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Consistency over accuracy: run-to-run stability
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on Turkish curriculum-aligned theoretical
anatomy multiple-choice questions
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Abstract

Background Stability across repeated administrations is essential for educational use of large language models
(LLMs), yet it is rarely quantified in non-English, curriculum-aligned anatomy contexts.

Methods Eleven contemporary LLMs answered 100 Turkish, faculty-authored, curriculum-aligned anatomy multiple-
choice questions from AYDEP, targeting the undergraduate Physiotherapy and Rehabilitation anatomy curriculum

in three independent runs (> 12-hour intervals). Testing used developers' web interfaces in Turkey with browsing
disabled and default generation settings (August-September 2025). Performance was summarized with a stability-
aware 0-3 item score (number of correct responses across three runs) and predefined response-consistency classes.

Results A subset of models achieved near-ceiling totals with high run-to-run stability, whereas others showed
greater session-to-session variability (i.e., changes in the selected option across independent runs initiated as separate
sessions under identical inputs). Several nominal differences among higher-performing systems did not remain
significant after multiplicity control. Within-family updates produced selective, not universal, gains. Many models
exhibited medians of 3 (IQR 3-3) on the 0-3 scale (ceiling effects), and lower means were accompanied by larger
dispersion. Consistency profiles provided information beyond mean accuracy by distinguishing reliably correct

from volatile behavior. In addition, we observed “consistent & wrong"” patterns on a subset of items, where the same
incorrect option was repeatedly selected across runs.

Conclusion In Turkish, curriculum-aligned anatomy items, contemporary LLMs can be both accurate and stable, but
single-trial accuracy can mask volatility and stable systematic errors. Adoption decisions should prioritize stability-
aware appraisal (including consistent-correct and consistent-wrong rates), with local validation on institutional

item banks and periodic re-evaluation as models evolve. Extending this framework to multimodal anatomy and
constructed-response tasks will further inform trustworthy, learner-facing use.
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Background

Rapid advances in artificial intelligence—especially in
machine learning and natural language processing—have
enabled large language models (LLMs) that interpret and
generate text with high proficiency across domains [1, 2].
In medical education, early reports that ChatGPT could
approach the passing threshold on United States Medi-
cal Licensing Examination (USMLE) items sparked broad
interest in LLM-supported learning and assessment [3,
4]. Yet single-shot correctness is an insufficient basis for
educational adoption; long-standing standards empha-
size the need for reliability, validity, and clearly articu-
lated limitations [5].

In this paper, we treat run-to-run “consistency” as a
stability construct that is related to—but distinct from—
accuracy, reliability, and robustness. Accuracy concerns
whether an answer is correct in a single attempt. By con-
trast, run-to-run consistency captures whether the model
produces the same answer when the identical item is re-
administered in separate runs under comparable con-
ditions, acknowledging that LLM outputs can remain
non-identical across repeated inference due to the inher-
ent stochasticity of large language models [6]. This notion
overlaps with reliability in the broad sense of repeatabil-
ity, yet it is not a psychometric reliability estimate of a
test score; rather, it is an item-level stability indicator for
generative systems. Consistency also differs from robust-
ness, which typically refers to maintaining performance
under systematic input perturbations (e.g., paraphrasing
or noise) [7]. Finally, reproducibility concerns whether
independent researchers can obtain similar results using
transparent procedures and reporting practices, whereas
consistency is a property of the model’s repeated outputs
within a given setup [8].

These requirements are particularly salient for anat-
omy, where dense terminology, spatial reasoning, and
tight alignment to course objectives challenge generaliza-
tion from generic benchmarks [9]. Recent gross-anatomy
work in English settings shows promise but also vari-
ability across repeated trials, cautioning against viewing
LLMs as instructor replacements [10]. Recent anatomy
education evaluations have likewise reported strong sin-
gle-run performance for contemporary LLMs, reinforc-
ing the need to complement accuracy-focused evidence
with stability-oriented evaluation when considering edu-
cational deployment [11, 12].

Notably, an anatomy-focused benchmark using
USMLE-style gross-anatomy MCQs administered mul-
tiple attempts per model reported high overall accuracy
for newer systems but persistent topic-level heterogene-
ity, illustrating that single-score summaries can obscure
reliability-relevant variation [11]. Similarly, a cross-plat-
form embryology MCQ evaluation reported both accu-
racy and test—retest reliability (e.g., ICC) across repeated
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attempts, reinforcing that repeatability can differ mean-
ingfully across model families even when average accu-
racy is high [12].

Complementing these reports, a recent anatomy study
comparing Gemini 2.5 Flash, Gemini 2.0, DeepSeek V3,
and ChatGPT-40 on 55 MCQs found near-ceiling overall
accuracy (~96%) with no significant pairwise differences,
while identifying ‘General Anatomy’ as comparatively
more challenging—yet the evaluation relied on single
attempts and text-only items [13]. As the model land-
scape evolves rapidly across families (e.g., ChatGPT,
Gemini, Claude, Grok, DeepSeek), reasoning-focused
systems have shown strong performance on board-style
questions in specialty contexts (e.g., ophthalmology)
while exhibiting sensitivity to task modality and cogni-
tive complexity [14]. Nevertheless, direct evidence of
within-family, version-to-version gains remains limited—
particularly in non-English, curriculum-aligned settings.
Outside English, national licensing studies in Japanese
and Polish contexts report within-family, version-to-
version improvements (e.g., GPT-4 over GPT-3.5) yet
underscore that gains are context-contingent and require
local appraisal [15, 16]. Importantly, because our analysis
is limited to Turkish, curriculum-aligned, text-only theo-
retical anatomy MCQs, the observed run-to-run stabil-
ity patterns should not be assumed to generalize directly
to more reasoning-intensive domains (e.g., physiology,
pathology, or clinical reasoning) or to multimodal anat-
omy assessments.

The present study addresses these needs by bench-
marking contemporary LLM families on a Turkish-lan-
guage, multiple-choice theoretical anatomy examination
aligned with a competency-based digital platform used
in routine instruction (AYDEP) and authored by faculty
to reflect actual curricular objectives [17]. Beyond overall
performance, we explicitly evaluate run-to-run stability
and within-family generational change in an authentic,
non-English educational setting, aligning appraisal with
established educational-measurement principles [5]. In
doing so, we address limitations noted in recent anat-
omy evaluations by moving beyond single-trial accuracy
through independent repeated runs that quantify vari-
ance across administrations, and by employing a larger,
curriculum-aligned item bank [13, 14].

We therefore ask: (i) Do models differ in accuracy
and run-to-run stability on Turkish theoretical anatomy
items? (ii) Do newer releases within a family deliver
reliable improvements? (iii) Are the effects statistically
robust after multiple-comparison control? By answering
these, we provide decision-ready evidence for formative
assessment, feedback, model selection, and item develop-
ment in medical education. In learner-facing use, output
instability can introduce “feedback noise” that confuses
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self-testing, whereas stable outputs support dependable
feedback and item-bank vetting [18].

Methods

Study setting and data source

This study was conducted in the Faculty of Physiother-
apy and Rehabilitation at Kirsehir Ahi Evran University
and used multiple-choice theoretical anatomy items
administered through the university’s competency-based
digital platform “AYDEP” (Ahi Yeterlilik Tabanl Diji-
tal Egitim Platformu, Ahi Competency-Based Digital
Education Platform) between 2022 and 2024. AYDEP is
the institution’s official online environment for teaching
and assessment; it links course learning objectives with
item content and aggregates student response statistics
that are used operationally to classify item difficulty. The
items analysed here were authored and reviewed by fac-
ulty responsible for the anatomy curriculum [17].

Item selection and difficulty banding

A pool of 320 AYDEP theoretical anatomy items (2022—
2024) was screened. In routine practice, AYDEP labels
items into four difficulty bands using historical student
correct-response statistics (“very difficult’, “acceptable’,
“recommendable’, “very easy”); however, fixed numeri-
cal cutoffs for these labels were not available for extrac-
tion in our dataset/materials, so we retained AYDEP’s
operational labels as provided. Within the screened pool,
(n=94) items were labeled “acceptable” and (n=107)
were labeled “recommendable”; the remaining items fell
into the “very difficult” or “very easy” bands and were not
considered further. For this study, we used stratified ran-
dom sampling to select 100 items from the “acceptable”
and “recommendable” bands with an equal allocation (50
“acceptable” and 50 “recommendable”) to balance chal-
lenge while avoiding ceiling/floor effects. The “very easy”
and “very difficult” bands were excluded a priori because
extreme difficulty levels can inflate ceiling/floor effects
and reduce discrimination when quantifying run-to-run
stability on an ordinal 0-3 framework. All items were

Table 1 Models and access/version details

Model Developer Version date
ChatGPT-40 OpenAl May 2024
ChatGPT-5 OpenAl Aug 2025
ChatGPT-5 Thinking OpenAl Aug 2025
Gemini 2.5 Flash Google June 2025
Gemini 2.5 Pro Google June 2025
DeepSeek-R1 DeepSeek May 2025
DeepSeek-V3.1 DeepSeek Aug 2025
Grok-3 XAl Feb 2025
Grok-4 XAl July 2025
Claude Sonnet 4 Anthropic May 2025
Claude Opus 4.1 Anthropic Aug 2025
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theoretical, written in Turkish, and required no interpre-
tation of images or figures. This restriction was applied to
standardize the evaluation across models and interfaces
and to isolate text-based question answering without
confounding effects from multimodal (image) capabili-
ties. The sampled items covered a broad range of gross
anatomy domains, including upper and lower limb mus-
culoskeletal anatomy, neuroanatomy and cranial nerves,
thoracic and abdominal organs, pelvis and urogenital
structures, lymphoid organs, and basic topographical
and anatomical terminology. Sample size of 100 items
was selected to balance computational feasibility with
statistical power for detecting meaningful differences
in model performance while ensuring stable estimates
across repeated runs, consistent with recommendations
for comparative educational assessments [19].

Expert validation of cross-model failure items

To examine whether items that multiple high-perform-
ing LLMs answered incorrectly reflected flawed answer
keys or genuinely challenging content, we conducted a
targeted expert review based on cross-model failure. For
each item, we inspected first-run responses across all 11
models and flagged questions for audit if at least 5 mod-
els answered them incorrectly. This threshold (=5 mod-
els incorrect) was used to enrich the expert-audit set for
potentially ambiguous or high-risk items while keeping
faculty workload feasible; it was intended as a targeted
quality check rather than a representative estimate of
overall item quality. This criterion yielded 7 items from
the 100-item pool, which are labelled CF1-CF7 in Sup-
plementary Table S1. Two board-certified anatomy fac-
ulty members who were not involved in the original item
writing independently answered this subset under exam-
like conditions, blinded to the official keys and to all LLM
outputs. Experts were not provided with any model-level
results (i.e., which models missed each item) or perfor-
mance summaries. Disagreements were not forced to
consensus; instead, inter-rater agreement was quantified
(Cohen’s k) and both experts’ responses were retained for
audit. For each item, we recorded whether each expert
selected the keyed correct option and calculated the pro-
portion of items answered correctly by both experts, as
well as Cohen’s k with 95% confidence intervals to quan-
tify inter-rater agreement.

Language models and testing protocol

We evaluated eleven models spanning five families (Ope-
nAl ChatGPT, Google Gemini, DeepSeek, xAl Grok,
Anthropic Claude). Full model version details are pro-
vided in Table 1. Each model answered the complete 100-
item set three times in independent sessions separated
by at least 12 h to assess both accuracy and run-to-run
stability. Within each administration, the entire 100-item
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list was provided as a single exam-like batch rather than
one-by-one, mirroring how students access AYDEP-
based assessments. To minimize context carry-over and
ensure independence: (1) a new conversation was initi-
ated for each 100-item administration; (2) web browsing
and search features were disabled; (3) default sampling
parameters were maintained; (4) no system-level prompts
or role instructions were provided; (5) items were pre-
sented with stem and options only; (6) no feedback on
correctness was given during testing; (7) persistent mem-
ory features were disabled where applicable. Sampling
parameters (e.g., temperature/top-p) were not user-con-
figurable in the developer managed web interfaces; there-
fore, all runs used platform defaults. We intentionally did
not apply prompt engineering or ensembling (e.g., per-
sona prompting, output-format constraints, or majority
voting) to benchmark baseline, exam-like performance
under comparable conditions. All model administrations
were conducted between August 2025 and September
2025 via the developers’ official web interfaces in Turkey,
with browsing disabled and default sampling.

Scoring of model performance (stability-aware 0-3 scale)

The primary outcome was the mean 0-3 item score per
model across the 100 items and three runs. Secondary
outcomes were (i) total accuracy (% correct) and (ii) run-
to-run response consistency, summarised via the four
pattern classes described below. For each item, a model’s
three responses were compared with the answer key and
assigned an ordinal stability-aware score: 3 if all three
runs were correct; 2 if exactly two runs were correct; 1
if exactly one run was correct; 0 if none were correct.
Conceptually, this 0-3 score is simply the count of cor-
rect responses across three independent administrations
(a transparent ordinal summary of repeated correctness)
rather than a psychometrically validated scale; its pur-
pose is to jointly reflect correctness and run-to-run sta-
bility at the item level. Per-model totals therefore ranged
from 0 to 300, and means (+ SD) were computed across
the 100 items. This metric summarizes repeated correct-
ness; repeatability (including consistently wrong outputs)
is captured by the predefined response-pattern classes.

Run-to-run response consistency (secondary outcome)
Independent of the 0-3 score, response patterns across
runs were classified into four mutually exclusive catego-
ries. These four categories were predefined a priori to
provide an interpretable taxonomy of stability profiles
under repeated administrations. Consistent & correct (all
three runs identical and correct), Consistent & wrong (all
three identical but wrong), Partially consistent (exactly
two runs identical; the third differs), and Inconsistent
(three different options). Counts per model were sum-
marised to characterise reliability profiles.
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Statistical analysis

Analyses were conducted in SPSS (v25; IBM). Because
item scores (0—3) are ordinal, all between-model infer-
ence used non-parametric methods. Item-level scores
were summarised descriptively as mean+SD and total
(0-300). Overall differences were tested with Kruskal—
Wallis H; upon significance, two-sided Mann—Whitney
U tests were used for pairwise contrasts with Bonferroni
family-wise error control (a=0.05). Bonferroni-adjusted
significant contrasts are reported in Table 3; Holm-
adjusted p-values were also computed for completeness.
Effect sizes were reported as epsilon-squared (%) for
Kruskal-Wallis tests and as r for Mann—Whitney U tests
(r = |Z|/NN). Consistency-class comparisons were evalu-
ated with x* tests of independence (or Fisher’s exact test
when any expected cell count<5).

Quality assurance and controls

To reduce information leakage and prompt bias, we
used uniform prompts, reset sessions between complete
administrations, disabled memory features where avail-
able, and withheld correctness feedback during testing.
All items were Turkish text without images. The final
dataset, scoring procedure, and analysis specifications
are available upon reasonable request.

Results

Across 100 items, fully correct counts (3/3) were: Chat-
GPT-5 Thinking 98/100, Gemini 2.5 Pro 97/100, Claude
Opus 4.1 93/100, Gemini 2.5 Flash 93/100, DeepSeek-
V3.1 92/100, Claude Sonnet 4 91/100, Grok-3 89/100,
ChatGPT-40 85/100, DeepSeek-R1 82/100, Grok-4
68/100, and ChatGPT-5 30/100 (Fig. 1). Corresponding
stability-aware 0-3 scores (mean+SD, total 0-300) are
reported in Table 2.

Descriptive statistics for the stability-aware 0-3 item
scores (mean = SD and totals on a 0—-300 scale) are sum-
marised for each model. The highest averages were
observed for ChatGPT-5 Thinking and Gemini 2.5 Pro,
with Claude Opus 4.1 and Gemini 2.5 Flash close behind,
whereas ChatGPT-5 had the lowest overall performance.
Many models yielded a median of 3 (IQR 3-3) on the sta-
bility-aware 0—3 scale, indicating ceiling effects that com-
press apparent differences among top performers once
multiplicity is controlled (shown in Table 2).

Overall differences were significant (Kruskal-Weallis
H(10) =274.35, p<0.001, £€2=0.243). Bonferroni-adjusted,
two-sided Mann—Whitney U results for significant con-
trasts only are listed in Table 3; Holm-adjusted p-values
were also computed for completeness. Effect sizes sug-
gested that the most practically meaningful separations
involved ChatGPT-5 versus all other models (large r
values) and Grok-4 versus the leading tier (moderate-to-
large r values). In contrast, several statistically significant
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Fig. 1 Distribution of response accuracy by language model

Table 2 Descriptive statistics for stability-aware item scores (0-3)

by model
Model Mean+SD Median N Total Score
(IQR) (0-300)
for each
model
ChatGPT-5 Thinking 2974022 3(3-3) 100 297
Gemini 2.5 Pro 294+0.37 3(3-3) 100 294
Gemini 2.5 Flash 2.89+047 3(3-3) 100 289
Claude Opus 4.1 2.87+0.53 3(3-3) 100 287
Claude Sonnet 4 2.84+0.51 3(3-3) 100 286
DeepSeek-V3.1 2.78+0.76 3(3-3) 100 278
DeepSeek-R1 2.73+£0.66 3(3-3) 100 273
Grok-3 2.73+0.81 3(3-3) 100 273
ChatGPT-40 2.57+1.00 3(3-3) 100 266
Grok-4 243+0.95 3(2-3) 100 243
ChatGPT-5 149+1.18 1(0-3) 100 152

Note: Unit of analysis=item (n=100 per model across three runs). Mean+SD
and Total (0-300) summarise the ordinal 0-3 scores descriptively; between-
model inference uses Kruskal-Wallis and Bonferroni-adjusted two-sided
Mann-Whitney U tests.

contrasts among otherwise high-performing models
showed small effects (e.g., ~0.22—0.26), indicating lim-
ited practical educational relevance despite statistical
significance.

Run-to-run response consistency mirrored the accu-
racy ranking. ChatGPT-5 Thinking and Gemini 2.5 Pro
concentrated most items in the “Consistent & correct”
class, indicating high accuracy with high reliability.
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Table 3 Pairwise differences between Language models
on stability-aware 0-3 scores (Bonferroni-adjusted p-values;
significant contrasts only)

Comparison Bonferroni- Ef-
adjusted p fect
size

(n
ChatGPT-5 vs. Gemini 2.5 Pro <0.001 0.66
ChatGPT-5 vs. ChatGPT-5 Thinking <0.001 061
ChatGPT-5 vs. Gemini 2.5 Flash <0.001 0.62
ChatGPT-5 vs. Claude Opus 4.1 <0.001 0.67
ChatGPT-5 vs. Claude Sonnet 4 <0.001 0.65
ChatGPT-5 vs. DeepSeek-V3.1 <0.001 0.64
ChatGPT-5 vs. Grok-3 <0.001 0.71
ChatGPT-5 vs. DeepSeek-R1 <0.001 0.57
ChatGPT-5 vs. ChatGPT-40 <0.001 0.56
ChatGPT-5 vs. Grok-4 <0.001 0.71
Gemini 2.5 Pro vs. Grok-4 <0.001 0.68
ChatGPT-5 Thinking vs. Grok-4 <0.001 0.67
Gemini 2.5 Flash vs. Grok-4 <0.001 062
Grok-4 vs. Claude Opus 4.1 <0.001 0.65
DeepSeek-V3.1 vs. Grok-4 0.004 0.38
Grok-4 vs. Claude Sonnet 4 0.008 0.35
ChatGPT-40 vs. Gemini 2.5 Pro 0.020 0.26
Grok-4 vs. Grok-3 0.035 0.25
Gemini 2.5 Pro vs. DeepSeek-R1 0.043 0.23
ChatGPT-40 vs. ChatGPT-5 Thinking 0.043 0.22

Note: Only contrasts that remain significant after Bonferroni adjustment are
shown
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Fig. 2 Run-to-run response consistency by language model

Table 4 Summary of response-consistency classes by model

Model Consistent Consis-  Partially In-
&correct  tent& consistent con-
wrong sis-
tent
ChatGPT-5Thinking 98 0 2 0
Gemini 2.5 Pro 97 0 3 0
Gemini 2.5 Flash 93 2 5 0
Claude Opus 4.1 93 2 5 0
DeepSeek-V3.1 92 6 1 1
Grok-3 89 6 5 0
Claude Sonnet 4 91 1 8 0
DeepSeek-R1 83 2 14 1
ChatGPT-40 85 9 6 0
Grok-4 68 3 24 5
ChatGPT-5 29 9 49 13

Claude Opus 4.1 and Claude Sonnet 4 showed similar
profiles with a small tail of “Consistent & wrong” items,
compatible with rare systematic mis-selections. Deep-
Seek-V3.1, DeepSeek-R1, ChatGPT-40, and Grok-3
displayed more “Partially consistent” responses, reflect-
ing some session-to-session variability (i.e., changing
selected options across runs initiated as separate ses-
sions). Grok-4 and especially ChatGPT-5 combined
lower accuracy with higher rates of inconsistent or con-
sistently wrong responses (shown in Fig. 2; Table 4).
Item-level analysis of “Consistent & wrong” responses:
Across the 100 items, 23/100 (23%) were answered
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consistently incorrectly by at least one model (i.e., the
same wrong option in all three runs). Of these, 12 items
were shared by >2 models, while 11 items were unique
to a single model. The largest cross-model clusters were
Item 6 (5 models), Item 98 (4 models), Item 7 (4 mod-
els), and Item 5 (3 models). All seven cross-model failure
items (=5 models incorrect in Run 1; Items 5, 6, 7, 40,
89, 97, and 98) were included among these shared, con-
sistently wrong patterns. The full item-level listing (item
number, answer key, and the models/options exhibiting
“Consistent & wrong” behaviour) is provided in Supple-
mentary Table S2.

Expert validation of cross-model failure items

Among the 100 items, 7 met the cross-model failure cri-
terion defined in the Methods section. Two independent
anatomy faculty selected the keyed option for all 7 items
(100%), suggesting no evidence of miskeying within this
targeted subset (Supplementary Table S1). Inter-rater
agreement for this subset was perfect (k=1.00; 95% CI
1.00-1.00). This targeted audit was not intended as a rep-
resentative validation of overall item quality across the
full bank.

Exploratory order-effect check

To assess potential order/context-window effects from
the single-prompt administration, we compared the first
25 versus last 25 items. Early—late differences were small
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for most models (median |A accuracy| = 2.7% points),
whereas ChatGPT-5 (84.0% — 29.3%) and Grok-4 (89.3%
— 54.7%) showed marked declines with reduced stability
toward the end of the prompt.

Discussion

Our principal findings are fourfold. First, on Turkish, cur-
riculum-aligned theoretical anatomy MCQs, a small sub-
set of systems—most notably ChatGPT-5 Thinking and
Gemini 2.5 Pro—achieved near-ceiling totals with very
high run-to-run reproducibility, whereas several mid-
and lower-tier models (e.g., ChatGPT-40, DeepSeek-R1,
Grok-4, and the base ChatGPT-5) showed pronounced
session-to-session variability. Second, several nomi-
nal pairwise differences among leading systems did not
remain significant after family-wise error control, indi-
cating broadly comparable performance once multiplicity
is addressed. Third, within-family (older—newer) con-
trasts yielded selective, not universal, improvements—
underscoring that recency alone does not guarantee
educationally meaningful gains. Fourth, response-pattern
profiles (e.g., consistent-correct vs. inconsistent) pro-
vided actionable information beyond mean accuracy by
distinguishing reliably correct from noisily variable per-
formers. Mid-tier systems with acceptable means but
wide dispersion illustrate that mean accuracy can mask
run-to-run volatility, reinforcing the value of a stability-
aware metric for learner-facing use.

These results align with and extend prior work in
medical education. Early classroom and domain reports
emphasized that LLMs can assist instruction but should
not be viewed as instructor replacements, in part because
of trial-to-trial variability and domain limits [10, 20].
More recently, a small, text-only comparison in anatomy
(55 MCQs) reported near-ceiling averages among leading
models (e.g., ChatGPT-40, DeepSeek V3, Gemini 2.0/2.5
Flash) with few or no significant pairwise differences and
noted topic-level heterogeneity (e.g., “General Anatomy”
harder), yet relied on single-attempt administration and
excluded visual content—design choices that can mask
reliability differences [13]. By adopting repeated, inde-
pendent runs on a larger, faculty-authored, curricu-
lum-aligned bank, our study makes those stability gaps
explicit in a non-English context. A similar multi-run
design has been recommended and applied in specialty
board-review settings, where three-pass evaluations
exposed volatility that single trials missed [21].

Specialty evaluations of reasoning-oriented systems
likewise suggest rapid gains alongside task sensitivity. In
ophthalmology, frontier models—including DeepSeek-
R1, Grok-3/4, Gemini, and OpenAls reasoning vari-
ants—have achieved strong performance on board-style
problems, but spreads widen with increased cognitive
complexity and modality shifts (text—image) [14, 22].
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This echoes our observation that apparent ties at high
average accuracy can separate on stability once evalua-
tion emphasizes reproducibility rather than single-shot
correctness. In basic sciences closest to our task, recent
histology work found uniformly high accuracies (>90%)
with limited separation among systems, reinforcing the
possibility of ceiling effects in terminology-dense, text-
only settings and the value of stability-aware appraisal
to reveal residual differences of practical importance
[10]. When accuracy approaches ceiling, the 0-3 stabil-
ity-aware score can show reduced discriminative power
because fewer items remain sensitive to differences in
both correctness and run-to-run variability. Future eval-
uations could mitigate this by broadening item difficulty
and cognitive demand (and/or increasing repetitions) to
better resolve stability differences among high-perform-
ing systems.

Evidence from national licensing examinations outside
English further supports selective—rather than univer-
sal—version gains. In Japan and Poland, GPT-4 outper-
formed GPT-3.5 on medical licensing content, yet effect
sizes and pass-rate margins varied by exam design and
language, underscoring context dependence [15, 16].
Broader syntheses across countries similarly document
that performance depends on model class, item type, and
local curricular alignment [23, 24]. Against that back-
drop, our within-family analyses confirm that gains are
selective: educators should verify improvements on local,
curriculum-matched items rather than assume benefit
from recency alone.

Educationally, treating stability as a first-order crite-
rion matters for how these tools are used. High “consis-
tent-correct” rates reduce feedback noise in self-testing,
support dependable item vetting, and make learning
analytics more trustworthy, whereas models with vola-
tile response patterns (e.g., the base ChatGPT-5 or some
Grok configurations) risk confusing learners despite
attractive mean accuracies. Equally important, the “Con-
sistent & wrong” class is pedagogically critical: stable yet
incorrect behaviour can degrade feedback more than
random inconsistency, warranting targeted item review
and cautious deployment. To support practical mitiga-
tion, we provide item-level “Consistent & wrong” clus-
ters (item number, key, and the specific models/options)
in Supplementary Table S2; the cross-model failure
subset spans multiple anatomical systems (Supplemen-
tary Table S1). In practice, this risk can be mitigated by
(i) running a small number of repeat queries for high-
stakes learner-facing outputs and flagging items that
remain consistently incorrect, (ii) cross-checking answers
against authoritative resources (course notes, textbooks,
or guideline-style references) and requiring citations, and
(iii) using human-in-the-loop review for items intended
for assessment or feedback. Institutions can also deploy
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stability-aware dashboards that highlight “consistent &
wrong” items for rapid faculty audit and item-bank cor-
rection. Concretely, this framework supports low-stakes
self-study tools and low-stakes quizzes (where consis-
tent-correct behaviour reduces confusing feedback), as
well as faculty-led item-bank screening and explanation
drafting before classroom use. For summative or other
high-stakes assessment contexts, outputs should remain
assistive only and be used under strict human over-
sight rather than as an autonomous answer source. This
“adjunct rather than replacement” stance—already urged
in early anatomy reports—thus accords with emerg-
ing proposals to embed LLMs as scaffolded assistants
(e.g., domain-tuned tools such as AnatomyGPT) while
maintaining expert oversight [20, 25]. This emphasis on
reproducibility and qualified use is consistent with long-
standing guidance that reliability is a prerequisite for
validity in educational measurement [18]. In multilingual
programs, our Turkish results provide a local appraisal
complementing global exam studies: high proficiency is
attainable where terminology is conserved and items are
tightly aligned to course objectives, but model-specific
vetting remains essential [23, 24].

In sum, leading systems such as ChatGPT-5 Thinking
and Gemini 2.5 Pro now deliver not only high accuracy
but—crucially for education—high stability on Turkish
theoretical anatomy MCQs. Because several competi-
tive models (e.g., ChatGPT-40, DeepSeek-R1, Grok-4)
can mask inconsistency behind good averages, stability-
aware appraisal offers a more practical basis for adoption
decisions. As curricula, platforms, and models evolve,
coupling local benchmarking with reproducibility met-
rics is likely to remain the clearest path to trustworthy,
learner-facing use in medical education.

Limitations and future work

This study has several limitations. The evaluation was
restricted to a specific set of Turkish-language, curric-
ulum-aligned text-only theoretical anatomy multiple-
choice questions across the tested LLM platforms, which
limits the generalizability of findings to other linguistic
contexts and question formats, particularly image-based
or clinical reasoning assessments. Generalizability may
also be constrained by language- and curriculum-specific
factors (e.g., Turkish terminology usage, local item-writ-
ing conventions, and AYDEP-aligned learning objectives)
and by the knowledge-oriented nature of theoretical
anatomy MCQs. Replication across other languages,
curricula, and more reasoning-intensive domains will
be necessary to determine whether the observed sta-
bility profiles persist beyond this setting. The reported
run-to-run consistency figures are inherently subject to
change due to the dynamic nature of LLMs, as the mod-
els are continually updated by developers. Accordingly,
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the reported stability profiles should be interpreted as
snapshots tied to the specific access dates and deployed
versions, and institutions should re-evaluate models
periodically as version drift occurs. Because runs were
conducted via developer-managed web interfaces using
default settings, LLM generation is inherently stochastic
in these interfaces, and run-to-run variation and unan-
nounced backend changes can affect reproducibility;
thus, our results should be interpreted as time-stamped,
platform-specific estimates of stability. Despite these
constraints, the study highlights the necessity of using
stability-aware scoring metrics over mere accuracy.
Future research should apply this consistency framework
to international curricula and broader item types, includ-
ing visual questions, to establish a global benchmark for
LLM trustworthiness in medical education, while also
exploring the effect of prompt engineering on reducing
output volatility.

Conclusion

Contemporary LLMs can achieve both high accuracy and
high run-to-run stability on Turkish, curriculum-aligned
theoretical anatomy MCQs. Because acceptable mean
accuracy can conceal response volatility, adoption deci-
sions should prioritize stability-aware scoring and consis-
tent-correct rates rather than single-trial accuracy alone.
We view stability as complementary to accuracy rather
than a replacement for it, and we do not propose a uni-
versal cutoff; thresholds should depend on educational
risk. As an operational guide, for low-stakes self-study
tools, programs may require high Consistent & correct
rates with very low Consistent & wrong rates (e.g., >85%
and <5%, respectively), whereas for higher-stakes assess-
ment support, stricter criteria are advisable (e.g., >90%
Consistent & correct with <1% Consistent & wrong),
with outputs remaining assistive under human oversight.
Version updates within a family may yield selective—
not guaranteed—gains; institutions should therefore
validate locally on their own item banks and re-evaluate
periodically as models evolve. For anatomy quizzes and
item vetting, prefer models with high consistent-correct
rates over those with similar means but greater run-to-
run spread. Looking ahead, extending this stability-aware
framework to multimodal anatomy items and to con-
structed-response tasks that assess explanation quality
will provide a more complete foundation for trustworthy,
learner-facing use in medical education.
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