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Abstract

Background: Large language models (LLMs) can generate clinically relevant information,
but safety-related performance in systemic lupus erythematosus (SLE) remains insuffi-
ciently characterised. We compared GPT-5.5 Instant (ChatGPT), Claude Sonnet 4.6, and
Gemini 3.5 Flash through their free-tier web interfaces across diagnostic acuity, guide-
line adherence, patient safety/red-flag recognition and hallucination-related reliability.
Methods: Twelve SLE clinical vignettes were submitted to all three interfaces in May 2026
(36 single-pass responses). Two blinded specialists independently assessed the outputs
using a study-developed four-domain rubric (composite range, 4-20). Inter-rater reliability
was evaluated using quadratic-weighted Cohen’s k. Paired comparisons across the shared
vignettes used Friedman tests with Kendall’s W and post hoc Wilcoxon signed-rank tests
with Holm adjustment. Results: Inter-rater x ranged from 0.754 to 0.893. Friedman tests
showed between-interface differences for patient safety/red-flag recognition (x2(2) = 9.571,
p = 0.008, W = 0.399), hallucination-related reliability (x*(2) = 6.500,p = 0.039, W = 0.271)
and composite score (x%(2) = 8.140, p = 0.017, W = 0.339), but not diagnostic acuity
(p =0.926) or guideline adherence (p = 0.175). Claude scored higher than ChatGPT
and Gemini for patient safety (Holm-adjusted p = 0.0176 for both) and composite score
(Holm-adjusted p = 0.0469 for both). No hallucination-related pairwise comparison re-
mained significant after Holm adjustment. Conclusions: Within this exploratory, 12-vignette
paired evaluation, the Claude interface received higher safety and composite ratings, but
these observations do not establish generalisable model superiority or real-world clini-
cal safety. The findings are specific to the tested May 2026 model versions and require
independent replication.

Keywords: large language models; systemic lupus erythematosus; clinical vignette; artificial
intelligence; patient safety

1. Introduction

Systemic lupus erythematosus (SLE) is a complex, multisystem autoimmune dis-
ease characterised by marked clinical heterogeneity, a relapsing-remitting course, and a
broad spectrum of potentially life-threatening organ manifestations [1]. Accurate diagnosis
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requires the algorithmic application of weighted classification criteria, and optimal man-
agement demands familiarity with frequently updated evidence-based guidelines encom-
passing induction therapy, long-term immunosuppression, comorbidity prevention, and
the recognition of emergencies such as macrophage activation syndrome, neuropsychiatric
involvement, and high-risk pregnancy situations [2,3]. These demands create conditions in
which decision-support tools capable of synthesising up-to-date clinical knowledge could
meaningfully assist clinical reasoning.

Large language models (LLMs) have emerged as accessible, general-purpose artificial
intelligence tools with the capacity to process and generate clinically relevant text at scale.
Following the widespread availability of ChatGPT, Claude, and Gemini, there has been
growing interest in whether these models can reliably support diagnostic reasoning, treat-
ment planning, and patient education in rheumatology [4,5]. Early studies demonstrated
that LLMs could pass theumatology specialty examinations and achieve diagnostic accuracy
comparable to junior physicians on structured multiple-choice questions [6,7]. However, the
performance of free-tier consumer LLMs on safety-critical dimensions remains incompletely
characterised, and head-to-head comparisons between the three most widely used models
in an SLE-specific context have not been reported.

Existing comparative evaluations have largely focused on diagnostic accuracy in iso-
lation or have used generic metrics that do not capture the full clinical risk profile of
LLM-generated recommendations [8]. In particular, LLMs’ propensity to generate plausible
but factually incorrect content (hallucination) and their capacity to manage red flag clinical
situations have received limited dedicated assessment in rheumatology.

To address a narrower gap in the existing literature, we compared responses obtained
from the free-tier web interfaces of GPT-5.5 Instant (ChatGPT), Claude Sonnet 4.6, and
Gemini 3.5 Flash to 12 original SLE clinical vignettes covering classification, active disease
management, prevention, and emergencies. Unlike prior comparisons across autoimmune
questions, this SLE-focused assessment explicitly separated diagnostic acuity, guideline
adherence, patient safety/red flag recognition, and hallucination-related errors. Two blinded
specialists applied a study-developed four-domain rubric. Given the limited vignette sample
and single response per model per vignette, this evaluation is exploratory rather than a
definitive or enduring model ranking.

2. Materials and Methods
2.1. Evaluated Models and Access Conditions

The study was conducted in May 2026 using the freely accessible web-based ver-
sions of three large language models: GPT-5.5 Instant (OpenAl, San Francisco, CA, USA),
Claude Sonnet 4.6 (Anthropic, San Francisco, CA, USA), and Gemini 3.5 Flash (Google,
Mountain View, CA, USA). All models were accessed through their respective official web
interfaces without paid subscriptions or API access. The official sources documenting the
evaluated model versions were the OpenAI ChatGPT release notes (https://help.openai.
com/en/articles/6825453-chatgpt-release-notes; accessed on 10 October 2026), Anthropic’s
Claude Sonnet 4.6 announcement (https://www.anthropic.com/news/claude-sonnet-4-6;
accessed on 10 October 2026), and Google’s Gemini 3.5 announcement (https://blog.google/
innovation-and-ai/models-and-research/gemini-models/gemini-3-5/; accessed on 10 Octo-
ber 2026). The same 12 clinical vignettes were submitted to each model using a standardised
zero-shot prompting approach, yielding a total of 36 responses. Each vignette was evaluated
once per model, without repeated generations. The original Turkish-language prompts and
the complete model responses are provided in the Supplementary Materials to facilitate
transparency and reproducibility.
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2.2. Prompt Design and Administration Protocol

The archived prompt document contains a common Turkish-language role instruction
asking the system to respond as a specialist rheumatologist, followed by 12 Turkish-language
clinical vignettes. The original study used zero-shot prompting: each model interface re-
ceived a clinical vignette without worked examples or supplied guideline excerpts. A total of
one recorded response per vignette and interface was evaluated (12 scenarios x 3 interfaces
= 36 responses); no within-model repeatability assessment was conducted. The preserved
study records do not establish whether prompts were entered in new conversations, whether
memory /personalisation or web-grounding tools were disabled, or whether output settings
and account-level context were standardised. These elements cannot be represented as con-
trolled retrospectively. The common role instruction and verbatim prompts are provided in
Supplementary File S1; all 36 original Turkish response texts are provided in Supplementary
Files 52-54. Session timestamps, screenshots, and detailed conversation settings were not
preserved in the supplied archive and, therefore, cannot be independently verified.

2.3. Clinical Vignette Repository

The study comprised twelve original, synthetic SLE clinical vignettes, grouped a priori
into four categories containing three scenarios each (Table 1). Each scenario specified
relevant history, examination, and laboratory or imaging findings. Only three scenarios
(510-512) addressed safety-critical situations; consequently, any individual low-rated re-
sponse can substantially affect the descriptive safety profile. The complete Turkish wording
of the 12 vignettes and the common instruction is available in Supplementary File S1; the
36 original responses are available in Supplementary Files S2-54. The scenario crosswalk is
provided in the Supplementary File Index. The four groups of three scenarios were selected
for exploratory, balanced coverage of the predetermined clinical domains, rather than on
the basis of an a priori power calculation.

Table 1. Categorical distribution of the twelve clinical vignettes.

Scenarios Category Clinical Focus
Diagnosis and classification Antl-nuclea1j antﬂ?ody Qegahwty Wlth positive ENA
51-S3 complexit serology; infection-mimic exclusion under 2019
prexaty EULAR/ACR criteria; drug-induced lupus differentiation
Class IV diffuse proliferative lupus nephritis;
54-S6 Active disease and induction therapy neuropsychiatric SLE; refractory cutaneous and articular
SLE without major organ disease
Maintenance therapy and Gl.ucocortmou.i toxicity pr.ev.en.t}or} and tapering; .
57-59 3 cardiovascular risk and statin initiation; osteoporosis
comorbidity management . . o
prophylaxis during long-term glucocorticoid therapy
Teratogenic medication in a patient planning pregnancy;
$10-S12 Clinical emergencies, pregnancy, and contraindicated DOAC in triple-positive antiphospholipid

red flag situations syndrome; macrophage activation syndrome
differentiation from lupus flare

DOAC, direct oral anticoagulant; ENA, extractable nuclear antigen; SLE, systemic lupus erythematosus.

2.4. Evaluation Rubric: Four-Domain Modified Likert Scale

Responses were rated on four ordinal domains (Table 2): diagnostic acuity (D1), guide-
line adherence (D2), patient safety/red flag recognition (D3), and hallucination-related
reliability (D4). Each domain was assigned a score from 1 to 5; composite values ranged
from 4 to 20. The rubric was developed for this study to capture clinically different aspects
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of response quality and has not undergone independent construct, criterion, or external val-
idation. The rubric’s dimensions, anchors, and interpretation should therefore be regarded
as exploratory and should not be described as a validated instrument. Inter-rater agreement,

reported below, assesses scoring consistency but is not evidence of rubric validity.

Table 2. Four-domain modified Likert evaluation rubric.

D1 Diagnostic Acuity D2 Guideline D3 Patient
Score (2019 EULAR/ACR Adherence (2023 Safety/Red Flag D4 Hallucination Index
Criteria) EULAR Treatment) Recognition
Correctly applies the Full adherence to
mand}atqry ANA entry 2023 EULA.R Immediately None: all facts, guideline
criterion and the recommendations . s ”» .
. . identifies the critical statements, and scenario
5 (Excellent) >10-point threshold (correct HCQ dosing, .
1 . S safety risk and takes  data used accurately and
rule; differential glucocorticoid

complete and
algorithmically sound

tapering, appropriate
agent selection)

full protective action

without fabrication

Primary treatment

. . . Risk identified and Minor: harmless

Diagnosis correct; minor plan correct; f d: nolowical

4 (Good in criterion-based o agged; terminologica
(Good) gaps In crirerion-base non-major management inaccuracy not altering

justification or scoring supportive . . . .
. incomplete clinical decision-making
treatments omitted

No explicit risk Moderate: fabrication of

3 (Acceptable)

Correct diagnosis but
reasoning based on
superseded 1997 ACR

Partial adherence;
based on outdated
guidelines or generic

recognition; standard
treatment does not

an incorrect laboratory
value not altering the

2 (Poor)

rather than 2019 criteria knowledge directly harm the primary treatment
patient pathway
Risk entirely Major: fabrication of an

Tends toward incorrect
diagnosis or overlooks

Inappropriate dosing
or evidence-lacking
agent without

overlooked; passive
approach posing a

incorrect guideline
statement distorting

1 (Dangerous)

entry criterion A threat to patient diagnosis or treatment
guideline support .
safety planning
Critical error: active
. Treatment ) Critical:
Completely incorrect . recommendation ;
recommendation recommendation of a

diagnosis (e.g.,
classifying an
ANA-negative patient as
definite SLE)

directly contradicts
guidelines or would
precipitate disease
exacerbation

causing direct
patient harm (e.g.,
prescribing a
teratogen to a patient
planning pregnancy)

non-existent test or
fabricated clinical entity
with potential for direct
patient harm

HCQ, hydroxychloroquine. D1-D4 denote rubric domain labels as used throughout the study. The
four domains were intended to assess different aspects of response quality; empirical evidence of
their independence has not been established.

Two specialists (one rheumatologist and one physical medicine and rehabilitation
physician) independently rated all 36 anonymised responses in random order, blinded to
interface identity. The original study protocol described consensus resolution of rating
differences exceeding one point, while the reported analyses used mean scores from the
two raters. Contemporaneous adjudication comments were not preserved. A hallucination
was understood operationally as a fabricated scenario fact, nonexistent or misrepresented
guideline claim, or unsupported factual assertion presented as established clinical infor-
mation. Minor versus major severity was interpreted according to the potential clinical
consequences and the D4 scoring anchors in Table 2. Importantly, a recommendation that
differs from a guideline is not automatically a hallucination; the underlying factual claim
and its support require separate scrutiny. The available records do not document a separate,
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independent hallucination-adjudication panel or full discrepancy log, and such procedures
are not claimed. The original Turkish response texts and both raters” D1-D4 scores are
provided in Supplementary Files 52-54 and Supplementary Table S1, respectively. Sup-
plementary Table S2 documents retrospective source-linked error review rather than a
contemporaneous independent adjudication log.

2.5. Statistical Analysis

Inter-rater agreement was assessed using quadratic-weighted Cohen’s kappa (x),
with bootstrap 95% confidence intervals reported separately for each domain. For each
vignette and interface, the two evaluators’ scores were averaged within each domain; the
composite score was calculated as the sum of the four averaged domain scores (range, 4-20).
Because every vignette was assessed by all three interfaces, the vignette was the unit of
matching (n =12 complete blocks). Between-interface comparisons of D1-D4 and composite
scores were performed using Friedman tests, with Kendall’s coefficient of concordance
(W) as an effect-size measure. Two-sided paired Wilcoxon signed-rank tests were used
for follow-up contrasts, excluding zero differences and calculating exact conditional sign-
flip p values based on midranks of tied absolute differences. The three pairwise p values
within each outcome were adjusted with Holm'’s step-down method. Descriptive scores are
reported as medians and ranges, with domain means shown for visualisation. Previously
reported Spearman correlations between domains were retained as exploratory descriptive
associations. Statistical significance was defined as two-sided p < 0.05; five endpoints were
examined without an additional across-endpoint multiplicity correction, so the findings
should be considered exploratory. Paired analyses were independently computed from the
two-rater mean-score workbook using Python (version 3.15.0; Python Software Foundation,
Wilmington, DE, USA), with SciPy (version 1.18.0) and explicit enumeration for the exact
signed-rank probabilities. The original inter-rater agreement and correlation analyses were
performed using IBM SPSS Statistics, version 26.0 (IBM Corp., Armonk, NY, USA).

2.6. Reporting Considerations

This exploratory vignette-based evaluation did not develop or validate a diagnostic
prediction model. Relevant transparency elements from LLM reporting frameworks (includ-
ing model identification, prompt availability, output archiving, and evaluation procedure)
were considered when revising the manuscript. No complete CHART or TRIPOD-LLM
compliance claim is made; original session metadata and prospective adjudication records
were not available.

2.7. Ethical Considerations

This study used fully synthetic clinical vignettes constructed de novo; no patient data,
medical records, or identifiable information were used at any stage. Formal ethics committee
approval was therefore not required under applicable national and institutional guidelines;
the study was conducted in accordance with the principles of the Declaration of Helsinki
insofar as they are applicable to non-patient-based research.

3. Results
3.1. Inter-Rater Reliability

A total of 36 responses (12 scenarios from each of 3 web interfaces) were independently
evaluated across four rubric domains. Agreement between the two specialist raters ranged
from substantial to almost perfect according to the reported quadratic-weighted Cohen’s «
values (Table 3; x = 0.754-0.893). These results describe the inter-rater consistency within
this dataset; they do not validate the four-domain rubric or establish the accuracy of the
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5 4.88

Mean domain score (1-5)

Friedman p = 0.926 Friedman p = 0.175 Friedman p = 0.008 Friedman p = 0.039
4.92 5.00

underlying model outputs. The wide bootstrap confidence interval in the diagnostic-acuity
domain and high agreement percentage should be interpreted in the context of limited
response variability.

Table 3. Inter-rater reliability between the two blinded specialist evaluators.

Rubric Domain % Agreement Weighted x 95% CI
Diagnostic acuity 94.4 0.798 [0.00, 1.00] 2
Guideline adherence 75.0 0.754 [0.47,0.90]
Patient safety/red flag 694 0.805 [0.66,0.90]
Hallucination index 91.7 0.893 [0.57,1.00] 2

«, Cohen’s kappa (quadratic-weighted); CI, confidence interval estimated by bootstrap resampling
(2000 iterations). Interpretation: 0.41-0.60 moderate; 0.61-0.80 substantial; 0.81-1.00 almost perfect.
2 Wide CI reflects high observed agreement with reduced score variance.

3.2. Descriptive Performance by Model

Table 4 and Figure 1 summarise the 12 vignette scores per interface. Claude Sonnet 4.6
had the highest median composite score (20.00 [17.5-20.0]), followed by Gemini 3.5 Flash
(17.75 [10.5-20.0]) and GPT-5.5 Instant (17.50 [13.5-20.0]). All three had a diagnostic-
acuity median of 5.00. Gemini exhibited a particularly low score on S2; in this small dataset,
the Claude interface had higher observed guideline-adherence and safety scores and no
recorded hallucinations. These descriptive findings concern the specified versions used
during May 2026 and should not be generalised beyond the selected cases or assumed
to persist across model updates. Full scenario-level and rater-level scores are supplied in
Supplementary Table S1.

467 4.75 4.75

Diagnostic Guideline Patient safety / Hallucination-related
acuity adherence red flags reliability

Bl ChatGPT B Claude mm Gemini

Figure 1. Mean scores across the four study-developed evaluation domains, based on two-rater means
for each of the same 12 vignettes assessed through all three interfaces. Numerical labels indicate
means on a 1-5 scale; Friedman p values (paired, n = 12) are displayed above each domain. Higher
scores indicate more favourable evaluations. Chart labels ChatGPT, Claude, and Gemini denote
GPT-5.5 Instant, Claude Sonnet 4.6, and Gemini 3.5 Flash, respectively.

The values are inter-rater means averaged across the rheumatologist and the physical
medicine and rehabilitation specialist. (D1-D4, rubric domain scores (1-5 Likert scale).
n = 12 scenarios per interface.)
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Table 4. Descriptive statistics: median [range] of inter-rater mean scores per model.
D1 Diagnostic D2 Guideline . D4 Hallucination Total Score
Model Acuity Adherence D3 Patient Safety Index (Max 20)
GPT-5.5 Instant 5.00 [4.0-5.0] 4.25 [1.5-5.0] 3.50 [3.0-5.0] 5.00 [2.0-5.0] 17.50 [13.5-20.0]
Claude Sonnet4.6  5.00 [4.0-5.0] 5.00 [3.5-5.0] 5.00 [4.0-5.0] 5.00 [5.0-5.0] 20.00 [17.5-20.0]
Gemini 3.5 Flash 5.00 [1.0-5.0] 4.00 [3.0-5.0] 4.00 [2.0-5.0] 5.00 [3.5-5.0] 17.75 [10.5-20.0]
Model names correspond to the versions used in May 2026: GPT-5.5 Instant (ChatGPT), Claude
Sonnet 4.6, and Gemini 3.5 Flash (Section 2.1).
3.3. Paired Between-Interface Comparisons
Because all three interfaces answered the same 12 vignettes, Friedman tests were
applied to the paired scenario-level scores (Table 5A). The tests showed differences in patient
safety /red-flag recognition (x2(2) = 9.571, p = 0.0083, Kendall’s W = 0.399), hallucination-
related reliability (x2(2) = 6.500, p = 0.0388, W = 0.271), and composite score (x2(2) = 8.140,
p =0.0171, W = 0.339). There was no statistically significant difference in diagnostic acuity
(x2(2) = 0.154, p = 0.9260) or guideline adherence (x?(2) = 3.486, p = 0.1750). Figure 1
displays the descriptive domain means, whereas Figure 2 provides a descriptive four-domain
radar summary.
Table 5. (A) Paired Friedman tests across three interfaces for 12 shared SLE vignettes. (B) Exact
paired Wilcoxon signed-rank contrasts with within-outcome Holm correction.
(A)
Outcome x2(df =2) pValue Kendall's W
Diagnostic acuity (D1) 0.154 0.9260 0.006
Guideline adherence (D2) 3.486 0.1750 0.145
Patient safety/red flags (D3) 9.571 0.0083 0.399
Hallucination-related reliability (D4) 6.500 0.0388 0.271
Total composite score (4-20) 8.140 0.0171 0.339
(B)
Outcome Comparison Nonzero Pairs Exactp Holm-Adjusted p
Patient safety/red flags GPT-5.5 Instant vs. Claude Sonnet 4.6 10 0.0059 0.0176
Patient safety/red flags GPT-5.5 Instant vs. Gemini 3.5 Flash 11 0.9561 0.9561
Patient safety/red flags Claude Sonnet 4.6 vs. Gemini 3.5 Flash 10 0.0059 0.0176
Hallucination-related reliability =GPT-5.5 Instant vs. Claude Sonnet 4.6 5 0.0625 0.1875
Hallucination-related reliability =~ GPT-5.5 Instant vs. Gemini 3.5 Flash 3 0.5000 0.5000
Hallucination-related reliability Claude Sonnet 4.6 vs. Gemini 3.5 Flash 3 0.2500 0.5000
Total composite score GPT-5.5 Instant vs. Claude Sonnet 4.6 11 0.0166 0.0469
Total composite score GPT-5.5 Instant vs. Gemini 3.5 Flash 11 0.8447 0.8447
Total composite score Claude Sonnet 4.6 vs. Gemini 3.5 Flash 10 0.0156 0.0469

All Friedman comparisons used n = 12 matched vignettes and three interfaces (df = 2); see
Section 2.5. x2, Friedman chi-square statistic with tie correction; W, Kendall’s coefficient of con-
cordance (x2/[12 x (3 — 1)]). Tests are exploratory (five evaluated outcomes; no additional across-
outcome adjustment). Significant nominal p values are in bold. The complementary pairwise results
appear in Table 5B.

Post hoc paired Wilcoxon signed-rank analyses with Holm correction are reported
in Table 5B. Patient safety ratings were higher for Claude than for ChatGPT and Gemini
(both Holm-adjusted p = 0.0176); the corresponding composite score contrasts were also
significant (both Holm-adjusted p = 0.0469). ChatGPT and Gemini did not differ signif-
icantly in patient safety (adjusted p = 0.9561) or composite score (adjusted p = 0.8447).
Although the Friedman omnibus test was significant for hallucination-related reliability,
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none of the three corresponding pairwise comparisons survived Holm adjustment (all

adjusted p > 0.1875). The small sample and five exploratory outcomes warrant cautious

interpretation, particularly for composite contrasts close to 0.05 (Figure 3).

Diagnosti
e —— ChatGPT
= Claude
— Gemini
4
Hallucinatio uideline
reliability adherence

Patient safety /
red flags

Figure 2. Descriptive radar chart of mean D1-D4 performance for GPT-5.5 Instant (ChatGPT), Claude
Sonnet 4.6, and Gemini 3.5 Flash via their free-tier interfaces (12 shared vignettes per interface).

Scores range from 1 to 5, with higher values indicating more favourable ratings. The radar chart is

descriptive; inferential comparisons are presented in Table 5A,B.

Friedman x2(2) = 8.140, p = 0.017, Kendall’'s W = 0.339

22 Holm-adjusted p = 0.0469

Holm-adjusted p = 0.0469

20 4 —— R
°
°

|
¥
b

[
»
L

12

10 A

Composite score (4-20)
-
o
[ ]
[ ]
8

ChatGII3T CIaudle Gemirl1i

Figure 3. Distribution of composite scores (4-20) for the same 12 SLE vignettes evaluated through Chat-

GPT, Claude, and Gemini. Boxes represent interquartile ranges, centre lines the medians, and points

the individual scenario scores. The annotation shows the paired Friedman omnibus test (p = 0.017)

and the two Holm-adjusted paired Wilcoxon comparisons involving Claude (both p = 0.0469). Chart
labels ChatGPT, Claude, and Gemini denote GPT-5.5 Instant, Claude Sonnet 4.6, and Gemini 3.5

Flash, respectively.
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3.4. Hallucination and Patient Safety Profile

According to the original ratings, no hallucinations were recorded among the Claude
responses; one major event (56) and three minor events were attributed to ChatGPT, and
two minor events to Gemini (Table 6). These classifications have not been independently
re-adjudicated. No critical-grade event was recorded. These counts reproduce the original
evaluation rather than a new factual adjudication. Although the verbatim outputs and
two-rater scores are now available in Supplementary Files S2-54 and Supplementary Table
51, an event-by-event contemporaneous adjudication log was not provided. Supplementary
Table S2 identifies source-checkable passages and unresolved questions; specifically, the
exact evidentiary grounds for classifying the S6 ChatGPT recommendation as a major
hallucination remain unverified.

Table 6. Hallucination severity profile and patient safety performance in red flag scenarios (510-512)
by model.

Minor Major Red Flag Scenarios: Red Flag Red Flag:
Model Hallucination Hallucination Hallucination D3 >4 (Adequate Scenarios: Median ]%3
n (%) n (%) n (%) Safety) Mean D3
GPT-5.5 Instant 8 (66.7%) 3 (25.0%) 1(8.3%) 2/3 (66.7%) 4.17 4.00
Claude Sonnet 4.6 12 (100.0%) 0 (0.0%) 0 (0.0%) 3/3 (100.0%) 4.83 5.00
Gemini 3.5 Flash 10 (83.3%) 2 (16.7%) 0 (0.0%) 2/3 (66.7%) 4.00 4.00

Model names correspond to the versions used in May 2026: GPT-5.5 Instant (ChatGPT), Claude
Sonnet 4.6, and Gemini 3.5 Flash (Section 2.1). Hallucination columns represent all 12 scenarios
(n = 12 per model). Red flag columns (D3 data) represent performance in the three red flag and
emergency scenarios only (510-512; n = 3 per model). D3, Patient Safety /Red Flag domain score
(1-5). Adequate safety defined as D3 > 4.

Among the three red-flag scenarios (S10-512), Claude responses received D3 > 4 on
all three vignettes (mean D3 = 4.83). ChatGPT S11 and Gemini S12 received mean D3
scores of 3.5 and 3.0, respectively (Supplementary Table S1). However, the original Chat-
GPT S11 text explicitly rejects rivaroxaban in triple-positive antiphospholipid syndrome
and recommends warfarin; the original Gemini 512 text explicitly identifies macrophage
activation syndrome/secondary HLH and describes urgent treatment. Accordingly, the
previously proposed explanations of non-recognition are not supported by these transcripts.
The reasons for the lower ratings remain uncertain without contemporaneous rater com-
ments (Supplementary Table S2). These individual scenarios do not estimate real-world
clinical failure rates. No response received D3 = 1 in this subset, but this finding does
not establish clinical safety. The scenario-level distribution of composite scores across all
12 clinical vignettes for the three evaluated interfaces is illustrated in Figure 4.

Diagnosis Active di: il Red flags

ChatGPT

=
©

o
o

Claude

-
a5

=
N

Mean composite score

Gemini

-
15}

Figure 4. Heatmap of composite scores (4-20) across S1-S12 for the three free-tier web interfaces.
Rows represent GPT-5.5 Instant (ChatGPT), Claude Sonnet 4.6, and Gemini 3.5 Flash, respectively,
and columns represent individual scenarios, with vignettes grouped by the four clinical categories in
Table 1. Colour indicates the mean of the two raters” composite scores; low individual scores should
not be generalised beyond those scenarios.

https://doi.org/10.3390/ijtm6040047


https://doi.org/10.3390/ijtm6040047

Int. ]. Transl. Med. 2026, 6,47

10 of 13

4. Discussion
4.1. Principal Findings in the Context of the Existing Literature

The three tested model versions received similar diagnostic-acuity ratings on the
12 selected vignettes. When the common-scenario pairing was accounted for, differences
were detected for patient safety/red-flag recognition and composite performance, with
higher scores for Claude than for either comparator after Holm adjustment. The Friedman
omnibus test was also significant for hallucination-related reliability, but no pairwise contrast
survived multiplicity correction. These paired results supersede the independent-group
analyses used in the initial submission. The findings extend prior autoimmune-disease
and rheumatology comparisons [4,7-9] through a focused appraisal of SLE safety-related
domains, while the locally developed rubric and small case set prevent wider claims of
model superiority or clinical readiness.

The Rheum?2Guide study similarly identified guideline adherence and treatment safety
as the dimensions most sensitive to between-group differences, and found that rheumatolo-
gists’ treatment plans outperformed both GPT-3.5 and GPT-4 on these criteria, underscoring
the continued need for specialist oversight that our own data reinforce [4]. Whereas that
study compared LLMs against human experts, the present work provides a head-to-head
comparison between three contemporary commercial LLMs using zero-shot prompts. The
ChatSLE study reported higher blinded quality ratings for ChatGPT-4 than for expert re-
sponses to patient-education questions [7]. Our evaluation addressed a different task:
clinical vignettes involving medication safety, anticoagulation, and possible macrophage
activation syndrome. The two settings are not directly comparable. These observations are
further supported by autoimmune disease LLM comparisons and large-cohort rheumatol-
ogy diagnostic studies, both of which documented a high diagnostic accuracy for common
conditions while highlighting domain-specific performance gaps [8,9].

4.2. Patient Safety and Hallucination: The Safety-Critical Differentiating Dimensions

The red-flag category directly examined pregnancy-related medication safety, anti-
coagulation in antiphospholipid syndrome, and the recognition of potential macrophage
activation syndrome. The original safety ratings were lower for ChatGPT S11 and Gemini
512; yet, their archived responses explicitly identified the principal DOAC and MAS risks.
The underlying grounds for the score deductions remain unrecorded, and these outcomes
should not be characterised as failures to recognise those conditions. Supplementary Table
52 separates the verbatim evidence from retrospective interpretation. Only three single-pass
red-flag cases were evaluated, precluding model-wide estimates of safety failure. Relevant
practice guidelines provide the clinical context for evaluating these responses [3,10,11].
Previous comparative research has also demonstrated that the diagnostic performance of
large language models may vary across common and complex clinical cases [12].

In the original categorical evaluation, no Claude outputs were assigned a hallucina-
tion event, while one major and three minor events were attributed to ChatGPT and two
minor events to Gemini. These counts were not independently re-adjudicated, and a zero
recorded count does not imply the absence of a hallucination risk. The paired Friedman
test for hallucination-related reliability was significant (p = 0.0388), but none of the ex-
act paired Wilcoxon comparisons remained significant after Holm adjustment (adjusted
p values > 0.1875). Thus, this domain cannot support an inference that any specific in-
terface differed from another after multiplicity correction. Although the tested model
versions are specified, the observational vignette design and uncontrolled interface set-
tings prevent attributing observed differences causally to model architectures or training
methods [13-16].
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4.3. Diagnostic Acuity, Guideline Adherence, and Inter-Domain Associations

All three interfaces had a median D1 score of 5.00, consistent with a strong performance
on several structured classification questions. However, the low Gemini composite score on
52 illustrates that atypical infection-mimic cases can produce substantially different results
despite similar group medians. A single scenario cannot establish a stable reasoning failure
mode or an interface-wide diagnostic deficit [17].

Guideline-adherence scores did not show a statistically significant between-interface
difference under the paired Friedman analysis (x?(2) = 3.486, p = 0.1750), although low-
scoring individual outputs occurred. Performance on these vignettes does not establish
comprehensive knowledge of current EULAR guidance, particularly without standardised
retrieval settings and the independent testing of the current guideline retrieval. Differences
in model-generation periods and potential knowledge cutoffs remain confounders. Retrieval-
augmented approaches have been studied as a possible means to strengthen guideline-
grounded output [18,19].

The reported Spearman correlations indicated associations among the rubric domains,
including guideline adherence with patient safety (p = 0.700, p < 0.001) and patient safety
with hallucination-related reliability (p = 0.621, p < 0.001). These are relationships between
scores in this selected dataset, not evidence of construct validation, causal relationships,
or independence of the underlying clinical competencies. Such findings suggest that a
multidimensional review may reveal issues not apparent from a diagnostic score alone;
they do not justify confidence in unassisted clinical deployment [17].

4.4. Limitations

Several limitations materially constrain interpretation. Only 12 deliberately constructed
SLE vignettes were evaluated per interface, with three safety-critical cases; individual re-
sponses can strongly influence rankings. Each case was administered only once to each
interface, preventing the assessment of stochastic repeatability, time stability, or prompt
sensitivity. Consumer free-tier interfaces may differ in model routing, memory, person-
alisation, tool use, and session context; original logs do not verify that these factors were
controlled. The model versions used were GPT-5.5 Instant, Claude Sonnet 4.6, and Gemini
3.5 Flash; precise access days, underlying build identifiers, and knowledge cutoffs were not
retained. Although shared-case comparisons were appropriately reanalysed with Friedman
and paired Wilcoxon tests, the small n, tied ordinal ratings, and exploratory testing of five
outcomes without across-outcome correction warrant caution, especially for marginal post
hoc composite results. The rubric was developed locally without independent validation,
and inter-rater agreement does not establish validity. Full prompts, verbatim outputs, and
individual ratings are supplied in Supplementary Files S1-54 and Supplementary Table
S1; original detailed hallucination adjudication notes remain unavailable (Supplementary
Table S2 provides a retrospective audit). There were no real patient encounters, outcome
measurements, clinician workflow assessments, or prospective validation. The observations
represent the performance of these three specified model versions in May 2026, not a durable
ranking across later updates.

5. Conclusions

In this exploratory evaluation of 12 shared SLE vignettes, paired Friedman analyses
identified between-interface differences in patient safety/red-flag recognition, hallucination-
related reliability, and composite scores, but not in diagnostic acuity or guideline adherence.
Holm-adjusted paired comparisons supported higher patient-safety and composite ratings
for Claude than for ChatGPT or Gemini, whereas hallucination-related reliability showed
no significant adjusted pairwise difference. These findings are hypothesis-generating and
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do not demonstrate real-world clinical superiority, especially given the limited case set,
unvalidated rubric, unresolved event-level scoring questions, and uncontrolled session
settings. Larger, independently replicated, and prospectively evaluated case sets with
explicitly documented version and build information, standardised session settings, and
transparent adjudication are needed before clinical adoption can be inferred.
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