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Abstract

Background: Large language model (LLM)-as-a-judge systems offer scalable evaluation
of artificial intelligence (Al)-generated clinical outputs, yet their susceptibility to prompt
variability raises concerns regarding reproducibility and alignment with expert judge-
ment. This study examined whether evaluation prompt strategies influence scoring
patterns and concordance with clinical raters in critical care.
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Methods: This post-hoc analysis used 90 structured clinical reports generated in a prior
study using an XGBoost ICU mortality prediction model trained on the MIMIC-IV data-
base. GPT-40 (Azure Al, version 2024-11-20) produced structured interpretations from
risk estimates and SHAP attributions. These outputs were evaluated using the IMPACT
framework under three evaluation prompt strategies: baseline (E1), top-down decre-
mental (E2), and bottom-up incremental (E3). Agreement between clinician ratings and
the automated 03-mini evaluator (Azure Al, version 2025-01-31) was assessed using
intraclass correlation coefficients (ICC), with strategy comparisons by Fisher’s z-transfor-
mation. Score deviations were examined with repeated-measures ANOVA.

Results: Mean IMPACT scores were 79.9 (SD 9.9) for E1, 83.3 (SD 9.6) for E2, 78.7 (SD 9.1)
for E3,and 78.6 (SD 8.9) for clinicians. All strategies demonstrated substantial agreement
(ICC > 0.80). E2 showed significantly lower agreement with clinicians (ICC = 0.82) than E1
and E3 (both ICC =0.94, p < 0.001). Score deviations differed significantly across strate-
gies (p < 0.001), with E3 showing the smallest mean deviation (0.1) and E2 the largest
4.7).

Conclusions: Prompt design meaningfully affects both IMPACT scoring patterns and
the reliability of LLM-based evaluators. Bottom-up incremental scoring showed the clos-
est alignment with human assessment, underscoring the need for standardised prompt
architectures in clinical Al evaluation.
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The exponential growth of medical data has
catalysed the integration of large language models
(LLMs) into healthcare, demonstrating promising
performance across diverse clinical applications. In
high-stakes environments such as critical care, LLM-
enabled decision support systems offer potential to
enhance evidence-based clinical decision-making
[1]. Despite these advances, significant limitations
persist. Concerns regarding reproducibility [2, 3],
hallucination [4, 5], and algorithmic bias [6] have
been well documented in the literature. Given
that misinformation in medical contexts can result

in life-threatening consequences, human expert
evaluation remains the gold standard for validating
the accuracy and clinical relevance of LLM outputs
[7]. Nevertheless, such expert-based assessments
present substantial challenges in terms of resource
allocation and scalability.

To address these evaluation challenges,
the LLM-as-a-judge paradigm has emerged as
a promising automated alternative [8, 9]. Through
reinforcement learning from human feedback
(RLHF) [10], contemporary LLMs demonstrate sub-
stantial alignment with human preferences. Initial
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validation studies, including a seminal investigation
using GPT-4 as an evaluator, reported over 80% con-
cordance with human annotators in pairwise com-
parison tasks [11]. However, clinical implementation
of LLM-as-a-judge systems remains limited by their
susceptibility to prompt variability, wherein modi-
fications to input prompts can produce substantial
variations in evaluation outcomes [12-16].
Addressing this methodological gap, we hy-
pothesised that systematic variations in evaluation
prompt design would significantly influence both
scoring patterns and human-LLM concordance when
assessing structured clinical decision-support out-
puts. By quantifying these prompt-induced effects,
this study seeks to explore the methodological impli-
cations for LLM evaluators and offer preliminary evi-
dence that may guide their implementation in medi-
cal artificial intelligence (Al) evaluation pipelines.

METHODS
Study materials and data source

In this post-hoc analysis, we evaluated the 90
structured clinical reports (hereafter ‘LLM-generat-
ed responses’) produced by GPT-40 in our parent
study (Yeh et al., 2026, under review), in which we
developed an XGBoost mortality prediction model
trained on the Medical Information Mart for Inten-
sive Care IV (MIMIC-IV, version 3.1) [17-19]. The use
of data was approved by the Institutional Review
Boards of MIT (No. 0403000206) and BIDMC (2001-
P-001699/14), with waiver of informed consent. Two
investigators (J.Y.Y. and Y.C.Y.) obtained CITI certifi-
cation (Nos. 14536231 and 32697132) for database
access. This study was reported in accordance with
the TRIPOD-LLM reporting guideline [20]. The com-
pleted TRIPOD-LLM Reporting Compliance Checklist
is provided in Additional file 1 (Section 1). This post-
hoc analysis was not preregistered.

The XGBoost model using 24 clinical features
to predict ICU mortality achieved an area under
the receiver operating characteristic curve (AUROC)
of 0.829 (95% Cl: 0.816-0.840) and an area under
the precision-recall curve (AUPRC) of 0.327 (95%
Cl: 0.300-0.356) (Supplementary Figure S1, Addi-
tional file 1). In that study, the ICU mortality risk and
SHAP-based feature attributions were provided to
GPT-40 (Azure Al, version 2024-11-20, knowledge
cut-off: October 1, 2023) for clinical interpretation,
and three prompting strategies were applied to
generate structured clinical support outputs. P1
used baseline zero-shot prompting with defined
response structure; P2 applied an expanded in-
struction format with more explicit task specifica-
tion, structured output requirements, and controls
to improve consistency; and P3 extended this ap-
proach into a five-turn conversational sequence

to build context progressively. The Python scripts
of P1, P2, and P3 are provided in Additional file 1
(Section 2). Thirty cases were selected from the vali-
dation dataset using stratified random sampling
(Python random seed = 101) based on predicted
mortality risk, including 10 low-risk cases (< 10%),
10 moderate-risk cases (10 to 19.99%), and 10 high-
risk cases (= 20%). For each case, GPT-40 produced
five components covering risk factor interpreta-
tion, diagnostic recommendations, management
planning, follow-up assessment, and an integrated
summary, yielding 90 LLM-generated responses
(30 cases x 3 prompting strategies). The 90 GPT-40
responses used in this analysis were generated be-
tween February and March 2025, using cases drawn
from MIMIC-IV v3.1, which contains admissions from
2008 to 2022. In the current post-hoc analysis, these
90 responses served as test materials for evaluating
prompt-induced variability in automated assess-
ment systems.

IMPACT evaluation framework and prompt
strategies

The IMPACT (Integration, Mastery, Precision,
Applicability, Comprehensiveness, and Timeliness)
scoring criteria were developed through expert con-
sensus meetings involving the research committee
of the Taiwan Society of Emergency and Critical Care
Medicine, in collaboration with the Taiwan Society
of Critical Care Medicine and the Taiwan Society
of Anesthesiologists. The steering team defined six
evaluation domains and used the validated DIS-
CERN instrument [21] as a foundational reference,
adapting relevant quality assessment concepts
while adding new domain-specific items tailored to
Al-generated clinical decision-support outputs in
critical care. Each domain targets a distinct aspect
of output quality: Integration assesses coherence
with patient-specific clinical data; Mastery evaluates
the depth and accuracy of clinical reasoning; Preci-
sion examines the correctness of recommendations;
Applicability addresses relevance to bedside deci-
sions; Comprehensiveness captures completeness
of assessment; and Timeliness reflects appropriate-
ness for acute care timelines. The detailed frame-
work development and validation methodology are
reported separately (Yeh et al., AICOJ-D-26-00329,
under revision). The complete scoring criteria are
provided in Supplementary Table S1 (Additional
file 1). In the parent study, we developed a 25-item
assessment instrument aligned with the six domains
of the IMPACT framework. Each item was scored
from 0 to 4, yielding a total possible score of 0-100.
All raters received the same standardised scoring
prompt with item-level scoring criteria to ensure
consistency [22]. The complete scoring criteria are
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DECREMENT

E1 Standard

System prompt......

(Scoring strategy: leave
blank to use the default.)

E2 Top-Down

System prompt......

Per scoring item,
evaluate top-down:

if level 4 is met, score
4; if not, check level 3
for a 3; then level 2 for

E3 Bottom-Up

System prompt......

Per scoring item,
evaluate bottom-up:
first check if level 0 is
met; then sequentially
check for levels 1, 2, 3,

a2; thenlevel 1 foral; and 4, assigning the

else, score 0.

highest level satisfied.

FIGURE 1. Comparison of three evaluation architectures for large language model scoring. This figure compares three scoring architectures
used for structured evaluation of model-generated responses. E1 Standard reflects conventional direct scoring based on overall impression.
E2 Top-Down applies a decrement approach that begins with the maximum score and subtracts points for missing or incorrect elements.
E3 Bottom-Up applies an increment approach that starts at zero and adds points only when required criteria are present. This figure was
generated using Gemini 3 with prompts designed by YCY and reviewed for accuracy

provided in Additional file 1. The IMPACT scoring
system demonstrated high reliability: human-to-
human ICC was 0.836 (95% Cl: 0.792-0.876), and
the ICC between the human mean and 03-mini
mean was 0.975 (95% Cl: 0.969-0.982) [22]. Three
evaluation prompt strategies were developed to as-
sess the 90 LLM-generated responses. The original
evaluation prompt (E1) followed standard scoring
procedures. The top-down approach (E2) instructed
the model to begin with the maximum score of 4 for
each item and decrement based on unmet criteria,
while the bottom-up approach (E3) required start-
ing from 0 and incrementing as criteria were satis-
fied (Figure 1). The full Python evaluation script (E1)
and example system prompts for E1, E2, and E3 are
provided in Additional file 1 (Sections 5.1 and 5.2).
The three prompts share the same IMPACT rubric
and differ only in scoring direction. E1 was used
as the primary evaluation prompt in the parent
study (Yeh et al., 2026, under review) and in the re-
lated post-hoc study [22]. The current study tested
whether alternative scoring directions (E2 and E3)
produced different agreement patterns. The overall
study flow is illustrated in Supplementary Figure S2
(Additional file 1). LLM responses were assessed by
an automated evaluator (03-mini [Azure Al, version
2025-01-31, knowledge cut-off: October 1, 2023]).
As a reasoning model, 03-mini has most sampling pa-
rameters fixed by the API (temperature =1, top-p=1,

frequency penalty = 0, presence penalty = 0; seed
not supported). The reasoning_effort parameter
was set to ‘medium, and max_completion_tokens
was set to 4000. For each case, four sequential
API calls were issued to 03-mini, corresponding to
Part 1 (Interpretation, 9 items), Part 2 (Examination,
6 items), Part 3 (Management, 6 items), and Parts 4
and 5 combined (Follow-up, 3 items; Summary,
1 item). Each call returned a structured JSON object
containing item-level scores (0-4) and justifica-
tion comments. Subtotals from the four calls were
summed to yield the overall IMPACT total score
(0-100). Malformed responses were handled
through an automated retry mechanism (up to ten
retries with exponential backoff) using the Tenac-
ity library. The complete evaluation pipeline code
is provided in Additional file 1 (Section 5). 03-mini
was selected as the evaluator model because of its
reasoning-optimised architecture, its availability
through our institutional Azure Al deployment with
zero data retention, and its cost-efficiency for triple
evaluation of all 90 responses. The compute and in-
ference details of 03-mini evaluations are provided
in Supplementary Table S2 (Additional file 1). Hu-
man evaluation was performed using the E1 (stan-
dard scoring) prompt. Six clinical raters participated:
two intensivists (21 and 3 years of ICU experience),
one resident (3 years), and three ICU nurses (16,
10, and 2 years). All raters received an introduction
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to the scoring criteria and one scored example for
calibration before evaluation. Each response was
independently assessed by three clinical raters to
ensure multiple expert perspectives and minimise
individual bias.

Outcomes measurement

The primary outcome was the intraclass corre-
lation coefficient (ICC) between the mean scores
of three clinical raters (reference standard) and
the 03-mini evaluator across the three evaluation
strategies (E1, E2, and E3). The secondary outcome
was the mean difference in IMPACT scores between
clinical raters and the 03-mini evaluator for each
evaluation condition.

Statistical analysis

Continuous variables were summarised as mean
(standard deviation) for normally distributed data
and as median (interquartile range, IQR) for skewed
data. Between-group comparisons were assessed
using the independent-samples t-test for continu-
ous variables and Fisher’s exact test for categorical
variables, as appropriate. Absolute agreement be-
tween human raters and 03-mini was quantified us-
ing a two-way mixed-effects, absolute-agreement,
single-measure ICC (ICC[A,1]) and interpreted ac-
cording to the benchmarks proposed by Koo and
Li [23].

To test for statistical differences between evalu-
ation strategies, ICCs were compared using Fisher’s
z-transformation. Each ICC was converted to its Fish-
er’s zvalue to stabilise variance, followed by pairwise
comparisons (E1vs.E2, E1 vs.E3,and E2 vs. E3). The 30
patients were selected by stratified random sampling
across three risk groups, and the three generation
prompts (P1, P2, P3) produce substantially different
clinical reports in structure, content, and detail, sup-
porting their analysis as independent evaluation tar-
gets within each ICC analysis (see example responses
of P1,P2,and P3 in Additional file 1, Section 3). Differ-
ences in systematic bias of total IMPACT scores across
evaluation prompts were assessed using repeated-
measures ANOVA, followed by Bonferroni-adjusted
paired t-tests for post hoc comparisons. Statistical
significance was defined as two-sided p < 0.05 for
repeated-measures ANOVA and Bonferroni-adjusted
p < 0.017 for paired comparisons. All analyses were
performed using Python 3.12.7.

RESULTS

Baseline characteristics of the 30 selected cas-
es are presented in Table 1. The median age was
72 years (IQR 68-80) for survivors and 86 years
(IQR 71-87) for non-survivors. The mean IMPACT
scores varied significantly by evaluation strategy.

The top-down approach (E2) yielded the highest
scores (mean 83.3 [9.6]), followed by the baseline
approach (E1; mean, 79.9 [9.9]) and the bottom-up
approach (E3; mean 78.7 [9.1]). The reference stan-
dard, derived from three independent clinical raters,
was 78.6 (8.9). Repeated-measures ANOVA demon-
strated a significant effect of evaluation strategy
on the difference between 03-mini and clinician
scores (F(2, 178) = 90.46, p < 0.001, n°G = 0.262), in-
dicating a large effect. Post hoc analyses revealed
significant differences between all strategy pairs.
The bottom-up approach (E3) showed the smallest
mean deviation from clinician ratings (0.1), followed
by the baseline approach (E1, 1.3) and the top-down
approach (E2, 4.7). Score deviation distributions are
shown in Figure 2.

Agreement analysis revealed substantial varia-
tion in alignment between 03-mini and clinician
assessments across strategies (Table 2). The bot-
tom-up and baseline approaches demonstrated ex-
cellent agreement with clinicians (ICC[A,1] > 0.90),
while the top-down approach showed good agree-
ment (ICC[A,1] = 0.82) according to established cri-
teria [23]. Fisher’s z-transformation confirmed that
the top-down strategy had significantly lower reli-
ability compared with both the baseline (p < 0.001)
and bottom-up approaches (p < 0.001). No signifi-
cant difference was observed between the baseline
and bottom-up approaches (p = 0.82). Agreement
patterns are illustrated in Figure 3. The bottom-up
evaluation strategy (E3) demonstrated optimal per-
formance, achieving the highest ICC (0.94) and mini-
mal deviation from clinician ratings.

DISCUSSION

This study demonstrated that prompt design
significantly influences the concordance between
automated LLM-based evaluation and clinical ex-
pert assessment of structured medical information.
The bottom-up evaluation strategy (E3) achieved
the highest agreement with clinical raters (ICC =
0.94) and minimal score deviation (mean differ-
ence = 0.1), while maintaining excellent reliability.
The baseline approach (E1) also demonstrated ex-
cellent agreement (ICC > 0.90), though with slightly
greater score deviation. In contrast, the top-down
strategy (E2) showed significantly lower reliability
(ICC=0.82) and systematically overestimated scores
compared with clinical ratings (mean difference =
4.7). These findings suggest that incremental scor-
ing approaches, which progressively build scores
from zero based on fulfilled criteria, more accu-
rately replicate clinical evaluative reasoning than
decremental approaches that begin with maximum
scores. The observed differences in both magnitude
and consistency of LLM evaluations across prompt-
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TABLE 1. Patient characteristics

Characteristic Survivors Non-survivors Total
(n=24) (n=6) (n=30)

Temperature (°C)

36.8 (36.6-37.1)

Age (years) 72.0 (68.2-80.2) 85.5(71.2-87.0) 73.0 (67.5-85.5)

Weight (kg) 71.9(61.5-77.2) 85.2(66.7-91.7) 73.0 (62.0-86.2)

Heart rate (bpm) 97.5(84.0-105.5) 110.0 (89.5—-125.2) 100.5 (86.0—107.8)

Respiratory rate (bpm) 21.0(18.8-28.8) 27.5(26.2-28.8) 23.0(20.0-28.8)
(

36.5 (36.4-36.9) 36.7 (36.4—37.0)

Sp0, (%) 95.5(92.0-100.0) 94.0(91.5-97.2) 95.0(92.0-100.0)
SBP (mmHg) 123.0(110.5-142.5) 109.5 (90.5-116.5) 116.5(104.5-137.2)
DBP (mmHg) 73.5(55.8-80.2) 69.5(61.5-72.2) 72.0 (58.2-80.0)
MAP (mmHg) 89.5(74.2-100.2) 79.0 (73.5-83.8) 86.0(72.8-98.2)

Glasgow Coma Scale

15.0 (15.0-15.0)

15.0 (15.0-15.0) 15.0(15.0-15.0)

Congestive heart failure 6(25.0%) 5(83.3%) 11 (36.7%)
Cerebrovascular disease 6(25.0%) 0(0.0%) 6(20.0%)
Chronic pulmonary disease 5(20.8%) 1(16.7%) 6(20.0%)
Mild liver disease 4(16.7%) 1(16.7%) 5(16.7%)
Severe liver disease 2(8.3%) 0(0.0%) 2(6.7%)

Diabetes 7(29.2%) 3(50.0%) 10 (33.3%)

Data are presented as median (interquartile range [IQR]) for continuous variables and number (percentage, %) for categorical variables. Other comorbidities, including rheumatic disease, dementia,
malignant cancer, and metastatic solid tumour, as well as clinical factors such as intubation at 0 h, emergency admission, and first ICU stay, were recorded but did not show significant associations

with survival group and are therefore not displayed.
MAP — mean arterial pressure, SBP — systolic blood pressure, DBP — diastolic blood pressure

FIGURE 2. Score deviation from clinical raters. Each point stands for the mean dif-
ference between 03-mini and clinical rater scores, with error bars denoting 95%
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TABLE 2. Agreement between o3-mini and clinical raters across evaluation strategies

ing strategies highlight the critical importance
of prompt optimisation for ensuring reliable auto-

mated assessment in clinical applications.

Despite lower alignment of the top-down ap-
proach with clinical ratings, all evaluation strate-
gies achieved ICCs exceeding 0.80, demonstrating
that LLM-based evaluators can maintain substantial
concordance with human experts. This supports
the feasibility of automated evaluation for clinical
decision support systems. However, the significant
variation in performance across prompting strate-
gies emphasises the critical need for standardised
prompt protocols in clinical applications. The superi-
or performance of baseline (E1) and bottom-up (E3)
strategies compared with top-down (E2) prompting
can be attributed to two factors. First, the baseline
prompt’s lack of directional anchoring permitted
bidirectional score adjustment, minimising system-
atic deviation from clinical judgements. Second,
the alignment between the bottom-up approach
and the human rating form - which positioned
zero at the top of the scale - may have naturally
primed similar cognitive processing in both human
and machine evaluators. This correspondence sug-

Baseline (E1) 0.94 (0.90—0.96) Excellent E1-E2 0.118"
Top-down (E2) 0.82(0.74—0.88) Good E1-E3 —0.004
Bottom-up (E3) 0.94(0.91-0.96) Excellent E2-E3 —0.123#

Intraclass correlation coefficients (ICC[A, 11) with 95% confidence intervals (Cls) are reported. *Interpretations follow Koo and Lis thresholds (excellent: ICC > 0.90; good: 0.75—0.90). "Fisher’s z transformations were used

to test for significant differences between correlated ICCs (*p < 0.05; “p < 0.001)
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gests that evaluation consistency depends not only
on LLM prompt design but also on the structure
of human rating instruments. These findings indi-
cate that both human and machine evaluators are
susceptible to similar cognitive framing effects. Fu-
ture research should systematically investigate how
scoring orientation, midpoint anchoring, and scale
directionality affect evaluation outcomes across
both human and automated assessors to develop
optimal assessment protocols that minimise posi-
tional and directional biases.

Building upon these findings, we next investigat-
ed why the top-down strategy consistently produced
inflated ratings in comparison with the baseline
and bottom-up approaches. Based on the exist-
ing literature, three mechanisms may explain why
the top-down approach consistently produced in-
flated ratings. First, anchoring bias, documented in
both human cognition and LLM reasoning, causes
initial reference points to disproportionately influ-
ence subsequent judgements [15, 16, 24]. This bias
persists despite chain-of-thought prompting [16, 25].
Second, attentional decay occurs due to token-level
limitations. While modern LLMs possess extensive
context windows, their effective context length re-
mains shorter than theoretical maximums, reducing
sensitivity to later information [26, 27]. Third, token-
specific priors associated with option identifiers
systematically bias output probabilities. Zheng et al.
demonstrated that removing rather than shuffling
option identifiers substantially reduced positional
bias [16]. These mechanisms mirror human cognitive
biases, suggesting that LLMs exhibit analogous in-
formation processing patterns. The parallel between
human and machine evaluation biases indicates that
psychological frameworks may inform LLM optimi-
sation. Strategies effective for mitigating human
cognitive biases, including structured decision pro-
tocols and debiasing techniques, may prove equally
applicable to LLM-based clinical evaluation systems.
These mechanistic explanations are interpretive hy-
potheses informed by the general LLM behaviour
literature and were not directly tested in this study.
Future work using model-internal interpretability
methods or controlled ablation experiments would
be needed to establish causal pathways. Our team
has used Claude 3.7 (Anthropic) as an alternative
evaluator with the same IMPACT framework [22].
Future studies may examine whether the effects
of scoring direction (E1, E2, E3) are consistent across
evaluator models from different vendors.

Although the primary aim of this study was to
investigate the effect of scoring strategy on LLM-
based evaluation performance, the broader LLM-
evaluator pipeline could serve as a gatekeeper to
ensure the quality of Al-generated clinical support

A Baseline prompt
15 1
g
s 104
E
=
TS
=
= 0 1
(<%}
5
£ -5
-; —— Mean: 1.31
T 1 A — +1.96 SD: 7.48
12 —1.96 SD: —4.85
65 70 75 80 85 90 95
B Top-down prompt
15 1
g
c 10 - \d
g
= "t LY
S s '
= [
= *
=2 0
Y ° °
g
e p
£ =5 —— Mean: 4.73
g ------- +1.96 SD: 11.82
s - -1.96 SD: -2.37
65 70 75 80 85 90 95
C Bottom-up prompt
15
g
c 10
=
T3]
=
—
= 0
5
2 54
=]
2 —— Mean: 0.10
(=)
s -y +1.96 SD: 6.24
....... —1.96 SD: —6.03

65 70 75 80 85 90 95

Average of clinical raters and LLM

FIGURE 3. Bland-Altman analysis of agreement patterns. Bland-
Altman plots for each LLM strategy (Baseline, Top-down, and Bot-
tom-up) illustrate the agreement pattern between LLM-generated
and clinical scores. The solid blue line represents the mean differ-
ence, and the dashed red lines represent the limits of agreement
(LoA, mean difference + 1.96 SD). Shaded areas show the 95%

LoA regions.
(I — confidence interval
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information. Such a pipeline would be used by clini-
cal informaticists or Al researchers with expertise in
both clinical medicine and LLM behaviour, operat-
ing under institutional oversight. Reports flagged
as low-quality by the automated evaluator (e.g.
total IMPACT scores below a predefined thresh-
old) should be regenerated or revised and then
rescored.

To our knowledge, this is one of the first pilot
studies examining prompt-induced variability in
LLM-based evaluations within critical care contexts.
Our findings demonstrate how prompt architecture
affects both absolute scoring levels and inter-rater
concordance, providing essential groundwork for re-
producible, human-aligned evaluation frameworks.
These insights support LLMs’ potential to augment
clinical assessment workflows while maintaining re-
liability. However, several limitations merit consider-
ation. First, data originated from a single academic
centre, necessitating external validation across di-
verse clinical populations to confirm generalisability.
Second, the clinician scoring form design may have
influenced alignment patterns. The scale’s bottom-
up format, with zero positioned at the top, may
have unconsciously primed raters toward bottom-
anchored evaluation, potentially explaining the su-
perior performance of bottom-up LLM prompts.
Third, future studies should explore alternative
scale orientations, including midpoint-anchored or
symmetrical layouts, to minimise positional bias in
both human and automated assessments. Fourth,
both models share a knowledge cut-off of Octo-
ber 1, 2023, and the MIMIC-IV records (2008-2022)
fall within this period. PhysioNet permits the use
of MIMIC data with Azure OpenAl service provided
that users opt out of human review of the data, and
Microsoft’s Azure OpenAl service does not use cus-
tomer prompts or completions to train models. All
data in this study were processed through Azure
OpenAl in compliance with these requirements.
Although direct patient-level contamination is
therefore unlikely, LLM familiarity with published
MIMIC-IV-related content (e.g. peer-reviewed studies
using MIMIC-IV data) cannot be entirely excluded.
Fifth, this study used a single automated evalua-
tor (03-mini). Both the content generator (GPT-40)
and the evaluator are products of the same vendor
(OpenAl), introducing potential same-vendor bias,
whereby the evaluator may favour outputs with sty-
listic characteristics typical of its own model family
[28, 291. Sixth, the 90 responses were nested within
30 patients, each contributing three responses from
different prompting strategies. As a post-hoc analy-
sis, the sample size was determined by the parent
study, and a formal a priori power calculation was
not performed. Future confirmatory studies with

larger, independently sampled datasets are war-
ranted. Seventh, the sample size of 30 patients was
too small to support reliable subgroup analyses by
survival status or other case-level characteristics.
Further studies with larger cohorts are warranted.

CONCLUSIONS

This study demonstrated that prompt design
substantially affects IMPACT scores and alignment
between LLM-based evaluators and clinical raters.
Among the tested strategies, the bottom-up con-
figuration achieved the best agreement with mini-
mal bias, underscoring prompt structure as a key
determinant of reliability. These findings highlight
the need for standardised, reproducible evaluation
frameworks to ensure trustworthy LLM-based clinical
assessments. Given the rapid evolution of large lan-
guage models, future studies using newer architec-
tures should re-evaluate potential effects on scoring
patterns and concordance with human raters.
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