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Abstract

The MEDIQA-EVAL 2026 shared task focuses on developing automatic evaluation metrics for LLM-generated
responses in dermatology and wound care. While LLMs have shown promise as judge models, the reliability of these
metrics remains underexplored. In this work, we study how well judge models can approximate human expert ratings
across clinical evaluation criteria. We evaluate multiple approaches, including few-shot prompting, BERT fine-tuning,
and retrieval-augmented generation (RAG), and combine them in an ensemble framework. Our method achieves a
correlation score of 0.481, ranking first among 41 participating teams. Our results provide insight into the reliability of
LLM-based evaluation metrics and highlight their potential for scalable clinical assessment.
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1. Introduction

Evaluating LLM-generated responses to clinical
questions remains a significant challenge due to
the complexity of medical contexts and the need
for nuanced semantic judgment. Such evaluations
are inherently multidimensional, requiring assess-
ment of factual accuracy, completeness, relevance,
and writing quality. While expert review by trained
professionals provides high-quality assessments,
it is costly and difficult to scale, motivating the de-
velopment of automated evaluation methods.

Recent work has increasingly explored the use of
large language models (LLMs) as judge models to
automatically evaluate generated outputs. These
approaches rely on predefined evaluation metrics,
yet it remains unclear whether such metrics, when
used as criteria by LLMs, produce ratings that are
consistent with human expert judgment. Under-
standing the reliability of these metrics is therefore
a critical question.

In this work, we investigate the extent to which
LLM-based judge models can approximate ex-
pert evaluations under established clinical assess-
ment criteria. Using the MEDIQA-EVAL 2026
shared task dataset, which includes patient queries,
LLM-generated responses, expert reference an-
swers, and fine-grained ratings provided by der-
matology and wound care specialists (Yim et al.,
2024, 2025a,b), we frame the problem as predicting
expert-assigned scores across multiple evaluation
dimensions.

To study this, we propose an ensemble-based
judge model that integrates multiple approaches, in-
cluding supervised fine-tuning and few-shot prompt-
ing with models such as Qwen3-30B-A3B and Pub-
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MedBERT, along with retrieval-augmented gener-
ation (RAG). By selecting model configurations
based on development set performance, our sys-
tem aims to maximize alignment with expert ratings,
achieving a final official score of 0.481.

Our results show that a carefully constructed en-
semble of judge models can approximate human
evaluation to a meaningful degree, while also re-
vealing variability in how well different metrics are
captured. These findings suggest that while LLM-
based evaluators hold promise for scalable clini-
cal assessment, their reliability remains dependent
on both model design and the evaluation criteria
being applied. This work provides insight into the
strengths and limitations of judge models and offers
a foundation for developing more robust automated
evaluation methods in specialized domains.

2. Related Work

Prior research has shown that LLMs can gen-
erate unreliable responses in medical question-
answering settings, where hallucinations and fac-
tual inaccuracies remain significant challenges (Re-
ichenpfader et al., 2024; Yu et al., 2025). These lim-
itations raise concerns about the safe deployment
of LLMs in healthcare applications and highlight
the need for robust evaluation methodologies.

To address this issue, a growing body of work
has focused on systematically evaluating LLM-
generated responses in medical domains. One ap-
proach relies on assessment by qualified biomed-
ical experts. For instance, the CLEVER frame-
work provides a structured methodology for trained
medical professionals to evaluate LLM outputs (Ko-
caman et al., 2025). While expert evaluation is
considered the gold standard, it is inherently time-
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consuming and costly, limiting its scalability.
Alternatively, automatic evaluation metrics such

as ROUGE (Lin, 2004) and BERTScore (Zhang
et al., 2020) have been widely adopted to quantify
the quality of generated text. However, these met-
rics primarily measure surface-level similarity and
often fail to capture the nuanced clinical reasoning
and domain-specific knowledge required in medical
question answering. As a result, their effectiveness
in evaluating medical responses remains limited.

Motivated by these shortcomings, recent work
has explored the use of LLM-based evaluators
under the “LLM-as-a-judge” paradigm. For ex-
ample, Medical Eval Sphere introduces an open-
source benchmark for long-form medical question
answering based on real-world patient queries and
expert-annotated reference responses (Hosseini
et al., 2024). Similarly, MedThink-Bench presents
a dataset of complex medical questions and incor-
porates an LLM-based judge to evaluate reasoning
quality (Zhou et al., 2025). These efforts demon-
strate the potential of automated, model-based eval-
uation frameworks in capturing more nuanced as-
pects of response quality.

Despite these advances, limited work has sys-
tematically examined how to train judge models
that can reliably approximate expert evaluations,
particularly with respect to the consistency of the un-
derlying evaluation metrics. The impact of different
training strategies and model combinations on met-
ric reliability remains underexplored. In this work,
we address this gap by leveraging the MEDIQA-
EVAL dataset to study the performance of judge
models across diverse learning paradigms. We
further propose an ensemble-based approach and
show that combining multiple models leads to more
robust alignment with expert ratings than any single
method.

3. Dataset and Task Description

This section outlines the dataset and the evaluation
objectives of the MEDIQA-EVAL 2026 shared task.
It details the composition and annotation schema of
the dataset, with a formal definition of the evaluation
metrics used to measure the effect between our
system’s predictions and expert judgments.

3.1. Dataset
The MEDIQA-EVAL 2026 shared task dataset is
based on two multimodal medical visual question
answering (VQA) collections: DermaVQA (derma-
tology cases from the MEDIQA-M3G challenge)
and WoundcareVQA (wound care cases from the
MEDIQA-WV 2025 challenge). These datasets
consist of online medical posts, which include both
textual descriptions and clinical images, paired

with responses provided by medical professionals.
Each clinical case is provided with gold-standard
expert responses along with three distinct system-
generated candidate responses.

Annotation Schema and Metrics To construct
the ground-truth ratings, the system-generated re-
sponses were evaluated by human experts. There
are 6 metric to consider.

• Disagree_Flag: if human experts disagree
with an answer.

• Factual-Accuracy: if the answer contains all
necessary information required to give to the
patient based on the question present, rate
from 0 and 1.

• Relevance: if everything in the response is
medically accurate, rate from 0, 0.5, 1.0.

• Completeness: if the response covers all as-
pects of the user’s query, rate from 0, 0.5, 1.0.

• Writing-Style: evaluates the linguistic quality,
rate from 0, 0.5, 1.0.

• Overall: the overall score of the response, rate
from 0, 0.5, 1.0.

Our work exclusively focuses on the English (EN)
sub-task, utilizing the 2,898 data in the develop-
ment set and 3,474 in the test set. The development
set is the set we utilize to train our model, and the
test set is the final evaluation set that computes
the score on the leaderboard. The participants
could not access the test set during the competi-
tion, though it was released after the competition
for verification and reference.

3.2. Task
The MEDIQA-EVAL 2026 shared task evaluates
the performance of the rating model using correla-
tion with expert ratings. The objective is to produce
predicted ratings that are the most correlated with
expert-provided ratings. The final score is com-
puted as the mean of Kendall, Spearman, and
Pearson correlations according to the following for-
mulas:

Define n to be the number of samples. Ŷ1:n ∈ R
as the predicted scores and Y1:n ∈ R as the labeled
scores for each metric.

Let

yi, yj ∈ Y, ŷi, ŷj ∈ Ŷ , i, j ∈ {1, 2, . . . , n}, i < j

Then, estimations of the correlations are:

ρ̂pearson = Cov(Y,Ŷ )
σ̂Y σ̂Ŷ

ρ̂spearman = Cov(rank(Y ),rank(Ŷ ))
σ̂rank(Y )σ̂rank(Ŷ )

ρ̂kendall =
2

n(n−1)

∑
i<j sgn(yi − yj) sgn(ŷi − ŷj)
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The final correlation is calculated as the mean of
the three correlations:
ρ̂ =

ρ̂pearson+ρ̂spearman+ρ̂kendall

3

4. Methodology

4.1. Few-Shot Learning

Our Few-Shot Learning method aims to help the
judge LLM to understand the underlying ratings
rules of the six metrics. We select Qwen3-30B-
A3B as our base language model for its inference
speed and text-only task performance(QwenTeam,
2025). There are 483 English samples in the de-
velopment set of the task. To implement few-shot
learning strategy, we perform 7 separate runs. In
each run, we bootstrap 20 samples and feed them
to the model. For each sample, the final output is
computed by averaging the predictions from all 7
runs. The approach is shown in Fig 1.

4.1.1. Prompt Design

Prompt

You are an expert in dermatology and
wound care. Think silently if needed .Your
job is to give accurate ratings of the re-
sponse generated by an LLM, which in-
cludes a diagnosis and a treatment. The
response is an answer to a question from a
patient asking about a disease that he has.
You will be supplied with gold responses
given by professional doctors. You should
rate the LLM’s response by comparing it
very carefully with the gold responses and
treat them as ground truth.

...<rating rules>...

I will give you a few examples with ratings.
After that, you should provide your ratings
to a sample, which contains only a query, a
response and gold responses.

...<shots>...

The sample you need to rate:
<patient’s query>
<LLM’s response to the patient’s query>
<gold responses to the patient’s query>

For each sample, we construct our prompt with
information containing the user’s query, the LLM’s
response to the query, the gold responses, offi-
cial rating rules presented by the MEDIQA-EVAL
2026 organizers, and the shots. We specifically
instruct the rating LLM to compare carefully with

the gold responses and deduce the underlying rat-
ing rules from the shots containing expert-labeled
ratings. Using gold responses is a limitation of
our approach, as it prevents direct application to
datasets outside MEDIQA-EVAL. This design is
intended to efficiently rate responses within this
specific dataset.

4.1.2. Bootstrapped Few-Shot Learning

Although the rating LLM yields a decent result after
few-shot learning with 20 shots, the rating LLM is
still blind to other 483 training data . With only 20
shots, the rating LLM fails to see all possible combi-
nations of metric scores. Therefore, we construct 7
conversations for each sample where each prompt
contains bootstrapped shots from the training data,
and the final output for the sample is the average
of 7 LLM outputs from 7 conversations. We found
that by bootstrapping shots multiple times and ag-
gregating the final output by the mean consistently
outperforms the model where the LLM is provided
the shots for only once. We hypothesize that the
ensemble of the 7 rating LLMs learns a better ap-
proximation of the distribution by sampling shots
with replacement.

4.2. Fine-tuning BERT

4.2.1. Model Selection

PubMedBERT was selected as the base text
encoder considering that it was pretrained on
biomedical literature. Due to the same reason,
MedGemma27b-it was employed for zero-shot im-
age captioning. This effectively translates visual
clinical information into textual descriptions, en-
abling the text-only BERT model to process multi-
modal information.

4.2.2. Targeted Upsampling

To decrease the severe class imbalance in the
WoundcareVQA subset , a targeted upsampling
mechanism was applied. Minority class instances
(scores 0.0 and 0.5) were oversampled in the train-
ing folds to prevent the majority-class collapse.

4.2.3. Metric-Specific Input Construction

To accurately predict the six distinct evaluation met-
rics, it has naturally occurred that different metrics
need different amount of information. Thus a metric-
specific strategy was engineered.

For metrics like writing-style, completeness de-
pendent primarily on linguistic quality, inputs were
restricted strictly to the LLM response. The input
sequence is constructed as the following: [LLM
Response] <response>.
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Conversely, for metrics like relevance, factual-
accuracy, we constructed the inputs by concatenat-
ing the MedGemma27b-generated caption, query,
LLM response. The input sequence is constructed
as the following: [IMG] <caption> [QUERY]
<query> [LLM Response] <response>.

4.2.4. Training and Inference Strategy

To fine-tune BERT for score generation, we adopt a
tunable linear projection layer and apply a sigmoid
function at the end to output a score from 0 to 1, as
shown in Fig 1.

To maximize data utilization and prevent overfit-
ting, a 5-fold cross-validation framework was em-
ployed. Models were optimized using cross-entropy
loss over the three target classes. During inference,
an internal probability averaging mechanism was
utilized. This aggregation produces robust baseline
predictions for the final system ensemble.

4.3. Retrieval Augmented Generation
Knowledge Base Construction: To ensure the
factual accuracy of the evaluation, we constructed
a domain-specific knowledge base utilizing 43 clin-
ical guidelines focused on dermatology and wound
care (World Health Organization, 2026; National In-
stitute for Health and Care Excellence, 2026; NHS
England, 2023; American Academy of Dermatol-
ogy, 2026; Wound, Ostomy and Continence Nurses
Society, 2026; Infectious Diseases Society of Amer-
ica, 2026; Wound Healing Society, 2026; American
Physical Therapy Association, 2026). The major-
ity of documents were systematically curated from
authoritative international and professional repos-
itories. They were retrieved from the official web-
sites of leading medical institutions. Additionally,
we incorporated evidence-based guidelines from
specialized professional societies. We employed
a sliding window strategy for text chunking, with
a chunk size of 1024 tokens and an overlap of
100 tokens to preserve semantic continuity across
boundaries.

Embedding and Indexing: We implemented a
two-stage retrieval pipeline using the LlamaIndex
framework (Liu, 2022) to retrieve relevant clinical ev-
idence for a given gold response. The chunked text
data was mapped into a high-dimensional vector
space using the bge-m3 embedding model (Chen
et al., 2024a). bge-m3 was selected for its robust
performance in multilingual retrieval and support
for dense retrieval tasks.

Retrieval and Reranking: For each patient
query, we first performed an approximate nearest
neighbor search to retrieve the top-10 candidate
chunks. To further improve relevance and filter out
noise, we applied a cross-encoder reranking step
using bge-reranker-large (Xiao et al., 2023). This

model re-scores the candidate chunks based on
their fine-grained interaction with the query. The
top-ranked chunks were then concatenated the top-
3 chunks to form the context block denoted as <Rel-
evant Clinical Guidelines> in the prompt.

4.4. Ensemble

As indicated by preliminary experiments on the de-
velopment set, system performance varies across
evaluation criteria, and no single modeling ap-
proach consistently achieves optimal performance
across all metrics. The independent methods
considered in this work—supervised BERT fine-
tuning, Few-Shot LLM prompting, and Retrieval-
Augmented Generation (RAG)—exhibit comple-
mentary strengths under different evaluation set-
tings.

To leverage these complementary properties, we
adopt an ensemble strategy for the final submis-
sion. Instead of employing a uniform or weighted
aggregation scheme, we implement a dataset- and
metric-specific selection mechanism. Concretely,
for each combination of dataset and evaluation met-
ric, the final prediction is derived exclusively from
the model that achieves the highest correlation on
the set. This design choice is motivated by empiri-
cal observations that model performance is highly
dependent on both the task formulation and evalu-
ation dimension.

• Supervised BERT for Writing-Style: The
fine-tuned BERT model was exclusively se-
lected for writing-style across both datasets.
This confirms that supervised learning on
domain-specific data remains the most effec-
tive method for capturing the stylistic consis-
tency of medical responses.

• RAG for Completeness: The Retrieval-
Augmented Generation (RAG) framework
demonstrated superior performance on rele-
vance for both datasets. This suggests that
retrieving similar historical cases aids signifi-
cantly in establishing the semantic alignment
between the user query and the candidate re-
sponse.

• Few-Shot LLM for Factual Accuracy, Over-
all Ratings, Relevance and Disagree Flag:
The Large Language Model (LLM) proved
most robust for high-level reasoning tasks,
serving as the primary predictor for factual-
accuracy and overall ratings. This under-
scores the necessity of leveraging the broad
medical knowledge and zero-shot reasoning
capabilities of LLMs for complex factual verifi-
cation.
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MEDIQA-EVAL Development Set
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few-shot prompt LLM Score

PubMedBERT
Linear 

Projection

Averaged Result

Score

Disagree Flag

Factual Accuracy

Completeness

Relevance

Overall

Writing Style

Clinical 
Guidelines

RAG

Figure 1: The proposed ensemble architecture for medical response evaluation.

Model Disagree Complete Factual Relevance Style Overall
Few-Shot 0.48 0.39* 0.44 0.57 0.47 0.47
BERT 0.23 0.33 0.29 0.40 0.52 0.28
RAG 0.23 0.38* 0.27 0.28 0.25 0.39
Ensemble 0.48 0.39 0.44 0.57 0.52 0.47

Table 1: Empirical result of each model on the development set.
*It can reasonably be assumed that RAG and few-shot learning perform equally well on this task. We chose RAG for

metric ’completeness’ on the test set.

By systematically exploiting these complemen-
tary strengths—fine-tuning for style, retrieval for
relevance, and LLM reasoning for accuracy—our
final system underscores the necessity of construct-
ing an ensemble for complex medical evaluation
tasks.

4.5. Results
The performance of our final ensemble system was
evaluated on both the official MEDIQA-EVAL 2026
English development set and test set. The system,
which integrates the strengths of supervised fine-
tuning, retrieval-augmented generation, and few-
shot learning, achieved a global aggregate mean
correlation of 0.4816 (ALL-en-ALL-mean) on the
test data.(Asma Ben Abacha, 2026)

Table 1 and Table 2 represent the detailed scores
on development set and test set, respectively. The
system demonstrated exceptional performance on
the six metrics. This suggests that the ensemble
strategy effectively synthesizes multimodal context
and external knowledge to verify the semantic align-
ment and factual correctness of medical responses.
It also indicates that the ensemble generalizes to
data outside of the development set.

4.6. Error Analysis
To study the weakness of our model, we look at
predictions that have a difference between the label

larger than 0.5 on the development set. We found
that poor predictions prevail at disagree flag and
factual accuracy. A simple statistic showing where
errors occur is shown in Table 3. These two metrics
require solid knowledge of medical care and strong
reasoning skills to detect the flaw in the response
compared to other metrics. Further investigation is
needed to understand the reason behind the large
discrepancy of disagreeing a response between
the judge model and human evaluators.

5. Conclusion

In this work, we show that an ensemble of few-
shot learning, fine-tuned PubMedBERT, and RAG-
enhanced prompting outperforms any individual
model, with each component contributing distinct
strengths across evaluation metrics. Specifically,
fine-tuned PubMedBERT performs well on simpler
classification tasks such as writing style, while LLM-
based few-shot prompting is effective for metrics
requiring medical reasoning, such as factual cor-
rectness. Incorporating retrieval-augmented infor-
mation further improves performance on complete-
ness. The consistent performance of our ensemble
across both development and test sets suggests
its robustness and generalizability.

Despite achieving strong overall results, the
model shows weaker correlation on metrics such as
disagree flag and writing style, and struggles with
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Model Disagree Complete Factual Relevance Style Overall
Few-Shot 0.36 0.45 0.54 0.60 0.40 0.55
BERT 0.20 0.38 0.30 0.33 0.40 0.36
RAG 0.34 0.45 0.52 0.37 0.37 0.52
Ensemble 0.36 0.45 0.54 0.60 0.40 0.55

Table 2: Experiment on the contribution of each model on the test set, consistent with the findings on the
development set

Metric Count
Disagree_flag 70
Factual-Accuracy 12
Completeness 8
Overall 5
Relevance 2
Writing-Style 0

Table 3: Distribution of metrics for which error is higher than 0.5

aspects of factual accuracy. These limitations high-
light the need for future work on improving medical
reasoning capabilities and developing more reliable
evaluation frameworks that better align with expert
judgment.

Overall, our findings indicate that a carefully de-
signed judge model can achieve meaningful align-
ment with expert ratings, though performance re-
mains metric-dependent. Without appropriate de-
sign choices, individual methods may produce eval-
uations that are inconsistent with those of human
experts.
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