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Abstract
Evaluating natural language generation (NLG) systems in the medical domain presents unique challenges due to the
critical demands for accuracy, relevance, and domain-specific expertise. Traditional automatic evaluation metrics,
such as BLEU, ROUGE, and BERTScore, often fall short in distinguishing between high-quality outputs, especially
given the open-ended nature of medical question answering (QA) tasks where multiple valid responses exists. In this
work, we introduce MORQA (Medical Open-Response QA), a new multilingual benchmark designed to assess the
effectiveness of NLG evaluation metrics across three medical visual and text-based QA datasets in English and
Chinese. Unlike prior resources, our datasets feature 2-4+ gold-standard answers authored by medical professionals,
along with expert human ratings for three English and Chinese subsets. We benchmark both traditional metrics and
large language model (LLM)-based evaluators, such as GPT-4 and Gemini, finding that LLM-based approaches
significantly outperform traditional metrics in correlating with expert judgments. We further analyze factors driving this
improvement, including LLMs’ sensitivity to semantic huances and robustness to variability among reference answers.
Our results provide the first comprehensive, multilingual qualitative study of NLG evaluation in the medical domain,
highlighting the need for human-aligned evaluation methods. We release our code and annotations to support future

research.
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1. Introduction

The rapid advancement of large language models
(LLMs) and their emergent capabilities has enabled
these models to generate high-quality answers in
response to natural language questions. Auto-
matic evaluation metrics are designed to compare
system outputs against gold-standard references
and provide a cost-effective means to assess out-
put/answer quality. However, the limitations of tra-
ditional natural language generation (NLG) metrics,
such as BLEU and ROUGE, are increasingly evi-
dent, particularly in open-ended generation tasks
where multiple correct answers may exist.

Evaluation is especially challenging in the med-
ical domain, where precision, contextual under-
standing, and expert reasoning are essential, and
where multiple correct answers may vary signifi-
cantly in both content and phrasing, while remain-
ing equally valid. Traditional metrics often fail to
capture this variability, resulting in unreliable as-
sessments. At the same time, these metrics may
assign high scores to responses that are lexically
similar to the gold standard but factually incorrect or
clinically misleading, further underscoring their lim-
itations in sensitive, knowledge-intensive domains.
In this work, we present the first qualitative eval-
uation of state-of-the-art NLG evaluation metrics
for open-ended medical question answering (QA).
We benchmark performance across three datasets
in two languages: English and Chinese. Unlike

prior resources that rely on synthetic data or single-
reference annotations, our datasets include 2—4+
gold-standard answers authored by certified medi-
cal professionals. Additionally, human evaluation
is conducted by at least one domain expert per
instance, with English clinical subsets assessed
by two practicing medical doctors. We release our
code and annotations to support future research’.

2. Background

Open-response question answering (QA) is a vari-
ant of QA in which the output is a free-form text
answer, rather than a categorical label such as
a multiple-choice option or a True/False decision.
This task intersects with several related areas, in-
cluding community QA, consumer health QA, med-
ical dialogue generation, and visual question an-
swering. In community QA (CQA), users post ques-
tions on public forums, and other users provide tex-
tual answers. These datasets span a wide range
of domains, from general-purpose platforms like
Tieba (Tian et al., 2017), to more specialized fo-
rums focused on online shopping (JDC) and pro-
gramming (Ubuntu) (Zhang et al., 2019a). Other
sources include Stack Overflow and Yahoo! An-
swers (Srba and Bielikova, 2016).

In the medical domain, consumer health QA

'Code:https://github.com/wyim/morga-eval,
Data:https://osf.io/kcv2n/overview
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DermaVQA-iiyi

QUERY_TITLE: #Ti2li— T // Please help diagnose

QUERY_CONTENT: =/ AfitiMan B, BCHEWRETHENMH THESR, ZEE41H%
i, EARSHABIRE, ZEHBIZLEL, iERI-2ET T // Three months ago, the condition shown in
the picture below appeared. The patient used Daknening spray for two months without any noticeable
effect. Afterwards, they went to a rural clinic, where the doctor advised them to use corn ointment.
Subsequently, the condition turned red and worsened. Please help with the diagnosis.

RESPONSE: %[E. . // Consider Plantar wart.
WoundcareVQA

QUERY_TITLE: R /E 4 F:W // Seeking for the advice! What should | do?

QUERY_CONTENT:

— AT, R, RES, GORERIE, BRERAS, OREBLZM, —%E/MT, mEFER
ANEE, BRAMTRIE, E4BB? //1t's been a month and a half, and the swelling hasn't gone down.
It was a fall, and the wound was particularly deep, about half a centimeter. The area around the wound is
red and swollen. When pressed, it forms a small pit that takes a long time to go back, looking like edema.
What should | do?

RESPONSE: 175 HiRiRAREEG A ~ (0 FIIHELE, RATEREY . BB RSP H2 I ERGUER R
- // Delayed wound healing and surrounding redness and swelling of the area around the wound is

suspicious for infection. Recommend evaluation in urgent care for antibiotics.
LiveQA-clinical

QUERY_TITLE: Ear Wax.

QUERY_CONTENT: | sometimes drop Peroxide into the ear and let it bubble for a couple of minutes, then
use warm water to flush it out. is there harm?

RESPONSE: To clean the ears, wash the external ear with a cloth, but do not insert anything into the ear
canal. Most cases of ear wax blockage respond to home treatments used to soften wax. Patients can try
placing a few drops of mineral oil, baby oil, glycerin, or commercial drops in the ear. Detergent drops
such as hydrogen peroxide or carbamide peroxide (available in most pharmacies) may also aid in the
removal of wax. Irrigation or ear syringing is commonly used for cleaning and can be performed by a
physician or at home using a commercially available irrigation kit. Common solutions used for syringing
include water and saline, which should be warmed to body temperature to prevent dizziness. Ear
syringing is most effective when water, saline, or wax dissolving drops are put in the ear canal 15 to 30
minytes before treatment. 0000000000000

MedDialog-ZH

RESPONSE: ] L $if L B TR YT o

QUERY_CONTENT: /& Bz JRIRFALAE - WHIE R IR IRF AR A — Fr B o SE WA O B

Table 1: (V)QA Examples from the MORQA dataset sourced from the DermaVQA-iiyi, WoundcareVQA,

LiveQA-Clinical & MedDialog-ZH collections

(CHQA) involves answering health-related ques-
tions, often submitted by users to public health
information websites such as those maintained by
the U.S. National Library of Medicine (Ben Abacha
et al., 2017). Medical dialogue generation tasks
further expand this to include multi-turn interactions
between patients and healthcare providers (Zeng
et al., 2020; Liu et al., 2020).

Visual Question Answering (VQA) tasks involve
visual inputs, such as images or diagrams, accom-
panied by a user query. While most VQA research
has focused on categorical or short-form textual
answers (e.g., multiple choice or one- to two-word
responses), open-response VQA remains relatively
underexplored. In the general domain, VQAOn-

line (Chen et al., 2024) presents a dataset of Stack
Exchange questions paired with relevant images.
In the medical domain, VQARad (Lau et al., 2018)
includes a subset of longer free-text responses.
More recently, DermaVQA (Yim et al., 2024) and
WoundCareVQA (wai Yim et al., 2025) have intro-
duced datasets composed entirely of sentence- or
paragraph-level answers.

Across these tasks, responses are typically eval-
uated using a range of natural language genera-
tion metrics, including BLEU, ROUGE, and ME-
TEOR. However, the specific set of metrics varies
by subdomain. For instance, VQAOnline addition-
ally reports CLIP-S scores to capture image-text
similarity. For reference, we summarize perfor-
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Dataset Domain #Ref Scores
Community QA
JDC e-commerce 1 BLEU: 0.138
Ubuntu Dialog coding 1 BLEU: 0.0017
Tieba general 1 BLEU: 0.007
Consumer Health QA
LiveQA* health 1-2 -
Medical Dialogue Generation
MedDialog medical 1 BLEU: 0.018
METEOR: 0.131
MedDG medical 1 BLEU: 0.240
VQA
DermaVQA medical 2+ BERTSCORE: 0.856
BLEU: 0.093
WoundcareVQA medical 3 BERTSCORE: 0.692
BLEU: 0.123
ROUGE-L: 0.501
VQAOnline general 1 ROUGE-L: 0.15
METEOR: 0.14
VQARadt medical 1 BLEU: 0.1047

Table 2: QA Evaluation performances for Human
Generated Datasets. (#Ref = Number of references
in the test set, *LiveQA did not have automatic
ratings, TVQARad subset described here includes
only open-ended instances)

mance scores across tasks and datasets in Table 2.
Of the datasets, only two (WoundcareVQA and
VQAOnline) have comparisons with human evalua-
tion. As shown, evaluation results are both highly
dependent on the chosen metric and highly variable
across datasets. For example, BLEU scores range
from 0.007 to 0.123 for the MedDialog dataset, a
BLEU score of 0.018 corresponds to a METEOR
score of 0.131. Similarly, for WoundCareVQA, a
ROUGE-L score of 0.501 co-occurs with a BLEU
score of just 0.123. This variability underscores
the challenge of evaluating open-response QA and
highlights the importance of studying medical open-
response QA across multiple datasets and metrics.

3. Related Works

Human evaluation remains the gold standard for
assessing NLG systems, but it is time-consuming
and costly. Beginning with machine translation ef-
forts in the 1950s, evaluation has played a central
role in the text generation field. This remains true
through the development of transformer-based gen-
eration models and into the current era of LLMs. As
NLG systems have evolved, the demand for effec-
tive evaluation methodologies has grown accord-
ingly and now spans across multiple tasks such as
machine translation, summarization, data-to-text
generation, image captioning, dialogue generation,
and open-domain question answering.
Automatic Metrics. Prior to the development
of efficient neural network training and the popu-
larization of dense distributional word embeddings,
automatic evaluation metrics mainly relied on word-
based ngram metrics such as the precision-based

BLEU (Papineni et al., 2002) and the Recall-based
ROUGE (Lin, 2004a). Starting in 2014, new metrics
utilizing embeddings such as BERTScore (Zhang
et al., 2019b), MoverScore (Zhao et al., 2019),
BLEURT (Sellam et al., 2020) became available.
More recently, following the success of large trans-
former models such as GPT-3, scoring methods
that leverage likelihoods computed by pretrained
language models, such as BARTScore (Yuan et al.,
2021) and GPTScore (Fu et al., 2023), have been
proposed. Recently, with powerful LLMs, direct
assessment (LLM-as-a-judge) have also been pro-
posed and shown superior performance (Zheng
et al., 2023). Extending this work, there is now
active area of research related to fine-tuning LLM
for better judgment capabilities by taking instruc-
tions/rubrics inputs (Kim et al., 2024; Ye et al., 20283;
Gupta et al., 2025).

Human Metrics. Human evaluation is typically
captured as a rating on a fixed numerical scale with
attached quality levels. In QA datasets, several
studies have incorporated human assessments.
For instance, in the LiveQA dataset, part of the
TREC 2017 challenges, a 1-4 rating scale was
used, with 4 indicating the highest quality (Ben
Abacha et al., 2017). In the VQAOnline Stack
Exchange and WoundcareVQA datasets, raters
applied scores of 0, 0.5, 1, corresponding to in-
correct, partially correct, and correct answers, re-
spectively (Chen et al., 2024; wai Yim et al., 2025).
More recently, large-scale evaluation datasets have
emerged, either synthetically generated, such as
the Feedback Collection (Kim et al., 2023), or gath-
ered through platforms like ChatbotArena (Zheng
etal., 2023), using 1-5 rating scales and/or pairwise
comparison judgments.

4. Evaluation Methodology

4.1. Datasets

Visual Question Answering: Wound-
careVQA (wai Yim et al., 2025) and Der-
maVQA (Yim et al.,, 2024) are multi-modal
open-response QA datasets, where each patient
query and 1+ images are paired with 2+ free text
responses from medical doctors. English and
Chinese are versions available. These datasets
were selected as they included naturally occurring
medical queries. As the original DermaVQA
responses were sourced from online forums,
we extend the dataset by adding two additional
high-quality responses from board-certified der-
matologists per instance, which are included as
reference answers.

Textual Question Answering: In addition to the
multi-modal open-response VQA datasets, we
include two textual QA datasets: LiveQA (Ben

5037



#Query #Responses Lang #Raters #Hum-evals
Gold Sys EN/ZH EN/ZH

WoundcareVQA
valid 105 210 315 {en,zh} 11 6/2
test 93 279 279 {en,zh} 21 6/2
DermaVQA
valid 56 417 158  {en,zh} 21 6/2
test 100 926 300 {en,zh} 21 6/2
LiveQA
test 40 62 233 {en} 1 1
MedDialog
valid 236 236 708 {zh} 1 2
test 259 259 777 {zh} 1 2

Table 3: Statistics of the MORQA dataset after
filtering and annotation, including the number of
(visual) questions, system and gold answers, and
human evaluation ratings.

Abacha et al., 2017) and MEDDIALOG (Zeng et al.,
2020). LiveQA, originally part of the TREC 2017
challenge, includes consumer health questions
posed to US National Institutes of Health sites,
answered by domain experts. We filtered the
LiveQA test set to include patient-related ques-
tions and excluded other cases (e.g., asking for
open hours, or references to literature). The Med-
Dialog dataset includes 2-speaker multi-turn on-
line patient-doctor conversations from icliniq.com,
healthcaremagic.com, and haodf.com, encompass-
ing a variety of medical specialties. We specifically
used the chunyudoctor subset and filtered for 2-
turn conversations (one patient query, one doctor
response) and randomly sampled 500 cases. Each
case was further manually reviewed and excluded
if the question or answer was irrelevant or incom-
plete. The final statistics for the (visual) QA pairs
included in the MORQA dataset are presented in
Table 3.

4.2. Human Evaluation Ratings

To conduct this study, we (i) generated system
responses and (ii) collected domain expert eval-
uations for each response. For the DermaVQA,
WoundcareVQA, and MedDialog datasets, re-
sponses were generated using GPT-40, Gemini-
1.5-pro-002, and Qwen-VL-Chat. These were cho-
sen for their multi-modal capabilities as well as their
general capabilities in English and Chinese.

For human ratings, the DermaVQA English sub-
sets were labeled by two practicing dermatologists.
The WoundCareVQA English subsets were labeled
by two practicing medical doctors specializing in
General Surgery and Emergency Medicine. They
graded each response on a 3-point scale 0.0, 0.5,
1.0 where 1.0 is the best. The measured qualities
include (1) disagreement, (2) completeness, (3)
factual accuracy, (4) relevance, (5) writing style,
and (6) overall quality. Gold references were avail-
able, however, raters were allowed to use their own
independent judgment that may diverge from refer-

ences.

For the Chinese datasets (DermaVQA, Wound-
CareVQA, and MedDialog), responses were la-
beled by one domain expert with Chinese medical
school training (without residency training and not
currently practicing). We adjusted the human rat-
ings to measure consistency with gold references.
A 3-point scale {0.0, 0.5, 1.0}, where 1.0 indicates
the highest quality, was used to evaluate (1) fac-
tual consistency with the reference and (2) general
appropriate writing style from doctor to patient.

For LiveQA responses, we used the released
system responses and human ratings provided by
the TREC organizers. These ratings follow a 0-4
scale, where 4 denotes the highest quality. Sum-
mary statistics, including the total number of human
evaluation ratings, are shown in Table 3.

4.3. Automatic Evaluation Metrics

We evaluated multiple automatic NLG evalua-
tion metrics including classical n-gram-based met-
rics, embedding similarity-based metrics, learned
model-based metrics, as well as instruction-
following LLM-based direct evaluation. The specific
metrics and corresponding references are detailed
below:

* n-gram-based Metrics: BLEU (Galley et al.,
2015), ROUGE (Lin, 2004b)

BERTScore (Zhang

» Embedding Similarity:
et al., 2019b)

» Learned Metrics:
2020)

* LLM-based Evaluation: Prometheus-v2-
7b (Kim et al., 2024), GPT-402, Gemini-1.5-
pro-002%, DeepSeekV3 (DeepSeek-Al et al.,
2024)

Model configurations and details are available in
the Appendix section.

BLEURT (Sellam et al.,

4.4. Analysis

Automatic evaluation metrics were measured
against human evaluation ratings using common
correlation methods: Spearman’s rank correlation,
Pearson’s correlation, and Kendall’s rank correla-
tion. We also calculated pairwise ranking accura-
cies. Specifically, for each pair of systems, we eval-
uated whether the predicted win/loss/tie outcome
matched the corresponding human judgment. For
numerical metrics such as BERTScore, a tie was
assigned when the absolute difference between
scores was less than 0.05.

2openai.com/index/hello-gpt-40
%ai.google.dev/gemini-api/docs/models#gemini-1.5-
pro
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DermaVQA LiveQA WoundcareVQA
metric T r p  avg-corr acc T r p  avg-corr acc T r p  avg-corr acc
bertscore-fi-max | 0.29 0.33 0.37 0.33 0.46 | 0.38 0.39 0.48 0.41 0.29 [ 0.18 0.25 0.22 0.22 0.31
bertscore-f1-mean | 0.30 0.36 0.39 0.35 0.47 | 0.36 0.38 0.46 0.40 0.29 | 0.16 0.24 0.20 0.20 0.33
bleurt20-max 0.33 0.35 0.42 0.37 0.43 | 0.07 0.08 0.09 0.08 0.19 | 0.22 0.30 0.27 0.26 0.26
bleurt20-mean 0.33 040 0.42 0.38 043 |0.08 0.08 0.10 0.09 0.20 | 0.16 0.25 0.20 0.20 0.28
deepseekv3 0.32 0.34 0.35 0.34 0.48 | 0.36 0.36 0.38 0.37 0.62 | 0.37 0.43 0.40 0.40 0.49
deltableu-micro 0.23 0.17 0.29 0.23 0.39 | 0.17 0.23 0.22 0.21 0.27 | 0.16 0.17 0.20 0.18 0.28
gemini-1.5-pro 040 042 042 0.41 0.54 | 0.43 0.40 0.46 0.43 0.64 | 0.36 0.38 037 0.37 0.54
gpt-40 0.36 0.38 0.39 0.38 0.51 | 0.38 0.39 0.40 0.39 0.65 | 0.36 041 0.38 0.38 0.52
promethesus7bv2 | 0.14 0.14 0.15 0.14 0.44 | 0.26 0.24 0.28 0.26 0.61 | 0.19 0.23 0.20 0.20 0.49
rouge-1 0.04 0.10 0.05 0.06 0.32 | 0.13 0.11 0.16 0.13 0.25 | 0.04 0.21 0.05 0.10 0.23
rouge-2 0.13 0.17 0.7 0.16 0.32 | 0.23 0.25 0.30 0.26 0.29 | 0.10 0.23 0.13 0.15 0.25
rouge-L 0.18 0.21 0.23 0.20 0.36 | 0.16 0.13 0.20 0.16 0.25 | 0.10 0.22 0.12 0.15 0.30

Table 4: Correlations with Human Overall Metric - English (7=kendal

avg-corr=mean of 7, r, p)

I's tau, r=pearson, p=spearman,

DermaVQA Meddialog WoundcareVQA
metric T r p  avg-corr  acc T r p  avg-corr  acc T r P avg-corr  acc
bertscore-fi-max | 0.34 0.41 0.42 0.39 0.26 | 0.31 0.38 0.39 0.36 023 | 0.10 0.13 0.12 0.12 0.28
bertscore-f1-mean | 0.30 0.36 0.37 0.34 0.27 | 0.31 0.38 0.39 0.36 023 | 0.10 0.14 0.12 0.12 0.29
bleurt20-max 0.25 0.31 0.31 0.29 0.26 | 0.27 0.32 0.34 0.31 0.19 | 0.18 0.19 0.23 0.20 0.26
bleurt20-mean 0.21 0.28 0.27 0.25 0.26 | 0.27 0.32 0.34 031 019 | 019 022 0.24 0.22 0.25
deepseekv3 0.36 0.39 0.39 0.38 0.55|029 0.30 0.30 0.29 0.57 | 0.34 0.39 0.36 0.36 0.54
deltableu-micro | 0.28 0.30 0.35 0.31 0.26 | 0.24 0.25 0.30 0.26 021 | 0.10 0.11 0.13 0.11 0.28
gemini-1.5-pro 0.37 0.40 0.38 0.38 0.62 | 0.30 0.30 0.31 0.30 0.58 | 0.29 0.33 0.30 0.31 0.51
gpt-40 0.36 0.39 0.38 0.38 0.54 | 028 0.30 0.29 0.29 0.53 | 0.38 0.41 0.39 0.39 0.54
promethesus7bv2 | 0.14 0.12 0.15 0.14 0.48 | 0.13 0.16 0.13 0.14 0.47 | 0.07 0.10 0.07 0.08 0.38
rouge-1 0.14 0.19 0.18 0.17 0.25 | 0.15 0.18 0.19 0.17 0.20 | 0.05 0.07 0.06 0.06 0.25
rouge-2 0.33 040 0.41 0.38 0.27 | 0.25 0.31 0.31 0.29 022 | 0.13 0.16 0.17 0.15 0.28
rouge-L 0.09 0.15 0.12 0.12 0.21 | 0.13 0.16 0.17 0.15 0.19 | -0.01 0.02 -0.01 -0.00 0.24

Table 5: Correlations with Human Factual Consistency Metric - Chinese (r=kendall’s tau, r=pearson,

p=spearman, avg-corr=mean of 7, r, p)

5. Results

Table 4 presents the correlation scores and pair-
wise ranking accuracies for the English datasets.
DeepSeekV3, GPT-40, and Gemini-1.5-pro demon-
strated strong performance across all three
datasets. The highest performances were by one of
the three models, with second-place performances
often by one of the other two models.

Table 5 presents the factual consistency results
for the Chinese datasets. Compared to the En-
glish evaluations, the three LLM API models had
strong correlations and accuracies. Interestingly,
in contrast to the English results, traditional metrics
such as BERTScore and BLEURT showed rela-
tively strong correlations with human judgments on
the DermaVQA and MedDialog datasets.

To examine whether correlation strengths are
consistent across different human evaluation crite-
ria, Table 6 shows correlations and accuracies for
the other human evaluation axes in the DermaVQA
and WoundcareVQA datasets. While factual ac-
curacy and relevance have similar magnitudes of
correlations and accuracies with the overall met-
ric, the other two criteria, completeness and writing
style, had a less prominent similarity.

In summary, LLM-as-a-judge methods showed
strong performances across datasets and lan-
guages. However, more modest metrics like
BERTScore and BLEURT performed competitively
on the Chinese subsets DermaVQA and MedDia-
log, likely due to the shorter sentence lengths in

these responses. We also observed differences
in performance across specific evaluation crite-
ria: while completeness and writing style showed
weaker alignment, relevance and factual accuracy,
which likely contribute more heavily to the overall
score, maintained strong correlations and accura-
cies.

6. Ablation Study: Impact of
Reference Grounding on
LLM-based Evaluation

We conducted an ablation study to assess the im-
pact of varying the number of gold-standard ref-
erences on the performance of LLM-based eval-
uators. Specifically, we evaluated model outputs
using three, two, one, and zero expert references,
progressively reducing the level of reference-based
grounding. In the reference-free setting, evaluators
relied on both the query and associated images
for visual QA datasets. This setup enabled us to
isolate the contribution (and potential bias) intro-
duced by reference answers, and to evaluate the
robustness of LLM-based evaluators under varying
degrees of contextual grounding.

Table 7 presents the results of this ablation study.
Increasing the number of references from 1 to more
than 1 generally led to a 5-10 percentage point
improvement in average correlation with human rat-
ings. In the case of DermaVQA, however, adding
more than one reference did not consistently im-
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DermaVQA WoundcareVQA
metric T r p avg-corr  acc T r p avg-corr  acc
completeness
deepseekv3 0.16 0.18 0.17 0.17 0.61 | 0.29 0.34 0.31 0.31 0.61
gemini-1.5-pro 0.22 0.25 0.23 0.23 0.60 | 0.27 0.32 0.28 0.29 0.64
gpt-4o 0.22 0.24 0.23 0.23 0.59 | 0.27 0.31 0.28 0.29 0.61
promethesus7bv2 | 0.23 0.23 0.25 0.24 0.57 | 0.19 0.24 0.20 0.21 0.60
factual-accuracy
deepseekv3 0.32 0.32 0.35 0.33 0.60 | 0.32 0.38 0.34 0.35 0.58
gemini-1.5-pro 0.39 0.38 0.41 0.39 0.61 | 0.31 0.34 0.31 0.32 0.61
gpt-40 0.32 0.29 0.34 0.32 0.57 | 0.33 0.37 0.34 0.35 0.59
promethesus7bv2 | 0.10 0.09 0.11 0.10 0.52 | 0.11 0.15 0.12 0.13 0.57
relevance
deepseekv3 0.34 0.34 0.36 0.35 0.59 | 0.20 0.24 0.21 0.21 0.57
gemini-1.5-pro 0.38 0.39 0.41 0.39 0.61 | 0.22 0.26 0.22 0.24 0.63
gpt-40 0.34 0.31 0.36 0.34 0.61 | 0.24 0.29 0.25 0.26 0.65
promethesus7bv2 | 0.07 0.04 0.07 0.06 0.50 | 0.22 0.25 0.22 0.23 0.60
writing-style
deepseekv3 0.23 0.27 0.25 0.25 0.64 | 0.17 0.21 0.18 0.19 0.57
gemini-1.5-pro 0.27 0.31 0.28 0.29 0.65 | 0.22 0.25 0.22 0.23 0.61
gpt-4o 0.26 0.30 0.28 0.28 0.60 | 0.21 0.25 0.21 0.22 0.64
promethesus7bv2 | 0.14 0.12 0.15 0.14 0.56 | 0.17 0.22 0.18 0.19 0.60

Table 6: DermaVQA & WoundcareVQA - English (r=kendall’s tau,

corr=mean of 7, r, p)

r=pearson, p=spearman, avg-

Dataset GPT-40 Gemini-1.5-pro-002
Correlation 3refs 2refs 1ref Oref | Srefs 2refs 1ref  Oref
DermaVQA-iiyi
Kendall 0.363 0.372 0.404 0.171 | 0.397 0.439 0.423 0.124
Pearson 0.384 0.396 0.427 0.194 | 0.422 0.467 0.452 0.156
Spearman 0.392 0.403 0.436 0.188 | 0.423 0.468 0.453 0.134
Average 0.380 0.390 0.422 0.184 | 0.414 0.458 0.443 0.138
WoundcareVQA
Kendall 0.365 0.331 0.295 0.211 | 0.360 0.277 0.231 0.182
Pearson 0.406 0.386 0.344 0.296 | 0.380 0.316 0.272 0.209
Spearman 0.380 0.345 0.308 0.220 | 0.372 0.286 0.239 0.188
Average 0.383 0.354 0.316 0.242 | 0.371 0.293 0.248 0.193

Table 7: Ablation results showing the effect of varying the number of gold-standard reference answers (3,
2, 1, 0 ref) on the performance of LLM-based evaluators. In the zero-reference condition, evaluation was
based on the input query for text-based QA dataset (LiveQA) and on both the query and input images for
the visual QA datasets (DermaVQA-iiyi and WoundcareVQA). Average correlations are reported.

prove correlations. This may be due to the vari-
ability and randomness of the available reference
responses, which can include up to several different
answers in some cases.

7. Automatic Metric Scores when
References Are Measured Against
References

In classification tasks, inter-annotator agreement
provides an upper bound on task performance,
highlighting the inherent limit when even domain
experts disagree. In NLG, two additional confound-
ing factors arise: (a) measurement uncertainty and
(b) variations in the gold standards, both in content
and surface form. To study the uncertainty related
to this, we leverage the multiple gold-standard re-
sponses available in the WoundcareVQA datasets,
holding one gold standard response as a candidate

Gold-Holdout GPT-40
EN
BLEU 0.0469 0.0622
BERTScore 0.6634 0.6640
GPT-40-as-judge 0.5520 0.6147
ROUGE-L 0.4353 0.4499
Human-Expert 0.975 0.8629
ZH
BLEU 0.1109 0.1234
BERTScore 0.6896 0.6923
GPT-40-as-judge 0.6595 0.7832
ROUGE-L 0.2254 0.4961
Human-Expert 0.975 0.6613

Table 8: Evaluation results for the WoundCareVQA
Holdout-One-Gold experiment. Each row com-
pares (i) a gold response evaluated against two
other gold references (Gold-Holdout) and (ii) a GPT-
40 response evaluated against all references.
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QUERY TITLE: Is there a physician here?

QUERY TEXT: How many days will it take for this kind of wound to heal?

GOLD RESPONSES:

G1: It depends on how the injury occurred. But based on your photo, it may take weeks-months.

G2: Difficult to visualize the wound, unclear as to the inciting event or etiology of the wound. Unclear as to the
location on the body. Appears to be on a flexor surface, likely a pressure injury. Would recommend applying
bacitracin/Xeroform with antibiotic ointment and covering with a dry dressing, changing daily. Avoid any drying

agents such as alcohol, 100 peroxide, or iodine.

G3: This type of wound may take weeks to completely heal and it is possible that it may scar. | would recommend

avoiding sunlight and applying SPF as needed.

System

GEMINI-1.5-pro: This appears to be a healing abrasion or superficial burn.
Healing time varies depending on size, depth, and individual factors, but gener-
ally expect 7-21 days for complete resolution. See a doctor if signs of infection
develop.

GPT-40: Healing duration depends on wound size, depth, and care. Generally,
mild to moderate wounds heal in 1-3 weeks. For specific guidance based on
exact conditions, consult a healthcare professional. Keep it clean and monitor
for infection signs.

QWEN-VL: It is difficult to say how long it will take for the wound to heal without
more information. The size and depth of the wound, as well as the general
health of the person, can all affect the healing process. It is important to keep
the wound clean and avoid any activities that could further injure the wound. If
the wound is not improving or is getting worse, it is best to consult a medical

professional for proper treatment.

Gold | A1 A2 BLEU BertSc GPT-40 DS-v3
G1 - - - 0.6237 - -
G2 0.5804
G3 - - - 0.6539 -

AGG | 1.0 1.0 0.0.271 0.6539 1.0 0.75
G1 - - - 0.6178 -
G2 0.5472
G3 - - - 0.6206 - -

AGG | 0.5 1.0 0.0829 0.6206 0.5 0.5
G1 - - - 0.5787 - -
G2 - - - 0.5786
G3 - - - 0.6394 - -

AGG | 1.0 1.0 0.05106 0.6394 1.0 0.5

Table 9: Automatic Metrics For System-Gold Response Pairs. The score per case will require aggregation
across all gold responses per case. With multiple possible correct answers, both human and automatic
metrics may not properly capture the quality of an answer based soley on comparison with available gold
responses.(A1 and A2 are domain expert overall scores, GPT-40 and Deepseek-v3 are lim-as-judges.
AGG=aggregate. Bertscore is taking the maximum for as the aggregation function, others metrics already

aggregate.)

system response, and compare it against the re-
maining two gold references. For comparison, we
present GPT4-o generated responses compared
against all three gold references. Evaluation was
conducted by calculating several automatic metrics,
including n-gram, embedding-based, and LLM-as-
a-judge models. For human evaluation, we define a
human expert score as the proportion of other gold
responses that a human annotator judged as ac-
ceptable (excluding their own authored response).

The results, presented in Table 8, reveal that,
even with three gold references, the upper bound
on standard evaluation metrics is limited, not ex-
ceeding 0.66 out of 1.0. This reflects the intrinsic
variability in natural language, even in relatively
constrained domains such as wound care (which
is less variable than general health or dermatology
queries).

Interestingly, GPT-40 responses are shown to
consistently achieve higher scores than gold re-
sponses across all automatic metrics, and even
approach or surpass human experts measured
against each other. For instance, in the English

subset, GPT-40 outperforms gold references on
BLEU, ROUGE-L, and GPT-40-as-judge scores. A
similar pattern holds in Chinese, with especially
large gains on GPT-40-as-judge and ROUGE-L.

These results suggest that automatic metrics
can sometimes favor fluent and consistent outputs
generated by LLMs over diverse but equally valid
human-authored references. This highlights the
dual risks of both overestimating system quality
when responses align well with surface features,
and underestimating it when valid variation is pe-
nalized.

The challenge of leveraging multiple correct an-
swers is further illustrated in Table 9 where we see
both disparities in the gold references, as well as
ratings on system responses by domain experts.
Although Gemini-1.5-pro and QWEN-VL models
provide different answers, both experts give full rat-
ing. In addition, while scores like BLEU can take
multiple references into account, aggregation for
other metrics such as Bertscore or BLEURT were
not developed with multiple references by design.
Thus, final scores would highly depend both on
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available gold references as well as aggregation
functions.

These findings underscore the limitations of
reference-based NLG metrics, reinforce the need
for cautious interpretation of automatic evalua-
tion scores, and highlight the importance of de-
veloping more robust and context-aware evaluation
frameworks, particularly in sensitive domains like
medicine.

8. Conclusions

In this work, we present the MORQA dataset, with
16,041 expert judgements, and conduct a com-
prehensive analysis of state-of-the-art evaluation
metrics. Our findings show that LLM-as-a-judge
methods generally outperform traditional metrics
on English datasets. In Chinese, while LLM-based
evaluators still perform strongly, traditional metrics
such as BERTScore and BLEURT remain competi-
tive on some subsets.

Differences across languages and across spe-
cific aspects of evaluation suggest that a single
evaluation score often reflects a nonlinear combi-
nation of multiple underlying quality criteria. For
instance, a response that is more complete does
not necessarily receive a higher overall score, high-
lighting the complexity of human judgment in NLG
evaluation. The ablation study underscored key
limitations of reference-based evaluation. Gold-
standard responses exhibited limited measurable
agreement with peer references, using current au-
tomatic metrics; while GPT-40 outputs frequently
achieved higher metric scores. The observed lim-
itations reinforce the need to develop evaluation
methodologies that are comprehensive, reliable,
and context-sensitive, particularly for healthcare.

Here we only focused on single comprehensive
metrics, however our human evaluations include
more nuanced axes, e.g. factual accuracy and
consistency, which can be addressed using tar-
geted metrics, e.g. factual consistency classifiers.
Fine-tuning evaluation models remains an impor-
tant direction for future work. To support this, we
release the MORQA dataset with validation and
test subsets. As LLM weights become increasingly
open and accessible, we hope that this dataset and
benchmarks will facilitate the development of more
effective evaluation models and encourage further
research on real-world medical question answering
tasks.

Limitations

The work covers several medical open-response
question answering datasets, however is limited in
both sample size and scope. Only several human
domain experts were employed to give ratings and

their judgments may not fully represent all experts.
Incorporating additional expert evaluations is an
important area for expansion. Additionally, while
we aimed to select representative models, not all
LLMs or NLG evaluation methods were included in
this analysis.

Human evaluators included medical domain ex-
perts hired through Upwork as well as collaborat-
ing scientists and graduate trainees. Upwork an-
notators were selected based on verified profes-
sional credentials, provided with task descriptions
and sample data, and asked to submit cost esti-
mates. Compensation and workload were agreed
upon prior to task initiation, ensuring fair pay and
informed consent.

The underlying QA datasets used are publicly
available datasets licensed for research use. All
newly created data, including model responses and
domain expert ratings, were approved for public re-
lease and research use by the authors’ institutions.

While automatic evaluation metrics provide a
scalable means of estimating system performance,
they are not a substitute for expert human judgment,
particularly in sensitive domains such as healthcare.
Human evaluation remains essential in sensitive
settings.

Finally, this study focuses only on English and
Chinese datasets. The findings may not generalize
to other languages and regions. Moreover, sev-
eral models evaluated here depend on commercial
LLM APIs or access to GPU compute resources,
which may not be available to researchers in lower-
resource settings.
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[INST] You are a fair judge assistant tasked with providing clear, objective feedback based
on specific criteria, ensuring each assessment reflects the absolute standards set for perfor-
mance.

###Task Description:

An instruction (might include an Input inside it), a response to evaluate, several reference
answers that get a score of 1, and a score rubric representing a evaluation criteria are given.
1. Write a detailed feedback that assess the quality of the response strictly based on the
given score rubric, not evaluating in general.

2. After writing a feedback, write a score that is either 0, 0.5, or 1. You should refer to the
score rubric.

3. The output format should look as follows: "Feedback: (write a feedback for criteria)
[RESULT] (one of the options 0, 0.5, 1)"

4. Please do not generate any other opening, closing, and explanations.

###The instruction to evaluate:

Facing a wound-related medical problem, a patient seeks medical advice from a doctor.
Their QUERY to the doctor is the following. {}

###Response to evaluate:{}

###Reference Answers (Score 1):{}

###Score Rubrics:

[Is the model proficient in applying medical factual accuracy, appropriate medical advice,
and patient-understandable language to its responses?]

Score 0: The model neglects to provide a complete appropriate response, or the response
includes medically inaccurate advice.

Score 0.5: The model answers with some relevant medically accurate advice, however the
advice is incomplete.

Score 1: The model answers with a medically accurate and appropriate, complete response.
##tFeedback: [/INST]

(The Chinese prompt is same as English prompt, except for the following sections)
###The instruction to evaluate:

T — B R A5 0 RIEST BIRE, AT REERMETEI . T RIS E SRR 50
PRERJE A5 101 B3 18 4 A B2 T

###Score Rubrics:

[Is the model proficient in applying medical factual consistency and patient-understandable
language to its responses, given a list of Reference Answers?]

Score 0: The model neglects to provide a complete appropriate response, or the response is
factually inconsistent with all Reference Answers.

Score 0.5: The model answers with incomplete advise, but is factually consistent with at
least one of the Reference Answers.

Score 1: The model answers with complete advise and is factually consistent with at least
one of the Reference Answers.

Table 11: Prometheus Prompt (English TOP, Chinese BOTTOM)

SYSTEM: You are a helpful medical assistant.

USER: Given a patient {QUERY}, and a list of {REFERENCE RESPONSES}, please evaluate
a {CANDIDATE RESPONSE} using a three-step rating described below.

Rating: 0 - {CANDIDATE RESPONSE} is incomplete and may contain medically incorrect
advice.

Rating: 0.5 - {CANDIDATE RESPONSE} is incomplete but has partially correct medical
advice.

Rating: 1.0 - {CANDIDATE RESPONSE} is complete and has medically correct advice.
The {REFERENCE RESPONSES]} represent answers given by domain experts and can be
used as references for evaluation.

QUERY:

REFERENCE RESPONSES:

CANDIDATE RESPONSE:

RATING:

SYSTEM: fRE—"MREFEMETE T -

USER: £ & i3 A2 B[R R A K — RIS | EY, 6 TR 3 900F 5 il B2k
fE{FFMIES) -

W 0- (FFNE ) A5e%E B 5 PTE{S % B S} E SR -

WAy 0.5 - (FEEIE} NERA S 20— NS HEEVELHT -

o> 1.0 - {(FFEE} B HS 20— MSE RS SHELHEAT

A& {}

SHEH ()

GSRUIE=RY!
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Table 12: LLM-as-Judge Prompts for General Al Models (English TOP, Chinese BOTTOM)
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EN

To evaluate the **CANDIDATE RESPONSE**, let’s break it down step-by-step against the **REF-
ERENCE RESPONSES** and the **QUERY**:

#it# **Key Points from the Query:**

- A previously healed wound on the sole reopened due to scratching and friction.

### **Key Points from Reference Responses:**

1. **Possible diagnoses:** Corn/callus or plantar wart (suggesting OTC treatments like salicylic
acid, soaking, pumice stone, or duct tape).

2. **General advice:**

- Cover the area to reduce friction.

- Replace worn-out shoes.

- Seek podiatry evaluation if no improvement.

3. **Caution:** Hard to confirm diagnosis without in-person evaluation (possible foreign body or
infection risk).

#i#t# **Candidate Response Evaluation:**

- **Strengths:**

- Advises keeping the wound **clean and covered** (matches reference advice).

- Recommends **reducing friction** (cushioned insoles align with replacing shoes/insoles).
- Suggests **OTC pain relief** (reasonable for symptom management).

- Advises **medical consultation if worsening** (consistent with references).

- **Weaknesses:**

- Does **not** suggest specific OTC treatments (e.g., salicylic acid, soaking, pumice stone) men-
tioned in references.

- Does **not** propose possible diagnoses (e.g., corn, wart) or tailored treatments.

- Lacks emphasis on **shoe replacement** (a key friction-reduction step in references).

### **Rating: 0.5™*

- The response is **partially correct and incomplete**.

- It covers **basic wound care and pain management** but misses **specific treatments and
diagnostic considerations** from references.

- It does not contain **medically incorrect advice**, but it lacks completeness.

*Reasoning:**

- **0.5™ = Incomplete but partially correct (general advice is safe, but lacks specificity).
- **Not 1.0** because it omits key details and possible diagnoses.

- **Not 0** because it provides some valid, non-harmful guidance.

*Suggestions for Improvement:**
- Add possible causes (e.g., "This may be a corn or plantar wart; consider OTC salicylic acid or
soaking.).

ZH

550 1.0

iR FMES S SE DD SBRGEIMALT . BAORE, FUERSS5EE—1M2EEE
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Table 13: DeepSeekV3 LLM-as-judge Rationale Example
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EN

The response provided is accurate and relevant to the patient’s query. It correctly identifies the con-
dition as tinea corporis, which is a type of fungal infection commonly known as ringworm. The advice
to see a doctor for a proper diagnosis and treatment is appropriate and patient-understandable.
Additionally, the response mentions that the treatment is usually easy, which is a helpful piece of
information for the patient. However, the response could have been more complete by providing
more details about the treatment, such as the type of antifungal medication that might be used.
Despite this, the response still meets the criteria for a score of 1 as it is medically accurate, appro-
priate, and complete. So the overall score is 1. [RESULT] 1

ZH

The response provided is factually consistent with the reference answer, which correctly identifies
the condition as line-shaped eczema. The advice given is also complete, covering the use of gentle
cleansers, the avoidance of harsh treatments, and the need for further examination. However,
the response does not mention the possibility of color reduction or the specific location of the
skin damage, which are important details in the reference answer. This omission results in a less
comprehensive response compared to the reference answer. Therefore, while the response is
accurate and patient-friendly, it lacks the depth and detail found in the reference answer. So the
overall score is 1. [RESULT] 1

Table 14: Prometheus LLM-as-judge Rationale Example

EN

RATING: 0

The candidate response is incomplete and provides insufficient medical advice. It suggests that
the condition could be parapsoriasis and recommends seeing a dermatologist, but does not offer
further guidance or details that align with the reference responses, which primarily indicate a high
likelihood of psoriasis and suggest specific treatments and examinations. Furthermore, it does not
recommend a pathological examination which is critical for confirming the diagnosis.

ZH
A 1.0
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Table 15: GPT-40 LLM-as-judge Rationale Example

EN

RATING: 0.5

The candidate response acknowledges the possibility of Parapsoriasis, but several reference re-
sponses suggest Psoriasis or other conditions as more likely. While recommending a dermatologist
visit is crucial and correct, the response doesn’t offer any further information or direction. It sits on
the fence without providing more specific guidance based on the symptoms described. Therefore,
it's incomplete but contains the partially correct advice of seeking expert consultation.

ZH
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Table 16: Gemini LLM-as-judge Rationale Example
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DermaVQA LiveQA WoundcareVQA

metric T r P T r P T r p
bertscore-f1-max | 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
bertscore-f1-mean | 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
bleurt20-max 0.00 0.00 0.00 | 0.23 0.26 0.23 | 0.00 0.00 0.00
bleurt20-mean 0.00 0.00 0.00 | 0.18 0.26  0.19 | 0.00 0.00 0.00
deepseekv3 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
deltableu-micro 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
gpt-40 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
gemini-1.5-pro 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
promethesus7bv2 | 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
rouge-1 0.25 0.01 0.26 | 0.03 0.12 0.03 | 0.23 0.00 0.22
rouge-2 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
rouge-L 0.00 0.00 0.00 | 0.01 0.08 0.01 | 0.00 0.00 0.00

Table 17: woundcare-en-overall p-val (r=kendall’s tau, r=pearson, p=spearman) 0.00 means p-values of
< 0.01.

DermaVQA Meddialog WoundcareVQA

metric T r P T r p T T p
bertscore-fi-max | 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.04 0.03 0.04
bertscore-f1-mean | 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.04 0.02 0.04
bleurt20-max 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
bleurt20-mean 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
deepseekv3 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
deltableu-micro | 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.04 0.06 0.03
gpt-40 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
gemini-1.5-pro 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.00 0.00 0.00
promethesus7bv2 | 0.01 0.03 0.01 | 0.00 0.00 0.00 | 0.24 0.10 0.24
rouge-1 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.33 0.26 0.33
rouge-2 0.00 0.00 0.00 | 0.00 0.00 0.00 | 0.01 0.01 0.01
rouge-L 0.04 0.01 0.04 | 0.00 0.00 0.00 | 0.80 0.77 0.82

Table 18: woundcare-zh-factual-consistency-wgold p-val (r=kendall’s tau, r=pearson, p=spearman). 0.00
means p-values of < 0.01.

metric kendall pearson spearman avg-corr acc
deepseekv3d -0.3054 -0.3400 -0.3216 -0.3223  0.3441
gpt-40 -0.3052 -0.3238 -0.3122 -0.3138 0.4086

gemini-1.5-pro -0.3010 -0.3131 -0.3049 -0.3063 0.3656
bleurt20-max -0.1702 -0.2146 -0.2081 -0.1977 0.1613
bertscore-f1-max -0.1364 -0.1675 -0.1667 -0.1569 0.1219
deltableu-micro -0.1483 -0.1367 -0.1813 -0.1555 0.1290
bleurt20-mean -0.1284 -0.1680 -0.1570 -0.1511  0.1434
promethesus7bv2 -0.1226 -0.1472 -0.1256 -0.1318 0.4122
bertscore-fi-mean -0.1115 -0.1342 -0.1363 -0.1273 0.1075

rouge-L -0.0897 -0.1530 -0.1096  -0.1175 0.1111
rouge-2 -0.0786 -0.1305  -0.0961 -0.1018 0.1290
rouge-1 -0.0221 -0.0956  -0.0270  -0.0482 0.1900

Table 19: woundcare-en-disagree_flag

metric kendall pearson spearman avg-corr acc
deepseekv3d 0.2905 0.3377 0.3068 0.3117 0.5125
gemini-1.5-pro 0.2720 0.3162 0.2758 0.2880 0.5663
gpt-40 0.2733 0.3079 0.2804 0.2872 0.5699
promethesus7bv2 0.1913  0.2433 0.1975 0.2107 0.4982
bertscore-f1-mean 0.1707  0.2501 0.2092 0.2100 0.2115
bleurt20-max 0.1672 0.2571 0.2051 0.2098 0.1685
bertscore-f1-max 0.1705 0.2378 0.2092 0.2058 0.1828
bleurt20-mean 0.1574  0.2640 0.1931 0.2048 0.1828

rouge-L 0.1373 0.2373 0.1685 0.1810 0.2007
rouge-2 0.0970 0.2558 0.1190 0.1573 0.1756
rouge-1 0.0588 0.2251 0.0726 0.1188 0.1864

deltableu-micro 0.1003 0.1098 0.1233 0.1112 0.1864

Table 20: woundcare-en-completeness
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metric kendall pearson spearman avg-corr acc
gpt-40 0.3288 0.3704 0.3416 0.3470 0.5161
deepseekv3d 0.3150 0.3820 0.3390 0.3454 0.4767
gemini-1.5-pro 0.3056 0.3360 0.3146 0.3187 0.5090
bleurt20-max 0.1405 0.2172 0.1749 0.1775 0.2186
bertscore-f1-mean 0.1156 0.1906 0.1434 0.1499 0.2760
bertscore-f1-max  0.1101  0.1872 0.1377 0.1450 0.2509
bleurt20-mean 0.1034 0.1947 0.1288 0.1423 0.2330
promethesus7bv2 0.1118 0.1476 0.1173 0.1256 0.4624
deltableu-micro 0.0897 0.0989 0.1124 0.1003  0.2401
rouge-L 0.0262 0.1717 0.0326 0.0769 0.2545
rouge-1 0.0210 0.1703 0.0271 0.0728 0.1792
rouge-2 0.0259 0.1532 0.0327 0.0706  0.2079

Table 21: woundcare-en-factual-accuracy

metric kendall pearson spearman avg-corr acc
gpt-40 0.2420 0.2871 0.2479 0.2590 0.6093
gemini-1.5-pro 0.2217 0.2649 0.2248 0.2371 0.5484
promethesus7bv2 0.2164 0.2512 0.2223 0.2300 0.5054
deepseekv3 0.1967 0.2365 0.2071 0.2134 0.4659
rouge-2 0.1356 0.3344 0.1659 0.2119 0.0860
rouge-1 0.1149 0.3470 0.1409 0.2009 0.0896
bertscore-f1-mean 0.1480 0.2718 0.1810 0.2003 0.0896
bleurt20-mean 0.1317 0.3003 0.1615 0.1979 0.0789
rouge-L 0.1164 0.3288 0.1426 0.1960 0.0896
bleurt20-max 0.1465 0.2620 0.1794 0.1960 0.0789
bertscore-f1-max 0.1339 0.2294 0.1642 0.1759 0.0896
deltableu-micro 0.1031 0.1150 0.1263 0.1148 0.0824

Table 22: woundcare-en-relevance

metric kendall pearson spearman avg-corr acc
bleurt20-mean 0.1817 0.3563 0.2234 0.2538 0.1434
bertscore-f1-mean 0.1889 0.3383 0.2323 0.2531 0.1577
bleurt20-max 0.1930 0.3199 0.2369 0.2499 0.1505
gemini-1.5-pro 0.2156  0.2544 0.2199 0.2300 0.5197
gpt-40 0.2073 0.2496 0.2137 0.2235 0.6057
rouge-2 0.1202 0.3394 0.1458 0.2018 0.1398
bertscore-f1-max  0.1485 0.2596 0.1822 0.1968 0.1470
promethesus7bv2 0.1719  0.2226 0.1773 0.1906 0.4946
deepseekv3 0.1676  0.2101 0.1776 0.1851 0.4588
rouge-L 0.0852 0.3181 0.1047 0.1693 0.1362
rouge-1 0.0709 0.3440 0.0866 0.1672 0.1326
deltableu-micro 0.1247 0.1502 0.1534 0.1428 0.1470

Table 23: woundcare-en-writing-style
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metric kendall pearson spearman avg-corr acc

deepseekv3d 0.3696 0.4310 0.3988 0.3998 0.4946
gpt-40 0.3649 0.4060 0.3796 0.3835 0.5233
gemini-1.5-pro 0.3603 0.3798 0.3721 0.3707 0.5448
bleurt20-max 0.2157 0.2962 0.2698 0.2605 0.2581
bertscore-f1-max 0.1782 0.2515 0.2227 0.2175 0.3118
promethesus7bv2 0.1866 0.2278 0.1961 0.2035 0.4910
bleurt20-mean 0.1594 0.2513 0.1997 0.2035 0.2832
bertscore-f1-mean 0.1613 0.2371 0.2015 0.2000 0.3262
deltableu-micro 0.1605 0.1687 0.2007 0.1766  0.2796

rouge-2 0.1029 0.2317 0.1292 0.1546  0.2473
rouge-L 0.0993 0.2193 0.1247 0.1478 0.3011
rouge-1 0.0401  0.2073 0.0523 0.0999 0.2330

Table 24: woundcare-en-overall

metric kendall pearson spearman avg-corr acc
gemini-1.5-pro -0.3766 -0.3835  -0.3849  -0.3817 0.4900
deepseekv3 -0.3364 -0.3531 -0.3488  -0.3461 0.4267
gpt-40 -0.3283 -0.3244  -0.3370  -0.3299 0.4067

bleurt20-mean -0.2416  -0.2945 -0.2962 -0.2774 0.1433
bleurt20-max -0.2182 -0.2310 -0.2674 -0.2389 0.1333
bertscore-f1-mean -0.1948 -0.2545 -0.2384 -0.2292 0.1200
bertscore-f1-max -0.1366 -0.1802 -0.1679 -0.1616  0.1433
deltableu-micro -0.1341  -0.0955 -0.1641 -0.1312 0.1633

rouge-L -0.0789 -0.1208  -0.0965 -0.0986 0.1967
rouge-2 -0.0710 -0.1096  -0.0870  -0.0892 0.2133
rouge-1 -0.0252 -0.1011 -0.0305 -0.0523 0.1767

promethesus7bv2  0.0400  0.0460 0.0425 0.0429 0.3333

Table 25: iiyi-en-disagree_flag

metric kendall pearson spearman avg-corr acc

bleurt20-mean 0.2434  0.3090 0.3086 0.2870 0.4000
bertscore-f1-max  0.2496  0.2891 0.3202 0.2863 0.4233
bertscore-f1-mean 0.2331  0.2833 0.2957 0.2707 0.4200
bleurt20-max 0.2345 0.2663 0.2986 0.2664 0.4067
promethesus7bv2 0.2268 0.2306 0.2519 0.2365 0.4667
gemini-1.5-pro 0.2161 0.2492 0.2292 0.2315 0.5200

gpt-40 0.2168 0.2420 0.2333 0.2307  0.5333
deepseekv3 0.1591  0.1775 0.1718 0.1695 0.5133
rouge-L 0.1460 0.1680 0.1860 0.1667 0.3367
rouge-2 0.1349 0.1752 0.1723 0.1608 0.3467
deltableu-micro 0.1221  0.0738 0.1564 0.1174  0.3300
rouge-1 0.0515  0.0957 0.0652 0.0708 0.3233

Table 26: iiyi-en-completeness
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metric kendall pearson spearman avg-corr acc
gemini-1.5-pro 0.3875 0.3812 0.4127 0.3938 0.5167
bleurt20-mean 0.3236  0.3618 0.4108 0.3654 0.4433
bleurt20-max 0.3215  0.3209 0.4072 0.3499 0.4500
deepseekv3 0.3201 0.3205 0.3488 0.3298 0.4967
bertscore-f1-mean 0.2875 0.3112 0.3674 0.3221  0.4567
gpt-4o0 0.3199 0.2920 0.3450 0.3190 0.4733
bertscore-f1-max  0.2774  0.2908 0.3554 0.3079  0.4500
deltableu-micro 0.2352 0.1620 0.3039 0.2337 0.4167
rouge-L 0.1827 0.1911 0.2328 0.2022  0.3800
rouge-2 0.1188 0.1444 0.1528 0.1387 0.3367
promethesus7bv2 0.1026  0.0851 0.1135 0.1004 0.3967
rouge-1 0.0464 0.0746 0.0586 0.0599 0.3333

Table 27: iiyi-en-factual-accuracy

metric kendall pearson spearman avg-corr acc
gemini-1.5-pro 0.3846 0.3851 0.4084 0.3927 0.5300
deepseekv3 0.3369 0.3414 0.3633 0.3472 0.4833
gpt-4o0 0.3364 0.3108 0.3612 0.3361 0.5233
bleurt20-mean 0.2942 0.3316 0.3728 0.3329 0.3833
bleurt20-max 0.3017  0.2925 0.3816 0.3253 0.4133
bertscore-f1-mean 0.2821  0.3087 0.3601 0.3170 0.4233
bertscore-f1-max  0.2528 0.2604 0.3260 0.2798  0.4200
deltableu-micro 0.2123 0.1388 0.2731 0.2081  0.3767
rouge-L 0.1593 0.1702 0.2053 0.1783 0.3233
rouge-2 0.1149 0.1383 0.1474 0.1335 0.3033
rouge-1 0.0585 0.1015 0.0731 0.0777 0.3100
promethesus7bv2 0.0679 0.0364 0.0741 0.0595 0.3767

Table 28: iiyi-en-relevance

metric kendall pearson spearman avg-corr acc
bleurt20-mean 0.2452  0.3094 0.3116 0.2887 0.3633
gemini-1.5-pro 0.2686 0.3065 0.2844 0.2865 0.5900
gpt-40 0.2640 0.2982 0.2820 0.2814  0.5267
deepseekv3 0.2279 0.2666 0.2460 0.2468 0.5500
bleurt20-max 0.2076 0.2158 0.2668 0.2300 0.3700
bertscore-f1-mean 0.1542 0.2290 0.1954 0.1929  0.3533
bertscore-f1-max  0.1548  0.2045 0.1983 0.1859 0.3600
rouge-2 0.1397 0.1712 0.1777 0.1628 0.3233
promethesus7bv2 0.1385 0.1234 0.1522 0.1380 0.4500
rouge-L 0.1067 0.1220 0.1361 0.1216  0.3000
rouge-1 0.0647 0.1490 0.0822 0.0986 0.3100
deltableu-micro 0.0306 -0.0325 0.0398 0.0127 0.2933

Table 29: iiyi-en-writing-style
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metric kendall pearson spearman avg-corr acc
gemini-1.5-pro 0.3967 0.4221 0.4226 0.4138 0.5433
bleurt20-mean 0.3264 0.4046 0.4160 0.3823 0.4267
gpt-40 0.3630 0.3836 0.3923 0.3796 0.5100
bleurt20-max 0.3263 0.3541 0.4157 0.3654 0.4333
bertscore-f1-mean 0.3021 0.3562 0.3850 0.3478 0.4667
deepseekv3 0.3183 0.3434 0.3472 0.3363 0.4833
bertscore-f1-max  0.2883 0.3344 0.3701 0.3309 0.4567
deltableu-micro 0.2261 0.1678 0.2926 0.2288 0.3933
rouge-L 0.1774 0.2056 0.2276 0.2035 0.3567
rouge-2 0.1283 0.1722 0.1651 0.1552  0.3200
promethesus7bv2  0.1353 0.1448 0.1497 0.1432  0.4400
rouge-1 0.0364 0.0996 0.0465 0.0608 0.3200

Table 30: iiyi-en-overall

metric kendall pearson spearman avg-corr acc
gemini-1.5-pro 0.4339 0.4043 0.4551 0.4311  0.6397
bertscore-f1-max  0.3750 0.3880 0.4755 0.4128 0.2948
bertscore-f1-mean 0.3579  0.3801 0.4551 0.3977 0.2948
gpt-40 0.3833 0.3860 0.4016 0.3903 0.6463
deepseekv3 0.3599 0.3599 0.3772 0.3657 0.6245
promethesus7bv2 0.2622  0.2430 0.2769 0.2607 0.6135
rouge-2 0.2321  0.2496 0.2969 0.2595 0.2904
deltableu-micro 0.1712  0.2296 0.2200 0.2069 0.2686
rouge-L 0.1552 0.1271 0.1990 0.1604 0.2511
rouge-1 0.1282 0.1144 0.1623 0.1350 0.2467
bleurt20-mean 0.0768 0.0829 0.0965 0.0854 0.1987
bleurt20-max 0.0694 0.0834 0.0879 0.0802 0.1943

Table 31: livega-en-overall

metric kendall pearson spearman avg-corr acc
gpt-40 0.3769 0.4124 0.3897 0.3930 0.5412
deepseekv3 0.3450 0.3863 0.3594 0.3635 0.5448
gemini-1.5-pro 0.2921  0.3346 0.3012 0.3093 0.5054
bleurt20-mean 0.1898 0.2152 0.2400 0.2150 0.2545
bleurt20-max 0.1789 0.1912 0.2263 0.1988 0.2616
rouge-2 0.1307 0.1627 0.1665 0.1533 0.2796
bertscore-f1-mean 0.0986  0.1420 0.1231 0.1212 0.2867
bertscore-f1-max  0.0983 0.1306 0.1228 0.1172  0.2760
deltableu-micro 0.0996 0.1119 0.1270 0.1128 0.2832
promethesus7bv2  0.0657  0.0983 0.0708 0.0783 0.3835
rouge-1 0.0460 0.0675 0.0583 0.0572 0.2545
rouge-L -0.0117  0.0173 -0.0139  -0.0028 0.2437

Table 32: woundcare-zh-factual-consistency-wgold
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metric kendall pearson spearman avg-corr acc
deepseekv3 0.0863 0.0737 0.0874 0.0825 0.6165
gemini-1.5-pro 0.0769 0.0712 0.0775 0.0752 0.5771
gpt-40 0.0496 0.0464 0.0500 0.0487 0.5161
deltableu-micro 0.0268 0.0335 0.0328 0.0310 0.0108
bleurt20-max 0.0219  0.0293 0.0268 0.0260 0.0108
promethesus7bv2  0.0234  0.0302 0.0243 0.0260 0.4946
rouge-2 0.0060 0.0019 0.0073 0.0051 0.0108
rouge-1 -0.0074 -0.0154  -0.0091 -0.0106 0.0108
bertscore-f1-max  -0.0141 -0.0032 -0.0173 -0.0115 0.0143
bleurt20-mean -0.0127 -0.0067 -0.0155 -0.0116 0.0108
rouge-L -0.0113 -0.0217  -0.0138 -0.0156 0.0179
bertscore-f1-mean -0.0176 -0.0333 -0.0216 -0.0242 0.0108

Table 33: woundcare-zh-writing-style

metric kendall pearson spearman avg-corr acc
bertscore-f1-max  0.3379  0.4071 0.4234 0.3895 0.2633
gemini-1.5-pro 0.3669 0.3975 0.3847 0.3830 0.6200
deepseekv3 0.3648 0.3910 0.3892 0.3817 0.5533
rouge-2 0.3271  0.3979 0.4093 0.3781 0.2700
gpt-40 0.3600 0.3859 0.3844 0.3767 0.5367
bertscore-f1-mean 0.2951 0.3633 0.3701 0.3428 0.2700
deltableu-micro 0.2806 0.3029 0.3534 0.3123  0.2567
bleurt20-max 0.2483 0.3065 0.3115 0.2888 0.2600
bleurt20-mean 0.2108 0.2822 0.2656 0.2529 0.2567
rouge-1 0.1445 0.1862 0.1825 0.1711  0.2467
promethesus7bv2 0.1411  0.1223 0.1493 0.1376  0.4800
rouge-L 0.0946 0.1466 0.1197 0.1203 0.2100

Table 34: iiyi-zh-factual-consistency-wgold

metric kendall pearson spearman avg-corr acc
gemini-1.5-pro 0.1214  0.1227 0.1248 0.1230 0.6000
gpt-40 0.1002 0.1041 0.1045 0.1029 0.5033
deltableu-micro 0.0818 0.1025 0.1000 0.0948 0.0500
deepseekv3 0.0643  0.0621 0.0670 0.0645 0.5000
bertscore-f1-mean 0.0249  0.0407 0.0305 0.0320 0.0467
bertscore-f1-max  0.0227  0.0347 0.0278 0.0284 0.0400
bleurt20-max 0.0183 0.0175 0.0223 0.0194 0.0267
rouge-2 -0.0105 0.0081 -0.0128  -0.0050 0.0200
rouge-1 -0.0162 -0.0245 -0.0198  -0.0201 0.0333
promethesus7bv2 -0.0173 -0.0267 -0.0178  -0.0206 0.4833
bleurt20-mean -0.0239 -0.0241 -0.0292  -0.0258 0.0333
rouge-L -0.0323 -0.0306  -0.0394  -0.0341 0.0433

Table 35: iiyi-zh-writing-style
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metric kendall pearson spearman avg-corr acc
bertscore-f1-max  0.3106  0.3802 0.3902 0.3604 0.2304
bertscore-f1-mean 0.3106 0.3802 0.3902 0.3604 0.2304
bleurt20-max 0.2720 0.3210 0.3408 0.3112 0.1918
bleurt20-mean 0.2720 0.3210 0.3408 0.3112 0.1918
gemini-1.5-pro 0.2982 0.3014 0.3086 0.3028 0.5792
deepseekv3 0.2871  0.2973 0.2973 0.2939 0.5727
gpt-40 0.2830 0.3014 0.2937 0.2927  0.5290
rouge-2 0.2503 0.3112 0.3145 0.2920 0.2162
deltableu-micro 0.2406 0.2454 0.3036 0.2632 0.2111
rouge-1 0.1472  0.1751 0.1860 0.1694 0.2033
rouge-L 0.1336 0.1593 0.1695 0.1542 0.1853
promethesus7bv2 0.1251 0.1596 0.1305 0.1384 0.4659

Table 36: meddialog-zh-factual-consistency-wgold

metric kendall pearson spearman avg-corr acc
rouge-L 0.0880 0.1321 0.1080 0.1094 0.0309
rouge-1 0.0841 0.1218 0.1032 0.1030 0.0347
bertscore-f1-max  0.0744 0.1168 0.0914 0.0942 0.0232
bertscore-f1-mean 0.0744 0.1168 0.0914 0.0942 0.0232
rouge-2 0.0700 0.0912 0.0859 0.0823 0.0219
deltableu-micro 0.0772  0.0433 0.0950 0.0718 0.0270
gemini-1.5-pro 0.0623 0.0664 0.0625 0.0637 0.7169
bleurt20-max 0.0403 0.0937 0.0494 0.0611  0.0193
bleurt20-mean 0.0403 0.0937 0.0494 0.0611  0.0193
deepseekv3 0.0529 0.0592 0.0532 0.0551 0.6782
gpt-40 0.0106  0.0048 0.0106 0.0087 0.5985
promethesus7bv2 0.0163 -0.0094 0.0166 0.0078 0.5611

Table 37: meddialog-zh-writing-style
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