardiovascular Diseases: A Hybrid Approach using MLP and K-NN Models," 

2024 2nd International Conference on Self Sustainable Artificial Intelligence Systems (ICSSAS), Erode, 

India, 2024, pp. 65-69, doi: 10.1109/ICSSAS64001.2024.10760656.  

[8]. Bommasani, R., et al. (2021). On the opportunities and risks of foundation models. Stanford Center for 

Research on Foundation Models. 

[9]. Bender, E. M., et al. (2021). On the dangers of stochastic parrots: Can language models be too big? 

Proceedings of the 2021 ACM Conference on Fairness, Accountability, and Transparency (FAccT), 610–623. 

[10]. Gunning, D., & Aha, D. (2019). DARPA’s explainable artificial intelligence (XAI) program. AI Magazine, 

40(2), 44–58. 

[11]. Mitchell, M., et al. (2019). Model cards for model reporting. Proceedings of the Conference on Fairness, 

Accountability, and Transparency, 220–229. 

[12]. P. Naresh, B. Akshay, B. Rajasree, G. Ramesh and K. Y. Kumar, "High Dimensional Text Classification 

using Unsupervised Machine Learning Algorithm," 2024 3rd International Conference on Applied Artificial 

Intelligence and Computing (ICAAIC), Salem, India, 2024, pp. 368-372, doi: 

10.1109/ICAAIC60222.2024.10575444.  

[13]. Amershi, S., et al. (2019). Guidelines for human–AI interaction. Proceedings of the 2019 CHI Conference on 

Human Factors in Computing Systems, 1–13. 

[14]. Naresh, P., & Suguna, R. (2021). IPOC: An efficient approach for dynamic association rule generation using 

incremental data with updating supports. Indonesian Journal of Electrical Engineering and Computer Science, 

24(2), 1084. https://doi.org/10.11591/ijeecs.v24.i2.pp1084-1090. 

[15]. Rajkomar, A., Hardt, M., Howell, M. D., Corrado, G., & Chin, M. H. (2018). Ensuring fairness in machine 

learning to advance health equity. Annals of Internal Medicine, 169(12), 866–872. 

[16]. European Commission. (2021). Ethics guidelines for trustworthy AI. High-Level Expert Group on Artificial 

Intelligence. 

[17]. N. Tripura, P. Divya, K. R. Chaganti, K. V. Rao, P. Rajyalakshmi and P. Naresh, "Self-Optimizing 

Distributed Cloud Computing with Dynamic Neural Resource Allocation and Fault-Tolerant Multi-Agent 

Systems," 2024 4th International Conference on Ubiquitous Computing and Intelligent Information Systems 

(ICUIS), Gobichettipalayam, India, 2024, pp. 1304-1310, doi: 10.1109/ICUIS64676.2024.10866891.  

[18]. Shickel, B., et al. (2018). Deep EHR: A survey of recent advances in deep learning techniques for electronic 

health record analysis. IEEE Journal of Biomedical and Health Informatics, 22(5), 1589–1604. 

[19]. Swasthika Jain, T. J., Sardar, T. H., Sammeda Jain, T. J., Guru Prasad, M. S., & Naresh, P. (2025). Facial 

Expression Analysis for Efficient Disease Classification in Sheep Using a 3NM-CTA and LIFA-Based 

Framework. IETE Journal of Research, 1–15. https://doi.org/10.1080/03772063.2025.2498610. 

 


