
Automating Interpretation and
explainability of Machine

learning Models  

INTRODUCTION
Machine learning is widely used but often functions as a "black
box," raising concerns about trust and ethics.
Explainability is crucial for regulatory compliance, bias
detection, and informed decision-making.
Current methods require manual effort and computational
resources, limiting adoption.
This research explores AI-driven automation to make
explainability scalable, efficient, and user-friendly.

LITERARTURE REVIEW
Need for Explainability: Transparency in AI improves trust,
fairness, and regulatory compliance.
Existing Methods: SHAP, LIME, and counterfactual explanations
provide insights but have limitations.
Challenges: High computational costs, lack of standardization,
and difficulty in interpretation.
Automation in Explainability: Recent studies explore AI-driven
solutions but lack practical implementation.
Research Gap: The need for a scalable, automated explainability
framework with minimal computational overhead

RESEARCH METHODOLOGY
Model Selection: Train a specific ML model (e.g., decision trees,
random forests, deep learning).
Framework Development: Automate explainability using SHAP,
LIME, and AI-based summarization.
Optimization: Reduce computational load through parallel
processing and model simplification.
Evaluation Metrics: Measure interpretability, efficiency, and
usability through case studies.
Tools: Python, TensorFlow, PyTorch, Alibi, Captum, and
visualization tools like Streamlit

PRELIMINARY CONSIDERATIONS
Existing Challenges: High manual effort, computational
inefficiency, and difficulty in integration.
Stakeholder Needs: Different users require varying levels of
explanation complexity.
Ethical Considerations: Ensuring fairness, reducing bias, and
aligning with regulations.
Scalability: Making explainability solutions cost-effective and
enterprise-ready.
Usability: Creating intuitive interfaces for both technical and
non-technical users.

CONCLUSIONS
This thesis aims to bridge the gap between automated ML
explainability and human-centered AI. By automating interpretation
techniques while prioritizing usability, the research contributes to
more transparent, trustworthy AI systems. Future work includes
expanding the framework to support multiple ML models and
integrating it into MLOps pipelines for real-world deployment. This
work ultimately promotes responsible AI adoption by ensuring
explanations are both technically accurate and comprehensible to
diverse stakeholders.

ABSTRACT
Machine learning models often lack transparency, making it
difficult to understand their decisions.
Existing explainability tools like SHAP and LIME require high
computational power and manual effort.
This research proposes an AI-driven automation framework to
enhance interpretability.
The approach integrates feature attribution, counterfactual
explanations, and rule-based approximations.

 Aim :  To develop an AI-driven automation framework for interpreting and explaining machine learning models.
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