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Abstract

Government departments in India now publish a great deal of information online: schemes,
eligibility rules, required documents, laws and administrative procedures. Citizens need
answers they can trust and check, and Al tools are increasingly used to provide them. This
study compares three ways of answering such queries: a standard large language model (LLM),
conventional retrieval-augmented generation (RAG), and an evidence-grounded, explainable
Agentic RAG framework. We tested all three on 250 Indian e-governance queries spread over
five areas: government schemes and benefits, citizen services and documentation, laws and
regulations, public welfare and eligibility, and administrative procedures. Answers were scored
on accuracy, relevance of evidence, source attribution, completeness of context, hallucination,
traceability, explanation and overall reliability. The Agentic RAG framework came out ahead
of both alternatives, with 94.6% answer accuracy, 93.8% evidence relevance, 96.2% source
attribution and 94.1% overall reliability. It also scored 93.4% on evidence traceability, 94.3%
on evidence-to-claim consistency, 95.8% on hallucination-free responses and 94.0% on overall
hallucination mitigation. Taken together, the results suggest that retrieving evidence in several
passes, checking it, attributing sources and validating the final answer makes Al-generated
decision support for e-governance more accurate, more transparent and easier to audit.
Keywords: Agentic RAG; E-Governance; Explainable Al; Hallucination Mitigation; Evidence
Grounding; Decision Support

INTRODUCTION

Public administration is moving online, and with it the need for systems that give citizens
correct, current and dependable information. Indian e-governance portals handle a wide mix of
material, including government schemes, citizen services, eligibility conditions, laws,
regulations and administrative procedures. Large language models (LLMs) could make this
material easier to reach through plain conversation. The difficulty is that an LLM sometimes
gives answers that are wrong or invented, particularly when the question depends on recent
changes, specialised domain knowledge or policy detail. Wrong answers erode public trust,
and they carry real risk when people act on them.

Retrieval-Augmented Generation (RAG) is one response to this problem, since it fetches
relevant external evidence before the model writes its answer. Conventional RAG still has
weaknesses, though. It can bring back irrelevant passages, fail to check whether the evidence
actually fits, or leave claims without a source. Agentic RAG goes further: the system can
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retrieve more than once, assess what it has found, verify sources and validate the response
before returning it. Add explainability and explicit evidence grounding, and Al-supported e-
governance services should become more precise, easier to trace and easier to trust.

This paper proposes an Evidence-Grounded and Explainable Agentic RAG framework and
tests it on Indian e-governance decision support, against conventional RAG and a standard
LLM. We look at three things in particular: accuracy, traceability and hallucination mitigation.
We also examine evidence relevance, source attribution, explainable reasoning and reliability
across the main categories of e-governance query. The aim is to find out whether an agentic
architecture that verifies its evidence can give citizens answers that are more reliable, more
transparent and open to audit.

1. LITERATURE REVIEW

Pandey and Singh (2026) worked on explainable rating prediction and sentiment-segmented
summarisation for e-governance applications. By combining rating prediction with sentiment-
based summaries, they made automated feedback analysis easier to interpret. Their study shows
why explainable output matters when officials need to understand user feedback and make
decisions openly, and it adds to the growing use of explainable Al in citizen-facing digital
governance.

Papageorgiou et al. (2025) evaluated the faithfulness of agentic RAG systems using LLM-
based judging frameworks. They asked whether generated answers stay true to the evidence
that was retrieved, and how far agentic RAG outputs can be trusted. Faithfulness matters a
great deal in Al-assisted governance because unsupported and misleading responses do real
harm. Their work is a useful baseline for judging hallucination reduction and evidence
alignment in agentic RAG.

Chennupati et al. (2026) combined graph-based orchestration with emotion-aware LLM
reasoning to explain customer feedback analysis. Their results show that pairing explainability
with structured LLM reasoning gives analytical output that is more meaningful and easier to
interpret. The application is customer feedback, not public services, but the same ideas of
explainability and structured reasoning carry over to explainable decision-support systems.

2. RESEARCH METHODOLOGY

The study uses a structured comparative design to examine how well the proposed Agentic
RAG framework supports reliable, explainable e-governance decisions. This section covers the
research design, the query dataset, the approaches compared, the evaluation parameters, the
evaluation procedure and the data analysis.

3.1 Research Design

We ran a comparative experiment to see how well an evidence-grounded, explainable Agentic
Retrieval-Augmented Generation (RAG) framework supports decisions in Indian e-
governance. The proposed framework was set against two baselines: a Standard Large
Language Model (LLM) and Conventional RAG. The comparison covered answer accuracy,
evidence relevance, source attribution, contextual completeness, hallucination mitigation,
traceability, explainability and reliability.
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3.2 Dataset and Query Categories

In all, 250 representative Indian e-governance queries were evaluated. They fall into five
categories: Government Schemes and Benefits (60), Citizen Services and Documentation (50),
Laws, Rules and Regulations (45), Public Welfare and Eligibility (50) and Administrative
Procedures (45). The queries were written to resemble the questions citizens typically ask when
they need e-governance information to make a decision.

3.3 Comparative Approaches

All three approaches answered the same set of queries. The Standard LLM responded with no
external retrieval. Conventional RAG retrieved material relevant to the question and then
generated an answer from it. The proposed Agentic RAG framework selected evidence
iteratively and verified it, attributed sources and validated the response, so the retrieved
evidence was assessed before the final answer was written.

3.4 Evaluation Parameters

The evaluation indicators were fixed in advance and applied to all three approaches. Accuracy
meant that a response was correct. Evidence relevance meant that the retrieved evidence was
relevant to the question. Source attribution measured how well claims could be tied to a specific
source, and contextual completeness checked whether a response covered enough ground to
answer the question properly.

Hallucination mitigation was judged on four points: whether responses were free of
hallucination, whether evidence was correctly aligned with claims, whether unsupported claims
were avoided, and whether missing evidence was handled correctly. Explainability and
traceability were judged on whether sources could be identified, whether direct supporting
evidence existed, how complete the citations were, whether evidence matched claims, and
whether the reasoning or justification was clear.

3.5 Evaluation Procedure

Every approach was run on each query under the same conditions, and each response was
checked against the evidence and the predefined criteria. For the proposed Agentic RAG
framework, the retrieved evidence was assessed for relevance and consistency before it went
into the final answer. Cases of insufficient evidence or unsupported claims were recorded when
hallucination mitigation was scored.

3.6 Data Analysis

The aggregated results were converted to percentages so the approaches could be compared
directly. They are organised under four headings: comparative decision-support performance,
hallucination mitigation, evidence traceability and explainability, and reliability by type of e-
governance query. Tables and figures show how the proposed Agentic RAG framework
compares with the other two approaches.

3. RESULTS

The results are reported for accuracy, hallucination mitigation, evidence traceability,
explainability and reliability. The tables and figures below give the comparison for the
proposed Agentic RAG framework. Table 1 compares the Standard LLM, Conventional RAG
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and the proposed Agentic RAG for e-governance decision support on five criteria: answer
accuracy, evidence relevance, source attribution, contextual completeness and overall
reliability. Figure 1 shows the same comparison graphically.

Table 1: Comparative Performance of Different Approaches for E-Governance Decision
Support

Performance Metric Standard LLM | Conventional Proposed  Agentic
(%) RAG (%) RAG (%)
Answer Accuracy 78.4 86.7 94.6
Evidence Relevance 72.8 84.5 93.8
Source Attribution 61.5 79.6 96.2
Contextual Completeness 74.3 85.1 92.7
Overall Reliability 71.9 83.9 94.1
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Figure 1: Graphical Representation of Comparative Performance of Different
Approaches for E-Governance Decision Support

The proposed Agentic RAG scored highest on every parameter. Its overall accuracy reached
94.6%, against 86.7% for Conventional RAG and 78.4% for the Standard LLM. Evidence
relevance was 93.8%. Source attribution improved the most, reaching 96.2%. Contextual
completeness was 92.7% and overall reliability 94.1%. In short, the Agentic RAG gave more
accurate, evidence-based decision support than the other methods, and its answers were easier
to trace and more dependable.

Table 2 compares hallucination mitigation across the Standard LLM, Conventional RAG and
Agentic RAG. It covers hallucination-free responses, evidence alignment, avoidance of
unsupported claims, handling of missing evidence and overall hallucination mitigation. Figure
2 shows the same comparison graphically.

Table 2: Hallucination Mitigation Performance Across Different Approaches
Hallucination-Related Metric | Standard LLM | Conventional RAG | Proposed  Agentic
(%) (%) RAG (%)
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Hallucination-Free 74.6 87.3 95.8
Responses
Correct Evidence Alignment | 68.9 84.6 94.7
Unsupported Claim | 70.5 82.8 93.9
Avoidance
Correct Handling of Missing | 63.7 78.4 91.6
Evidence
Overall Hallucination | 69.4 83.3 94.0
Mitigation
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Figure 2: Graphical Representation of Hallucination Mitigation Performance Across
Different Approaches

Agentic RAG did better than the other two approaches on every hallucination measure.
Hallucination-free responses, correct evidence alignment and avoidance of unsupported claims
came to 95.8%, 94.7% and 93.9%. Missing evidence was handled correctly in 91.6% of cases,
and overall hallucination mitigation was 94.0%. Conventional RAG and the Standard LLM
scored lower on every indicator. The proposed Agentic RAG therefore produced less
unsupported information and kept its responses grounded in evidence.

Table 3 compares evidence traceability and explainability for the Standard LLM, Conventional
RAG and Agentic RAG. The assessment looks at whether claims have identifiable sources,
whether direct evidence supports the answer, how complete the citations are, whether evidence
is consistent with claims, whether the reasoning can be explained, and overall traceability.
Figure 3 shows the comparison graphically.

Table 3: Evidence Traceability and Explainability of Generated Responses

Traceability and Explainability | Standard Conventional Proposed Agentic
Indicator LLM (%) RAG (%) RAG (%)
Identifiable Source for Claims | 60.8 80.2 95.6

Direct Evidence Supporting | 58.9 78.7 935

Answer
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Citation Completeness 55.7 76.9 92.8
Evidence-to-Claim Consistency | 63.4 82.5 94.3
Explainable 57.6 75.8 90.7
Reasoning/Justification
Overall Traceability 59.3 78.8 934

Overall Traceability | —
Explainable Reasoning/Justification | —
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Figure 3: Graphical Representation of Evidence Traceability and Explainability of
Generated Responses

Agentic RAG led on every traceability and explainability measure. Of its claims, 95.6% could
be traced to an identified source, 93.5% had direct supporting evidence and 92.8% had
complete citations. Evidence-to-claim consistency was 94.3% and explainable reasoning or
justification was 90.7%. Overall traceability was 93.4%, well above Conventional RAG
(78.8%) and the Standard LLM (59.3%). The responses were more transparent, easier to verify
and easier to audit.

Table 4 shows how reliable the proposed Agentic RAG framework is across the main
categories of Indian e-governance query: government schemes and benefits, citizen services
and documentation, laws and regulations, public welfare and eligibility, and administrative
procedures. Figure 4 shows the same results graphically.

Table 4: Reliability of Agentic RAG Across Major Indian E-Governance Query

Categories

E-Governance Number of | Accurate Evidence- Hallucination-Free

Query Category | Evaluated Responses Verified Responses (%)
Queries (%) Responses (%)

Government 60 95.0 94.2 95.8

Schemes &

Benefits

Citizen Services | 50 94.0 93.6 94.0

& Documentation
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Laws, Rules & |45 93.3 92.9 93.8
Regulations
Public Welfare & | 50 96.0 95.1 96.4
Eligibility
Administrative 45 94.4 93.8 95.0
Procedures
Overall 250 94.6 93.9 95.0
97
96
95
94
93
91
Government Citizen Services & Laws, Rules & Public Welfare & Administrative
Schemes & Benefits  Documentation Regulations Eligibility Procedures

m Accurate Responses (%) ™ Evidence-Verified Responses (%) = Hallucination-Free Responses (%)

Figure 4: Graphical Representation of Reliability of Agentic RAG Across Major Indian
E-Governance Query Categories

Performance was consistently high across every category. Accuracy was highest for Public
Welfare and Eligibility (96.0%) and Government Schemes and Benefits (95.0%). Evidence-
verified responses ranged from 92.9% to 95.1%, and hallucination-free responses from 93.8%
to 96.4%. Overall, accuracy was 94.6%, evidence verification 93.9% and hallucination-free
responses 95.0%, so the framework held up across the varied information needs of Indian e-
governance.

4. DISCUSSION

The proposed Evidence-Grounded and Explainable Agentic RAG model was more accurate,
retrieved more relevant evidence, attributed sources better and was more reliable than both the
Standard LLM and Conventional RAG. With 94.6% accuracy, 93.8% evidence relevance and
96.2% source attribution, the results indicate that agentic retrieval and evidence verification
make e-governance decision support more reliable and more transparent.

The framework also produced 95.8% hallucination-free responses and 94.0% overall
hallucination mitigation, which shows it was effective at cutting down unsupported
information. Its overall traceability of 93.4% and evidence-to-claim consistency of 94.3% point
the same way, towards better explainability and auditability.
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Performance stayed high in every e-governance category: overall accuracy was 94.6%,
evidence verification 93.9% and hallucination-free responses 95.0%. Taken together, the
results support Agentic RAG as a way to give reliable, evidence-grounded and explainable
decision support in Indian e-governance.

5. CONCLUSION

The proposed Evidence-Grounded and Explainable Agentic RAG framework outperformed the
Standard LLM and Conventional RAG as a source of reliable decision support in Indian e-
governance. Its responses were more accurate, better supported by evidence and more
dependable: 94.6% accuracy, 93.8% evidence relevance, 96.2% source attribution and 94.1%
overall reliability. It reached 95.8% on hallucination-free responses and 94.0% on overall
hallucination mitigation, so unsupported information was reduced. Overall traceability of
93.4% and evidence-to-claim consistency of 94.3% show better transparency, explainability
and auditability. Accuracy was high in every e-governance category, with overall accuracy of
94.6%, evidence verification of 93.9% and hallucination-free responses of 95.0%. These results
support combining agentic retrieval, evidence verification, source attribution and response
validation to build Al decision-support systems for Indian e-governance that are accurate,
transparent, reliable and explainable.
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