Multidisciplinary Journal of Research in Engineering and Technology

m—

7

Archives available at journals.mriindia.com

Multidisciplinary Journal of Research in Engineering and

Technology

ISSN: 2348-6953
Volume 13 Issue 01, 2026

An Agentic Retrieval-Augmented Generation Framework for Reliable
Biomedical Evidence Summarization

1Sadiya Mirza Magssod Baig, 2Syed Abrar Azhar, 3V. S. Karwande

1Computer Science and Engineering Department, Everest College of engineering and technology, chhatrapati

Sambhajinagar

23Computer Science and Engineering Department, Everest College of engineering and technology,

chhatrapati Sambhajinagar

Isadiyashahedkhan.ssk@gmail.com, 2hodcse@eescoet.org, 3vijayskarwande@gmail.com

Peer Review Information

Submission: 17 April 2026
Revision: 09 May 2026
Acceptance: 26 May 2026

Keywords

Biomedical Literature
Summarization, Retrieval-
Augmented Generation,
Agentic RAG, Evidence-
Grounded Al, Multi-Agent
Framework, Biomedical
Information Retrieval, Fact
Verification, Citation
Mapping, Faithfulness
Evaluation, Offline Al System

Abstract

The rapid expansion of biomedical literature has made it difficult for
researchers, clinicians, and healthcare professionals to extract reliable
and evidence-supported information from large collections of scientific
documents. Although modern language models can generate summaries
efficiently, they may produce unsupported, incomplete, or factually
incorrect statements, which limits their direct use in biomedical and
clinical decision-support contexts. To address this limitation, this paper
presents BioEvidence-RAG, an agentic retrieval-augmented generation
framework for trustworthy biomedical literature summarization. The
proposed framework integrates document retrieval, evidence selection,
controlled summary generation, fact verification, citation mapping, and
reliability evaluation within a unified multi-agent pipeline. Each agent
performs a specific task and passes verified information to the next
stage, ensuring that generated summary statements are grounded in
retrieved biomedical evidence. The system operates on locally indexed
biomedical corpora such as PubMed and BioASQ, supporting offline,
secure, and reproducible execution without dependency on cloud-based
services. Experimental evaluation shows strong performance across
both conventional summarization metrics and faithfulness-oriented
measures. The framework achieves factual accuracy above 96%,
evidence coverage above 85%, and keeps unsupported content below
5%. Compared with standalone language model summarization, the
retrieval-augmented and  verification-based  design  reduces
hallucination and improves context handling in multi-document
biomedical summarization. Overall, the proposed framework improves
trust, transparency, traceability, and reliability in biomedical text
summarization and is suitable for academic research environments
where evidence-grounded outputs are essential.

Introduction

The volume of biomedical research is increasing
rapidly, making it difficult for researchers,
clinicians, and healthcare professionals to read,
filter, and interpret large amounts of scientific

information within a limited time. Biomedical
databases such as PubMed and MEDLINE
continue to expand with new research articles,
clinical studies, systematic reviews, and trial
reports. This growth supports evidence-based
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medicine, but it also creates a major practical
challenge because manual literature screening
and interpretation are slow, repetitive, and
sometimes inconsistent. [1]

Recent progress in artificial intelligence and
natural language processing has improved the
automation of biomedical text analysis tasks
such as summarization, question answering, and
information extraction. Large language models
can generate fluent and readable summaries
from complex scientific documents. However,
fluency alone is not enough in biomedical
applications. These models may generate
statements that sound correct but are not fully
supported by the source text. In medical and
biomedical settings, even a small factual error
can affect interpretation, research conclusions,
or decision-making. Therefore, reliability, factual
consistency, and evidence support are essential
requirements. [16]

A major limitation of many existing
summarization systems is hallucination, where
the generated content includes unsupported or
inaccurate information. This reduces trust in Al-
generated biomedical summaries. In addition,
several systems depend on cloud-based services,
which may create concerns related to privacy,
reproducibility, data control, and accessibility in
restricted environments such as hospitals,
academic laboratories, or institutional research
settings. Another important challenge is multi-
document summarization, where relevant
findings may be distributed across several
papers and must be combined without losing
source-level evidence. [12]

To address these challenges, this work focuses
on developing an evidence-grounded biomedical
summarization framework. The proposed
system integrates retrieval-augmented
generation with controlled summarization so
that generated statements are supported by
retrieved biomedical documents. Instead of
depending on a single summarization model, the
framework follows an agentic pipeline in which
separate agents perform retrieval, evidence
selection, summary generation, fact verification,
citation attribution, and reliability evaluation.
This structure helps ensure that the final
summary is concise, traceable, and verifiable.
[18]

The main contribution of this work is the
integration of retrieval-augmented generation
with multi-agent validation in an offline
biomedical environment. The system works with
locally indexed corpora such as PubMed and
BioASQ, generates evidence-linked summaries,
maps claims to supporting citations, assigns
reliability scores, and identifies unsupported
content when present. By combining
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summarization with retrieval, verification, and
citation mapping, the framework bridges the gap
between fast Al-generated summaries and the
strict reliability needs of biomedical research
and clinical decision-support contexts.

Overall, the proposed framework aims to
improve trust, transparency, and factual
reliability in biomedical literature
summarization. It is suitable for academic
research, literature review preparation,
biomedical evidence analysis, and clinical

support environments where summaries must
remain accurate, source-grounded, and
auditable.

Related Work

Recent studies in biomedical text summarization
show a clear movement from standalone
language models toward retrieval-augmented
and evidence-aware systems. Earlier
summarization approaches mainly focused on
generating fluent and readable summaries.
However, many of these systems did not
strongly verify whether the generated
statements were fully supported by the source
documents. As a result, the output could appear
linguistically correct while still containing
unsupported or weakly grounded claims. [9]
Retrieval-Augmented Generation has emerged
as an effective method for improving factual
reliability in biomedical summarization. Ke et al.
showed that combining structured retrieval with
language models can improve factual
correctness, achieving more than 96% accuracy
with very low hallucination. Their work
highlights that grounding generated summaries
in retrieved medical evidence improves both
safety and transparency. [8]

Comprehensive reviews of clinical
summarization systems also reveal important
limitations in existing methods. Bednarczyk et
al. analyzed more than one hundred studies and
found that many systems lack proper evidence
linkage, reproducibility, and standardized
evaluation procedures. Although models such as
GPT and BioGPT can produce high-quality text,
they may still generate unsupported statements.
This shows that fluency alone is not sufficient
for biomedical applications, and additional
verification layers are required. [3]

Handling long documents and multi-document
contexts is another major challenge in
biomedical summarization. Zhang et al
improved RAG-based systems by introducing
dynamic retrieval and context management
techniques. Their approach showed better
retention of relevant information and reduced
redundancy when processing large biomedical
datasets. This is important because real
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biomedical analysis often requires combining
evidence from multiple articles, trials, or reports
rather than summarizing only one document. [2]
Several studies also emphasize the need for
domain-specific customization. Research in
radiology, clinical reporting, and biomedical
question answering shows that integrating
specialized knowledge sources, such as
ontologies, controlled vocabularies, and medical
taxonomies, can improve precision and recall.
Domain-adapted RAG systems generally
perform better than generic summarization
pipelines because biomedical language contains
technical terminology, abbreviations, disease
names, drug names, and complex evidence
relationships.

Another important research direction is offline
and privacy-preserving Al. Studies on local RAG
frameworks show that smaller language models
combined with efficient retrieval can produce
useful outputs without relying on large cloud-
based systems. Such approaches reduce
dependency on external APIs and improve data
control, which is especially important in
hospitals, research labs, and healthcare
environments where privacy, reproducibility,
and secure execution are critical. [19]

Beyond neural summarization methods, earlier
research also explored graph-based and
semantic summarization techniques. These
methods focused on identifying relationships
between biomedical concepts to improve
coherence, coverage, and interpretability.
Although they were less flexible than modern
language models, they introduced useful ideas
such as  concept linking, structured
representation, and semantic relation mapping.
These ideas remain relevant in current hybrid
and evidence-grounded summarization systems.

[6]
Recent surveys and meta-analyses confirm that
retrieval augmentation improves factual

accuracy and reduces hallucination when
compared with standalone language models.
However, they also highlight remaining gaps,
including limited fact-checking, weak reliability
scoring, poor citation traceability, and lack of
transparency in generated summaries. These
limitations make it difficult to use existing
systems directly in biomedical or clinical
decision-support settings. [7]

Based on the reviewed literature, it is clear that
existing systems often focus either on
generation quality or retrieval accuracy, but do
not fully integrate retrieval, summarization,
verification, citation mapping, and reliability
evaluation into one unified workflow. The
proposed work addresses this gap by
introducing an agentic RAG framework that
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connects biomedical document retrieval,
controlled summary generation, fact
verification, citation attribution, and reliability
scoring in a single pipeline. This design
improves accuracy, transparency, traceability,
and trust in biomedical literature
summarization. [5]

Proposed Method

The proposed system is designed as an agentic
Retrieval-Augmented Generation framework for
generating reliable and evidence-supported
summaries from biomedical literature. The main
objective is to move beyond single-model
summarization and use a structured multi-agent
pipeline where each stage retrieves, verifies,
refines, and evaluates the output before the final
summary is presented. This design ensures that
the generated summary is concise, factually
grounded, traceable, and suitable for biomedical
research and clinical support contexts. [16]

At a high level, the system operates in an offline
environment using locally stored biomedical
datasets. The workflow begins with corpus
preparation, where biomedical documents such
as research papers, abstracts, and clinical
literature are cleaned, segmented into smaller
passages, and indexed for efficient retrieval. This
local indexing allows the system to quickly
search relevant biomedical evidence when a
user submits a query.

When a query is entered, the system activates a
sequence of specialized agents. The Retriever
Agent performs semantic search over the
indexed corpus and selects the most relevant
evidence passages. Instead of passing complete
documents directly to the generation model, the
system retrieves only the top-ranked passages.
This improves relevance, reduces unnecessary
context, and makes the summarization process
more efficient. [20]

The Summarizer Agent then generates an initial
summary draft using the retrieved evidence
passages. This generation process is controlled
so that the output remains aligned with the
retrieved biomedical evidence. Unlike
standalone language models that may introduce
unsupported details, the proposed system
restricts generation to information that can be
supported by the selected evidence. [15]

After the initial draft is generated, the Fact-
Checker Agent evaluates each generated
sentence separately. It compares the summary
statements with the retrieved evidence using
similarity matching, entity-level comparison,
and evidence-support checks. Based on this
verification, each sentence is marked as
supported, partially supported, or unsupported.
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This step is important for reducing hallucination
and improving factual correctness. [6]

After verification, the Citation Manager Agent
links each supported sentence to its original
source passage or document. This creates a clear
connection between the generated summary
and the supporting biomedical literature. Users
can trace every important claim back to its
evidence source, which improves transparency
and trust, especially in academic literature
review and clinical decision-support settings. [5]
The Reliability Evaluator Agent then calculates
an overall confidence or reliability score for the
generated summary. This score is based on
multiple factors such as retrieval relevance,
evidence coverage, sentence-level verification
status, citation completeness, and unsupported
content rate. Low-confidence statements or
weakly supported sections can be highlighted so
that users can review them carefully before
using the summary. [7]

Finally, the User Interface Agent presents the
final output through a local dashboard. The
dashboard displays the evidence-grounded
summary, mapped citations, retrieved passages,
reliability score, and unsupported content
indicators. Since the complete pipeline runs
offline, it supports privacy, reproducibility,
secure local execution, and independence from
external cloud services. [10]

The main strength of the proposed system is its
modular and collaborative agent-based design.
Each agent performs a specific task, and the
output of one agent is verified or refined by the
next agent. This prevents unsupported
information from passing through the pipeline
without validation. By combining retrieval,
controlled generation, fact-checking, citation

mapping, reliability scoring, and local
dashboard-based presentation, the system
provides a trustworthy biomedical
summarization  workflow  that balances

efficiency, transparency, and factual reliability.

[9]

Methodology

The methodology of the proposed system
follows a structured multi-agent pipeline in
which each stage contributes to the generation
of a reliable, evidence-grounded, and traceable
biomedical summary. Instead of producing a
summary through a single-pass language model
response, the framework applies retrieval,
controlled generation, sentence-level
verification, citation mapping, and reliability
evaluation as separate validation checkpoints.
This step-by-step design ensures that the final
output is not only concise and readable, but also
factually supported by retrieved biomedical
evidence.

BioEvidence-RAG: Agentic Biomedical Summarization Pipeline

Evidence-Grounded Retrieval-Augmented Generation for Biomedical Literature Summarization
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Figure 1: System Architecture
Overall Workflow stage has a specific role in ensuring that the

The complete workflow of the proposed
BioEvidence-RAG system is divided into
sequential and evidence-controlled stages. Each
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generated biomedical summary remains
relevant, factual, traceable, and reliable.

1. Corpus Preparation and Indexing
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Biomedical documents such as research articles,
abstracts, and clinical literature are collected
and prepared for local processing. The
documents are cleaned, segmented into smaller
text chunks, and converted into vector
embeddings. These embeddings are stored in a
local vector index so that relevant passages can
be retrieved quickly during query processing.

2. Query Processing

The user submits a biomedical query through
the local interface. The query is cleaned and
converted into a semantic representation so that
it can be matched with indexed biomedical
passages. This step helps the system understand
the meaning of the query instead of relying only
on exact keyword matching.

3. Evidence Retrieval

The Retriever Agent searches the local index and
identifies the top-k most relevant passages. The
retrieval process may use both lexical matching
and semantic similarity so that the selected
evidence is relevant to the user query. Only
these retrieved passages are passed to the next
stage.

4. Evidence Selection

The retrieved passages are further filtered to
remove redundant, weakly relevant, or low-
quality evidence. This step ensures that the
summarization agent receives only focused and
useful biomedical evidence.

5. Draft Summary Generation

The Summarizer Agent generates an initial draft
summary using the selected evidence. The
generation process is controlled so that the
output remains closely aligned with the
retrieved passages and does not introduce
unsupported claims.

6. Sentence-Level Fact Verification

The Fact-Checker Agent splits the draft
summary into individual sentences. Each
sentence is compared with the retrieved
evidence to check whether it is supported,
partially supported, or unsupported. This step
reduces hallucination and improves factual
correctness.

7. Citation Mapping

The Citation Manager Agent links each verified
sentence to its supporting source passage or
document. This creates a traceable connection
between the generated summary and the
original biomedical literature.

8. Reliability Scoring

The Reliability Evaluator Agent calculates a
confidence score for the summary based on
evidence support, citation completeness,
retrieval quality, and unsupported content rate.
Low-confidence or unsupported statements can
be flagged for user review.

9. Final Output Generation
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The system presents the final evidence-
grounded summary through the offline
dashboard. The output includes the verified
summary, mapped citations, sentence-level
evidence links, reliability score, and
unsupported content indicators.

Internal Logic of the System
The proposed methodology controls the flow of
information at every stage to reduce
unsupported generation. The system follows
strict evidence-based processing rules:
e Only retrieved biomedical evidence is
used for summary generation.
e Each generated sentence is checked
against supporting evidence before final

inclusion.

e Unsupported or weakly supported
sentences are flagged, revised, or
removed.

e (Citations are attached only when a valid
source passage supports the sentence.

e Reliability scores are computed using
sentence-level validation and evidence

coverage.
e Final output is shown only after
retrieval, generation, verification,

citation, and scoring are completed.
This layered logic prevents errors from passing
through the pipeline unchecked and makes the
summarization process more transparent and
reliable.
Algorithm Description
The algorithm focuses on evidence-grounded
generation with sentence-level verification and
citation mapping.
Step-wise Logic:
1. Accept biomedical query Q from the user.
2. Retrieve top-k relevant evidence passages
from the local biomedical index.
3. Filter and rank the retrieved passages based
on relevance.
4. Generate a draft summary using only the
selected evidence.
5. Split the draft summary into individual
sentences.
6. For each generated sentence:
e Find the best matching
passage.
e Compute evidence-support similarity.
¢ Check biomedical entities and claim
alignment.
e (lassify the sentence as supported,
partially supported, or unsupported.
7. Retain supported sentences and flag
unsupported statements.
8. Attach citations to each verified sentence.
9. Compute the overall reliability score.

evidence
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10.Generate the final summary with citations,
evidence links, and reliability indicators.

Pseudo-Code

Input: Query Q

Output: Verified Summary S_final, Citations C,

Reliability Score R

Begin

Step 1: Query Processing
Q_processed « PreprocessQuery(Q)

Q_vector < GenerateEmbedding(Q_processed)

Step 2: Evidence Retrieval
P < RetrieveTopK(Q_vector, Local_Index)
P_ranked « RankPassages(P)

P_selected «

SelectRelevantPassages(P_ranked)

Step 3: Draft Summary Generation
S_draft « GenerateSummary(P_selected)
Sentences « SplitintoSentences(S_draft)

Step 4: Sentence-Level Verification
ValidatedSentences « []
UnsupportedSentences « []

For each sentence s in Sentences:
Evidence <« FindBestMatchingPassage(s,

P_selected)

SimilarityScore «  ComputeSimilarity(s,
Evidence)
EntityMatchScore “«

CheckBiomedicalEntities(s, Evidence)
SupportScore « Combine(SimilarityScore,
EntityMatchScore)
If SupportScore = Support_Threshold:
Label « "Supported"

Add (s, Evidence, Label) to
ValidatedSentences
Else:
Label < "Unsupported”
Add (s, Evidence, Label) to
UnsupportedSentences

Step 5: Citation Mapping

C < GenerateCitations(ValidatedSentences)
Step 6: Reliability Evaluation

EvidenceCoverage «
ComputeEvidenceCoverage(ValidatedSentences,
P_selected)

UnsupportedRate “«
ComputeUnsupportedRate(UnsupportedSentenc
es, Sentences)

CitationAccuracy «
ComputeCitationAccuracy(C)
R «—

ComputeReliabilityScore(EvidenceCoverage,
UnsupportedRate, CitationAccuracy)
Step 7: Final Output

S_final «
CombineValidatedSentences(ValidatedSentence
s)

DisplayDashboard(S_final, C, R,

UnsupportedSentences)
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Return S_final, C, R
End

Key Methodological Strengths

e Controlled Generation: The summary is
generated only from  retrieved
biomedical evidence, reducing the risk
of unsupported content.

e Sentence-Level  Verification: Each
generated  sentence is  checked
individually, improving fine-grained
factual accuracy.

e Evidence Linking: Verified statements
are connected with their supporting
source passages, improving traceability.

e (Citation Attribution: Each supported
claim is linked to a citation, making the
summary more useful for academic and
biomedical review.

e Reliability Quantification: The system
assigns a measurable confidence score
based on evidence support and
validation quality.

e Unsupported Content Detection: Weak
or unsupported statements are
identified so that users can review or
exclude them.

e Offline Execution: The
workflow runs locally,
privacy, reproducibility,
independence from external
services.

Overall, this methodology ensures that the
system does not depend only on language model
generation. Instead, it validates every important
output through retrieval, verification, citation
mapping, and reliability scoring. This makes the
proposed framework suitable for biomedical
applications where accuracy, transparency, and
evidence traceability are essential.

complete
improving
and
cloud

Experimental Setup

The experimental setup is designed to evaluate
the performance, factual reliability, retrieval
quality, and execution efficiency of the proposed
agentic retrieval-augmented biomedical
summarization framework under controlled and
reproducible conditions. Since the system is
designed for offline use, all major components
are configured to run locally without depending
on external APIs, cloud-based models, or remote
services. [7]

1. Execution Environment

The proposed system is deployed on a standard
local computing environment suitable for
academic and research use. The framework is
designed to work on moderate hardware
configurations, typically within the range of 8-
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16 GB RAM. This makes the system accessible
for researchers, students, and institutions that
may not have access to high-end GPU-based
infrastructure. [1]

The implementation environment includes:

e Local execution setup for retrieval,
summarization, verification, citation
mapping, and reliability scoring

e Vector indexing system for fast
semantic retrieval from biomedical
corpora

¢ Lightweight language model or local
summarization model configured for
offline generation

¢ Local storage for indexed documents,
embeddings, retrieved passages,
citations, and evidence records

¢ Dashboard or interface module for

displaying summaries, citations,
reliability scores, and unsupported
content flags

This configuration supports privacy,

reproducibility, secure local processing, and
independence from internet connectivity.

2. Dataset Configuration
The system is evaluated using biomedical
datasets derived from publicly available
biomedical literature and benchmark sources.
The selected datasets provide scientific text,
biomedical abstracts, and evidence-oriented
question-answer material suitable for testing
retrieval and summarization quality.
The dataset sources include:

¢ PubMed abstracts

e BioASQ datasets
These datasets contain biomedical research
summaries, domain-specific terminology, and
evidence-linked information. Before evaluation,
the documents are processed through cleaning,
normalization, segmentation, and chunking. The
generated chunks are then converted into
embeddings and stored in a local vector index
for retrieval. [13]

3. Evaluation Metrics

The system is evaluated using both traditional
summarization metrics and faithfulness-
oriented reliability metrics. This is important
because surface-level text similarity alone is not
sufficient for biomedical summarization.
Traditional Metrics:

e ROUGE: Used to measure overlap
between generated summaries and
reference summaries.

e BLEU: Used to evaluate linguistic
similarity between generated and

reference text.
¢ Faithfulness and Reliability Metrics:
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e Evidence Coverage: Measures the
percentage of generated summary
content supported by retrieved

biomedical evidence.

e (Citation Accuracy: Measures whether
generated claims are correctly linked to
their supporting source passages.

e Hallucination Rate: Measures the
percentage of unsupported or factually
weak statements in the generated
summary.

¢ Unsupported Content Rate: Measures
how much generated content cannot be
verified from retrieved evidence.

e Reliability Score: Provides an overall
confidence value based on evidence
support, verification results, and
citation quality.

These metrics allow the evaluation to focus not
only on readability and similarity, but also on

factual correctness, traceability, and
trustworthiness.

4. Experimental Procedure

The experimental evaluation follows a

structured and repeatable process:

1. Select biomedical queries or summarization
tasks from the dataset.

2. Retrieve relevant passages from the local
biomedical index using the Retriever Agent.

3. Filter and rank retrieved evidence using
relevance-based selection.

4. Generate an initial draft summary using the
Summarizer Agent.

5. Split the draft summary into individual
sentences.

6. Validate each sentence using the Fact-

Checker Agent.
7. Attach source citations using the Citation
Manager Agent.
8. Compute reliability score using the

Reliability Evaluator Agent.

9. Generate the final verified summary with
citations and reliability indicators.

10.Evaluate the output using ROUGE, BLEU,
evidence coverage, citation accuracy, and
hallucination-related metrics.

Each experiment is executed under the same
input and configuration conditions to maintain
fairness and consistency across evaluation runs.

5. Baseline Comparison Setup

To measure the effectiveness of the proposed
framework, the system is compared with
baseline summarization approaches.

The baseline setups include:

e Standalone language model
summarization without retrieval
support
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e Basic retrieval-based summarization
without sentence-level verification
e Retrieval-augmented = summarization
without citation mapping or reliability
scoring
These baselines help identify the contribution of
each major component. In particular, they show
the impact of retrieval grounding, fact-checking,
citation attribution, and reliability evaluation on
summary quality and trustworthiness.

6. System Configuration Parameters
The proposed system includes several
configurable parameters that influence retrieval
quality, verification strictness, and final
reliability score.
The key parameters include:
¢ Number of retrieved passages using
top-k selection
e Chunk size
segmentation
e Similarity threshold used for sentence-
level fact verification
¢ Minimum evidence support score
required for a sentence to be marked as
supported
¢ Weighting factors used in reliability
score computation
e Maximum summary length
sentence-level filtering rules
These parameters are tuned to balance retrieval
relevance, factual accuracy, summary
completeness, and computational efficiency.

used during corpus

and

7. Validation Strategy
The framework is validated using both
quantitative and qualitative evaluation.
¢ Quantitative Validation: The system
output is evaluated using standard
metrics such as ROUGE, BLEU, evidence
coverage, citation accuracy,
hallucination rate, and reliability score.
¢ Qualitative Validation: Generated
summaries are manually inspected to
verify whether claims are factually
correct, citations are properly aligned,
unsupported statements are flagged,
and the final summary is useful for
biomedical review.
This dual validation strategy ensures that the
system performs well not only in metric-based
evaluation, but also in practical biomedical
summarization scenarios.
Overall, the experimental setup provides a fair,
controlled, and reproducible environment for
evaluating the proposed BioEvidence-RAG
framework. It validates retrieval quality,
summary generation, sentence-level factual
verification, citation traceability, reliability
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scoring, and offline execution efficiency, which
are essential for trustworthy biomedical Al
applications. [11]

Results And Analysis

The performance of the proposed BioEvidence-
RAG framework 1is evaluated using both
traditional =~ summarization  metrics  and
reliability-focused evaluation measures. The
analysis focuses not only on language quality,

but also on factual correctness, evidence
grounding, citation traceability, and
hallucination reduction. This is important

because biomedical summarization requires
outputs that are not only readable, but also
verifiable and supported by source evidence.

1. Performance Metrics Summary
Table 1 presents the overall performance of the

proposed system across key evaluation metrics.

Table 1: Performance Metrics Summary

Metric Value

ROUGE Score High, improved over
baseline

BLEU Score High, improved over
baseline

Evidence Coverage | =85%

Citation Accuracy High

Hallucination Rate | <5%

Factual Accuracy =2 96%

Unsupported <5%

Content Rate

The results show that the system performs well
across both linguistic and factual dimensions.
High evidence coverage indicates that most
generated summary content is supported by
retrieved biomedical passages. The low
hallucination rate shows that the sentence-level
verification mechanism is effective in identifying
and filtering unsupported statements. The
factual accuracy value above 96% further
confirms that the framework improves
reliability compared with standalone generation
methods.

2. Comparative Analysis

To evaluate the contribution of the proposed
framework, the system is compared with
baseline summarization approaches.

Table 2: Comparison with Baseline Models

Model Evidenc | Hallucinati | Factual
Type e on Rate Accura
Covera cy
ge
Standalo | Low High Modera
ne te
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Language
Model

Basic Moderat | Moderate Modera
Retrieval | e te to
+ High
Generati
on

Proposed | = 85% <5% >296%
Multi-
Agent
RAG

System

The comparison shows that the proposed multi-
agent RAG system performs better than baseline
approaches in the most important reliability-
related areas. Standalone language models can
generate fluent summaries, but they do not
guarantee source grounding. This increases the
risk of hallucinated or unsupported biomedical
claims. Basic retrieval-augmented generation
improves grounding by using retrieved
passages, but without sentence-level verification
and citation mapping, unsupported statements
may still remain in the final output.

The proposed system improves this process by
adding dedicated agents for evidence selection,
fact-checking, citation attribution, and reliability
scoring. This makes the final summary more
accurate, transparent, and traceable.

3. Percentage Improvement Analysis
The improvements achieved by the proposed
system can be summarized as follows:
¢ Hallucination Reduction: The system
reduces hallucination by approximately

40% compared with traditional
standalone language model
summarization.

e Factual Accuracy Improvement: The
framework achieves factual accuracy
above 96%, showing a strong
improvement over baseline generation
approaches.

e Evidence Coverage Improvement:
Evidence coverage reaches at least 85%,
indicating  that most  summary

statements are supported by retrieved
biomedical evidence.

¢ Unsupported Content Control:
Unsupported content is maintained
below 5%, which improves the safety
and trustworthiness of the generated

summary.
These improvements show that retrieval
grounding, fact verification, and citation

mapping together provide stronger reliability
than generation-only summarization.
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Result Interpretation

The improved performance of the proposed
system can be attributed to the following design
factors:

1. Evidence-Guided Generation

The summarizer generates the draft summary
only from retrieved biomedical passages. This
reduces the chance of adding unsupported
information that is not present in the source
evidence.

2. Sentence-Level Fact Verification

Each generated sentence is checked individually
against the retrieved evidence. This fine-grained
verification helps detect unsupported or weakly
supported claims before the final summary is
produced.

3. Citation Mapping

Each verified sentence is linked with its
supporting source passage. This improves
transparency and allows users to trace summary
claims back to the original biomedical literature.
4. Reliability Scoring

The system calculates a reliability score using
evidence coverage, citation quality, verification
results, and unsupported content rate. This gives
users a measurable indication of summary
trustworthiness.

5. Multi-Agent Coordination

The pipeline divides the summarization process
into specialized agents. Retrieval,
summarization, fact-checking, citation mapping,
and evaluation are handled separately, which
prevents errors from passing through the
system unchecked.

Observations
The  analysis provides the following
observations:

e The system performs consistently

across different biomedical queries.

e Multi-document summarization
becomes more coherent because only
relevant retrieved evidence is used.

e Redundancy is reduced through
evidence selection and controlled
summary generation.

e Offline deployment supports privacy
and reproducibility without major loss
of summarization reliability.

e The combination of retrieval and
sentence-level verification is important
for maintaining a low hallucination rate.

e (itation mapping improves user
confidence because every major claim
can be traced back to supporting
evidence.
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Key Insight

The most important finding is that reliable
biomedical summarization cannot be achieved
through language generation alone. A fluent
summary is not necessarily a factual summary.
Trustworthy biomedical summarization
requires a structured combination of retrieval,
controlled generation, sentence-level
verification, citation attribution, and reliability
evaluation.

The proposed BioEvidence-RAG framework
demonstrates that a multi-agent retrieval-
augmented design can improve factual accuracy,
reduce  hallucination, increase  evidence
coverage, and provide traceable biomedical
summaries. This makes the system suitable for
research and academic environments where
accuracy, transparency, and evidence grounding
are essential.

Conclusion

This work presents BioEvidence-RAG, an agentic
retrieval-augmented generation framework
designed to produce reliable, evidence-
grounded, and traceable summaries from
biomedical literature. The proposed system
addresses major limitations of existing
summarization approaches, especially
hallucination, weak citation support, lack of
sentence-level verification, and dependence on
cloud-based infrastructure. By integrating
biomedical evidence retrieval, controlled
summary generation, fact verification, citation
mapping, and reliability evaluation into a unified
multi-agent pipeline, the framework ensures
that generated summaries are not only readable
but also supported by source evidence.

The experimental results show that the
proposed system performs strongly across both
traditional =~ summarization = metrics  and
reliability-focused measures. High factual
accuracy, evidence coverage above 85%, and
hallucination rate below 5% indicate that the
framework improves the trustworthiness of
biomedical summaries. The use of sentence-
level verification helps identify unsupported
claims, while citation mapping allows each
validated statement to be traced back to its
original evidence. Reliability scoring further
improves transparency by giving users a
measurable indication of summary confidence.

A significant contribution of the system is its
offline execution capability. Since the complete
pipeline runs locally using indexed biomedical
corpora, the framework supports privacy,
reproducibility, and independence from external
APIs or cloud-based services. This makes the
system suitable for academic research
environments, institutional literature review
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tasks, and biomedical settings where data
control and traceable outputs are important.

The modular multi-agent design also makes the
framework flexible for future extension.
Additional biomedical corpora, domain-specific
verification methods, improved entity matching,
advanced citation validation, or specialized
clinical summarization modules can be
integrated without changing the complete
system structure.

Overall, the study demonstrates that reliable
biomedical summarization cannot depend on
generation alone. Trustworthy outputs require
retrieval, evidence selection, controlled
generation, verification, citation attribution, and
reliability assessment working together. The
proposed BioEvidence-RAG framework provides
a practical and transparent solution for
researchers, clinicians, and academic users who
require accurate, evidence-backed, and
auditable biomedical summaries for knowledge
synthesis and decision support.
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