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This study presents a novel, hybrid LLM pipeline that integrates retrieval-augmented generation (RAG), LLM-based re-ranking, and
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Health researchers face a time-consuming burden when manually verifying clinical and economic claims in literature. 

Systematic reviews and health technology assessments demand meticulous multi-reviewer scrutiny of large text corpora.1 

Early experiments have explored using GPT-4 to automate parts of this process. For example, GPT-4 matched human 

reviewers in screening abstracts during a PRISMA systematic review, suggesting it could replace one human screener.1-2 

However, naïve LLM evaluators remain imperfect: in one study GPT-4’s agreement with human quality appraisal of case 

studies was only moderate, indicating current models aren’t yet rigorous enough for full autonomy.1-2

Recent research is moving beyond one-shot GPT-4 evaluations toward more sophisticated “LLM-as-judge” models.3 These 

approaches combine retrieval augmentation and iterative self-critiquing to improve factual accuracy. For instance, AlignRAG 

introduced a Critic LLM that iteratively refines answers via evidence-based critiques, actively aligning the reasoning with 

retrieved evidence.3 Likewise, the TextGrad framework treats the LLM’s feedback as a “gradient” – the model evaluates its 

output, criticizes flaws, and updates its response in a loop.4 Such pipelines hold promise for expert-level claim verification in 

medical and health economics research, where answers must be not only correct but also well-supported by cited literature.
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This study aimed to design and evaluate a hybrid AI judge model for structured evaluation of medical and economic claims. 

Our primary objectives were:

• Automate Evidence-Based Claim Review

Replace or augment manual screening and appraisal by integrating retrieval, reasoning, and critique steps in a single 

pipeline.

• Improve Judgment Accuracy via Iterative Critique

Apply TextGrad-refinement to generate structured verdicts (TRUE / PARTLY TRUE / FALSE) that align more closely with 

PubMed evidence.

• Test Cross-Domain Robustness

Validate the method across diverse medical claims (e.g., efficacy, safety, cost-effectiveness) to assess generalizability 

beyond a single disease.

• Enforce Citation Transparency

Require every output to justify its verdict using explicitly cited PubMed IDs, increasing the accountability and verifiability 

of model reasoning.

We developed a hybrid Retrieval-Augmented Generation (RAG) + TextGrad pipeline to serve as 

an automated judge model (Figure 1) for scientific claims. Key components of the method 

include:

•Iterative Retrieval with Query Expansion: Instead of relying on a static query, it dynamically 

expands the search space by encoding the original claim and selecting the most semantically 

similar medical concept from a predefined list of candidate terms (e.g., drug classes). In each 

iteration the system uses a LLM (DeepSeek-R1) to generate new, focused search queries based 

on the most relevant previously retrieved abstracts, allowing the pipeline to uncover pivotal 

RCTs, head-to-head studies, and real-world, observational studies supporting the claim.3,5

•LLM-Powered Abstract Re-ranking (DeepSeek-R1): To improve evidence quality, the pipeline 

re-ranks retrieved PubMed abstracts using DeepSeek-R1 based on scientific relevance to the 

original claim. This LLM-based analysis emulates expert judgment and ensures that highly 

pertinent references—such as high-quality randomized trials or cost-effectiveness studies—are 

prioritized over less relevant articles like general reviews or observational reports.

•Iterative Critique via TextGrad: An initial verdict on the claim is generated by an LLM given 

the top retrieved evidence. We then refine this output through TextGrad-based iterative 

feedback. In each iteration, a critic model analyzes the answer while its citations detect any 

reasoning misalignments or missed evidence.4 This process is repeated, guided by a relevance-

weighted objective that penalizes unsupported statements and rewards alignment with the cited 

evidence. Over successive critique rounds, the claim evaluation becomes more refined and 

evidence-grounded.4

•Structured Verdict with Evidence Constraints: The final output is constrained to a structured 

format: a categorical judgment (TRUE, PARTLY TRUE, or FALSE) accompanied by supporting 

references (identified by PubMed ID). The model must justify its decision using the retrieved 

literature, citing specific PMIDs as evidence. This structured approach imposes discipline on the 

LLM’s output – it mirrors frameworks in scientific fact-checking that label claims as supported, 

refuted or neutral based on literature evidence.6 Crucially, the judge model is not free to 

generate open-ended text; it must produce a verdict and rationale that directly reference the 

retrieved documents, enforcing accountability and verifiability in its evaluation.

Figure 1: Structured Medical 

Claim Evaluation

The LLM-powered, relevance, distribution plot 

(Figure 2) showed that most retrieved studies 

were recent—published between 2023 and 

2025—highlighting the system's focus on up-to-

date evidence. However, a subset of the retrieved 

articles (approximately 8%) were non-relevant to 

the original claim, covering unrelated topics. This 

confirms the mixed-quality retrieval landscape 

common in IBD-related queries and reinforces the 

importance of re-ranking and query reformulation. 

This initial heterogeneity was substantially 

mitigated by the downstream TextGrad judge 

model (Table 1), which refined the noisy abstract 

set into structured, citation-backed verdicts 

specific to gastroenterology treatment 

comparisons.

For each claim we manually provided, the model 

iteratively refined its output, shifting from coarse 

initial assessments to nuanced final judgments. 

Importantly, each verdict was constrained to cite 

specific PubMed IDs, enabling transparent clinical 

reasoning. This layered architecture—combining 

augmented retrieval, LLM-based reranking, and 

TextGrad optimization—demonstrates how 

progressive stages can convert a semi-relevant 

document set into precise, evidence-aligned 

decision support for IBD. 

The result is a reproducible framework for AI-led 

claim adjudication, grounded in trial data and real-

world risk-benefit profiles in gastroenterology.

Figure 2:  Retrieved Abstracts

Table 1:  Verdict Examples across Medical Claims

This study presents a novel hybrid LLM pipeline that integrates iterative retrieval with query expansion, open-source LLM-

based abstract re-ranking (DeepSeek-R1), and multi-hop critique via TextGrad to automate the evaluation of medical and 

economic claims in recent medical literature, with a specific focus on treatment comparisons in ulcerative colitis.

By combining retrieval, re-ranking, and structured verdict enforcement, the system transforms noisy literature sets into 

citation-backed judgments. 

This framework has accountability and transparency of automated claim adjudication, important for AI work, particularly in 

complex disease areas such as ulcerative colitis.

These findings suggest that multi-agent LLM systems are not only viable replacements for manual reviewers but can also 

enhance the speed and reliability of evidence synthesis for HTA, regulatory, and market access decisions. 

By analyzing data derived from the healthcare environment and streamlining operations in medical content generation, AI 

advances data-based prioritization and evaluation.7

Future research should address computational trade-offs and explore cross-disease generalizability. Extension of this 

pipeline to query trial registries and grey literature and apply bias-aware LLM critique—could also enable detection and 

adjustment for publication bias in future projects.

Stage Core Method

RAG + Query 

Expansion

Dynamically reformulates search queries using embedding-guided expansion
• Leverages DistilBERT similarity to inject high-relevance terms (e.g., "JAK inhibitors")
• Maximizes retrieval of relevant PubMed abstracts across multi-hop RAG iterations

DeepSeek-R1
• Re-ranks retrieved abstracts

• Prioritizes evidence most likely to support or refute claims

TextGrad

• Applies iterative self-critique to improve claim judgments

• Produces structured verdicts (TRUE / PARTLY TRUE / FALSE) with cited 

PubMed IDs

Table 2: Summary of novel AI methodology utilized for judging medical claims

• Layered AI Judgment: A hybrid pipeline combining embedding-based query expansion, LLM-powered abstract re-ranking (DeepSeek-

R1), and iterative multi-hop critique (TextGrad) produces structured, citation-backed verdicts for medical and economic treatment claims in 

ulcerative colitis.

• Query Optimization: Dynamic query reformulation using semantic similarity and multi-hop expansion significantly improves retrieval 

quality, surfacing high-relevance PubMed studies—including pivotal RCTs and real-world comparative evidence.

• Evidence-Backed Verdicts: TextGrad refines initial outputs through iterative feedback and citation validation, delivering transparent, 

PubMed-anchored judgments (TRUE / PARTLY TRUE / FALSE).

• Domain Scalability: This modular framework is applicable to any therapeutic area—extending to domains like oncology, rare diseases, 

and health economics—where structured literature verification supports payer negotiations and regulatory filings.

From Retrieval to Verdict: A Hybrid LLM Pipeline for Evaluating 

Medical and Economic Claims

Limitations: 
• Computational complexity and scalability – The multi-stage process, iterative retrieval with query expansion, LLM-powered re-ranking, and 

TextGrad critique incurs substantial compute and latency overhead.

• Reliance on LLM accuracy – Both DeepSeek-R1’s re-ranking and TextGrad’s self-critique depend on the underlying language models’ 
reasoning and factual alignment.
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