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Abstract001

Evidence-based medicine (EBM) holds a cru-002
cial role in clinical application. Doctors can003
reduce diagnostic errors by integrating high-004
quality evidence. Moreover, large language005
models (LLMs) based methods like RAG can006
make EBM tasks more efficient. However,007
RAG applications retrieve irrelevant or con-008
flicting evidence and struggle to validate. This009
will increase the risk of incorrect clinical deci-010
sions. Therefore, inspired by the meta-analysis,011
we provide a new method to re-rank and fil-012
ter the medical evidence. We employ a hybrid013
re-ranking pipeline called Meta-RAG, which014
includes reliability analysis, heterogeneity anal-015
ysis, and extrapolation analysis, inspired by the016
meta-analysis. Meta-RAG can filter and re-rank017
medical evidence in a training-free manner to018
meet clinical needs. For evaluation, We test019
META-RAG with three baselines on multiple020
datasets in open-domain and multiple-choice021
clinical QA tasks. The experimental results022
show there is a stable improvement on quality023
of evidence and answer accuracy across mod-024
els of different types and sizes. Meta-RAG025
also effectively enables RAG to extract more026
consistent and more patient-specific.027

1 Introduction028

Evidence-Based Medicine (EBM) is gradually be-029

ing embraced by doctors as an essential discipline030

in the medical field (Subbiah, 2023). Using EBM031

can significantly reduce the risk of misdiagnosis032

by referring to the retrieved medical articles. As033

the volume of medical evidence grows, doctors034

start to rely on artificial intelligence (AI) technol-035

ogy to assist in the practice of EBM (Djulbegovic036

and Guyatt, 2017). The key requirement from AI037

is to leverage all available resources, extracting038

and synthesizing all relevant evidence to arrive039

at a comprehensive conclusion (Clusmann et al.,040

2023). However, due to the limitation of memory041

capacity, small-scale models often struggle to deal042
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Figure 1: When traditional RAG processes a query, it
probably retrieves evidence including conditional re-
sults and outdated conclusions. This will mislead the
generator to mistakes.

with a large amount of evidence (Friedman et al., 043

2013; Nadkarni et al., 2011). Recently, Large Lan- 044

guage Models (LLMs) have been presented, which 045

are equipped with a long input restriction and ex- 046

ceptional comprehension ability. There have been 047

breakthroughs in using LLMs to assist EBM. 048

With the iterative advancements in LLM technol- 049

ogy, innovative methods like Retrieval-augmented 050

Generation (RAG) and knowledge fine-tuning have 051

emerged (Alam et al., 2023). They can minimize 052

the knowledge errors made by LLMs (Zhang et al., 053

2023; Huang et al., 2023). The core process of 054

RAG, which involves retrieving evidence and gen- 055

erating diagnoses, closely aligns with the funda- 056

mental principles of EBM. As a result, RAG has the 057

most potential to enhance the efficiency of EBM. 058

However, RAG faces several limitations when ap- 059

plied to clinical medicine. EBM requires a highly 060

rigorous process for selecting and filtering the re- 061
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trieved evidence (Sackett et al., 2008). Traditional062

RAG fails to adequately address this process be-063

cause of the complexity of medical articles. This064

oversight often leads to the retrieval of conflicting065

and redundant evidence. For instance, as illustrated066

in Figure 1, the vanilla RAG probably retrieves067

a large volume of unhelpful and non-reliable ev-068

idence. This evidence may include conditional069

results and outdated conclusions. Consequently,070

RAG selects this evidence to mislead the response,071

which will significantly restrict the accuracy.072

To address the above issues, we develop META-073

RAG for evidence re-ranking and filtering in RAG074

for EBM. By acquiring more reliable and valid075

evidence, this method enables RAG to retrieve evi-076

dence that is both more trustworthy and consistent,077

thereby reducing erroneous judgments. We emu-078

late the principles of meta-analysis, which focuses079

on three key aspects: (1) reliability, (2) hetero-080

geneity, and (3) extrapolation (Lipsey, 2001; Egger081

et al., 1997; Hansen et al., 2022). META-RAG fil-082

ters out inconsistent evidence and presents reliable083

and rigorous evidence to the response model. As084

shown in Figure 2, first, we gather the related med-085

ical articles and assign a base score to each article086

based on its publication type. Then, we analyze087

the evidence and compute the reliability score. We088

filter the heterogeneous articles and evaluate the089

extrapolation parameters. Finally, the reliable and090

high-quality articles are selected and passed to the091

generator. We present the experiments and results092

to prove our method effectively resolves the issues093

of low-quality and conflicting evidence.094

Our contributions can be summarized in three095

aspects:096

• We propose a meta-analysis inspired re-097

ranking pipeline for RAG, which evaluate the098

evidence in reliability, heterogeneity and ex-099

trapolation.100

• We propose LLM-based heterogeneity analy-101

sis and extrapolation analysis for selecting the102

optimal medical evidence set using.103

• We conduct an evaluation method for the qual-104

ity of evidence in multiple-choice question105

task. This method can clearly highlight the106

improvement in evidence quality brought by107

re-ranking.108

2 Related Works 109

2.1 EBM and Meta-Analysis 110

EBM aims to make the best clinical decisions by 111

integrating the best research evidence, clinical ex- 112

pertise, and patient preferences (Subbiah, 2023; 113

McMurray and Packer, 2021). However, doctors 114

can not trust AI models because of hallucinations. 115

They would like to choose the time-consuming and 116

subjective manual approach unless the LLMs (Li 117

et al., 2024). To eliminate biases arising from sub- 118

jective choices, researchers propose the method 119

known as meta-analysis. Meta-analysis is a quan- 120

titative research technique designed to systemati- 121

cally integrate the results of multiple independent 122

studies to provide more rigorous conclusions. It is 123

widely used in fields like medicine, social science, 124

and education, especially in studies derived from 125

experiments (Borenstein et al., 2021). In meta- 126

analysis, researchers aggregate data from multiple 127

independent studies and conduct uniform statistical 128

analyzes to determine overall effect sizes or other 129

relevant statistical metrics (Hansen et al., 2022). 130

However, each meta-analysis requires manually 131

compiling more relevant literature, which is highly 132

complex. Therefore, we hope to utilize the core 133

comparative elements of meta-analysis and employ 134

LLMs to assist users in evaluating evidence. 135

2.2 RAG in EBM 136

LLMs have recently made significant progress in 137

natural language processing. High-performance 138

models like GPT-4o (Achiam et al., 2023) have 139

achieved substantial breakthroughs in fields such 140

as medicine, military, and law. Google MED- 141

PALM (Singhal et al., 2023) suggests that LLMs 142

can be applied in many tasks within clinical. With 143

RAG method, the LLMs can deal with these com- 144

plex tasks with few hallucinations (Lewis et al., 145

2020). The principle of EBM, which relies on 146

extensive medical evidence for decision-making, 147

aligns well with this approach. RAG generative 148

method is particularly well-suited for EBM and 149

serves as an effective tool for assisting doctors in 150

resolving clinical issues. 151

However, medicine constantly evolves at a 152

rapid pace, leading to inconsistencies in view- 153

points among publications like the articles in 154

PubMed (White, 2020). RAG may retrieve out- 155

dated, incorrect, and restricted theories. They may 156

have once been accepted but no longer correct be- 157

cause of the proposal of a new theory. This phe- 158
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Figure 2: The pipeline of META-RAG includes (1) reliability analysis, (2) heterogeneity analysis, and (3) extrapola-
tion analysis. Our method incorporates these three stages to re-rank and filter evidence, providing as high-quality
evidence as possible to (4) generator LLM.

nomenon will result in some conclusions being159

inapplicable to the actual situation.160

2.3 Evidence Re-Ranking161

Currently, there are three main methods for optimiz-162

ing the evidence retrieved during the RAG process:163

scoring based on similarity, training models, and164

LLMs that have re-ranking capabilities (Wang et al.,165

2025; Movin and Hauff, 2025; Gao et al., 2023).166

However, in medical settings, evidence ranking is167

too complex for the first two approaches. Clear168

supervision on evidence order is also unavailable169

for training. In addition, these two approaches lack170

interpretability. Their ranking results are therefore171

hard to justify to users. For the third method, using172

inter-agent deliberation to perform evidence self-173

ranking or self-reordering is an efficient zero-shot174

approach (Miao et al., 2023; Zhai et al., 2025; Ma175

et al., 2023). Inter-agent collaboration can indeed176

prioritize important evidence. However, a simple177

reordering scheme does not clearly indicate how178

the model should evaluate evidence. We therefore179

propose META-RAG.180

3 Method181

3.1 Task Definition182

To align with the principles of EBM, we aim not183

only to deliver convincing answers but also to184

present high-quality evidence. We define medi-185

cal queries Q from users as system inputs and then186

respond A and retrieved evidence E as the output.187

As shown in Figure 2, our main pipeline focuses on188

the re-ranking and filtering steps of the evidence in 189

RAG. At the end of the re-ranking and filtering sec- 190

tion, we pass high-quality articles with their orders 191

to the generator. In this task, we evaluate the evi- 192

dence across three distinct dimensions: reliability 193

analysis, heterogeneity analysis, and extrapolation 194

analysis. These analyses enable us to assess the 195

reliability of the evidence, exclude untrustworthy 196

findings, and determine whether the results can be 197

applied to the patient. After re-ranking evidence, 198

the most effective pieces of evidence and their or- 199

der are passed to the response model to generate 200

recommendations for the queries. 201

3.2 Evidence Retrieval 202

In the first step, we construct evidence set by dense 203

retrieval based on semantic embeddings. However, 204

there are some article types lacking key fields such 205

as abstracts in PubMed (White, 2020). To address 206

these problems, we employ a hybrid retrieval ap- 207

proach. We simultaneously search the article titles, 208

abstracts, and MeSH (Medical Subject Headings) 209

keys in the articles. By calculating and aggregating 210

the similarity scores across these three different 211

tags and ranking them, we ultimately select the 212

evidence set E with the each query. 213

3.3 Reliability Analysis 214

After obtaining highly relevant evidence, we first 215

grade the articles by their background information. 216

As shown in Figure 3, we mainly score the evidence 217

E with the rules of the publication type, publication 218

date, and LLM judgments. 219
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Figure 3: The pipeline of the reliability analysis. We
synthesize the information and the judgments of LLM
to show the reliability of each evidence.

Initially, we assign base scores based on the pub-220

lication type and publication date (Polit and Beck,221

2004). We categorize all evidence types into seven222

levels based on the evidence hierarchy in evidence-223

based medicine, and we assign scores according to224

these levels. Also, we set additional scores for the225

articles by their publication dates.226

We also employ an LLM for a more fine-grained227

reliability analysis. Meta-analyses typically ana-228

lyze the randomization of literature, data integrity,229

presence of bias, and choices regarding blinding.230

These principles can reflect the validity of the ex-231

perimental conclusions in the article. We imple-232

ment this method, evaluating the evidence by three233

questions as detailed in Figure 3. The detailed ar-234

chitecture of prompts and questions is provided in235

the appendix. Ultimately, we sum three types of236

scores to provides the reliability score ri with Ei.237

A larger ri signify a more rigorous methodology.238

3.4 Heterogeneity Analysis239

After we score the evidence on reliability, we filter240

the evidence and enforce stance consistency. We241

apply an evidence filtering method inspired by het-242

erogeneity analysis (Higgins and Thompson, 2002).243

This analysis can remove studies with low quality244

and high heterogeneity. This step guarantees coher-245

ent evidence fed to the generative model.246

In this step, we apply the definition of hetero-247

geneity in the DerSimonian-Laird method (DerSi-248

monian and Laird, 2015). The inputs are article-249

claim pairs. Based on the characteristics of datasets,250

we approximate part of the model parameters and 251

define the measurement metric to represent the 252

stance of each article. 253

First, we create claims by combining the query 254

with each option. Each option defines a separate 255

claim. We ask LLMs to determine the stance of 256

each piece of evidence on each claim. We define 257

the label of each evidence as yi, and mark these 258

pairs as support, oppose, or irrelevant. 259

yi =


1, if i labeled “Support”,
0, if i labeled “Oppose”,
NaN, if i labeled “Irrelevant”.

(1) 260

Second we need to compute the heterogeneity of 261

the evidence set associated with each query. We 262

define k as the total number of studies retrieved for 263

a single query and vi as the variance estimate of 264

the ith study. We set the random-effects variance 265

τ2DL as the stance divergence of evidence group. To 266

calculate this, we should gather the pooled effect 267

θRE , and the study weights wi at this step. How- 268

ever, most original studies do not report standard 269

errors in the abstract. Therefore, it is not feasible 270

to compute these two quantities using the standard 271

meta-analysis pipeline. We assign an article-level 272

weight using the reliability score ri obtained in 273

the previous step. More reliable articles receive 274

higher weights. Then we can get the fixed-effect 275

θ̂FE. Formally, 276

θ̂FE =

∑k
i=1 ri yi∑k
i=1 ri

(2) 277

Then we calculate the heterogeneity statistic Q. 278

This variable represents the total standard deviation 279

of the entire set of articles. It serves as a prelimi- 280

nary indicator of the consistency of stances within 281

the article cluster. 282

Q =

k∑
i=1

ri
(
yi − θ̂FE

)2 (3) 283

Therefore, we get the heterogeneity τ2DL as fol- 284

lows. We compare the observed between-study 285

dispersion Q with the dispersion expected under 286

sampling error alone (k − 1). If Q is larger, the 287

excess is converted into the between-study variance 288

after weight adjustment; otherwise, we assume no 289

heterogeneity (τ2 (i)DL =0). Formally, 290

τ2DL = max

{
Q− (k − 1)∑k

i=1 ri −
∑k

i=1 r
2
i∑k

i=1 ri

, 0

}
(4) 291
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Finally, we define S as the set of all k studies292

and S(−i) as the set obtained by removing study i293

from S. As for the formula 4, we compute the294

τ
2 (−i)
DL for the S(−i) and calculate the decrease295

caused by this evidence. We define an acceptable296

maximum heterogeneity contribution M and a min-297

imum reliability score Rc. Based on the final out-298

comes, we determine whether each article should299

be excluded. Formally,300

∆i =
τ2DL − τ

2 (−i)
DL

τ2DL

(5)301

Algorithm 1 summarizes this process.302

Algorithm 1 Heterogeneity Analysis
Input: Query q, Evidence (E,R) =
{(E1, r1), . . . (Ek, rk)}, Hyperparameter M,Rc

Output: filtered evidence Ef = {E1, . . . Em}
1: vi ← σ ▷ Initialize
2: c1, c2, . . .← C(q) ▷ Combine claims
3: Ef ← {}
4: for ci ∈ C(q) do
5: y ← G(P0(c, Ei)) ▷ Generate evidence

labels
6: τ2DL ← maxD(q, y, vi, k) ▷ Calculate DL

variance
7: for e ∈ {Ei | i = 0 . . . k} do
8: Compute Qi =M(yi, vi)
9: Compute ∆i by Eq. (5)

10: if ∆i < M ∧ e /∈ Ef then
11: Add e to Ef

12: end if
13: if ∆i ≥ M ∧ e /∈ Ef ∧ ri > Rc

then
14: Add e to Ef

15: end if
16: end for
17: end for
18: return Ef ▷ Return the filtered evidence

3.5 Extrapolation Analysis303

To analysis the gaps between the users’ statics and304

the experimental conditions in the evidence, we de-305

sign an extrapolation parameter for each evidence.306

This parameter is calculated based on three steps.307

First, we split the query into background and ques-308

tion.309

Then, we use LLM with a carefully designed310

prompt to compare the background information311

and the evidence across the population, interven- 312

tion, and outcomes (Methley et al., 2014). Each 313

piece of evidence is assigned a fine-grained score 314

along each of these dimensions, and the detailed 315

architecture of this process is provided in the ap- 316

pendix. Formally, 317

Tj ← αTp + βTi + γTo (6) 318

Finally, we compute an overall extrapolation score 319

for each evidence relative to the user background. 320

We calculate the final ranking score S by both the 321

extrapolation score and the reliability score. For- 322

mally, 323

S =
k∑

j=1

r2jTj (7) 324

Algorithm 2 summarizes this process. 325

Algorithm 2 Extrapolation Analysis
Input: Query q, Evidence Ef , Rf =
{(E1, r1), . . . (Ef , rf )}, Hyperparameter α, β, γ
Output: Scored evidence (Ef , S) =
{(E1, S1), . . . (Em, Sm)}

1: S ← {} ▷ Initialize
2: Back,Que← C(q) ▷ split the background
3: for e ∈ {Ej | j = 0 . . .m} do
4: Tp ← G(P0(Back,Ej)) ▷ Generate

Population score
5: Ti ← G(P1(Back,Ej)) ▷ Generate

Intervention score
6: To ← G(P2(Back,Ej)) ▷ Generate

outcome score
7: Tj ← αTp + βTi + γTo ▷ Calculate

Extrapolation score
8: Sj ← r2jTj ▷ Calculate total ranking score
9: end for

10: return (Ef , S) ▷ Return the filtered evidence

4 Experiments and Results 326

4.1 Experimental Setup 327

Datasets In our experiments, we select and ex- 328

tract three datasets: Asclepius (Kweon et al., 2023): 329

Asclepius is a publicly available clinical instruc- 330

tion dataset built from synthetic clinical notes and 331

QA-style instructions for training and evaluating 332

medical LLMs. The dataset provides comprehen- 333

sive patient information, and both the questions and 334

gold answers are generated by GPT-3.5.(n=2000) 335

MedQA (Jin et al., 2020): MedQA is a med- 336

ical multiple-choice question(MCQ) benchmark 337
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Method D = 1 D = 2

Soft-Recall Soft-F1 SemSim LLM-E Soft-Recall Soft-F1 SemSim LLM-E

Llama-3.0-8B

Meta 0.765 0.654 0.780 0.463 0.760 0.652 0.771 0.473
w/o Evi 0.701 0.649 0.758 0.428 – – – –
Sim-Evi 0.697 0.652 0.756 0.375 0.694 0.650 0.755 0.385
Self-Evi 0.677 0.625 0.736 0.342 0.677 0.633 0.738 0.340

Qwen2.5-7B

Meta 0.782 0.569 0.785 0.524 0.760 0.652 0.771 0.324
w/o Evi 0.701 0.649 0.758 0.375 – – – –
Sim-Evi 0.697 0.652 0.756 0.36 0.694 0.650 0.755 0.380
Self-Evi 0.748 0.637 0.790 0.449 0.748 0.637 0.787 0.466

Qwen2.5-14B

Meta 0.803 0.562 0.805 0.790 0.760 0.652 0.771 0.604
w/o Evi 0.787 0.623 0.809 0.832 – – – –
Sim-Evi 0.786 0.617 0.804 0.880 0.786 0.621 0.804 0.861
Self-Evi 0.684 0.632 0.747 0.614 0.674 0.630 0.733 0.633

Table 1: Performance of Meta-RAG and baselines on 2000 Asclepius queries. D denotes the number of evidence
articles provided during generation. For the w/o Evi setting, the number of evidence items is independent of D. The
model generates responses without any evidence. Detailed evaluation setup is discussed in Section 4.2.

derived from USMLE examinations, designed to338

test clinical knowledge and reasoning.(n=5000)339

MMLU (He et al., 2019): From MMLU, we use340

only the MMLU-clinical subset. This is also a341

MCQ dataset. Since the questions are largely fac-342

tual, it serves as a good test of whether the evidence343

can locate the right piece of knowledge rather than344

rely on complex reasoning.(n=300)345

Evidence We take the PubMed (White, 2020)346

as the evidence database. This dataset provides347

a thorough organization of information from the348

literature. For each query, 15 articles are initially349

retrieved. In the step of reliability analysis, we also350

divide these articles into different levels by other351

rules and LLM shown in Figure 4. We then cat-352

egorize and rank studies based on their PubMed353

publication types. This procedure yields seven dis-354

tinct levels.355

Baselines We select three different baselines to356

compare the performance of the META: w/o Evi:357

To test the base performance of each model, we358

give no evidence to the LLM as w/o Evi. Sim-Evi:359

We provide the similarity based order of evidence360

as the Sim-Evi. We use the output after the retrieval361

directly serving as the most straightforward con-362

trol group for our method. Self-Evi: We provide363

evidence extracted based on the LLM as Self-Evi.364

This baseline is designed to demonstrate that our365

method offers a significant improvement over a366

straightforward LLM-based approach.367
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Figure 4: We divide the evidence type into 7 levels. In
reliability analysis, we categorize evidence from differ-
ent publication types and LLM judgments. The higher
level of evidence means a better publication type score.

4.2 Results on Open-Domain QA Datasets 368

As shown in Table 1, we report the performance of 369

our method on the Asclepius dataset. The queries 370

are too long for many models to produce valid 371

outputs. We therefore select the models reported 372

in the table. Also, we utilize following four eval- 373

uation metrics to demonstrate the improvements 374

of META-RAG. Soft-Recall: Sentence-level se- 375

mantic coverage of the gold answer by the pre- 376

diction, computed using SBERT cosine similarity. 377

Soft-F1: Sentence-level semantic F1 score that 378

summarizes how well the prediction semantically 379
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Method MedQA MMLU

D=1 D=2 D=3 D=4 Best D=1 D=2 D=3 D=4 Best

Llama-3.0-8B

Meta 44.0 38.0 40.7 39.3 44.0 42.7 42.0 42.0 39.3 42.7
w/o Evi – – – – 38.7 – – – – 36.2
Sim-Evi 25.3 29.3 31.9 32.6 32.6 25.3 29.3 31.9 32.6 32.6
Self-Evi 38.0 30.0 33.3 28.3 38.0 36.0 40.0 42.7 37.2 42.7

Qwen2.5-7B

Meta 51.5 52.0 48.5 42.5 52.0 49.3 46.0 50.7 46.7 50.7
w/o Evi – – – – 49.6 – – – – 49.3
Sim-Evi 44.5 43.5 42.5 43.5 44.5 43.3 43.7 48.4 44.3 48.4
Self-Evi 42.5 39.5 43.5 41.5 41.5 48.0 48.7 48.0 48.4 48.7

Mistral-7B

Meta 47.5 45.0 46.5 46.5 47.5 45.0 47.3 48.0 47.7 48.0
w/o Evi – – – – 43.5 – – – – 44.0
Sim-Evi 42.0 42.5 40.5 45.5 45.5 43.3 45.0 46.8 45.4 46.8
Self-Evi 42.5 39.5 43.5 41.5 43.5 43.3 44.7 45.3 46.7 46.7

Gemma-1.1-7B

Meta 41.0 41.5 43.0 40.0 43.0 36.0 34.7 35.3 40.0 40.0
w/o Evi – – – – 40.5 – – – – 34.7
Sim-Evi 34.0 31.5 30.0 31.0 34.0 35.3 36.6 35.5 37.1 37.1
Self-Evi 31.0 29.5 30.0 31.0 31.0 34.7 29.3 33.3 34.7 34.7

Table 2: Accuracy (%) of Meta-RAG and baselines on MedQA and MMLU. D denotes the number of evidence
articles provided during generation. Best reports the highest score among D=1–4 for each setting.

matches and covers the gold answer. SemSim:380

Global semantic similarity between the full predic-381

tion and the full gold answer. SemSim captures382

global semantic closeness, whereas Soft-F1 mea-383

sures sentence-level semantic coverage. LLM-E:384

LLM-Evaluation label in {correct, partial, incor-385

rect} given the question, gold answer, and predic-386

tion. The results in the table are strict accuracies387

computed using only the correct option.388

4.3 Results on MCQ Datasets389

Table 2 shows the performance of different types390

of LLMs, while Table 3 shows the performance of391

different sizes. We require the model to output the392

selected option letter first. If the response does not393

follow this format, the model is allowed up to five394

regeneration attempts. We then compute accuracy395

based on the final selected answers.396

4.4 Overall Analysis397

Our method consistently improves upon all the398

baselines of almost all LLMs. Across LLMs of399

different sizes and types, our Meta-RAG achieves400

substantial improvements over traditional evidence-401

ranking methods. In open-domain QA datasets, we402

find that the exact magnitude of improvement is403

hard to quantify. However, META-RAG markedly404

increases the recall of the model’s outputs. This405

pattern indicates that our method provides more406

comprehensive information, and the model incorpo-407

rates it into its responses. In MCQ datasets, we find408

that META-RAG yields a stable improvement in an- 409

swer accuracy across settings. The best-performing 410

model, Llama-3-8B, achieves up to an 11.4% gain 411

on the MedQA dataset. 412

4.5 Analysis on Evidence Numbers 413

The performance floats by different evidence bud- 414

gets have multiple causes. Some models show sub- 415

stantial prompt and question forgetting when given 416

long evidence. Large evidence set becomes a heavy 417

burden for these models. In addition, when the task 418

is not difficult for a given model, excessive evi- 419

dence can constrain its reasoning and reduce its 420

headroom. These effects explain why accuracy can 421

drop in some settings even when more evidence is 422

provided. 423

4.6 Analysis on LLM Sizes 424

As shown in Table 3, our method delivers 425

steadily increasing performance on stronger mod- 426

els. Smaller models suffer significant drops when 427

exposed to too many input tokens. However, for 428

Qwen-14B and Qwen-32B, adding more evidence 429

consistently improves accuracy, indicating that our 430

evidence has low heterogeneity. 431

4.7 Ablation Study 432

To validate the efficiency of each step, we set mul- 433

tiple ablation experiments as shown in Table 4. 434

w/o Reliability: We set all the reliability scores 435

same. When calculating the highest-scoring ev- 436
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Method MedQA
D=1 D=2 D=3 D=4 Best

0.5B

Meta 25.00 24.70 23.92 23.88 25.00
w/o – – – – 24.64
Sim 23.80 23.50 23.62 23.80 23.80
Self 23.50 23.78 24.00 23.34 24.00

1.5B

Meta 28.42 30.26 30.56 30.82 30.82
w/o – – – – 35.08
Sim 26.52 28.84 28.12 27.40 28.84
Self 25.98 28.48 27.94 27.08 28.48

7B

Meta 50.76 51.04 50.74 50.56 51.04
w/o – – – – 50.58
Sim 47.04 47.08 46.66 47.18 47.18
Self 49.70 49.12 49.52 49.18 49.70

14B

Meta 59.20 60.00 60.72 60.90 60.90
w/o – – – – 58.36
Sim 56.58 56.76 56.32 56.94 56.94
Self 55.48 55.90 55.88 55.66 55.90

32B

Meta 63.28 64.08 64.00 64.32 64.32
w/o – – – – 62.06
Sim 59.14 60.24 60.30 60.10 60.30
Self 59.46 60.24 60.10 60.18 60.24

Table 3: Accuracy (%) for different sizes of Qwen-
2.5 models on 5,000 MedQA queries. D denotes the
number of evidence articles. Best reports the highest
score among D=1–4.

idence for heterogeneity analysis, we randomly437

select the first piece of evidence from the list. Both438

the quality of the evidence and the accuracy of the439

responses decrease in this ablation.440

Setting MedQA

D=1 D=2 D=3 D=4 Best

Meta 44.0 38.0 40.7 39.3 44.0
w/o R 36.7 40.0 34.0 37.3 40.0
w/o H 34.0 38.7 37.3 35.3 38.7
w/o E 34.0 33.3 34.7 34.7 34.7

Table 4: Ablation study of Meta on MedQA. D denotes
the number of evidence articles. w/o R: remove reliabil-
ity checking by setting all reliability scores to 1. w/o H:
remove heterogeneity analysis. w/o E: disable evidence
weighting by setting Tj = 1.

w/o Heterogeneity: we remove the heterogene-441

ity judgment process and directly re-rank the ex-442

tracted evidence based on reliability and extrap-443

olation. We observe a noticeable decline in the444

evidence contribution score and accuracy. This445

phenomenon suggests that some highly reliable but446

paradoxical evidence scores remain in the evidence447

and mislead the judgment of the generation model.448

w/o Extrapolation: We set all the extrapolation 449

parameters to 1. The accuracy decreases quickly. 450

Most queries in MedQA have background restric- 451

tion. Evidence with wrong population mislead the 452

judge of LLM. 453

4.8 Is the Evidence Better? 454

As shown in Figure 5, we employ another evalu- 455

ation metric to evaluate the evidence quality. We 456

assess the similarity between re-ranked evidence 457

and the gold clam. The higher similarity means 458

better evidence is provided. We observe that the 459

average quality of the evidence is effectively en- 460

hanced after Meta-RAG. Additionally, we can also 461

analyze that as the model size grows, the Self-Evi 462

group becomes more sensitive to good evidence. 463

Our experiments show that some models can select 464

higher-quality evidence but they are controversial. 465

As a result, the generative model becomes con- 466

fused. Therefore, most baselines can not surpass 467

Meta-RAG. 468

Figure 5: The similarity of each method between the
provided evidence and the ground-truth answer. We use
this metric to evaluate whether Meta-RAG can better
guide the model to the correct answer.

5 Conclusion 469

EBM currently needs robust automated tools to as- 470

sist in medical tasks. However, existing RAG for 471

EBM cannot ensure the evidence meets the strin- 472

gent requirements of medicine. Therefore, inspired 473

by the principles of meta-analysis, we propose a 474

META-RAG filtering and re-ranking method to 475

ensure the evidence is effective and reliable. We 476

conduct practical experiments on our method and 477

verify its improvements in accuracy and evidence 478

quality. We hope this work will assist researchers in 479

the medical field, promoting safer and more effec- 480

tive deployment of LLMs in medical applications. 481
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Limitations of the work482

Traditional tasks can’t effectively evaluate our483

evidence-ranking method. Our approach aims to484

guide the model to adhere to the principles of ev-485

idence screening and ranking in EBM, retrieving486

more effective and reliable evidence. Our method487

can enhance the acceptance of the screened evi-488

dence among the medical community. However,489

for traditional tasks, the improvement provided by490

our method is indeed not significant. This phe-491

nomenon compels us to add the level of evidence492

as an evaluation metric. In our subsequent work,493

we will seek evaluation methods that better reflect494

the unique characteristics of medical evidence.495

Ethical Statement496

This work aims to re-rank and filter the evidence to497

assist doctors in identifying diagnostic errors. We498

suggest that LLMs can never completely replace499

doctors. Additionally, all datasets used in this study500

are derived from publicly available datasets, and501

there is no leakage of personal privacy or confiden-502

tial information.503
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6 Appendix643

6.1 Retrieval644

In the first step, we conduct evidence retrieval645

based on query similarity with the datasets. We646

aim to retrieve as much relevant evidence as pos-647

sible. Therefore, we utilize the PubMed database,648

a vast repository of biomedical and life sciences649

research articles managed by the U.S. National Li-650

brary of Medicine. This database primarily consists651

of academic articles from plenty of publications652

with extensive information, like mesh heading and653

the article date.654

During the retrieval, we observe that many655

PubMed entries lack an abstract due to their publi-656

cation format, so relying solely on abstract-based657

retrieval is incomplete. Moreover, selecting arti-658

cles using only title similarity fails to capture other659

facets of the claim. To address these limitations, we660

employed three distinct retrieval strategies and then661

aggregated and deduplicated their results. For each662

candidate article, we extracted its abstract, title, and663

keywords, and computed similarity scores between664

each of these elements and the claim. We then665

selected the top ten articles per dimension—thirty666

in total—and deduplicated this set. Finally, we667

randomly sampled ten articles from the dedupli-668

cated pool and added them to the query’s document669

directory as our ten extracted pieces of evidence.670

6.2 Reliability Analysis671

After obtaining highly relevant evidence, we first672

grade the articles by their fundamental information.673

We combine rules and LLMs judgments to score674

their reliability. Initially, we access the Publication675

type from the information and evaluate the arti-676

cles’ quality level. We assign scores ranging from677

1 to 7 based on the medical principles (Polit and678

Beck, 2004). Recognizing that the publication date679

of an article can significantly influence its conclu-680

sions, we then sort the articles by their publication681

dates. We award an extra point to the most recently682

published articles on their base score. And as the683

article becomes less recent, the score we reward684

gradually decreases in tiers. This process results in685

our base score derived from rule-based filtering.686

Subsequently, we employ an LLM for a more687

fine-grained reliability analysis. Meta-analyses typ-688

ically analyze the randomization of literature, data689

integrity, presence of bias, and choices regarding690

blinding. These four principles can reflect the va-691

lidity of the experimental conclusions in the article.692

We implement this method with an LLM, evaluat- 693

ing the evidence from these four aspects as detailed 694

in Figure 4. We give the LLM a prompt to let it 695

judge the article and respond only four letters to 696

answer the questions. For each imperfection iden- 697

tified, we apply a penalty parameter to the article 698

score. Ultimately, this process provides us with a 699

more reliable ranking order.

Prompt1+Query +Prompt2+ Example+ 

Output restriction to LLMs

Query: A P1G0 diabetic woman is at risk of 

delivering at 30 weeks gestation. Her obstetrician 

counsels her that there is a risk the baby could 

have significant…… 

Retrieved evidence: Evidence1~10

LLM Response: 

[YYNY,NYYY,……,YNNY]

Level change score:

[-1,-1,……,-2]

Prompt1：
You are a professional medical expert. Please 

analyze the following content to determine 

whether the data was randomly selected, whether 

the data is complete, whether the conclusions are 

unbiased, and whether used the blind selection 

method.  

Prompt2：
Please analyze the content based on the four 

aspects mentioned earlier, and output the result 

only in 4 letters, as a string of Y and N to tell the 

yes or no , like: 

Evidence reliability score:

Level score+ date score+ Level change score

*different penalty factors are set to all the scores 

Figure 6: Details of the reliability score counting. This
step ensures the articles are ranked by their quality.

700

6.3 Heterogeneity Analysis 701

After obtaining the reliability scores, we need a het- 702

erogeneity analysis to ensure the content provided 703

to the generation model is closely aligned with the 704

scientific consensus. The traditional meta-analysis 705

need all experiment data to calculate the hetero- 706

geneity among all articles. However, we can only 707

access the abstracts of each medical publication, 708

and the raw data of the medical articles is always 709

Closed-source data. Therefore, our approach is to 710

filter out heterogeneous information only based on 711
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statistical reliability scores.

Prompt1+Query +Prompt2+ Example+ 

Output restriction to LLMs

Query: A P1G0 diabetic woman is at risk of 

delivering at 30 weeks gestation.…… 

Retrieved evidence: Evidence, reliability score

LLM Response: 

[Irrelevant ,Contradicts,……,Supported]

Heterogeneity filter:

*Score of group[Supported] > Score of 

group[Contradicts]

filter out group[Contradicts]

Prompt1：
You are a professional medical expert. Please 

analyze the following content to determine 

whether the two articles present conflicting 

viewpoints.

Prompt2：
Please analyze the content of the compare abstract 

and determine if it contradicts, supports, or is 

irrelevant to the base abstract. Only respond with 

one of the following words: 'Contradicts', 

'Supports', or 'Irrelevant', like:

Heterogeneity analysis:

Remain evidence:[Evidence1,……]

*The score of the top evidence is counted into the group[Supported] 

Figure 7: Details of the Heterogeneity analysis. This
ensures the consistency of the evidence provided to the
generation model.

712
Our filter method starts with selecting the713

highest-scoring documents from the reliability anal-714

ysis as the base articles. We compare the remaining715

articles to this article to determine if there are sup-716

portive, irrelevant, or contradictory relationships.717

We employ an LLM to categorize all articles ac-718

cordingly. Ultimately, we compare the total scores719

of articles that support the baseline against those720

that oppose it. The lower-scoring group has all its721

articles removed. This method helps retain a con-722

sistent and coherent set of evidence that enhances723

the quality and relevance of the information fed724

into the generation model.725

6.4 Extrapolation Analysis726

In addition to the generalizability analysis used in727

the main text, we also design an alternative vari-728

ant that relies solely on LLM assistance for gen-729

eralizability assessment. For the articles after the730

heterogeneity analysis, we prompt the LLM to dis- 731

cern whether the conclusions of these articles have 732

any racial or biological limitations and whether the 733

experimental results could cause significant side ef- 734

fects for specific populations as shown in Figure 8. 735

We adjust the scores positively for articles without 736

conditions, negatively for articles with applicable 737

conditions, and neutrally for those with unclear 738

conditions. This adjustment ensures that we obtain

Prompt1+Query +Prompt2+ Example+ 

Output restriction to LLMs

Query: A P1G0 diabetic woman is at risk of 

delivering at 30 weeks gestation.…… 

Retrieved evidence: Evidence, reliability score

LLM Response: 

[NYN,……,YYY]

Extrapolatability score:

[-2,……,0]

Prompt1：
You are a professional medical expert. Please 

analyze the following content and answer the 

following questions: 1) Does the article's 

conclusions have ethnic or biological limitations? 

2) Are the experimental results specifically 

targeted toward a particular regional population? 

3) Are the conditions for these limitations clearly 

stated?

Prompt2：
Please analyze the content based on the three 

aspects mentioned earlier, and output the result 

only in 3 letters, as a string of Y and N to tell the 

yes or no , like:

Remain evidence finale score:

Extrapolatability Score+ Reliability score

*different penalty factors are set to all the scores 

Figure 8: Details of the Extrapolation analysis. This
adjustment ensures that we obtain a score that truly
represents the quality of the help to the users.

739
a score that truly represents the quality of the help 740

to the users. After this analysis, we can provide the 741

top-scored evidence to the generation model, re- 742

sulting in a safe and reliable high-quality response. 743

This process not only enhances the applicability of 744

the responses but also ensures they are tailored to 745

the specific biological context of the user, increas- 746

ing the accuracy and safety of the medical advice 747

provided. 748

However, in our empirical experiments, we 749
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find that the large model’s extrapolability as-750

sessment was overly coarse-grained. As a re-751

sult, it tend to judge the vast majority of evi-752

dence as non-extrapolable, rendering the evalua-753

tion meaningless. To address this, we adapt the754

prompt shown in Figure 9, which provides a more755

fine-grained criterion for directly assessing the ex-756

trapolability of each piece of evidence to the user’s757

background.758

6.5 Experiments759

Parameters In our experiments, we set the input760

length of every model to its maximum to ensure761

effective responses for all baselines and META-762

RAG. We cap the output at 512 tokens for clarity763

and readability, and we truncate any excess. To764

maximize performance, we sweep the temperature765

over 0.3, 0.5, and 0.7 and report the best result.766

During retrieval, each computation retrieves at least767

five papers. We then deduplicate after merging768

evidence groups and ensure that at least ten papers769

remain.770

Other Evaluation As shown in Table 5, We em-771

ploy another evaluation metric to evaluate the ev-772

idence quality. We assess the contribution of our773

input evidence to the evidence options as a mea-774

sure of evidence quality. We observe that after775

reranking and filtering, the average quality of the776

evidence is effectively enhanced. Additionally, We777

also analyze the proportion of articles that have pos-778

itive evidence relevance. Our method successfully779

demonstrates that good evidence has been provided780

for the generation model. The evidence extracted781

by META-RAG is more closely aligned with the782

correct answers among the options.

Method ECS PPA (%)

Baseline1 N/A N/A
Baseline2 -1.8924 12.33
Baseline3 -0.8355 12.33
Meta-RAG -0.5718 12.62

Table 5: Evaluation of retrieved evidence quality. ECS
(Evidence Contribution Score) measures the average
similarity between retrieved articles and candidate op-
tions. PPA (Proportion of Positive Articles) denotes the
ratio of evidence articles that support the correct option.
ECS and PPA are not applicable to Baseline1 due to
unrelated evidence retrieval.

783
Also, we test the extrapolatation analysis com-784

ponent of the model. The results mainly reflect785

EP value Accuracy (%) ECS PPA (%)

-0.2 46.60 -0.5718 12.62
-0.3 41.75 -0.7156 14.56
-0.4 37.86 -0.5800 12.62

Table 6: Ablation study of the extrapolatation penalty
(EP) on MedQA. Higher accuracy and PPA indicate
better performance, while ECS closer to zero indicates
higher evidence contribution quality.

whether the evidence can effectively serve the user. 786

While this issue occurs less frequently in medical 787

problems, it is critical in EBM. We include this 788

module to ensure that users can access relevant 789

knowledge more precisely. For LLMs, the influ- 790

ence of this part seems less than the other two. 791

Therefore, as shown in Table 6, we implement a 792

more detailed experiment to test the influence of 793

extrapolatation penalty score. The experimental 794

results show that the model’s accuracy is highly 795

sensitive to the penalty coefficient. With an incor- 796

rect penalty coefficient, the output accuracy signif- 797

icantly decreases, which indirectly demonstrates 798

the necessity of this step in the process. 799

6.6 How about other LLMs 800

We also evaluated several of today’s top- 801

performing large language models. As illustrated in 802

Figure 7, we report GPT-4o’s performance on the 803

two datasets used in our study. We observe substan- 804

tial instability across different baselines. On the 805

MEDQA dataset, GPT-4o achieves its best results 806

when answering directly—without any supporting 807

evidence—whereas on the MMLU dataset, supply- 808

ing random evidence yields superior performance. 809

For MEDQA, we hypothesize that GPT-4o was 810

trained on an excessive amount of the same or very 811

similar data, leading it to rely far more heavily 812

on memorized internal evidence than on external 813

inputs. As a result, providing additional evidence 814

actually misleads the model and degrades its perfor- 815

mance. By contrast, for MMLU, GPT-4o appears 816

not to have been exposed to equivalent training 817

data; consequently, the direct-answering baseline 818

produces the worst results. In this case, the injected 819

evidence does not constrain the model’s reasoning 820

path but rather “awakens” its latent knowledge, en- 821

abling it to recall relevant facts more clearly. 822

Taken together, these findings suggest that for 823

widely studied benchmarks like MEDQA and 824

MMLU, large models already possess substantial 825

internal reserves of knowledge. As a result, apply- 826
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"""

You are a medical evidence applicability evaluator.

Your task is to assess how applicable a piece of clinical evidence is to a specific patient case. Focus your evaluation on 

three key dimensions:

1. Similarity between the patient and the studied population — including demographics (age, sex, ethnicity), 

comorbidities, disease stage or subtype, and previous treatment history.

   **Scoring guidance:**

   - 0.90–1.00: Nearly identical population; key clinical characteristics closely match.

   - 0.70–0.89: Minor differences exist (e.g., slightly different age group, manageable comorbidities).

   - 0.40–0.69: Moderate differences in critical variables (e.g., different subtype or significant comorbidities).

   - 0.00–0.39: Major mismatch (e.g., different disease type or demographic group).

2. Relevance of the intervention — considering the treatment modality, dosage, route, duration, and feasibility in the 

patient's setting.

   **Scoring guidance:**

   - 0.90–1.00: Intervention is the same or virtually identical; fully feasible for the patient.

   - 0.70–0.89: Intervention is similar with minor differences (e.g., dose adjustment).

   - 0.40–0.69: Significant modifications are needed or partial incompatibility exists.

   - 0.00–0.39: The intervention is not available, feasible, or differs substantially.

3. Alignment of the clinical outcome — focus on whether outcomes in the evidence are clinically meaningful to the 

patient, distinguishing surrogate vs. direct endpoints.

   **Scoring guidance:**

   - 0.90–1.00: Clinical outcomes fully align with patient goals (e.g., mortality, symptom relief).

   - 0.70–0.89: Outcomes are partially aligned or secondary but still meaningful.

   - 0.40–0.69: Outcomes are surrogate or marginally relevant to the patient.

   - 0.00–0.39: Outcomes have little or no relevance to patient care.

Assign scores using a fine-grained scale from 0.00 to 1.00. Be specific in your reasoning, and avoid using templates. 

Explain what aspects drove each score — such as mismatches in patient features, intervention context, or outcome 

priorities.

Figure 9: Details of the Extrapolation analysis prompts.

ing our method to such over-provisioned models827

yields only marginal gains. To fully demonstrate828

the advantages of our approach, it will be necessary829

to evaluate on more challenging datasets with less830

pre-exposure.831

Discussion832

(1)In fact, existing benchmark tasks are far from833

real-world clinical settings. Open-domain QA834

datasets often use model-generated questions and835

answers. Multiple-choice QA datasets usually836

adapt items from existing exams. In real clinical837

encounters, clinicians prefer the most relevant and838

directly applicable evidence, such as reliable cases839

or established knowledge. Clinicians do not rely840

on potentially hallucinated model responses. Ev-841

idence utility matters more than answer accuracy.842

However, current benchmarks offer no dataset that843

evaluates evidence filtering ability alone.844

(2) Fully replicating every detail of the meticu-845

lous process involved in a meta-analysis is impossi-846

ble. To understand the relevant principles of meta-847

analysis, we consulted several medical experts. We848

Figure 10: Performance curves of the GPT-4o model
under our method.
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find that the heterogeneity analysis step typically849

requires detailed experimental data from each med-850

ical paper to perform calculations and comparisons.851

However, our LLM cannot email each author to852

obtain this data. Therefore, our heterogeneity anal-853

ysis is merely a coarse-grained exclusion method854

based on statistical approaches. In our future work,855

we will attempt to refine this process to make it856

more precise and credible.857

(3)In fact, it is difficult to define the relationship858

between the reliability score and the generalizabil-859

ity score in a strict mathematical form. Equation (7)860

is the most effective and most convincing scheme861

that we obtained after testing multiple evidence-862

ranking variants.However, in the medical evidence863

filtering process, evidence with excessive limita-864

tions cannot be applied to users. Unfortunately, the865

LLMs are hard to make the decision only based866

on literature abstracts. Therefore, we have to im-867

plement this component from other perspectives868

as a scoring system based on the number of limi-869

tations. In our future work, we will optimize this870

extrapolation evaluation system to make it more871

reasonable.872
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