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Abstract:  Background: India's judicial system manages over 50 million pending cases with average 

disposition times exceeding 15 years, creating severe delays in justice delivery. Artificial Intelligence 

and Machine Learning offer potential solutions through automated legal document analysis and case 

outcome prediction. 

Objectives: This research investigates Retrieval-Augmented Generation (RAG) combined with Large 

Language Models (LLMs) for supporting legal document analysis, case outcome prediction, and 

explainable reasoning in the Indian judicial context. Six research questions guide the investigation: 

(RQ1) effectiveness of document retrieval methods, (RQ2) answer accuracy and factual grounding, 

(RQ3) pipeline synergy, (RQ4) user trust and explainability impact, (RQ5) multimodal interface 

accessibility, and (RQ6) responsible deployment safeguards. 

Methodology: A three-tier evaluation framework was employed: (i) retrieval tier evaluating hybrid 

(semantic + keyword) retrieval on 600 Indian court judgment documents, (ii) generation tier assessing 

LLM output quality on 30 test questions with 5 expert evaluators, and (iii) user-centered tier with 15 

legal professionals (lawyers, judges, legal researchers) using System Usability Scale and user trust 

questionnaires. 

Results: The RAG system achieved 83.3% exact match accuracy (vs. 71% for LLM-only baseline), with 

hallucination rate of 5.1% (vs. 14.2% baseline, 64% reduction). Citation accuracy reached 94.7%, 

indicating strong source grounding. User trust improved by 41% (2.9 → 4.1 on 5-point scale) with source 

transparency. Retrieval precision was 0.72 (Precision@5) and 0.84 (Recall@10). System Usability 

Score: 76.3 (Good category). Speech-to-text achieved 88.3% overall accuracy but showed accent bias 

(83.5% Indian English vs. 97% standard English). Performance varied by case type (Criminal: 85.2%, 

Appeals: 80.3%). 

Deployment Readiness: Core functionality is production-ready. Critical challenges include hallucination 

mitigation (target: <2%), Indian English ASR fine-tuning (target: 92%+), bias detection system 

development (current: 62.5%, target: 85%+), and regulatory framework establishment. 

Conclusions: RAG systems achieve superior accuracy and factual grounding compared to LLM-only 

approaches. Source transparency dramatically increases user trust, validating explainability-by-design 

approaches. Legal AI deployment requires domain-specific methods, careful bias auditing, clear 
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regulatory frameworks, and stakeholder collaboration. The research provides evidence-based guidance 

for AI-assisted legal research systems and contributes to responsible AI deployment frameworks for 

high-stakes domains. 
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I. INTRODUCTION 

 

1.1 Problem Statement and Context 

     The Indian judicial system faces a critical crisis of case backlogs and delayed justice delivery. As of 

2024, the system manages over 50 million pending cases across district courts, high courts, and the 

Supreme Court. Average case disposition times exceed 15 years, with some complex litigation extending 

beyond 20 years. This systemic delay creates multiple societal harms: denied justice for litigants, reduced 

legal deterrence effects, increased costs for involved parties, and inequitable access based on economic 

resources—those who can afford extended litigation periods benefit, while economically disadvantaged 

parties suffer disproportionately. 

The primary bottleneck in case resolution is not judicial capacity alone but also the efficiency of legal 

research, document analysis, and preparation work that lawyers must conduct before cases reach judges. 

Legal research currently consumes 15-20% of lawyer time, involving document review, precedent search, 

statutory interpretation, and case law analysis. For India's 1.6 million registered lawyers serving 1.4 

billion people, improving this efficiency through technological assistance could have substantial system-

wide impacts. 

 

1.2 The Promise and Challenges of AI in Legal Domains 

        Artificial Intelligence and Machine Learning have demonstrated remarkable capabilities in complex 

reasoning tasks. Recent advances in Large Language Models (LLMs)—particularly transformer-based 

architectures like GPT-4, Claude, and domain-specific models—have shown ability to perform 

sophisticated legal reasoning including case outcome prediction, statutory interpretation, and legal 

document summarization. However, deploying these systems in law requires addressing critical 

challenges: 

Hallucination and Factual Accuracy: LLMs are known to generate plausible-sounding but factually 

incorrect information. In legal contexts where accuracy is paramount, a 10-15% hallucination rate (typical 

for ungrounded LLMs) is unacceptable. 

Explainability and Transparency: Legal decisions must be explainable and transparent. Courts and legal 

professionals need to understand not just "what" an AI system concludes, but "why," with citations to 

specific documents and legal principles. Post-hoc explanation methods (LIME, SHAP) that attempt to 

explain already-trained black-box models are prone to generating misleading rationales. 

Domain-Specificity: Legal texts possess unique characteristics—precise statutory language, formal 

citations, jurisdiction-specific precedent hierarchies, complex argumentative structures—that distinguish 

them from general text. Generic NLP approaches often underperform without domain adaptation. 

Bias and Fairness: AI systems trained on historical legal data may perpetuate historical biases in case 

outcomes, sentencing, bail decisions, and other judicial determinations. Bias auditing and mitigation are 

essential before deployment. 

 

1.3 Retrieval-Augmented Generation as a Solution 

Retrieval-Augmented Generation (RAG) represents a promising approach to these challenges. RAG 

systems augment LLM capabilities by first retrieving relevant documents from a knowledge base, then 

generating responses grounded in those retrieved documents. This approach offers several advantages: 

Factual Grounding: Generated responses are constrained by retrieved source material, reducing 

hallucination,  

Explainability-by-Design: Retrieved documents serve as explicit justifications, providing transparency 

without requiring post-hoc explanation methods  
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Domain Adaptation: Domain-specific retrieval systems can be developed independently of the LLM, 

allowing specialization to legal documents  

Auditability: System decisions can be traced to specific source documents, enabling human oversight and 

regulatory compliance  

While RAG has been explored in medical, financial, and general knowledge domains, its application to 

legal document analysis—particularly in the Indian context with unique jurisdictional structures and 

linguistic patterns—remains underexplored. 

 

1.4 Research Gaps and Motivation 

Three key research gaps motivate this investigation: 

Gap 1: Domain-Specific Evaluation. Most RAG research evaluates on generic question-answering 

datasets. Legal documents present distinctive retrieval challenges (complex sentence structures, 

precedent dependencies, jurisdictional hierarchies) requiring specialized evaluation in legal contexts. 

Gap 2: User-Centered Explainability. While explainability is theoretically important, empirical evidence 

quantifying its real-world impact on user trust and adoption is limited. How much does source 

transparency actually improve user confidence in legal AI systems? 

Gap 3: Indian Judicial Context. Research on legal AI for Indian courts is sparse despite India's acute 

justice delivery crisis. This investigation is the first comprehensive study of RAG systems for Indian legal 

documents, considering linguistic, jurisdictional, and institutional specificities. 

 

1.5 Research Objectives and Contributions 

This research investigates Retrieval-Augmented Generation systems applied to Indian legal document 

analysis. Primary contributions include: 

Empirical Validation: Demonstration that hybrid retrieval (semantic + keyword-based) outperforms 

single-method retrieval for legal documents, with quantified performance metrics (0.72 precision, 0.84 

recall) 

Quantified Explainability Impact: Empirical evidence that source transparency increases user trust by 

41% (2.9 → 4.1 on 5-point scale) and improves usability scores (62.4 → 76.3), validating explainability-

by-design approaches 

Hallucination Mitigation: Demonstration that RAG achieves 83.3% accuracy with 5.1% hallucination 

rate, compared to 71% accuracy and 14.2% hallucination for LLM-only baselines 

Comprehensive Evaluation Framework: A three-tier framework (retrieval → generation → user-

centered) applicable to evaluating future legal AI systems 

Responsible Deployment Roadmap: Identification of critical safeguards and deployment strategy for 

responsible legal AI, including bias auditing, regulatory frameworks, and stakeholder engagement 

 

1.6 Paper Organization 

The paper is organized as follows: Section 2 reviews related work across Retrieval-Augmented 

Generation, Explainable AI, legal AI, and Natural Language Processing for legal domains. Section 3 

presents six research questions guiding the investigation. Section 4 describes the methodology including 

system architecture, evaluation framework, and user study protocol. Section 5 presents comprehensive 

results addressing each research question. Section 6 discusses implications, limitations, and comparison 

with related work. Section 7 concludes with synthesis of findings, contributions, limitations, and future 

research directions spanning technical, deployment, and governance dimensions. 

 

II. LITERATURE REVIEW 

2.1 Retrieval-Augmented Generation: Concepts and Applications 

Retrieval-Augmented Generation represents a hybrid approach combining information retrieval with 

generative language models. The basic pipeline involves three stages: 

Stage 1 (Retrieval): Given a query, relevant documents are retrieved from a knowledge base using dense 

retrieval methods (semantic embeddings) or sparse retrieval methods (keyword matching) . 

Stage 2 (Ranking): Retrieved documents are ranked by relevance, typically using neural re-rankers or 

hybrid scoring methods. 

Stage 3 (Generation): The top-ranked documents are provided as context to an LLM, which generates an 

answer grounded in the retrieved context. 
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RAG has demonstrated effectiveness across domains: medical Question and answer, financial document 

analysis, and general knowledge retrieval. A key advantage is that retrieval can be updated without 

retraining the language model, enabling system adaptation without expensive LLM fine-tuning. 

Recent advances include multi-hop RAG (retrieving across multiple documents for complex reasoning), 

iterative RAG that refines queries based on initial results, and adaptive RAG that balances diversity and 

relevance. However, evaluation frameworks for RAG remain inconsistent, with limited standardization 

across studies.  

 

2.2 Explainable AI and Interpretability in High-Stakes Domains 

Explainable AI (XAI) research emphasizes that AI systems in high-stakes domains (medicine, law, 

criminal justice) must provide transparent, interpretable explanations for their decisions , . Two primary 

approaches exist: 

Post-hoc Explanation Methods: Systems like LIME and SHAP explain already-trained black-box models 

by identifying important features contributing to specific predictions. These methods are model-agnostic 

but face criticism: generated explanations may be plausible but incorrect, and explanations may not align 

with actual model reasoning. 

Intrinsic Interpretability: Rather than explaining black-box models, this approach prioritizes inherently 

interpretable designs (decision trees, linear models, prototype-based systems). While more transparent, 

these models often sacrifice predictive accuracy. 

Explainability-by-Design: A hybrid approach integrates explainability into system architecture rather 

than adding it post-hoc. RAG exemplifies this: retrieved documents serve as explicit justifications without 

requiring separate explanation generation. 

Research quantifying explainability's real-world impact is limited. Most studies measure explanation 

quality through metrics like faithfulness (whether explanations accurately reflect model behavior), but 

fewer measure actual impact on user trust, comprehension, and decision-making. This research addresses 

that gap through empirical user studies. 

  

2.3 Legal AI and Case Outcome Prediction 

Legal AI research spans multiple tasks including case outcome prediction, legal document 

summarization, precedent retrieval, and legal argumentation mining. Case outcome prediction—

predicting whether a defendant will be acquitted or convicted—has received substantial attention. 

Key Studies: 

Neural methods for case outcome prediction using defendants' case facts  

Graph-based methods representing legal precedent networks  

Ensemble methods combining multiple signals (facts, legal principles, judge profiles) 

However, these studies typically focus on outcome prediction itself, not on providing human-

interpretable reasoning. Legal professionals want not just predictions but explanations: which precedents 

apply? Which facts are decisive? Our research emphasizes explanatory output over prediction accuracy. 

Domain-Specific Challenges: 

Jurisdictional Hierarchies: In India, Supreme Court judgments bind lower courts; lower court judgments 

serve only as persuasive precedent. Retrieval systems must respect these hierarchies. 

Legislation Versioning: Statutes change over time. A precedent applying old law may be inapplicable to 

current cases. 

Linguistic Complexity: Legal documents use specialized terminology, Latin phrases, and formal 

structures unfamiliar to general-purpose models. 

 

2.4 Natural Language Processing for Legal Documents 

NLP research in legal domains has focused on several tasks: 

Document Classification: Categorizing legal documents by type (contracts, judgments, briefs), legal area 

(criminal, civil, family law), or outcome prediction. 

Named Entity Recognition: Identifying parties, judges, statutes, and precedents in legal texts. Legal NER 

is challenging due to long entity spans (party names may be 5+ words) and domain-specific entities 

(statutory citations). 

Legal Text Summarization: Abstractive or extractive summarization of lengthy judgments. Legal 

documents often exceed 10,000 words; extractive summarization identifying key holdings and reasoning 

is valuable. 
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Relation Extraction: Identifying relationships between entities (precedent citation networks, party 

relationships). 

Question Answering: Answering lawyers' queries about applicable law, similar precedents, or statutory 

interpretation. 

Pre-trained language models like BERT have been adapted for legal domains through specialized pre-

training on legal corpora (Legal-BERT, Case HOLD). These models achieve superior performance on 

legal tasks compared to general BERT. 

 

2.5 Multimodal Interfaces and Accessibility in AI Systems 

Accessibility in AI systems encompasses technical accessibility (system availability for diverse users) 

and interface accessibility (usable for users with varying technical skills, languages, and abilities). 

Speech Recognition for Non-English Varieties: Standard ASR systems achieve high accuracy on English 

(97%+) but lower accuracy on English varieties spoken by non-native speakers (83-90%). Fine-tuning 

on accent-specific data improves performance substantially. 

Text-to-Speech for Technical Content: Generating natural-sounding speech from written text is 

challenging, particularly for technical terminology (legal concepts, Latin phrases, statutory citations). 

Multimodal Systems: Combined text and voice interfaces provide flexibility—users can choose preferred 

modality depending on context (voice input while commuting, text during office hours). 

For India's diverse linguistic landscape (22 official languages, hundreds of local languages), multimodal 

interfaces supporting voice are valuable for reaching non-English speakers and lower-literacy 

populations. 

 

2.6 Responsible AI and Governance in Legal Contexts 

Responsible AI deployment, particularly in regulated domains, requires: (1) transparency in model 

behavior and limitations, (2) fairness/bias auditing and mitigation, (3) accountability and liability 

frameworks, and (4) stakeholder engagement. 

Bias in Legal AI: Historical data may encode discriminatory patterns. Bail and sentencing ML systems 

have been criticized for racial bias. Bias can manifest through: (a) training data bias (overrepresentation 

of certain defendant types), (b) label bias (judges' decisions reflect historical discrimination), or (c) 

representation bias (certain case types underrepresented). 

Regulatory Frameworks: Few jurisdictions have clear regulations for AI-assisted legal practice. 

Uncertainty about professional liability (if a lawyer uses AI and errs, who is responsible?) limits adoption. 

Some jurisdictions are developing guidelines; India's regulatory framework for legal AI remains nascent. 

Stakeholder Engagement: Effective governance requires collaboration among technologists, legal 

professionals, judges, policymakers, and civil society. AI systems designed without legal profession input 

risk creating systems that don't address actual practitioner needs or create unintended harms. 

 

III.   RESEARCH OBJECTIVES AND RESEARCH QUESTIONS 

This research is guided by six research questions spanning technical performance, user experience, and 

responsible deployment: 

RQ1 (Document Retrieval): What retrieval methods (keyword-based, semantic, hybrid) achieve highest 

precision and recall for Indian legal documents, and how does performance vary by document type? 

RQ2 (Answer Accuracy): How do RAG systems compare to LLM-only baselines in accuracy, 

hallucination rate, and factual grounding when analyzing legal documents? 

RQ3 (Pipeline Synergy): How do retrieval quality, ranking quality, and generation quality interact? Does 

a good retrieval system guarantee good generation quality? 

RQ4 (User Trust & Explainability): How much does source transparency (showing retrieved documents) 

improve user trust and system usability compared to systems without explicit sources? 

RQ5 (Multimodal Accessibility): How effectively do speech-to-text and text-to-speech components work 

for legal document analysis, particularly for Indian English speakers? 

RQ6 (Responsible Deployment): What safeguards, regulatory frameworks, and stakeholder engagement 

strategies are necessary for responsible deployment in legal practice? 
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IV. METHODOLOGY 

   4.1 System Architecture 

The RAG system comprises five modules: 

Module 1 (Document Processing): Indian court judgments (600 documents from Supreme Court, High 

Courts, and District Courts spanning 2015-2024) are processed through: 

Text extraction from PDF documents using PyPDF2 

Sentence tokenization and chunking (1024-token chunks with 128-token overlap) 

Document metadata extraction (court, judges, case date, citation) 

Module 2 (Embedding and Indexing): Document chunks are embedded using Hugging Face sentence 

transformers (all-MiniLM-L6-v2, 384 dimensions). Embeddings are indexed using FAISS for efficient 

similarity search. Parallel keyword indexing using BM25 enables sparse retrieval. 

Module 3 (Hybrid Retrieval): Given a query: 

Semantic retrieval: Find top-k documents by embedding similarity 

Keyword retrieval: Find top-k documents by BM25 score 

Hybrid: Combine both rankings using reciprocal rank fusion (RRF) 

Final: Return top-5 documents ranked by hybrid score 

Module 4 (Reranking): Retrieved documents are reranked using cross-encoder model (ms-marco-

MiniLM-L-12-v2) that scores relevance between query and document. 

Module 5 (Generation): Top-3 reranked documents are provided as context to Groq LLM (Mixtral-

8x7B, accessed via API), which generates response grounded in retrieved context. Prompt engineering 

includes instruction to cite sources and acknowledge uncertainty. 

Multimodal Components: 

Speech Input: OpenAI Whisper API for speech-to-text (supports multiple language/accent variants) 

Text-to-Speech Output: gTTS (Google Text-to-Speech) with custom pronunciation dictionaries for legal 

terminology 

User Interface: Streamlit web application with text input/output, voice input/output, and source 

document display 

 

4.2 Evaluation Framework: Three-Tier Approach 

Tier 1 (Retrieval Evaluation): 

Test Set: 50 queries covering 5 categories (statutory interpretation, precedent retrieval, case law analysis, 

legal advice, jurisdiction-specific queries) 

Evaluation Metrics: Precision@5, Recall@10, Mean Reciprocal Rank (MRR), Normalized Discounted 

Cumulative Gain (NDCG@10) 

Baseline Comparisons: Keyword-only, semantic-only, hybrid retrieval 

Inter-rater Agreement: Two legal experts independently rated top-5 retrieval results for relevance (κ = 

0.82, substantial agreement) 

Tier 2 (Generation Evaluation): 

Test Set: 30 queries with gold standard answers created by 3 legal experts (with consensus) 

Expert Evaluation: 5 legal professionals rated generated responses on: (a) Exact Match (0-1), (b) Partial 

Match (0-1), (c) Semantic Similarity to gold standard (0-1), (d) Citation Accuracy—whether cited 

documents actually support claim (0-1), (e) Harmful Content Filter—whether response contains 

problematic legal advice 

Automatic Metrics: Semantic similarity using sentence embeddings (cosine similarity), citation 

accuracy from human review 

Baselines: LLM-only (no retrieval), keyword retrieval baseline, semantic retrieval baseline 

Tier 3 (User-Centered Evaluation): 

Participants: 15 legal professionals (6 lawyers, 4 judges, 3 legal researchers, 2 legal educators) recruited 

from Delhi metro area 

Tasks: Participants used both RAG system and LLM-only baseline on 5 legal research tasks, rated 

clarity/confidence/usefulness 

Metrics: System Usability Scale (SUS, 10-item questionnaire, range 0-100), User Trust Scale (adapted 

from prior work, 5-point Likert, items on confidence/accuracy/transparency), Task completion time, 

user satisfaction 

Protocol: Within-subjects design with counterbalanced ordering (half used RAG first, half LLM-only 

first) to avoid order effects 
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4.3 Test Sets and Datasets 

Document Corpus: 600 Indian court judgments spanning Supreme Court (200 judgments), High Courts 

(250 judgments), District Courts (150 judgments), years 2015-2024, covering criminal law, civil law, 

and constitutional law. Documents range from 2,000-15,000 words. 

Retrieval Test Set: 50 queries spanning: 

Statutory interpretation (10 queries): "How do Indian courts interpret the right to privacy under Article 

21?" 

Precedent retrieval (10 queries): "What precedents apply to corporate whistleblower protection?" 

Case law analysis (10 queries): "How has case law on spousal cruelty evolved?" 

Legal advice (10 queries): "What are grounds for challenging a will in Indian law?" 

Jurisdiction-specific (10 queries): "How do Bombay High Court and Delhi High Court differ on bail 

decisions?" 

Generation Test Set: 30 questions with gold standard answers established through expert consensus. 

Examples: 

"What is the constitutional status of privacy in India?" 

"Explain the principle of 'stare decisis' in Indian jurisprudence" 

"What are the conditions for granting anticipatory bail?" 

 

4.4 Participant Recruitment and Consent 

User study participants were recruited through professional networks (Bar Councils, law firm 

partnerships). Inclusion criteria: minimum 3 years legal experience, current active legal practice or 

judicial work, fluency in English. Participants signed informed consent forms and were compensated 

₹500 ($6 USD) for ~45 minutes participation. 

Ethical approval was obtained from [Institutional Review Board]. Study protocol approved [approval 

code/date]. All data was anonymized and securely stored. 

 

V.  RESULTS AND EVALUATION 

5.1 RQ1: Document Retrieval Effectiveness 

Retrieval Performance by Method: 

Three retrieval approaches were compared on the 50-query test set: 

Metric 

 

Keyword-

only 

Semantic-

only 

Hybrid(Final) Improvement 

Precision@5 0.62 0.68 0.72 +6.8% vs 

semantic  

Recall@10 0.75 0.80 0.84 +5.0% vs 

semantic 

MRR 0.68 0.75 0.80 +6.7% vs 

semantic 

NDCG 0.72 0.78 0.83 +6.4% vs 

semantic 

 

Key Finding: Hybrid retrieval combining semantic and keyword methods outperforms both single-

method approaches. Semantic-only retrieval achieves 0.68 precision but misses relevant documents 

using precise legal terminology. Keyword-only retrieval (0.62 precision) retrieves document sets too 

large; many results have low semantic relevance.  

Hybrid approach balances both strengths. 

 

Performance by Document Type: 

Document 

type  

Precision@5 Recall@10 Sample Size 

Supreme 

court 

judgments 

 

0.75 0.86  12 queries 

High Court 

judgment 

 

0.70 0.83 18 queries 
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Legal Briefs/ 

Arguments 

 

0.68 0.80 10 queries 

Statutory 

Extracts 

 

0.72 0.84 10 queries 

 

Performance is highest on formal Supreme Court documents (more standardized format) and lowest on 

legal briefs (more varied structure, informal language). 

 

5.2 RQ2: Answer Accuracy and Factual Grounding 

Accuracy Comparison: RAG vs Baselines 

Five expert evaluators rated 30 generated responses on multiple dimensions: 

Evaluation 

Dimension 

 

RAG 

System 

LLM-Only Difference 

Exact 

Match 

Accuracy 

83.3% 71.0% +12.3 pts 

Partial 

Match 

Accuracy 

92.5% 81.3% +11.2 pts 

Semantic 

Similarity 

0.887% 0.76% +0.125 pts 

Citation 

Accuracy 

94.7% 65.4% +29.3 pts 

Harmful 

Content 

Rate 

2.1% 8.7% -6.6 pts 

Inter-rater Agreement: Evaluators showed strong agreement on exact match (κ = 0.81) and citation 

accuracy (κ = 0.79). 

 

 

Hallucination Analysis: 

Hallucinations (factually incorrect statements) were categorized: 

Hall cation type RAG LLM-

Only      

Reduction 

Factual Errors 

(claim 

unsupported by 

retrieved docs) 

3.2% 11.0% 71% 

Citation Errors 

(cite non-extent 

precedent) 

1.9% 3.2% 41% 

Total 

Hallucination 

Rate  

5.1% 14.2% 64% 

 

Even with RAG grounding, 5.1% hallucination persists—primarily through errors in applying legal 

principles (e.g., correctly citing a precedent but misinterpreting its applicability). 

 

Citation Accuracy Deep Dive: 

94.7% of RAG-generated citations were verified as accurate by domain experts (citing documents 

actually retrieved and supporting the claim). LLM-only baseline achieved only 65.4%, frequently 

citing non-existent or irrelevant precedents. 
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5.3 RQ3: Pipeline Synergy and Component Interaction 

Synergy was measured as: (Hybrid System Accuracy) vs. (Accuracy Prediction if components were 

independent). 

 

 Retrieval Quality (Precision): 0.72 

 Generation Quality (given perfect retrieval): 0.89 (measured with oracle documents) 

 Independent Prediction: 0.72 × 0.89 = 0.64 

 Actual RAG System Accuracy: 0.833 

 Synergy Score: 0.833 / 0.64 = 1.30 (30% synergy benefit) 

 

This indicates that good retrieval doesn't guarantee good generation (retrieval quality alone predicts 

64% accuracy), but good retrieval substantially enables good generation (actual is 83.3%). Synergy 

score of 1.30 is strong, indicating pipeline components work well together. 

 

5.4 RQ4: User Trust and Explainability Impact 

 

User Trust Measurement: 

Participants rated trust using 5-point Likert scale items: 

 "I trust the system's analysis" 

 "The system's reasoning is transparent" 

 "I would rely on this system for case preparation" 

 

System 

Type  

 

Mean 

Trust 

Rating  

S.D. 

Improvement  

LLM-Only 

(no 

Sources) 

2.9 0.8 

RAG (With 

visible 

sources) 

4.1 0.6 

 

Trust improvement of 41% (from 2.9 to 4.1 on 5-point scale) is substantial and statistically significant 

(paired t-test, t (14) =5.23, p<0.001). 

System Usability Scale (SUS) Scores: 

System 

Type  

 

SUS Score  Interpretation 

LLM-Only  62.4 Acceptable 

RAG 76.3 Good 

 

SUS score improved from "Acceptable" (≥50 but <70) to "Good" (70-80) category, indicating 

meaningful usability improvement. 

Qualitative Feedback: 

When asked what increased their trust in RAG system, participants emphasized: 

 "Seeing the actual judgment excerpts makes me feel confident the answer is based on real case 

law" (Lawyer 1) 

 "I can verify if the cited precedent actually applies to my client's situation" (Judge 2) 

 "The transparency helps me understand not just the answer but the reasoning" (Researcher 1) 
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5.5 RQ5: Multimodal Interface and Accessibility 

Speech-to-Text (ASR) Performance: 

ASR accuracy was measured on a test set of 200 spoken legal queries from 15 speakers with varied 

accents: 

English Variety 

 
Accuracy Sample 

Size 

WER 

(Word 

Error 

Rate) 

Standard English 

(British/American) 

 

97.0% 60 

utterances 

3.2% 

Indian English 

  

83.5% 80 

utterances 

16.8% 

South Asian 

English  

 

88.2% 60 

utterances 

11.9% 

Overall Average  

 

88.3% 200 

utterances 

11.1% 

Key Finding: Substantial accent bias (13.5 percentage point gap between standard and Indian English). 

This reflects limited Indian English training data in Whisper model. Fine-tuning on Indian English 

accents improved accuracy to 91.2% on test set. 

 

Text-to-Speech (TTS) Quality: 

Text-to-speech output was rated on 5-point scale by 5 evaluators across dimensions: 

 Intelligibility: 4.2/5 (generally understandable) 

 Naturalness: 3.8/5 (somewhat artificial sounding) 

 Legal Terminology Handling: 2.9/5 (struggles with Latin phrases, complex terms) 

Common TTS errors: Mispronunciation of "lien" (pronounced "line" rather than "lean"), "subpoena" 

(pronounced phonetically rather than "sue-PEE-nuh"). 

 

User Preference: 

When offered both text and voice modalities: 

 Preference for Text: 33% of users 

 Preference for Voice: 27% of users 

 No Preference/Context-Dependent: 40% of users 

Voice interface is valued for accessibility but doesn't universally dominate text preference, suggesting 

multimodal flexibility is valuable. 

 

Latency Analysis: 

End-to-end latency (query input to complete response output): 

 Query Processing: 150 MS 

 Retrieval: 1,200 MS (16% of total) 

 Ranking: 300 MS 

 Generation: 4,800 MS (62% of total) ← Bottleneck 

 Formatting/Output: 220 MS 

 Total: 7,650 MS (7.65 seconds) 

For research support, 7.65-second latency is acceptable. For real-time conversation, target is <5 

seconds; generation latency optimization is needed. 
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5.6 RQ6: Responsible Deployment Safeguards 

Identified Safeguards: 

 

1. Accuracy Auditing: Continuous monitoring of system accuracy on held-out test sets; flagging 

when accuracy drops below 80% threshold 

 Current Implementation: ✓ Quarterly audits 

 Readiness: 85% (mature) 

 

2. Bias Detection and Monitoring: System performance audited across document types, case 

outcomes, parties, and regions 

 Bias identified: 23% performance gap between criminal cases (85.2%) and appeals (80.3%) 

 Readiness: 65% (in progress) 

 

3. Confidence Scoring: System generates confidence scores reflecting retrieval quality and 

answer consistency 

 Current Implementation: ✓ Rule-based confidence (0-1 scale based on retrieval MRR and 

semantic coherence) 

 Readiness: 80% 

 

4. Source Verification: Explicit citation of retrieved documents enabling human verification 

 Current Implementation: ✓ All citations include document excerpts 

 Readiness: 95% 

 

5. Audit Trails: Logging all system decisions for regulatory compliance and debugging 

 Current Implementation: ✓ Query logs, retrieval results, generated response, user feedback 

 Readiness: 70% 

 

6. Human Review Mechanism: Process for critical cases requiring human legal review before use 

 Current Implementation: ○ Not yet implemented 

 Readiness: 40% (design phase) 

 

Regulatory Framework Needs: 

Deployment requires regulatory clarity on: 

 

 Professional Liability: If lawyer uses AI and errs, who is liable? (undefined in India) 

 Unlicensed Practice: Does AI providing legal analysis constitute unauthorized practice? 

(unclear) 

 Data Privacy: How should legal documents be handled under privacy regulations? (nascent 

frameworks) 

 Professional Standards: What standards should govern AI-assisted legal research? (not yet 

established) 

 

VI. DISCUSSION 

6.1 Interpretation of Findings 

 

Key Finding 1: Hybrid Retrieval Necessity for Legal Documents 

The finding that hybrid retrieval (0.72 precision) substantially outperforms semantic-only (0.68) or 

keyword-only (0.62) retrieval reflects distinctive properties of legal text. Legal documents use precise 

statutory language and formal citations where keyword matching is essential; simultaneously, complex 

sentence structures and conceptual reasoning benefit from semantic understanding. This finding is 

specific to legal domains; general text QA may show different patterns. The implication is that legal 

AI systems cannot simply apply retrieval methods from general NLP; domain-specific approaches are 

necessary. 
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Key Finding 2: Source Transparency Dramatically Increases Trust 

The 41% user trust improvement through source visibility validates explainability-by-design (RAG 

approach) over post-hoc explanation methods. Importantly, participants explicitly valued seeing the 

actual judgment excerpts, suggesting that implicit source grounding (where sources inform response but 

aren't shown) may not achieve the same trust benefit. This finding has implications for regulation: if 

explainability is valuable for user trust and informed decision-making, systems should be designed to 

make explanations explicit rather than relying on post-hoc methods. 

 

Key Finding 3: Residual Hallucination Remains Problematic 

While RAG reduces hallucination from 14.2% to 5.1%, the residual 5.1% rate is concerning for high-

stakes legal applications. A lawyer using this system has ~1 in 20 chance of receiving a hallucinated 

legal analysis—unacceptable for critical decisions. Further investigation revealed that residual 

hallucinations occur primarily through misapplication of correct legal principles rather than factual 

errors: system correctly cites a precedent but misinterprets its applicability. This suggests that 

improvements require deeper legal reasoning, not just better retrieval. 

 

Key Finding 4: Performance Variation by Case Type 

The finding that accuracy ranges from 85.2% (criminal cases) to 80.3% (appeals) suggests system 

performance is task-dependent. Criminal cases have more standardized fact patterns; appeals require 

evaluating complex legal reasoning about previous decisions. Deployment should account for task-

dependent performance, potentially deploying with human review for low-performing task types (e.g., 

appellate analysis). 

 

Key Finding 5: Accent Bias in Multimodal Interface 

The 13.5-percentage point gap between Indian English (83.5%) and standard English (97%) ASR 

accuracy indicates that voice interface accessibility for Indian users requires intentional design. Off-the-

shelf solutions (Whisper) underperform without accent-specific fine-tuning. For a system aiming to 

democratize legal AI access for India's diverse user base, this finding is critical: voice accessibility 

cannot be assumed; it must be engineered. The 91.2% post-fine-tuning result shows it's achievable but 

requires specialized effort. 

 

6.2 Comparison with Related Work 

Comparison to Prior Legal AI Research: 

This work differs from prior legal AI in several dimensions: 

Comparison to RAG Research in Other Domains: 

 

 

Aspect Prior Work This Research 

 

Focus Case 

outcome 

Prediction  

 

Legal Document 

analysis & 

Explanation  

Domain US/UK law 

Primarily 

 

Indian law 

specifically 

System Type  Black-box 

Prediction 

  

Explainable RAG 

Evaluation  Accuracy 

alone 

 

3-tier framework 

including user study 

Multi-model Text-only 

 

Text + voice (multi 

model) 

Explainability Not 

Addressed 

 

Central; +41% trust 

impact empirically 

demonstrated 
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RAG has been applied in medical QA (achieving ~88% accuracy), financial document analysis (92% 

accuracy), and general knowledge QA (85% accuracy). This research's 83.3% accuracy on legal 

documents is competitive, considering legal documents' complexity and smaller training corpus 

compared to general-domain RAG systems. 

 

Comparison to Explainable AI Literature: 

While XAI research emphasizes importance of explainability in principle, empirical evidence of impact 

is limited. This research provides quantified evidence: +41% trust improvement, +13.9-point SUS score 

improvement, strong user qualitative feedback. This contributes to XAI literature by demonstrating real-

world impact of explainability in a specific domain. 

 

6.3 Theoretical Implications 

Theoretical Contribution 1: Domain-Specificity in AI Systems 

 

The research validates that "one-size-fits-all" AI approaches are insufficient for specialized domains. 

Legal text's precise language, complex citation networks, and high-consequence nature require domain-

specific methods. This has implications for AI deployment generally: effectiveness requires 

understanding domain characteristics, not just applying state-of-the-art techniques from other domains. 

 

Theoretical Contribution 2: Explainability as System Architecture 

Rather than viewing explainability as an add-on feature, this research suggests it should be central to 

system design. RAG achieves explainability by architecture (through explicit retrieval) rather than 

adding explanation modules post-hoc. This is more robust and trustworthy than post-hoc explanations, 

which may generate plausible but incorrect justifications. 

 

Theoretical Contribution 3: User-Centre Evaluation 

The three-tier evaluation framework (retrieval → generation → user-centred) goes beyond typical ML 

evaluation focused on accuracy. It captures that technical accuracy alone is insufficient; user trust, 

comprehension, and willingness to adopt are equally important. This framework is applicable to 

evaluating AI systems in other high-stakes domains. 

 

6.4 Practical Implications for Legal Practice 

Implication 1: Efficiency Gains 

 

If legal research (currently 15-20% of lawyer time) can be accelerated 30-40% through AI assistance, 

this could have meaningful efficiency impacts. For a 50-person law firm, this could translate to ~2-3 

full-time-equivalent capacity freed for strategic work or additional client service. 

 

VII. Future Scope 

 Future improvements may include: 

 Deep learning-based outcome prediction 

 Integration with real-time court databases 

 Multilingual legal support 

 Explainable AI for transparent decisions 

 Cloud deployment for scalability 

 

VIII. Conclusion   

 

RAG systems achieve superior accuracy and factual grounding compared to LLM-only approaches. 

Source transparency dramatically increases user trust, validating explainability-by-design approaches. 

Legal AI deployment requires domain-specific methods, careful bias auditing, clear regulatory 

frameworks, and stakeholder collaboration. The research provides evidence-based guidance for AI-

assisted legal research systems and contributes to responsible AI deployment frameworks for high-

stakes domains. 
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