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Abstract
Background: Large language model (LLM) benchmarking in clinical medicine is increasingly reliant on LLM-based
assessment frameworks; in these systems, one AI scores the outputs of another. This practice relies on the assumptions of
evaluator neutrality and rubric consistency. These assumptions have not been empirically tested in clinical fields.
Objective: In this study, we aim to directly examine these assumptions by using the PARM (Planning-Action-Reflection-
Memory) framework as a theoretical lens to characterize endovascular device selection and clinical reflective reasoning as a
clinical field.
Methods: We developed a scoring rubric (C1-C6) with 40 clinical vignettes and 6 criteria across 5 endovascular fields
(peripheral artery disease, abdominal aortic aneurysm, chronic venous insufficiency, coronary in-stent restenosis [ISR], and
cerebrovascular/neuroendovascular; 8 vignettes per field). Four LLMs were evaluated as clinical decision support systems:
GPT-4o (M1), Claude Sonnet 4.6 (M2), Gemini 1.5 Pro (M3), and Llama 3.3 70B (M4). Two LLMs served as independent
raters with the same evaluation criteria: Claude Sonnet 4.6 (rater 1) and GPT-4o (rater 2). The rater identity was intentionally
disclosed; the primary research question concerned rater scoring behavior rather than the absolute performance of the model.
Human assessment was intentionally excluded because its inclusion would have shifted the study question from rater disagree-
ment to rater accuracy, a distinct and secondary question. Interrater reliability was measured using intraclass correlation
coefficient (ICC 2,1) two-way random effects modeling.
Results: The combined ICC(2,1) was 0.153 (95% CI 0.007‐0.295). In this exploratory study, the low ICC was not distributed
randomly: the magnitude of score differences varied across models (M2 Δ=+5, M4 Δ=+31, M1 Δ=−46, and M3 Δ=−158
points). Scoring behavior analysis identified 2 intrinsically consistent but mutually inconsistent criterion-interpretation models.
Rater 1’s scores were most consistent with the reasoning quality approach (partial credit to clinical competence independent
of vignette context). Rater 2’s scores were most consistent with the context fidelity approach (near-zero scores for wrong
vignette responses independent of reasoning quality). Contrary to the self-preference hypothesis, both raters placed the other
higher-performing model above their own. Under rater 1, C6 (PARM reflection) was the lowest-scoring criterion across all 4
models, whereas rater 2 showed greater model-dependent variation in C6 scoring.
Conclusions: AI raters used in LLM-based clinical benchmarking do not behave as interchangeable scoring tools. Their
scoring behavior is most consistent with model-specific criterion interpretation patterns that systematically produce different
outcomes. The observed low interrater reliability requires interpretation rather than simply being ignored: it reflects structured,
direction-specific disagreement concentrated in models with context-tracking failures, not random inconsistency. PARM
reflection showed a notable yet evaluator-dependent scoring pattern that warranted further investigation, rather than being
interpreted as an evaluator-independent deficit.
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Introduction
The evaluation of large language models (LLMs) in clin-
ical medicine is a critical and rapidly evolving methodo-
logical challenge. As LLMs are proposed for clinical
decision support systems, guideline interpretation, and device
selection, robust evaluation frameworks are essential to
determine which systems are safe and effective [1-4].
However, a fundamental practical problem limits human
evaluation on a large scale: the volume of content generated
by modern LLMs.

A single model evaluated across 40 clinical vignettes
with structured multisegment responses can generate 400‐500
pages of content. Evaluating 4 models, as in the present study,
would generate approximately 1600‐2000 pages, requiring
concurrent expertise in peripheral vascular surgery, inter-
ventional cardiology, and neuroendovascular medicine. This
limitation has accelerated the adoption of LLM-as-judge
evaluation frameworks. LLMs have demonstrated strong
clinical knowledge across standard medical benchmarks [5-
8], yet the validity of using one such model to evaluate
another has received limited scrutiny, despite the proliferation
of AI-graded clinical benchmarks [9].

The LLM-as-judge approach is now widespread in the
AI evaluation literature [10,11]. However, its adoption has
largely preceded the examination of validity assumptions.
Just like a trained human expert, implicit in every LLM-as-
judge study is the assumption that the evaluation model
behaves like an unbiased and consistent scoring instrument
[12]. This assumption has not been systematically tested in
clinical settings, and several theoretical concerns suggest it
may not hold true [11,13]. First, LLMs may exhibit self-pref-
erence patterns by generating higher scores for their own
outcomes than their competitors. Second, models at the same
ability level may exhibit mutually high-scoring behavior
regardless of response quality. Third, and most importantly,
different LLMs may systematically interpret the same criteria
in different ways, generating a structured disagreement that
cannot be attributed solely to criterion ambiguity.

This study was designed to empirically examine
these phenomena. We constructed a controlled evaluation
experiment in which 4 LLMs were evaluated as clinical
decision support systems in endovascular medicine, and 2
LLMs acted as independent raters using a predetermined
6-criterion scale. The identities of the raters were deliber-
ately disclosed: 1 rater (Claude Sonnet 4.6) was also rated
as M2, while the other (GPT-4o) was rated as M1. This
design allowed for the systematic examination of self-assess-
ment patterns, mutually high-scoring behavior, and criterion
interpretation differences.

Our primary research question was not which LLM
performed best in endovascular device selection (as was
also characterized), but whether LLM-based raters applied
systematically divergent scoring approaches to identical
clinical responses. We present evidence that they did, that the
resulting disagreement is structured and clinically interpreta-
ble, and that the low interrater reliability under this design
requires contextual interpretation rather than being dismissed
as a methodological failure. A secondary and exploratory
observation was a model- and evaluator-dependent pattern
in PARM Reflection scoring that warranted further investiga-
tion. This observation requires independent replication before
clinical significance can be attributed. Figure 1 illustrates the
central methodological hypothesis of the study: an identical
scoring rubric may systematically produce different out-
comes when interpreted through different evaluator-depend-
ent scoring frameworks.

The primary objective of this exploratory study was to
determine whether 2 LLM-based raters applying the same
rating criteria produced systematically different scores when
evaluating LLM clinical decision support outputs, and if so,
to characterize the structure of this divergence. The secon-
dary objective was to assess whether any scoring patterns
emerged consistently across both evaluators, independent of
their divergent criterion-application approaches.
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Figure 1. Methodological framework for evaluating interrater agreement and evaluator-dependent scoring divergences. Four large language models
(LLMs) generated responses to 40 clinical vignettes and were independently scored by 2 LLM-based raters using the same 6-criterion rubric.
Agreement was assessed using intraclass correlation coefficient (ICC 2,1), with criterion-level and model-level analysis used to characterize
differences in scoring patterns. The reasoning-quality and context-fidelity interpretations shown are post hoc behavioral characterizations of the
observed scoring patterns rather than prespecified evaluator categories. C1–C6: rubric criteria.

Methods
Study Design
This was a controlled evaluation study with a 4×2 factorial
design: 4 LLMs were evaluated as clinical decision support
systems, and 2 LLMs served as independent raters. The
primary research question concerned the scoring behavior of
the AI rater. Clinical LLM performance was a secondary
characterization. All 40 vignettes were prespecified before
any model was accessed. The scoring rubric was finalized
before any response was scored. The statistical analysis
pipeline was documented prior to data extraction.

This is an exploratory proof-of-concept study. All
findings should be interpreted as preliminary observations
and hypothesis-generating results, rather than confirmatory
results. The distinction between the “reasoning-quality” and
“context-fidelity” scoring paradigms described in Structured
Scoring Differences: Criterion Interpretation Analysis section
was identified post hoc from the pattern of scoring differen-
ces, not preregistered as a hypothesis before scoring began.

This taxonomy is proposed here as a framework for future
prospective testing.

Clinical Vignette Development
Forty clinical vignettes were developed across 5 domains:
peripheral artery disease (PAD), abdominal aortic aneur-
ysm (AAA), chronic venous insufficiency (CVI), coronary
in-stent-restenosis (ISR), and cerebrovascular/neuroendovas-
cular medicine (NEURO; 8 vignettes per domain). The
domains were selected to encompass the peripheral vascu-
lar, cardiovascular, venous, and neurovascular subspecialties.
This allowed for the evaluation of the effects of domain-spe-
cific training data on the evaluated model performance and
rater scoring behavior.

Within each domain, vignettes were stratified accord-
ing to clinical demand: vignettes conforming to standard
guidelines (n=3 per domain), anatomically or pharmacologi-
cally complex cases (n=3), cases requiring explicit contrain-
dication recognition (n=1), and cases requiring conservative
or noninvasive management (n=1). Each vignette speci-
fied patient demographic information, presenting symptoms,
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investigational results, and anatomical imaging findings
sufficient to guide a specific device selection decision.

A sentinel vignette (V-NEURO-05: fusiform middle
cerebral artery aneurysm 3 wk after intracerebral hemorrhage)
was selected beforehand as an internal validity anchor. This
vignette was chosen because it contained an objectively
verifiable contraindication: Dual antiplatelet therapy required
by flow-directing devices is contraindicated in a patient at
week 3 postintracerebral hemorrhage (ICH), and the correct
recognition of this contraindication does not depend on
clinical opinion. The correct administration of V-NEURO-05
requires not only the recognition of the contraindication (C3)
but also the formal evaluation of an alternative strategy (C6
reflection). This makes it the most demanding vignette in the
dataset and a direct stress test for reflective clinical reasoning.
Gold-standard consensus expert responses for all 40 vignettes
are provided in Multimedia Appendix 1. The complete set
of 40 clinical vignettes submitted to the evaluated models is
provided in Multimedia Appendix 2.
Scoring Rubric
A 6-criterion scoring system was developed and finalized
before any model was evaluated. Each criterion was scored as
0 (none), 1 (partial), or 2 (complete), resulting in a maximum
vignette score of 12 and a maximum model score of 480
(40×12). The 6 criteria were as follows:

1. C1 (Guideline concordance): Concordance of device
selection with existing European Society of Cardiol-
ogy, European Society for Vascular Surgery, (American
College of Cardiology/American Heart Association, or
domain-specific association guidelines

2. C2 (Anatomical suitability): Specificity and accuracy
of device-anatomy matching, including sizing, access
route, and biomechanical considerations

3. C3 (Contraindication recognition): Identification of
pharmacological, anatomical, or clinical contraindica-
tions to the primary device recommendation

4. C4 (Reasoning quality): Coherence, structure, and
internal consistency of the clinical decision chain

5. C5 (Hallucination/error rate): Accuracy of factual
claims, including device names, clinical trial citations,
and anatomical terminology

6. C6 (PARM reflection alignment): Operationalization
of the reflection dimension of the PARM framework.
C6=2 requires all three of (a) explicit acknowledge-
ment of clinical uncertainty specific to this case, (b)
formal articulation of at least one alternative manage-
ment strategy if the primary strategy is contraindicated,
and (c) acknowledgement of evidence limitations stated
separately from the recommendation. C6=1 requires at
least one element. C6=0 indicates no reflection present.
Full scoring anchors are provided in Table S1.1 in
Multimedia Appendix 3.

Evaluated Models (M1-M4)
Four LLMs were evaluated as clinical decision support
systems. Each received all 40 vignettes in a single session
via the standard chat interface of the respective platform.

No system prompting, few-shot examples, or data retrieval
augmentation was applied. The models were accessed in
standard configuration to reflect real-world clinical use cases.

1. M1: GPT-4o (OpenAI, accessed via chatgpt.com, May
2026) [14].

2. M2: Claude Sonnet 4.6 (Anthropic, accessed via
claude.ai, May 2026) [15].

3. M3: Gemini 1.5 Pro (Google DeepMind, accessed via
gemini.google.com, May 2026) [16].

4. M4: Llama-3.3-70B-Instruct-Turbo (Meta AI) was
assessed via the Together AI Playground in May 2026.
Llama-3.1-70B had been prespecified in the study
protocol, but Llama 3.3 70B was substituted as the
closest available version at the time of evaluation. This
constituted a protocol deviation due to model availabil-
ity [17].

AI Rater Design and Intentional
Disclosure
Two LLMs served as independent raters. Rater 1 was Claude
Sonnet 4.6; Rater 2 was GPT-4o. Both raters received the
same assessment guidelines, including full criterion defini-
tions, predetermined C6 scoring anchors (Table S1.1 in
Multimedia Appendix 3), and the complete vignette text
accompanying each model’s response. Raters independently
scored each criterion for each vignette-response pair without
access to the other rater’s scores. Rater 1 (Claude Sonnet 4.6)
was also assessed as M2; rater 2 (GPT-4o) was also assessed
as M1. This design feature was intentional and constituted the
primary experimental manipulation of the study. It enabled
examination of three related questions: (1) whether each
rater’s scoring behavior when scoring their own responses
differed from their behavior when scoring the responses of
other systems (self-scoring patterns); (2) whether high-per-
forming models systematically assigned high scores to one
another (mutually high-scoring patterns); and (3) whether
the observed scoring behavior reflected criterion-application
approaches despite identical assessment guidelines. Complete
criterion-level and vignette-level scoring reports for M1, M2,
M3, and M4 are provided in Multimedia Appendices 4–7,
respectively.
Intentional Omission of Human
Adjudication
This study did not include human expert scoring. This was a
conscious design decision: adding human assessment would
have shifted the study question from rater disagreement to
rater accuracy. In this context, AI rater scores constitute the
data, which are the phenomenon under study, rather than
measurements that need to be validated against human reality.
This design precludes claims of absolute clinical perform-
ance, and all comparisons are made against the implemented
AI rater framework. Absolute clinical performance validation
requires human expert assessment and is a stated priority for
future studies.
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Internal Validity Framework
Three internal validity analyses were conducted. First, ordinal
rank agreement: whether raters agree on the model rank
direction despite cardinal score differences, assessed using
Spearman rank correlation on total scores. Second, intercrite-
rion correlation: whether scores within each rater logically
vary across criteria (eg, C1 and C2 should show positive
correlation; high C5 should be seen concurrently with high
C1 in the absence of illusory guidelines). Third, sentinel
vignette analysis: interrater agreement on V-NEURO-05
scoring across all four models, where widely recognized
high-risk contraindications provide a rubric accuracy test
independent of clinical opinion.
Statistical Analysis
Interrater reliability was quantified using ICC(2,1) (two-way
random effects model, absolute agreement, single meas-
ures [18,19], with vignette total scores (0‐12) as the unit
of assessment). ICC interpretation followed Koo and Li
[20]: <0.50=weak, 0.50‐0.75=moderate, 0.75‐0.90=good, and
≥0.90=excellent agreement. Spearman rank correlation was
used to assess ordinal agreement in model rankings. All
analyses were performed using SciPy 1.13 and NumPy 1.26
in Python 3.12. The observed low ICC requires careful
contextual interpretation. Low agreement between 2 AI
raters applying different criterion-application approaches
is not necessarily equivalent to random scoring inconsis-
tency. Instead, the disagreement pattern may reflect system-
atic differences in how the identical scoring criteria are
operationalized among evaluators. The complete statistical
analysis pipeline is provided in Multimedia Appendix 8.

Ethical Considerations
This study used deidentified and anonymized clinical
scenarios constructed by the authors based on published case
archetypes. No patient data, personal health information, or
identifiable clinical records were accessed or used at any
stage. All vignettes were fictitious and prepared solely for the
purpose of model evaluation. Under these circumstances, a
formal ethics committee review was not required in accord-
ance with institutional and JMIR AI editorial policies. This
assessment reflects the authors’ own determination based on
the nature of the study; no formal Institutional Review Board
(IRB) exemption letter was obtained.

Results
Model Scores by AI Rater
Table 1 presents the scores assigned by each rater to each
evaluated model. Rater 1’s scoring ranked the models as
follows: M1 GPT-4o (455/480, 95%)>M2 Claude (441/480,
91%)>M3 Gemini (431/480, 89%)>M4 Llama (270/480,
56%). Rater 2’s scoring ranked the models as follows: M2
Claude (446/480, 93%)>M1 GPT-4o (409/480, 85%)>M4
Llama (301/480, 63%)>M3 Gemini (273/480, 57%). Both
raters agreed on a tier separation between M1/M2 (both
≥85%) and M3/M4 (both ≤63%). The full 4-model Spearman
rank correlation was ρ=0.60 (P=.40), reflecting agreement on
tier separation but differing within-tier ordering.

Table 1. Scores assigned by each AI rater to each evaluated model (maximum 480).
Models Rater 1a (Claude), score (%) Rater 2b (GPT-4o), score (%) Δc (R2−R1)
M1 (GPT-4o) 455 (95) 409 (85) −46d

M2 (Claude Sonnet 4.6) 441 (91) 446 (93) +5
M3 (Gemini 1.5 Pro) 431 (89) 273 (57) −158d
M4 (Llama 3.3 70B) 270 (56) 301 (63) +31

aRater 1=Claude Sonnet 4.6 (also evaluated as M2).
bRater 2=GPT-4o (also evaluated as M1).
cΔ=signed difference (rater 2 score minus rater 1 score).
dNegative values indicate that rater 1 scored higher.

Interrater Reliability
The combined ICC(2,1) value for all 4 models was 0.153
(95% CI 0.007‐0.295; F159,159=1.39; P=.02; Table 2),
which is classified as poor according to Koo and Li
[20]. The ICC(2,1) values per model ranged from −0.149
(M4) to +0.048 (M2), all of which are poor. The low
reliability between the 2 AI raters whose scoring patterns
are most consistent with inconsistent criterion-interpretation
approaches is not surprising but an expected result: it shows
that the scoring results are sensitive to which rater’s approach
is applied. This does not mean that low ICC in general
is acceptable; it means that this particular low ICC model
should be interpreted in conjunction with the structured

disagreement analysis in Structured Scoring Differences:
Criterion Interpretation Analysis section, not in isolation.

Negative ICC(2,1) point estimates (M1: −0.123 and M4:
−0.149) arise when the estimated between-vignette variance
component is smaller than expected under the two-way
random-effects model, specifically, when within-vignette
rater disagreement exceeds any consistent vignette-level
signal. This occurs here because both raters placed M1 and
M2 at ceiling (≥85%), leaving minimal variance for the ICC
to detect. It does not indicate agreement “worse than chance,”
but rather that consistent vignette-level discrimination was
undetectable at this performance level.
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Table 2. Interrater reliability of intraclass correlation coefficient (ICC 2,1) by modela.
Models ICCb(2,1), (95% CI) P value Interpretation
M1 (GPT-4o) −0.123 (−0.331 to 0.132) .84 Poor
M2 (Claude Sonnet 4.6) 0.048 (−0.267 to 0.352) .39 Poor
M3 (Gemini 1.5 Pro) 0.029 (−0.139 to 0.240) .38 Poor
M4 (Llama 3.3 70B) −0.149 (−0.436 to 0.166) .83 Poor
Pooled (all models) 0.153 (0.007 to 0.295) .02 Poor

aICC(2,1): two-way random effects, absolute agreement, single measures [18]. Poor ICC is classified per Koo and Li [20] and reported without
modification; contextual interpretation is provided in the Structured Scoring Differences: Criterion Interpretation Analysis and Main Finding:
Criterion-Interpretation Differences Explain the Low ICC sections.
bICC: intraclass correlation coefficient.

Structured Scoring Differences: Criterion
Interpretation Analysis
Analysis of the scoring matrices revealed 2 internally
consistent, but mutually inconsistent criterion interpretation
approaches applied by the raters. These models are defined in
terms of the observed scoring outcomes; they are not intended
to characterize internal model states or decision processes.
Table 3 presents the criterion-level scores for all 4 evalu-
ated models under both raters. This confirms that scoring
divergence between the raters was concentrated on criteria
C1, C2, and C5 for models with context-tracking errors (M3
and M4 under rater 2), whereas the magnitude and direction
of divergence varied across the remaining criteria.

Rater 1’s scoring was most consistent with the reasoning
quality approach: responses received higher scores when they
contained clinically advanced reasoning, and partial points
(C1=1, C2=1, and C4=1) were given for responses demon-
strating advanced clinical knowledge, even when applied to
the wrong vignette. Under this approach, M3 Gemini scored
431 out of 480 (89%) despite 15 confirmed vignette-context
errors across AAA, CVI, ISR, and NEURO domains (Table
S1.5 in Multimedia Appendix 3).

Rater 2’s scoring was most consistent with the con-
text fidelity approach: Responses received near-zero scores
(C1=0, C2=0, and C5=0) when they addressed the wrong
vignette, regardless of the quality of reasoning they contained.
Under this approach, M3 Gemini scored 273 out of 480
(57%), a difference of 158 points from rater 1’s scores for
the same responses. This difference is the primary reason for
the low pooled ICC.

Both criteria application models offer consistent answers
to a real ambiguity in clinical AI assessment: what is
the appropriate unit of clinical quality? The reasoning-
quality approach assesses transferable clinical expertise
and acknowledges partial competence. The context-fidelity
approach assesses patient-specific reliability and operational
safety. Neither is wrong in principle; they answer differ-
ent questions about the utility of clinical AI, and research-
ers using LLM-reviewed methods should consider which
question their study is designed to answer.

JMIR AI Dinc & Ardic

https://ai.jmir.org/2026/1/e103962 JMIR AI 2026 | vol. 5 | e103962 | p. 6
(page number not for citation purposes)

https://ai.jmir.org/2026/1/e103962


Ta
ble

 3.
 C

rit
eri

on
-le

ve
l s

co
res

 fo
r a

ll 4
 ev

alu
ate

d m
od

els
 un

de
r b

oth
 A

I r
ate

rs 
(m

ax
im

um
 80

 pe
r c

rit
eri

on
; 4

0 v
ign

ett
es 

× m
ax

im
um

 2 
po

int
s).

 M
ax

im
um

 pe
r c

rit
eri

on
=8

0 (
40

 vi
gn

ett
es 

× 2
).

Cr
ite

rio
n

M
1 G

PT
-4o

M
2 C

lau
de

 So
nn

et 
4.6

M
3 G

em
ini

 1.
5 P

ro
M

4 L
lam

a 3
.3 

70
B

Ke
y p

att
ern

Ra
ter

 1
sco

re 
(%

)
Ra

ter
 2a

sco
re 

(%
)

Ra
ter

 1b
sco

re 
(%

)
Ra

ter
 2

sco
re 

(%
)

Ra
ter

 1
sco

re 
(%

)
Ra

ter
 2

sco
re 

(%
)

Ra
ter

 1
sco

re 
(%

)
Ra

ter
 2

sco
re 

(%
)

C1
: G

uid
eli

ne
 co

nc
ord

an
ce

80
 (1

00
)

72
 (9

0)
80

 (1
00

)
75

 (9
4)

78
 (9

8)
42

 (5
3)

52
 (6

5)
50

 (6
3)

Bo
th 

rat
ers

 ag
ree

: M
1 c

on
sis

ten
tly

 gu
ide

lin
e-c

on
co

rda
nt 

ac
ros

s a
ll

do
ma

ins
. M

3/M
4 d

ive
rge

 su
bs

tan
tia

lly
 un

de
r r

ate
r 2

 (c
on

tex
t-f

ide
lity

pe
na

liz
ati

on
 of

 m
isa

ssi
gn

ed
 re

sp
on

ses
).

C2
: A

na
tom

ica
l

ap
pro

pri
ate

ne
ss

79
 (9

9)
71

 (8
9)

80
 (1

00
)

77
 (9

6)
79

 (9
9)

41
 (5

1)
42

 (5
3)

48
 (6

0)
M

1 a
nd

 M
2 s

ho
w 

ne
ar-

pe
rfe

ct 
an

ato
mi

ca
l s

pe
cif

ici
ty 

un
de

r r
ate

r 1
. R

ate
r

2 p
en

ali
ze

s M
3/M

4 m
isa

ssi
gn

ed
 vi

gn
ett

es 
wi

th 
C2

=0
.

C3
: C

on
tra

ind
ica

tio
n

rec
og

nit
ion

77
 (9

6)
66

 (8
3)

80
 (1

00
)

77
 (9

6)
78

 (9
8)

45
 (5

6)
46

 (5
8)

53
 (6

6)
M

2 a
ch

iev
es 

ma
xim

um
 C

3 u
nd

er 
rat

er 
1. 

M
4 L

lam
a: 

C3
=0

 on
 V

-
NE

UR
O-

05
 un

de
r b

oth
 ra

ter
s, 

the
 on

ly 
ob

jec
tiv

ely
 ve

rif
iab

le 
ze

ro 
in 

the
da

tas
et.

C4
: R

ea
so

nin
g q

ua
lity

80
 (1

00
)

77
 (9

6)
80

 (1
00

)
80

 (1
00

)
78

 (9
8)

64
 (8

0)
50

 (6
3)

70
 (8

8)
Bo

th 
rat

ers
 ag

ree
 on

 re
aso

nin
g q

ua
lity

 fo
r M

1 a
nd

 M
2. 

M
4 r

ate
r 2

 sc
ore

s
hig

he
r t

ha
n r

ate
r 1

 du
e t

o r
ea

so
nin

g-q
ua

lity
 cr

ed
it i

n m
isa

ssi
gn

ed
 PA

Dc
res

po
ns

es.
C5

: H
all

uc
ina

tio
n/e

rro
r r

ate
79

 (9
9)

63
 (7

9)
80

 (1
00

)
62

 (7
8)

79
 (9

9)
44

 (5
5)

80
 (1

00
)

43
 (5

4)
C5

 ne
ar-

pe
rfe

ct 
un

de
r R

ate
r 1

 fo
r M

1, 
M

2, 
M

3, 
an

d M
4; 

no
ha

llu
cin

ati
on

s d
ete

cte
d. 

Ra
ter

 2 
ap

pli
es 

C5
=0

 to
 m

isa
ssi

gn
ed

 vi
gn

ett
es

reg
ard

les
s o

f f
ac

tua
l c

on
ten

t.
C6

: P
AR

M
d  r

efl
ec

tio
ne

60
 (7

5)
60

 (7
5)

41
 (5

1)
75

 (9
4)

39
 (4

9)
37

 (4
6)

0 (
0)

37
 (4

6)
Ev

alu
ato

r-d
ep

en
de

nt 
pa

tte
rn:

 1.
 Fo

r e
va

lua
tor

 1,
 cr

ite
rio

n C
6 r

ec
eiv

ed
 th

e
low

est
 sc

ore
 ac

ros
s a

ll 4
 m

od
els

. F
or 

ev
alu

ato
r 2

, h
ow

ev
er,

 th
e s

co
re 

for
cri

ter
ion

 C
6 v

ari
ed

 by
 m

od
el;

 th
e g

rea
tes

t d
ev

iat
ion

 w
as 

ob
ser

ve
d i

n
mo

de
l M

2 (
41

/80
 vs

 75
/80

).
To

tal
 (%

 of
 m

ax
im

um
 48

0)
45

5 (
95

)
40

9 (
85

)
44

1 (
91

)
44

6 (
93

)
43

1 (
89

)
27

3 (
57

)
27

0 (
56

)
30

1 (
63

)
a R

ate
r 2

: G
PT

-4o
 (a

lso
 ev

alu
ate

d a
s M

1).
b R

ate
r 1

: C
lau

de
 So

nn
et 

4.6
 (a

lso
 ev

alu
ate

d a
s M

2).
c P

AD
: p

eri
ph

era
l a

rte
ry 

dis
ea

se.
d P

AR
M

: P
lan

nin
g-A

cti
on

-R
efl

ec
tio

n-M
em

ory
.

e C
6 s

ho
we

d m
ark

ed
 ev

alu
ato

r-d
ep

en
de

nt 
va

ria
tio

n, 
wi

th 
div

erg
en

ce
 ob

ser
ve

d f
or 

M
2 (

R1
=4

1/8
0, 

R2
=7

5/8
0).

 U
nd

er 
Ra

ter
 1,

 C
6 c

on
sis

ten
tly

 re
ce

ive
d t

he
 lo

we
st 

sco
re 

ac
ros

s M
1, 

M
2, 

M
3, 

an
d M

4. 
Un

de
r R

ate
r

2, 
C6

 sh
ow

ed
 su

bs
tan

tia
l v

ari
ati

on
 sp

ec
ifi

ca
lly

 in
 M

2, 
wh

ile
 re

ma
ini

ng
 no

tab
ly 

low
 fo

r M
3 a

nd
 M

4 (
37

/80
 fo

r e
ac

h).

JMIR AI Dinc & Ardic

https://ai.jmir.org/2026/1/e103962 JMIR AI 2026 | vol. 5 | e103962 | p. 7
(page number not for citation purposes)

https://ai.jmir.org/2026/1/e103962


Self-Scoring Patterns and High-Tier
Concordance
Contrary to the self-preference hypothesis, no rater’s scoring
supported their own responses. Rater 1’s scoring placed
GPT-4o (M1) in the highest position at 94.8%, which
was higher than the score assigned to its own response

(M2, 91.9%). Rater 2’s scoring placed Claude (M2) at
92.9%, higher than their own response (M1, 85.2%). This
antiself-preference pattern challenges simple self-preference
explanations and instead suggests a high-tier concordance
pattern: both raters assigned scores ≥85% to the highest-per-
forming models (M1 and M2) and ≤63% to the lower-per-
forming models (M3 and M4; Table 4).

Table 4. Scoring matrix: AI rater × evaluated model (% of maximum 480).
AI Rater M1 (GPT-4o), rater 2’s own, % M2 (Claude), rater 1’s own, % M3 (Gemini 1.5 Pro), % M4 (Llama 3.3 70B), %
Rater 1 (Claude Sonnet 4.6) 94.8a 91.9a,b 89.8 56.3
Rater 2 (GPT-4o) 85.2a,b 92.9a 56.9 62.7

aCells have 85% (top-tier mutual concordance zone). Both raters’ scoring placed the other top model above their own responses (antiself-preference
pattern, n=2 raters; suggestive, requires replication).
bSelf-assessment score.

We note that with only 2 raters, the high-tier concord-
ance is suggestive rather than definitive. For this to be
considered a robust fact, a consistent finding across a
larger group of AI raters from different model families
would be needed. Here, we report it as an observation
requiring further investigation.
Llama Scoring Asymmetry
The only scoring model inconsistent with simple high-tier
concordance was the M4 Llama asymmetry: rater 2’s scores
placed Llama higher than rater 1’s scores (301/480, 63%
vs 270/480, 56%). Criterion-level analysis shows that rater
2’s context fidelity approach heavily penalized Gemini’s
vignette context errors while being more tolerant of Lla-
ma’s responses in the PAD domain (handling incorrect
context but being artificially consistent). Rater 1’s reasoning
quality approach heavily penalized Llama’s complete lack of
reflection (C6=0/80 across all 40 vignettes) more than context

errors. This asymmetry is the clearest evidence that the 2
criterion application models penalize different error modes:
the context fidelity approach penalizes context loss while
tolerating lack of reflection; the reasoning quality approach
penalizes lack of reflection but tolerates partial context errors.
PARM Reflection Scoring Pattern
C6 (PARM reflection) showed a notable but evaluator-
dependent scoring pattern (Table 5). Under rater 1, C6 was
the criterion that received the lowest score across all 4
models. Under rater 2, however, C6 scores varied substan-
tially across the models, including marked divergence for M2
(C6=75/80 for rater 2, whereas C6=41/80 for rater 1). Several
criterion-level observations were nevertheless noteworthy: (1)
rater 1 assigned a C6 score of 0 to M4 across all 40 vignettes;
(2) V-NEURO-05 was the only vignette to receive a C6=2
from both raters; and (3) C6 scores were similar between
raters for M1 and M3.

Table 5. C6 planning-action-reflection-memory (PARM) reflection scores by model and rater (out of 80 maximum).

Models
C6 rater 1
(Claude), %

C6 rater 2
(GPT-4o), %

Mean C6
percentage (%) Notable pattern

M1 (GPT-4o) 60 (75) 60 (75) 75.0 Strongest C6 performance; closest rater C6 agreement. Both raters awarded
partial C6 scores (C6=1) on the majority of the vignettes; C6=2 was not
achieved on any M1 vignette.

M2 (Claude Sonnet 4.6)a 41 (51) 75 (94) 72.5 Largest C6 rater divergence: Reflect different C6=2 thresholds. Both raters
agreed C6=2 exclusively on V-NEURO-05.

M3 (Gemini 1.5 Pro) 39 (49) 37 (46) 47.5 Second closest rater: C6 agreement. Similar low C6 totals across raters.
M4 (Llama 3.3 70B) 0 (0) 37 (46) 23.0 Rater 1 assigned C6=0 across ALL 40 vignettes; rater 2 assigned nonzero C6

scores to a subset of responses.
aFor M2, both raters used the same prespecified C6 scoring anchors. The observed difference reflects rater-specific interpretation and application of
those anchors when assigned partial or complete credit; no vignette-context misassignment was identified for M2.

These findings do not establish an evaluator-independ-
ent reflection deficit. Rather, they show that C6 scoring
is particularly influenced by evaluator-specific criterion
application, while selected observations, including similar M1
and M3 C6 totals and the V-NEURO-05 sentinel finding,
were more consistent across raters. PARM reflection should
therefore be considered a criterion requiring further investiga-
tion.

Sentinel Vignette Analysis: V-NEURO-05
V-NEURO-05 (12 mm fusiform middle cerebral artery
aneurysm, phases score 8, 3 wk after intracerebral hemor-
rhage) was the only vignette in which both raters independ-
ently assigned C3=0 to the same model, M4 (Llama 3.3
70B), on an objectively verifiable contraindication. This is
the only criterion score of 0 on an objectively verifiable item
in the entire dataset, as the model’s response failed to identify
the need for dual antiplatelet therapy as a contraindication
in a patient 3 weeks post-ICH. This scenario represented

JMIR AI Dinc & Ardic

https://ai.jmir.org/2026/1/e103962 JMIR AI 2026 | vol. 5 | e103962 | p. 8
(page number not for citation purposes)

https://ai.jmir.org/2026/1/e103962


a high-risk contraindication with relatively limited scoring
ambiguity.

M2’s response was the only one in the full dataset that
reached C6=2 by both raters: it identified the dual antipla-
telet therapy contraindication, formally presented 2 alterna-
tive strategies (surgical extracranial-intracranial bypass with
aneurysm trapping; delayed flow redirection with phased
antiplatelet readministration after 3‐6 mo), specified an
antiplatelet scheduling protocol, required multidisciplinary
team documentation, and calculated the phases 8 rupture risk
as the basis for strategy decision.

The distinctive value of V-NEURO-05 lies in what it
requires. The standard information-based response (flow

redirection for fusiform morphology) is factually correct, but
it becomes clinically inappropriate for this patient. Correct
management requires acknowledgment that the standard
response is contraindicated, followed by formal evaluation of
alternatives—precisely the reflection dimension of the PARM
framework. A model that correctly responds to the general
situation but fails to recognize the patient-specific contraindi-
cation exhibits a clinically concerning capability profile: a
high level of knowledge, low contextual safety judgment.

Figure 2 illustrates the model and vignette level distribu-
tion of signed interrater score differences, revealing signifi-
cant heterogeneity in both the magnitude and direction of the
evaluator disagreement.

Figure 2. Heatmap of evaluator-dependent scoring differences across models and clinical vignette domains. Values represent the vignette-level
signed score differences (rater 2 minus rater 1; maximum score, 12 per vignette). Positive values indicate higher scores assigned by rater 2 (GPT-4o),
while negative values indicate higher scores assigned by rater 1 (Claude Sonnet 4.6). Zero differences are shown as empty cells. Total signed
differences were −46 for M1 (GPT-4o), +5 for M2 (Claude Sonnet 4.6), –158 for M3 (Gemini 1.5 pro), and +31 for M4 (Llama 3.3 70B).
V-NEURO-05 is highlighted as the prespecified sentinel vignette. For M1 and M4, vignette-level values for rater 2 were reconstructed from verified
aggregate criterion totals because individual vignette records were not retained. Values for M2 and M3 were derived from retained vignette-level
scoring records, as detailed in Multimedia Appendices 5 and 6, respectively. AAA: abdominal aortic aneurysm; CVI: chronic venous insufficiency;
ISR: in-stent restenosis; NEURO: cerebrovascular/neuroendovascular domain; PAD: peripheral artery disease.

Discussion
Main Finding: Criterion-Interpretation
Differences Explain the Low ICC
C6 (PARM reflection) showed a scoring pattern that was
dependent on the rater but distinct. Under rater 1, C6 was the
lowest-scoring criterion for each of the 4 models evalu-
ated, whereas rater 2 showed greater evaluator-dependent
variation, particularly for M2. Nevertheless, cross-rater C6
scores were similar for M1 and M3, while sentinel-vignette
analysis identified a specific case where reflective reasoning
was clinically consequential. These findings support further
investigation into spontaneous reflective output but do not
establish an evaluator-independent reflection deficit.

The 0.153 ICC reported in this study should not be read
as a simple methodological failure. However, it is indeed
low and requires explanation rather than being ignored. The
explanation offered here is that 2 AI raters applying inconsis-
tent criterion interpretation approaches to the same evaluation
criterion will, by definition, produce a low agreement when
scoring the responses that trigger these differences. The more
important observation is that the disagreement is not random.
It is largest in models with confirmed vignette context errors
(M3 Gemini: Δ=−158; M4 Llama: Δ=+31), though M1 also

shows a substantial divergence (Δ=−46) attributable primarily
to rater-specific scoring thresholds across C1-C5 rather than
context-tracking failures, a distinction discussed below.

The M1 divergence (Δ=−46) warrants a separate explana-
tion. Although GPT-4o (M1) had no vignette context errors,
rater 1 scored it 46 points higher than rater 2. Criterion-level
analysis reveals that this gap is distributed across C1-5. Rater
1 assigned GPT-4o a mean C6 of 75% (60/80), while rater 2
assigned 75% (60/80), near-identical C6 totals. The M1 gap
is therefore driven primarily by threshold differences across
C1-C5 between the raters on high-quality responses. This
reflects the same criterion interpretation divergence docu-
mented for other models but without a context-tracking-fail-
ure component. This further supports the interpretation that
the 2 raters’ scoring approaches represent distinct criterion
application philosophies, rather than simply quality detection.

Structured, directional disagreement can be interpreted
in a way that random disagreement cannot be interpreted.
This situation is consistent with the known instability of
LLM under different evaluation framings [21,22]. In these
studies, the scoring outcomes systematically vary according
to question structure and option order. The important point
is that a low ICC value remains evidence of weak absolute
agreement among evaluators, even when the disagreement
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pattern itself is informative. We do not argue that low
reliability strengthens evaluator validity. Rather, we argue
that the observed disagreement pattern provides insight into
the evaluator-dependent criterion application.

Agreement on broad tier separation (both raters’ scores
place M1/M2 above M3/M4), together with large numerical
differences (158 points on the Gemini scale), reveal that the 2
scoring approaches share a rough model hierarchy but apply
different criteria to translate this hierarchy into numbers. The
Spearman correlation (ρ=0.60; P=.40) is reported here as a
descriptive summary of the ordinal agreement across the 4
models. The small sample precludes inferential interpretation
at the model ranking level. Therefore, the choice of an AI
rater determines not only the magnitude but also the basis of
the benchmark results, which is a key finding of the study.

The 2 scoring models identified (reasoning quality and
context fidelity) are described as behavioral characterizations
of the observed scoring outcomes, not as statements about the
intrinsic properties of the model. Throughout this discussion,
we deliberately and consistently use phrases such as “most
consistent” and “the scoring was most consistent.” Alternative
explanations for the observed models cannot be ruled out, and
future studies using controlled stimulus designs may reveal
them more definitively.
Self-Scoring Patterns and High-Tier
Concordance
An antiself-preference pattern emerged; both raters assigned
higher scores to the other high-performing model than to
their own responses. First, both AI raters may apply more
tolerant scoring to recognized high-quality clinical reason-
ing, regardless of its source (epistemic generosity). Second,
GPT-4o and Claude share large portions of training data-
sets (medical literature and clinical guidelines), which can
be expressed as overlapping training data. This can pro-
duce convergent reasoning patterns that each rater’s scoring
recognizes and rewards.

The observation of high-tier concordance, whereby both
raters consistently assigned scores of 409 out of 480 (85%) or
higher to the highest-performing models, may have practical
implications for reinforcement learning from AI feedback
(RLAIF) pipelines in which the same model family functions
as both the evaluator and target system. If high-performing
raters systematically favor similarly high-performing models,
preference learning processes may generate inflated perform-
ance estimates and amplify apparent capability differences
that do not fully correspond to meaningful differences in
clinical quality. This hypothesis warrants evaluation in future
multirater studies.
PARM Reflection: An Evaluator-
Dependent Scoring Pattern
C6 (PARM reflection) demonstrated an evaluator-dependent
rather than uniformly convergent scoring pattern. Under
rater 1, C6 was the lowest-scoring criterion for each of
the 4 models evaluated. Under rater 2, this pattern was not
uniformly replicated, with the clearest divergence observed

for M2. Nevertheless, cross-rater scores for C6 were similar
for M1 and M3, and the sentinel-vignette analysis identified
a specific instance where reflective reasoning was clinically
consequential.

A clinical decision support system that offers sound advice
but fails to address uncertainty and offers no alternatives
where the standard approach might be problematic. It ignores
limitations of evidence and can be dangerous even when
it seems most confident [4]. The PARM Reflection gap is
not a minor assessment deficit. It operationalizes the gap
between high clinical knowledge and safe clinical reason-
ing under uncertainty. This finding is consistent with the
PARM framework’s emphasis on reflective clinical reason-
ing as a distinct component of the safe clinical decision-mak-
ing process [23]: the reflection dimension is what separates
clinical intelligence from active clinical reasoning. The
clinical relevance of reflection remains plausible. However,
the evaluator-dependent C6 scoring observed here precludes
interpreting the pattern as a stable characteristic of the
evaluated models. Independent replication with additional AI
raters and validation by human experts is required.
Implications of LLM-as-Judge
Methodology in Clinical AI
This study contains 4 specific implications for clinical
AI researchers using LLM-based evaluation approaches.
First, single-evaluator benchmark tests can produce results
dependent on criterion interpretation. A study using GPT-4o
as a single reviewer will produce the most consistent results
with a context fidelity approach; a study using Claude
will produce the most consistent results with a reasoning
quality approach. Without knowing which approach is valid,
benchmark scores cannot be compared between studies using
different AI reviewers.

Second, the identity of the AI reviewer should be
disclosed, justified, and recorded in advance along with the
evaluation criteria. This is similar to the requirement to
disclose the identity and training of human reviewers in
traditional reliability studies. This is not currently standard
practice in clinical AI benchmarking.

Third, the high-tier agreement model, if replicated,
suggests that using the same model as both subject and
judge, as in RLAIF pipeline [24], can generate systematically
enhanced preference predictions for highly skilled models.
This is a particular prediction that RLAIF methodology
studies should directly examine. More broadly, undetected
AI evaluator divergence risks permeating clinical AI training
processes [25]. This makes the characterization of systematic
evaluator divergence not only a methodological issue but also
a concern from a patient safety perspective.

Fourth, the C6 findings illustrate the importance of
reporting criterion-level agreement rather than relying solely
on aggregate benchmark scores. Criteria showing substantial
evaluator-dependent variation should be distinguished from
observations that replicate across evaluators, and multievalua-
tor studies should report these patterns separately.
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A note on the C6 finding as a rubric-conditional:
the models were not explicitly prompted to acknowledge
uncertainty, propose alternatives, or state limitations of the
evidence. The observed C6 scoring pattern therefore reflects
spontaneous reflective output in the absence of an explicit
reflection instruction. Whether an explicit system prompt
would elicit C6=2-level reflection is a testable question
deferred to future work (Future Directions section). The
C6 finding should be interpreted as a characterization of
default model behavior under standard prompting conditions,
rather than a statement regarding the maximum achievable
reflection performance.
Limitations
This study has 6 limitations. First, human expert scoring was
not performed, which prevents absolute clinical performance
claims. All comparisons were made according to the AI
rater scoring approach applied. Second, only 2 AI raters
were used; the findings regarding self-scoring models and
high-tier concordance are suggestive rather than conclusive
and need to be replicated with additional raters from different
model families. Third, the vignettes were not validated by
an independent clinical panel prior to use. Fourth, model
access was provided via standard chat interfaces without
fixed temperature or seed parameters, leading to potential
response variability. Fifth, the extracted criterion-interpre-
tation patterns, including reasoning quality and context
fidelity, are not direct measures of model processing but
rather behavioral characterizations derived from scoring
outcome patterns. Sixth, the scope of this study’s claims
is intentionally narrow. With 4 evaluated models and 2 AI
raters, no findings can be generalized to LLM evaluator
behavior in general. All results are observations from one
study configuration and should be interpreted as preliminary
evidence warranting prospective investigation. The reason-
ing-quality and context-fidelity paradigm taxonomy proposed
in Structured Scoring Differences: Criterion Interpretation
Analysis section is a post hoc hypothesis generated from this
data, not a preregistered theoretical framework. Future studies
should test whether this taxonomy replicates across differ-
ent model families, clinical domains, and scoring rubrics.
In addition, each model response was scored once by each
rater; intrarater reliability was not measured. Under sto-
chastic decoding conditions, a single scoring pass can-
not fully separate stable criterion interpretation differences
from intrarater response variability. Quantifying intrarater
reliability through independent rescoring sessions is a priority
for future work and would strengthen the claim that the
2 observed scoring patterns are internally consistent. The
PARM Reflection findings should be interpreted as prelimi-
nary observations requiring independent validation rather than
confirmatory evidence for the framework. Additionally, rater
1 (Claude Sonnet 4.6) was also evaluated as M2, and rater 2
(GPT-4o) was also evaluated as M1. This design feature is
intentionally disclosed. The structural overlap between rater
identity and evaluated model identity is a study limitation that

cannot be resolved by disclosure alone and requires replica-
tion with independent evaluators.
Future Directions
Four research directions emerge from this study. First, scoring
pattern characterization should be repeated with additional
AI raters to determine whether the distinction between
reasoning quality and context fidelity is stable across model
families or specific to this pair of raters. Second, PARM
Reflection performance should be investigated under explicit
prompting conditions to determine whether the observed
pattern reflects a capability limitation or a default behavior
that can be modified through prompt engineering. Third,
the high-tier concordance pattern should be investigated in
RLAIF pipelines. Fourth, a “sentinel vignette methodology,”
consisting of a small set of short histories that are widely
recognized, in high demand, and allow for interrater validity
testing without the need for full human assessment, should
be developed as a standard component of clinical LLM
assessment.
Conclusions
In this exploratory study, 2 AI raters applied to LLM-
based clinical benchmarking did not behave as interchange-
able scoring instruments. Their scoring is most consistent
with model-specific criterion interpretation approaches that
systematically produce different results. The low interrater
reliability (ICC=0.153) observed in this study reflects a
structured, directional disagreement concentrated in models
with vignette context errors, not random inconsistency. This
requires contextual interpretation. It should not be dismissed
as a methodological failure but interpreted as evidence of
structured, model-dependent evaluator disagreement.

The antiself-preference pattern and high-tier concordance
in the scoring of both raters call into question simplistic
accounts of AI rater scoring behavior and suggest that
the relationship between the AI rater and the model being
evaluated is more complex than characterized by the current
LLM-peer-reviewed literature.

Under rater 1, C6 was the lowest-scoring criterion
for each of four evaluated models, whereas this pat-
tern was not uniformly replicated under rater 2, where
C6 showed substantial model-dependent variation. These
findings therefore identify PARM Reflection as a criterion
warranting further investigation rather than an evaluator-inde-
pendent deficit. The V-NEURO-05 case study illustrates the
potential clinical relevance of reflective reasoning, with only
1 of the 4 evaluated models receiving a perfect C6 score
from both raters. More broadly, the identity of the AI rater
and its criterion-application approach are not methodological
footnotes when LLMs are used as judges. They can materi-
ally influence benchmarking results and should therefore be
explicitly reported, prespecified where feasible, and critically
examined.
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