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 To evaluate the accuracy, completeness, and evidence traceability of a RAG-based multi-agent generative AI framework in updating an existing SLR and 
its associated report with newly identified evidence, under continuous human expert oversight

 To assess the efficiency of the AI-assisted SLR update approach compared to conventional manual updating workflows, in terms of reduction in update 
timelines and human effort required to achieve publication-ready, regulatory-aligned outputs

 Systematic literature reviews (SLRs) are the gold standard for synthesizing clinical and health economic evidence, forming the foundation of health 
economics and outcomes research (HEOR) decision-making, health technology assessments (HTA), and regulatory submissions1

 Approximately 23% of all SLR studies become outdated within two years of publication, as reviewers fail to incorporate newly published evidence, 
highlighting the critical need for efficient, timely update mechanisms2

 Performing SLR updates demands significant effort due to the rapid growth of available evidence and the lack of detailed protocol documentation, making 
the update process particularly challenging when different researchers carry out the update3

 Retrieval-Augmented Generation (RAG) enhances large language models by integrating external knowledge retrieval to improve factual consistency and 
reduce hallucinations, offering particular promise for evidence synthesis applications in healthcare3

 Building on a previously conducted SLR (Kaur et al., 2025), this study evaluated a RAG-based multi-agent generative artificial intelligence (AI) framework 
to update existing SLR reports with newly identified evidence - preserving traceability, maintaining previously validated content, and ensuring continuous 
human oversight throughout the update process5,6

Science-led HEOR & Tech-driven AI
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 A previously conducted SLR and its associated report, originally developed in 2024, served as the base for this study, providing the foundational evidence 
structure, validated content, and established reporting framework for the update process5 

 An AI-assisted SLR update was conducted by searching relevant databases to identify newly published studies over the two-year update period, 
supported by automated data extraction tools operating within a human-in-the-loop framework requiring approximately 10-20% human effort (Figure 1)

 Newly identified studies were incorporated into a RAG-based multi-agent framework, which updated relevant sections of the existing SLR report including 
humanistic burden, economic burden, and unmet needs without modifying previously validated content 

 A standardized evaluation framework was implemented whereby all updated report sections were independently assessed by a human subject matter 
expert (SME) using a 5-point Likert scale across three domains: factual accuracy, completeness, and evidence traceability

 Iterative refinement was applied in cases where minor terminology adjustments or presentational improvements were required, ensuring all outputs met 
established SLR reporting standards before finalization

 Over the two-year update period, five newly published studies were identified through the AI-assisted SLR update process, confirming the framework's 
ability to support a living SLR model, enabling continuous, periodic incorporation of newly published evidence into an existing validated report structure 
without requiring a full review and rebuild from scratch

 Compared with traditional manual updating workflows, the AI-enabled framework reduced update timelines by approximately 80-85%, significantly 
accelerating the evidence generation process and establishing a sustainable, resource-efficient update model for long-term living SLR maintenance in 
HEOR decision-making

 Automated data extraction tables were generated for all newly identified studies using a human-in-the-loop approach, requiring only approximately 10-
20% human effort, substantially reducing the manual burden associated with conventional data extraction workflows while maintaining analytical accuracy

 The finalized extraction tables were subsequently uploaded into the framework and used to update the existing SLR report, the RAG-based architecture 
proved particularly suited to this living SLR workflow, retrieving and contextualizing only newly identified evidence against the existing report, ensuring 
updates were additive and targeted rather than requiring re-processing of the entire evidence base

 The framework generated revised narrative text, tables, and figures directly within the original manuscript structure without modifying previously validated 
content - meeting a critical requirement for living SLR compliance and ensuring continuity, traceability, and integrity of the existing report across update 
cycles

 All updated tables and figures were appropriately aligned with the evidence, and most updated report sections, including humanistic burden, economic 
burden, and unmet needs, were rated as "Strongly Agree" or "Agree" by the human expert on the 5-point Likert scale, reflecting high factual accuracy and 
clear linkage to source evidence. Minor terminology refinements were required in a limited number of cases, addressed through iterative human review

 The framework's ability to maintain evidence’s traceability and audit-readiness across update cycles positions it as a viable tool for regulatory-aligned 
living evidence synthesis in HTA and reimbursement submissions

Figure 1: Schematic diagram of the AI-assisted SLR writing process

KEY FINDINGS

✓ Report sections rated "Strongly Agree" or "Agree" for factual accuracy

✓ Revised narrative text, tables, and figures generated within original 
manuscript structure

✓ Previously validated content preserved without modification

~ Minor terminology refinements required in limited cases

CONCLUSIONS

 The RAG-based generative AI framework successfully supported a living SLR - enabling efficient, periodic incorporation of newly published evidence into an existing validated report structure, with update timelines reduced by approximately 80-85% compared to conventional manual workflows and requiring only 

10-20% human effort for data extraction

 Continuous human expert oversight remained integral to ensuring terminology accuracy, methodological rigor, and adherence to SLR reporting standards - reinforcing that generative AI serves as a powerful enabler of responsible, efficient evidence synthesis rather than a replacement for specialist expertise
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Efficient AI updating: A RAG-based generative AI framework can efficiently 
update existing SLRs while maintaining transparency and full evidence 
traceability

Human oversight: Human-in-the-loop design ensures continuous oversight 
and compliance with evidence generation standards throughout the process

Significant cost efficiency: Lower overall resource burden due to reduced 
human effort and streamlined workflows, compared to traditional manual 
approaches

Scalable & compliant: Offers a practical and responsible pathway for AI 
adoption in HEOR evidence generation at scale

Significant time savings: Update timelines reduced by 80-85% compared to 
traditional manual workflows without compromising accuracy

AI: Artificial Intelligence; LLM: Large Language Model; NICE: National Institute for Health and Care Excellence; PICO: Population, Intervention, Comparator, Outcome; QC: Quality Control; R1: Reviewer 1; R2: Reviewer 2; SME: Subject Matter Expert; UK: United Kingdom 

Regular monthly/Quarterly/half-yearly/annual updates during data collection 
and extraction phases

Based on newly identified evidence from regular updates, reports and 
feasibility assessments can be updated rapidly and automatically

Rapid and automatic updates of ITC/NMA and JCA dossier with new data or 
finalized PICOS

Define the SLR 
objectives

1.1: SCOPING THE QUESTION
Research question
Rationale & gap analysis
Scope boundaries
Stakeholder alignment

1.2: FRAMEWORK ELEMENTS
PICO & Eligibility

Data Collection

3.1: SCREENING PROCESS

 Standard two review QC process
 Hybrid Human + AI (Accepted by 
NICE UK)
 Parallel LLM + Human oversight

Extraction & RoB

4.1: DEFINE EXTRACTION TABLES
 Define extraction grid
 Run extractions
Study details
Population characteristics
Outcomes (Continuous and binary)
Risk of bias & Quality appraisal checklist

4.2: REVIEW PROCESS
 Standard two review QC process
 AI assisted extraction + Human QC

Database Searches

2.1: SOURCE STRATEGY
Core databases: MEDLINE, 
Embase, Cochrane CENTRAL

2.2: QUERY CONSTRUCTION
 Concept blocks: PICO terms 
mapped
 MeSH / Emtree + Boolean logic
 Filter calibration: date limits, 
study-type, language filters

Submission-ready reports

Traditional Dual-Reviewer
2 HUMANS + QC

Records
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Human · Blinded
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consensus · QC review

Included Studies
final corpus

Hybrid Human + AI
R1 HUMAN · R2 AI · SME ADJUDICATION

Records

R1 · Human
expert reviewer

AI
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validated model

CONFLICT?
disagreement

Included Studies

NICE-accepted pathway. Single human reviewer paired with a 
validated AI as the second independent reviewer; a subject-
matter expert adjudicates all disagreements

Parallel LLM Triad + QC
3 LLMS · HUMAN QC

Records

LLM
Model B

Consensus Layer
majority vote · confidence score

Included Studies

Frontier model. Three heterogeneous LLMs screen in parallel; 
a consensus layer flags agreement & disagreement; a human 
reviewer performs targeted QC and final sign-off

Gold standard. Two blinded reviewers independently screen 
all records. Discrepancies resolved by consensus or third 
reviewer. High reliability – high time cost

3rd Human SME
Resolves conflict

Human Reviewer
QC · audit · sign-off

LLM
Model C

LLM
Model A

Human SME review

Narrative summary
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Update in 
single click
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