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Abstract
Highly technical medical terms are difficult for
patients to understand during fast-paced hos-
pital consultations, leading them to rely on
Large Language Models (LLMs) for simpli-
fied explanations. However, LLMs can pro-
duce inaccurate or false information. Since
expert evaluation is costly and time-consuming,
LLM-as-a-Judge (LaaJ) approach is increas-
ingly adopted to assess the quality of LLM-
generated text. In this paper, we investigate
the reliability and robustness of LaaJ for spe-
cialized medical knowledge by evaluating six
LLMs for their judgment capabilities on three
dimensions: correctness, readability, and com-
pleteness. We utilized three judgment setups:
Vanilla, Epistemic, and Bias to probe robust-
ness, and assess them against human expert an-
notations to measure alignment. To address the
lack of specialized medical benchmarks, we in-
troduce BrainCancerDB, an English dataset of
219 brain cancer terms with 23,652 annotations.
Our findings indicate that while LLM-Judges
and humans display similar trends in ranking
simplified explanations, LLM-Judges tend to
be more lenient on correctness, which may have
serious implications in medical setting. Addi-
tionally, we observe that hallucinations in LaaJ
setups can be mitigated by epistemic markers.

1 Introduction

Large Language Models (LLMs) are used for many
tasks in real world, such as question-answering, ab-
stract writing, or recommendations (Acharya et al.
2023; Wu et al. 2024; Lyu et al. 2024). Out of
many use cases, health related ones require specific
caution, as people tend to use LLMs instead of real
doctors for medical information or advice (Zada
et al., 2025). Medical consultations are often too
short to allow patients to fully interact with doctors,
or to get explanations for the medical jargon (Uma-
pathi et al., 2023). Complex medical terms such
as oligodendroglioma or temozolomide are diffi-
cult to understand for patients with different levels
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Temozolomide (TMZ) is
an chemotherapy pill.

Figure 1: Illustration of limitation of LLM-as-a-Judge
(Gemma-1b) evaluation in the medical domain.

of medical literacy. Not understanding technical
medical terms can hinder the treatment of the dis-
ease, and in cases of diseases very complex to cure,
such as brain cancer, simplifying medical terms
for patients is of utmost importance (Ivchenko and
Grabar, 2022).

There is a high risk for LLMs giving inaccu-
rate answers that can have dangerous consequences
(misinformation, erroneous scientific content, bias)
(Bang et al. 2025; Huang et al. 2023; Zhang et al.
2023). LLM-as-a-Judge (LaaJ) prompting method
was proposed as a solution to evaluate LLMs an-
swers (Li et al., 2024). However, this method can
fail in evaluating LLM-generated answers or it can
be prone to self-preference bias (Wataoka et al.,
2024), data contamination issues (Li et al., 2025),
or lack of robustness when using positive of nega-
tive epistemic markers ( eg., I am confident, I am
not sure) (Lee et al., 2025).

In this study, we aimed to answer two main re-
search questions: (RQ1) Is LaaJ a reliable auto-
matic evaluation method for medical term simplifi-
cation?, and (RQ2) Are LLM-Judges aligned with
human evaluation for medical term simplification?
In this paper, we used LLM-as-a-Judge (LaaJ) to
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refer to the evaluation method, and LLM-Judge
to talk about the LLM used within a Chain-of-
Thought prompting framework for an evaluation
task. To test the reliability and robustness of the
LaaJ method, we conducted a fine-grained eval-
uation of the capacity of six LLMs in evaluating
medical text simplification of definitions and ex-
planations of highly medical brain cancer related
terms, in three zero-shot settings: Vanilla, Bias, and
Epistemic. This paper’s contribution is twofold:

1. We propose BrainCancerDB, an English med-
ical dataset of 219 brain cancer terms com-
piled from real-life hospital consultations and
medical online databases. We extended the
BrainCancerDB dataset with scientific and
human simplified definitions for all 219 terms,
along with 23,652 LLM-generated annota-
tions. Moreover, we share the code of our
fine-grained evaluation pipeline with
the NLP and medical community to serve as
an evaluation framework for the LLM-as-a-
Judge method for the medical term simplifica-
tion task1.

2. We conducted a two step fine-grained
evaluation of open-source LaaJ’s perfor-
mance in evaluating simple explanations for
highly technical medical terms for three di-
mensions, correctness, readability and
completeness. We compared LaaJ against
human expert evaluation and SARI, a text sim-
plification metric (Xu et al., 2016).

2 Related Work

As human expert evaluation of LLM generated
content is costly and time-consuming, LLM-as-a-
Judge evaluation became a convenient, cheap and
fast tool (Li et al. 2024; Gu et al. 2024; Zheng et al.
2023). Nevertheless, there are few studies on the
reliability and robustness of LLM-as-a-Judge as
an evaluation method for very technical medical
knowledge. While many studies were conducted
on brain cancer MRI images or reports (Rashed
et al. 2025; Kanzawa et al. 2024), there are very
few research studies on brain cancer related sim-
plification for patients. Concurrent studies worked
on simplifying brain magnetic resonance imaging
(MRI) reports for patients (Xu and Wang, 2024),
or on summarizing brain tumour forums (Muasher-
Kerwin et al., 2025). However, these studies do

1github.com/ATILF-UMR7118/BrainCancerDB-Corpus

medical_term: MGMT methylation

sci_definition: MGMT promoter methylation is related to
the increased sensitivity of tumour tissue to chemotherapy
with temozolomide (TMZ) and thus to improved patient survival.

simple_definition: MGMT methylation is an indicator of how
sensitive the tumour cells are to cancer drugs treatment.

Figure 2: Instance of BrainCancerDB dataset. The
medical_term was extracted from the brain can-
cer related terms collected from hospital visits,
while the sci_definition represents the scientific
definition extracted from medical websites. The
simple_definition was manually written by a human
annotator.

not share their datasets on brain cancer for further
reproducibility.

Our LaaJ prompting method was proposed as
a solution to identify hallucinations in LLMs an-
swers (Li et al., 2024). However, this method can
be prone to self-preference bias (Wataoka et al.,
2024) or data contamination issues, when the same
family of models are used for generation and evalu-
ation (Li et al., 2025). Benchmarks for judging the
LLM-Jugdes were proposed by (Tan et al., 2024)
for knowledge, reasoning, math, and coding tasks,
nevertheless, not extended to the medical domain.
Szymanski et al. (2025) evaluated human agree-
ment between human experts and LLM judges, and
showed 64-68% agreement for the dietetics domain
and mental health. A concurrent study, Diekmann
et al. (2025) showed that LaaJ achieved high ac-
curacy of generated medical answers in terms of
scientific and grammatical correctness, but they
were less efficient on evaluating empathy or extent
of harm.

In a recent study, Lee et al. (2025) analyzed
LLM-as-a-Judge robustness when using epistemic
markers in the generated outputs. Their study
showed that LLMs, even proprietary ones like GPT-
4o, showed lack of robustness when asked to use
uncertain (I am not sure) epistemic markers. The
authors evaluated the LLMs on a proposed bench-
mark, EMBER, on the general domain in English.
Our study proposed a new benchmark to extend the
LLM-as-a-Judge robustness evaluation to a very
technical domain, such as brain cancer.

3 Dataset: BrainCancerDB

For this study, we introduced a new English
dataset of 219 technical terms related to brain can-
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LLM-JUGDES LLM-STUDENTS

LLM family LLM size Abbreviation L1B L3B L8B G1B G4B A8B

Llama Llama-3.2-1B-Instruct L1B B – – EV – –
Llama-3.2-3B-Instruct L3B B B – EV – –
Llama-3.1-8B-Instruct L8B B B B EV EV EV

Gemma gemma-3-1b-it G1B EV – – B – –
gemma-3-4b-it G4B EV EV – B B –

Cohere aya-expanse-8b A8B EV EV EV EV EV B

Table 1: Families and sizes of LLM-Judges and different LLM-as-a-Judge / LLM-Student configurations used in
our study (V: Vanilla, B: Bias, E: Epistemic).

cer treatment and disease, BrainCancerDB. This
dataset was composed of terms collected by re-
searchers during hospital consultations between
neuro-oncologists and brain cancer patients, as well
as gathered from specialized cancer websites, in
consultation with cancer specialists. The dataset
resulted in a list of main brain cancer terms that
can be difficult to understand for patients, such as
astrocytome, PET-dopa, or unknown drugs names
like temozolomide or levetiracetam.

We extend our dataset with two set of definitions:
(i) generated definitions from six different LLMs
from three open-source family models: Gemma3
(Team et al., 2025), Llama3 (Grattafiori et al.,
2024), and Cohere-Aya (Dang et al., 2024) (see
LLM-Students in Table 1) (ii) curated definition
from medical internet sources2, and (iii) human
simplified definitions for a subset of the dataset (50
terms) (example of the three data types in Figure 2).

Additionally, we conducted a manual annotation
task of a subset of the dataset (50 terms) to ana-
lyze how efficient LLM-Judges are with respect to
expert human judgment. For this, a human biomed-
ical NLP expert annotator was given the task to
evaluate medical definitions or explanations for the
selected subset, and thus take the role of a Human-
Judge (more details in Section 3.1).

3.1 Human Expert Annotation Details
Since it is very costly to conduct human medi-
cal expert annotation, we manually evaluated only
300 simple explanations, for 50 terms in 6 LLM-
Student configurations. The human experts annota-
tion followed the same three evaluation dimensions
presented in Table 2. The annotation resulted in
a total of 900 human medical expert annotations.
Note that the LLMs were anonymized to human
experts to mitigate biased judgment.

2We collected technical definitions from medical websites
for 50 brain cancer terms. We provided the source website for
each scientific definition in our dedicated GitHub page.

4 Methodology

Our paper analyzed the quality of the LaaJ evalu-
ation method and its alignment with human anno-
tation when used to simplify brain cancer terms.
In our paper, LLM-generated output or LLM an-
swers refer to LLM-Student3 generated simple def-
initions or explanations. LLM-Judges evaluation
refers to LLM-as-a-Judge evaluation of the LLM-
Student-generated simple definitions. We detailed
our method below.

Task Description. We constructed a general
LLM-as-a-Judge prompt (see Table 4 in Appendix
A) that guides the LLMs to generate a judgment
on whether the generated outputs are scientifically
correct, simple to read, and complete.

Experimental Setup. We tested three experimen-
tal setups of judgment: Vanilla setup (V), where the
LLM-Student definitions are judged by the same-
sized or bigger LLM models from the other LLM
family. Secondly, Epistemic (E), that takes into
account positive, uncertain, and negative epistemic
markers, such as I am confident, Likely, I’m not
sure, within the vanilla setup. We chose the most
common epistemic markers used in similar LLM
studies (Lee et al., 2025). Finally, Bias (B), that
considers the same-sized or bigger LLM models
from the same LLM family as a judge. We de-
signed the biased setup to evaluate self-preference
bias. Table 1 shows each of the configurations that
are accounted for in each of the three scenarios. For
the 219-term dataset, we generated through zero-
shot inference a total of 7,884 LLM-Judge evalu-
ations for each dimension, with a total of 23,652
annotations for the three evaluation dimensions4.

3LLM-Student should not be confused with Teacher-
Student paradigms in knowledge distillation.

4Breakdown : 219×[13(V) +13(E)+10(B)] = 7884 annota-
tions; 7884×3(Correctness, Readability, Completeness)=23562 annotations
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Correctness Completeness

1 text encompasses the correct
medical knowledge and is in lan-
guage of term

text represents a full answer,
meaning the language model gen-
erated a concise answer

0 if above condition is not met if above condition is not met

Readability

1 text is fluent, grammatically correct and easy to un-
derstand for laypeople

2 text is quite difficult to understand
3 text is very difficult to understand

Table 2: Human expert annotation guidelines.

Evaluation Metrics. We consider three evalua-
tion dimensions inspired from Buhnila et al. (2024):
correctness, readability, completeness. In
the Table 2 we show the evaluation criteria used for
the human expert annotation. We evaluated three
dimensions: correctness: the generated text en-
compasses the correct medical knowledge in the
expected language (score [1] if the two conditions
are fulfilled, [0] if not); readability: evaluates
how simple the generated answer is (scored from
[1] to [3], where [1] means that the generated text
is easy to understand for laypeople, [2] the text is
quite difficult to understand, and [3] the text is very
difficult to understand.); and completeness: the
generated text represents a concise and full answer
(score [1] if yes, [0] if no).

Additionally, we compared LLM-as-a-Judge
with a traditional automatic simplification metric,
SARI (Xu et al., 2016), that has been the most
adapted metric for text simplification evaluation up
to date (Guo et al., 2024). SARI scores the sim-
plification level of a sentence comparing human
gold annotation and LLM generated text with a
technical definition reference. The simplicity level
is scored from 0 to 100 (100 being the simplest).

5 Results and Discussion

Table 3 presents the evaluation of LLM-as-a-Judge
setup’s evaluation performance against human ex-
pert annotators for 50 medical terms. Addition-
ally, we present in Appendix B, Table 6 the LaaJ
evaluation performance across three model fami-
lies on the full dataset. Our findings are as follows:

LLM-Judges are more lenient than Humans
with medical correctness, but stricter with read-
ability and completeness. On average, LLM
judges achieve correctness scores of 0.95 in the
Vanilla setup, 0.94 in the Epistemic setup, and 0.92
in the Bias setup, with at least 19.5% (in Bias)
higher than human experts. In contrast, LLMs per-

S(→) L1B L3B L8B G1B G4B A8B

(a) Correctness (↑)
V 0.890.31 0.990.10 1.000.00 0.910.28 0.990.10 0.980.14
E 0.900.31 0.990.10 1.000.00 0.900.31 0.990.10 1.000.00
B 0.790.41 0.980.14 1.000.00 0.890.32 1.000.00 1.000.00
H 0.560.50 0.860.35 0.840.37 0.640.48 0.860.35 0.840.37

(b) Readability (↓)
V 1.650.56 1.520.52 1.120.33 1.650.55 1.090.29 1.140.35
E 1.740.54 1.540.50 1.080.34 1.700.58 1.060.24 1.060.24
B 1.770.62 1.560.50 1.040.20 2.040.40 1.960.20 1.020.14
H 1.060.24 1.000.00 1.120.33 2.040.20 1.060.24 1.060.24

(c) Completeness (↑)
V 0.810.39 0.980.14 1.000.00 0.640.48 0.960.20 0.980.14
E 0.820.38 0.970.17 1.000.00 0.700.46 0.950.22 0.940.24
B 0.490.50 0.630.49 0.980.14 0.520.50 0.920.27 1.000.00
H 0.740.44 0.960.20 0.980.14 0.820.39 1.000.00 1.000.00

(d) SARI metric (↑)
MEAN 48.50 48.27 48.02 48.47 47.59 48.39

Table 3: Evaluation performance for three LLM-as-a-
Judge setups: Vanilla (V), Epistemic (E), and Bias (B)
against human judgments (H); and one automatic metric
SARI metric (MEAN) for 50 medical terms.

ceive the outputs as less readable and less complete
than humans, showing a notable divergence in judg-
ment. The largest difference in readability occurs
in the Bias setup (34.4%), followed by Epistemic
(21.3%) and Vanilla (18.9%). Similarly, complete-
ness scores differ most in the Bias setup (25%),
followed by Vanilla (8.7%) and Epistemic (7.6%).
These results demonstrate a clear misalignment be-
tween LLM and human judgment: LLMs tend to
overestimate correctness while being stricter on
readability and completeness.

Smaller LLM-Judges hallucinate more. Hal-
lucinations originate almost exclusively from the
smaller LLM-judges (=1B), whereas larger judges
(>1B) do not hallucinate, except for a few iso-
lated cases. Among smaller judges, G1B produces
40.7%, 57.8%, and 75.8% hallucinations in the
Bias, Vanilla, and Epistemic setups, respectively,
while L1B shows 57.6%, 41.7%, and 23.2% halluci-
nations. The addition of epistemic markers reduces
hallucinations by 69.3% for L1B and 27.9% for
G1B, suggesting that epistemic setups are more
effective in mitigating hallucinations for L1B.

Bias LLM-Judges are relatively more halluci-
nated. The Bias setup exhibits the highest rate
of hallucinations compared to the Vanilla and Epis-
temic configurations. Overall, it hallucinates 11.5%
of responses, whereas the Vanilla and Epistemic se-
tups hallucinate 9.2% and 5.1%, respectively. This
pattern remains consistent across all three evalu-
ation dimensions (Figure 3), with the Bias setup
showing hallucination rates of 12.4%, 8.8%, and
13.2% for correctness, readability, and complete-
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Figure 3: Percentage of hallucination in generated judg-
ment with LLM-as-a-Judge.

ness, respectively, surpassing both Vanilla and Epis-
temic setups across dimensions.

Epistemic LLM-Judges are less prone to halluci-
nations. Across the 1,950 total annotations (650
per evaluation dimension5), hallucinations account
for roughly 9.2% of responses in the vanilla setup,
but drop to about 5.1% under the epistemic setup.
This decline is consistent across all three eval-
uation dimensions (correctness, readability, and
completeness) indicating that epistemic markers
reduce hallucinations (Figure 3). Among the non-
hallucinated cases, there are 580, 587, and 577
paired judgments (vanilla and epistemic both valid)
for the above stated evaluation dimensions. Non-
agreement between vanilla and epistemic judg-
ments is 3.8% for correctness, 5.7% for complete-
ness, and 15.7% for readability. Thus, epistemic
markers do not substantially alter judgments for
correctness or completeness but introduce a notable
shift in readability evaluations. Moreover, out of
the non-agreement cases, the proportion of vanilla
and epistemic judgments that align with human an-
notations remains between 40–60% across all three
dimensions, indicating that epistemic markers do
not enhance human–LLM alignment.

LLM-Judges are mutually aligned. Across all
three setups (Vanilla, Epistemic, and Bias) LLM-
Judges demonstrated strong consistency in their
evaluations, with no statistically significant differ-
ences observed in their average scores across the
three evaluation dimensions (Appendix B, Table
6). This alignment is particularly evident when as-
sessing outputs from larger student models, where
judgments remain comparable across setups. How-
ever, within the Gemma family of models, the
Bias setup rates readability significantly worse

5650 = 13(E) x 50 medical terms.

than the Vanilla and Epistemic setups. Similarly,
for relatively smaller Llama students (<=3B), the
Bias setup assigns significantly lower completeness
scores, suggesting that bias-sensitive judgment may
influence specific evaluation dimensions despite
overall agreement among judges.

Humans are still better at simplification tasks.
We compared automatic metric SARI and Humans
evaluations (H) on the same 50 terms and 300 LLM
generated answers (Table 3). Spearman rank corre-
lation analysis reveals that the SARI metric aligns
more closely with readability than with correctness.
Across models, higher readability consistently cor-
responds to higher SARI scores, particularly for the
Vanilla (ρ=0.93) and Epistemic (ρ=0.75) models.
In contrast, correctness and completeness generally
show negative correlations with SARI, with some
reaching statistical significance (e.g., correctness
(V) ρ=–0.90; Bias correctness (B) ρ=–0.82), indi-
cating that SARI may undervalue medical correct-
ness or completeness while favoring fluent outputs.
These results suggest that SARI is more sensitive
to surface-level readability than to correctness.

6 Conclusion

To conclude, in this work we introduce
BrainCancerDB, a dataset of 219 brain can-
cer–related medical terms with both scientific and
simplified definitions, which we will share with the
research community. Further, our evaluation study
shows that while LLM-as-a-Judge is a convenient
and affordable method for evaluating simplified
medical explanations, it is not fully reliable for
highly technical terms. LLM-Judges tend to be
more lenient on medical correctness and do not
consistently align with human expert judgments
regarding scientific content. Different evaluation
configurations, Vanilla, Bias, and Epistemic
demonstrate that even with adjustments, caution is
needed when relying on LLM-Judges as the sole
assessment metric. To ensure robust evaluation,
LLM-based judgment should be complemented
with automatic metrics such as SARI and with
human expert evaluation.

Ethical Considerations

The dataset used in this study was built using only
medical terms. During consultations, private or
sensitive information was not collected. Patients
gave their consent to the presence of the researcher
during consultations. The simple definitions and
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explanations were written by human linguists anno-
tators, as part of their involvement in the research.

Limitations

This study was conducted on English only, mean-
ing that results can vary across multiple languages,
especially on lower resource languages. For our
experiments we used only general language LLMs,
and not medical LLMs, as our main research goal
was to evaluate the simplification performance of
LLM-Students, as well as the evaluation ability of
general language LLM-Judges. The dataset of our
in depth analysis is small, as human brain cancer
expert annotation is costly and difficult to imple-
ment, due to doctors’ demanding hospital workload.
Similar studies on bigger datasets or using bigger
LLMs can yield different results. This study was
designed to be reproducible by a wide range of re-
search laboratories across the globe, regardless of
their computational infrastructure. Therefore we
tested only open source LLMs of relatively small
size, that can be implemented without high compu-
tational costs.
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You are an expert medical evaluator. Rate the medical definitions, explanations
and paraphrases of the medical terms using specific criteria. Respond in English
only with the corresponding numerical ratings in brackets [] and include an
epistemic marker (e.g., I am confident, likely, I’m not sure) in round brackets ()
for each criterion.

Question: [term]

Generated Answer: [ ]

Evaluate each criterion. For each, choose exactly one option from the given
choices, respond with it in brackets [], and add an epistemic marker indicating
your confidence in round brackets ().

Correctness: the generated text encompasses the correct medical knowledge
and it is in English (score [1] if the two conditions are fulfilled, [0] if not).

Readability: scored from [1] to [3], where [1] means that the generated text
is fluent, grammatically correct and easy to understand for laypeople, [2] that
the text is quite difficult to understand, and [3] if the text is very difficult to
understand.

Completeness: the generated text represents a full answer, meaning the language
model generated a concise answer (score [1] if the text respects this condition,
[0] if not).

Table 4: The prompts used in this study for LLM-as-
a-Judge evaluation. Text is blue denotes additional in-
struction for incorporating epistemic markers.
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A Prompts

We provide the prompts for the LLM-Student (Ta-
ble 5) and the LLM-as-a-Judge setup (Table 4).

B Performance on the Full Dataset

Table 6 shows the evaluation performance of LLM-
as-a-Judge on the full 219 terms dataset.
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You are a helpful assistant that explains complex medical terms in
simple, clear language.
Your task is to explain the following term so that a family member
with no medical or technical background can easily understand it.

Term: "TERM"

Guidelines:
- Use plain, everyday language.
- Keep the explanation short (1 sentence only).
- Avoid jargon, and if you must use it, explain it simply.

Now explain the term above.

Table 5: The prompts used in this study for LLM-
Student for generating medical term explanations.

S(→) L1B L3B L8B G1B G4B A8B

(a) Correctness (↑)
V 0.920.27 0.990.11 1.000.00 0.940.25 0.980.13 0.960.19
E 0.930.25 0.980.13 1.000.00 0.920.27 0.980.14 0.960.19
B 0.840.37 0.980.14 1.000.07 0.910.28 1.000.00 1.000.07

(b) Readability (↓)
V 1.670.56 1.560.53 1.100.32 1.630.57 1.090.33 1.100.31
E 1.690.52 1.540.51 1.050.24 1.660.56 1.080.29 1.080.31
B 1.730.59 1.560.51 1.060.24 2.050.35 1.980.15 1.100.38

(c) Completeness (↑)
V 0.850.36 0.980.13 1.000.00 0.660.48 0.970.18 0.950.21
E 0.840.36 0.960.20 1.000.00 0.690.46 0.950.22 0.920.27
B 0.500.50 0.630.48 0.980.13 0.660.48 0.940.24 1.000.07

Table 6: Evaluation performance for LLM-as-a-Judge
setups: Vanilla (V), Epistemic (E), and Bias (B).
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