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Abstract

In recent years, large language models (LLMs) have demonstrated rapidly improving
performance in medical knowledge tasks; however, most comparative evaluations have
focused on general medical domains, leaving psychiatry—where contextual reasoning and
nuance are critical—relatively underexplored. This study systematically compared the per-
formance of nine LLMs on psychiatry-focused medical examination questions to evaluate
their accuracy, reliability, and educational utility.

The models tested included ChatGPT-5, ChatGPT-4, Claude Sonnet-4 (free) and Son-
net-4.5 (Pro), Gemini-2.5 Flash and Gemini-2.5 Pro, Grok-3 and Grok-4, and DeepSeek-
v3. A total of 100 multiple-choice psychiatry questions were administered, comprising 25
USMLE-type, 25 TUS-type, and 50 expert-authored items. Each model completed five
independent testing sessions (4,500 responses total). Statistical analyses assessed overall
accuracy, test-retest reliability, and performance differences by exam type.

Results showed significant overall variability among models (¥*(8, N=4,500)=42.45,
p<.001). Claude Sonnet-4.5 Pro achieved the highest accuracy (94%), followed by Gem-
ini-2.5 Pro (92.8%) and GPT-5 (92.6%). DeepSeek-v3 and GPT-4 demonstrated excellent
reliability (ICC>0.90), whereas Gemini-2.5 Flash and Grok-4 exhibited only moderate sta-
bility (ICC=0.65). Question format significantly influenced performance (F(2,24)=16.19,
p<.001, n?=0.57): accuracy was lower for USMLE-type items (83.8%) than for TUS-type
(95.6%) or expert-authored questions (92.1%). Free and premium models performed com-
parably on factual tasks, though premium systems showed higher temporal consistency.

These findings indicate that current LLMs can achieve high accuracy on psychiatry-
focused, exam-style multiple-choice questions, reflecting strong performance in structured
factual knowledge tasks rather than clinical competence. High performance on multiple-
choice questions should not be interpreted as equivalence to clinical expertise, which
requires integrative reasoning, contextual judgment, and interpersonal skills beyond the
scope of standardized examinations. Accordingly, free models may be valuable for foun-
dational learning and examination preparation, while premium systems offer greater con-
sistency for repeated educational assessments, without implying readiness for independent
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clinical application. Psychiatry, requiring empathy and nuanced reasoning, remains an
essential domain for testing Al’s progression from factual mastery toward human-centered
understanding.

Keywords Artificial intelligence - Psychiatry training - Large language models - Cross-
cultural assessment - Exam

Introduction

In recent years, the integration of artificial intelligence (AI) into medical education and
clinical practice has accelerated remarkably. During this evolution, large language models
(LLMs) have emerged as transformative tools capable of processing and analyzing complex
medical information. LLMs are deep learning—based Al systems trained on extensive tex-
tual datasets that can generate human-like language, perform logical reasoning, and synthe-
size knowledge across domains. Contemporary systematic reviews have demonstrated that
these models can achieve near-human accuracy on standardized medical examinations and
generate clinically coherent explanations across multiple disciplines [1-3]. Beyond infor-
mation retrieval, LLMs have shown potential to support educational and decision-support
contexts, including medical documentation and simulation-based learning [3, 4]. However,
variations in architecture, training data, and reasoning mechanisms among major model
families—such as ChatGPT, Claude, Gemini, Grok, and DeepSeeck—have led to substantial
performance heterogeneity, underscoring the need for domain-specific benchmarking stud-
ies [5, 6].

Standardized medical examinations such as the United States Medical Licensing Exam-
ination (USMLE) and the Turkish Medical Specialization Examination (Tipta Uzmanlik
Sinavi — TUS) serve as rigorous benchmarks for assessing medical knowledge and clinical
reasoning skills. Although differing in structure and national context, both examinations
rely heavily on multiple-choice questions to assess the ability to integrate diagnostic infor-
mation, therapeutic principles, and contextual clinical cues, including within psychiatry-
related content. As such, psychiatry-focused MCQs from these examinations provide a
standardized and comparable framework for benchmarking LLM performance across differ-
ent educational systems. Previous studies have shown that LLM accuracy declines as ques-
tion difficulty increases [7, 8], suggesting that advanced cognitive reasoning tasks remain
challenging for Al in medical contexts.

Recent evidence indicates that the performance of LLMs is both model- and task-depen-
dent. Certain models have achieved accuracy rates of up to 96% on multiple-choice medi-
cal examinations, whereas others demonstrate superior pedagogical quality in generating
detailed clinical scenarios [5]. Comparative analyses have also revealed a performance gap
of approximately 10% points between ChatGPT-40 and DeepSeek-R1 on USMLE-style
questions [9]. Beyond model architecture, linguistic and cultural context appear to influence
accuracy. For example, ChatGPT-4 achieved a 91% success rate on the French version of
the European Board of Ophthalmology examination [10], but only 73.6% on the Chinese
National Medical Licensing Examination [11], underscoring that performance varies con-
siderably across non-English settings. Importantly, emerging evidence suggests that ques-
tion structure and cognitive demand may exert a stronger influence on LLM performance
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than language alone, with item complexity and reasoning depth accounting for a substantial
proportion of observed variability [12]. These findings highlight the need to evaluate LLMs
not only in terms of accuracy but also with respect to explanatory depth, contextual coher-
ence, linguistic adaptability, and cultural alignment.

Among all medical specialties, psychiatry stands out due to its unique cognitive and
affective complexity. Unlike disciplines grounded in laboratory diagnostics or imaging data,
psychiatry requires multilayered interpretation of human behavior, cultural context, and
emotional nuance. Psychiatric assessment inherently involves empathy, ethical sensitivity,
and theory-of-mind reasoning—features that remain particularly difficult for Al systems to
emulate [4]. Accordingly, psychiatry-focused multiple-choice questions do not operational-
ize these capacities themselves; instead, they approximate selected cognitive components
relevant to psychiatric knowledge, including diagnostic reasoning, treatment selection, and
contextual interpretation within constrained formats. In this context, a study conducted in
Tiirkiye in December 2025 evaluated ChatGPT-4—generated psychiatry MCQs and clinical
vignettes across common diagnoses through structured prompting and expert psychiatrist
review, demonstrating that such outputs can approximate clinical reasoning within educa-
tional settings while also revealing risks of ambiguity and the need for expert oversight [13].
Despite these advances, most comparative studies have focused on general medical or ana-
tomical domains [1, 4, 14], leaving psychiatry markedly underrepresented. Given the field’s
cognitive and contextual demands, the absence of systematic head-to-head benchmarking
studies in psychiatry constitutes an important gap, limiting evidence-informed guidance for
the responsible educational use of Al-based tools.

Over the past few years, Al technologies—particularly LLMs—have rapidly advanced,
transforming multiple areas of medicine, including psychiatry [4, 15—19]. Early evaluations
suggested that LLMs could approximate passing-level performance on standardized medical
examinations [20]; however, subsequent studies demonstrated substantial variability across
models, examination formats, and linguistic contexts. For example, performance differences
have been reported between GPT-3.5 and GPT-4 across national licensing examinations
conducted in different languages [21, 22], a pattern further supported by meta-analytic evi-
dence showing consistent but heterogeneous superiority of newer-generation models [23].
Similar variability has also been observed in domain-specific MCQ evaluations, including
embryology-focused assessments [24]. Together, these findings underscore pronounced per-
formance heterogeneity and reinforce the need for systematic, domain-specific benchmark-
ing rather than reliance on isolated accuracy reports.

Evaluating LLM performance in psychiatry is not only a theoretical but also a practical
concern. For medical students preparing for board examinations and residents in specialty
training as well as clinicians using Al tools in educational support and exam preparation
contexts, understanding relative model performance is important for educational valid-
ity and responsible use. Moreover, socioeconomic disparities and unequal access to pre-
mium Al systems mean that many learners depend on free platforms, potentially widening
educational gaps. As highlighted in prior research, financial barriers can restrict access to
advanced Al tools, contributing to disparities in learning opportunities [15]. Accordingly,
comparing both free and paid versions of LLMs is essential to characterize performance
differences and to inform discussions of fairness and accessibility in medical training. As Al
systems become more widely used in educational settings, the development of standardized
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evaluation frameworks remains important to support consistent and equitable use across
diverse educational and socioeconomic contexts [2, 16].

Against this background, the present study conducts a systematic comparative analysis of
nine distinct Al configurations: ChatGPT-5 (OpenAl), ChatGPT-4(OpenAl), Grok-3 (xAl)
and Grok-4 (xAl), DeepSeek R3 (Hangzhou DeepSeek Al Basic Technology Research
Co.), Claude Sonnet-4 free version (Anthropic), Claude Sonnet-4.5 professional version
(Anthropic), Gemini 2.5-Flash free version (Google), and Gemini-2.5 Pro version (Google).
By focusing specifically on psychiatry questions from both the USMLE and TUS exami-
nations, this research aims to evaluate the relative strengths and limitations of current Al
models in handling complex psychiatry-focused MCQs. The findings will contribute to the
growing body of evidence on Al capabilities in medical domains while providing practical
guidance for medical educators, students, and healthcare professionals regarding the opti-
mal utilization of Al tools in psychiatric education and practice.

This study aims to bridge the gap between Al capabilities and psychiatric education
through three primary inquiries. First, we establish a benchmark for model accuracy and
reliability using a rigorous set of multiple-choice questions. We then expand our analysis
to compare the efficacy of free and paid Al versions, alongside a comparison of public and
expert-validated question sets. By considering the nuances of different examination systems
and languages, such as the USMLE and TUS, we provide a structured framework to guide
the educational integration of these models without overstepping into clinical guidance.

Materials and Methods
Study Design

This study compared the capabilities of nine publicly available LLMs in answering psychi-
atry-focused medical examination questions: ChatGPT-4 (OpenAl) and ChatGPT-5 (Ope-
nAl), Grok-3 and Grok-4 (xAl), DeepSeek-v3 (Hangzhou DeepSeek Al Basic Technology
Research Co.), Claude Sonnet-4 free version (Anthropic), Claude Sonnet-4.5 Pro version
(Anthropic), Gemini-2.5 Flash free version (Google), and Gemini-2.5 Pro version (Google).
The accuracy of these Al models in responding to multiple-choice psychiatry questions
from standardized medical examinations was systematically assessed.

Question Selection

The question pool was designed to ensure representation of both internationally standardized
and locally relevant medical examination formats. To facilitate interpretation for readers less
familiar with these examination formats, the three question categories differed primarily in
their cognitive focus and clinical framing. USMLE-type questions typically presented brief
clinical vignettes emphasizing diagnostic reasoning and core pathophysiology, often requir-
ing the selection of the most likely diagnosis or next best step. TUS-type questions were
generally more concise and knowledge-oriented, focusing on factual recall and guideline-
based information commonly tested in national examinations. In contrast, expert-authored
questions were designed to be more integrative, incorporating clinical nuance, differen-
tial diagnosis, and treatment decision-making reflective of real-world psychiatric practice.
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Specifically, 25 USMLE-type questions were directly drawn from the officially released
USMLE Sample Questions database, publicly available through the National Board of Med-
ical Examiners (NBME). For the TUS-type questions, items were constructed to closely
mirror the content, structure, and difficulty of the psychiatry questions published by the
Student Selection and Placement Center (OSYM) between 2015 and 2021. To supplement
these, an additional 50 expert-generated unpublished questions were developed by the study
authors themselves through a consensus process. To reduce potential author-related bias,
expert-authored questions were developed without reference to any specific LLM architec-
ture or known model strengths (model-blind authoring). Each expert-authored question was
designed to reflect clinical reasoning, psychopathology, and psychopharmacology domains
commonly encountered in medical examinations, while ensuring originality and alignment
with contemporary psychiatric diagnostic frameworks (DSM-5). All items were reviewed
independently by three senior psychiatrists to confirm clarity, content validity, and equiva-
lence in cognitive demand across question categories. A subset of expert-authored questions
was additionally pilot-tested on psychiatry residents to confirm clarity and expected dif-
ficulty range. In total, 100 psychiatry-focused multiple-choice questions were included (25
USMLE-type, 25 TUS-type, and 50 expert-authored items). USMLE-type, TUS-type, and
expert-authored questions are presented in the Supplementary Materials.

Data Collection

Each Al model was required to answer all 100 psychiatry questions during the testing phase.
The performance assessment was conducted in October 2025, with each model tested inde-
pendently. Due to input limitations and conversation length restrictions of different LLM
systems, the questions were divided into 4 sets of 25 multiple-choice questions each. Each
set was presented with the standardized prompt:

“Respond to the following multiple-choice psychiatry questions by choosing the one
best answer for each item. For every numbered question, indicate only the letter (A,
B, C, D, E, or F) corresponding to your selected option.”

To assess response consistency and reliability, this process was replicated across five inde-
pendent testing sessions, separated by 24-hour intervals. Each testing round was conducted
as a fresh conversation session without access to previous responses, ensuring indepen-
dence between attempts. For premium versions (GPT-5, Claude Sonnet 4.5 Pro and Gemini
2.5 Pro), identical testing protocols were followed using the respective paid subscription
services.

The outputs from each Al model were systematically recorded in a Microsoft Excel
(Microsoft 365) spreadsheet and evaluated for accuracy against the established correct
answers. A total of 4500 responses (9 Al models x 5 rounds x 100 questions) were collected
and analyzed.

Statistical Analyses
All statistical analyses were conducted to evaluate both the accuracy and reliability of LLMs

across different medical question types. Descriptive and inferential statistics were used to
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compare overall performance levels, examine consistency across repeated sessions, and
identify significant differences between models and question formats. Although individual
responses were treated as independent observations for categorical accuracy analyses, we
acknowledge that responses are inherently nested within models and question sets. This
approach was adopted to enable large-scale benchmarking and direct comparison with prior
LLM evaluation studies using similar response-level aggregation. Importantly, model-level
performance summaries (mean accuracy, confidence intervals, and ICC estimates) were
emphasized to mitigate potential inflation of statistical significance arising from depen-
dency structures. Crucially, at the time the study was conducted, the LLM versions evalu-
ated did not retain or reference prior conversation history across sessions; each testing round
was executed in a newly initialized, isolated session, thereby minimizing carryover effects
and supporting the practical independence of responses.

First, descriptive statistics were computed for each model, including mean accuracy per-
centages, standard deviations, and 95% confidence intervals (CI). The intraclass correla-
tion coefficient (ICC, two-way mixed model, absolute agreement) was calculated to assess
test—retest reliability across five testing sessions, providing an estimate of each model’s
internal consistency and temporal stability. Next, model-level performance comparisons
were performed using chi-square () tests of independence based on the number of correct
and incorrect responses across 4,500 total items (500 per model). This approach allowed
examination of categorical differences in accuracy distributions among models. When the
overall y? test was significant, pairwise chi-square analyses were applied to detect specific
model-to-model differences, with Bonferroni correction applied to control for Type I error
in multiple comparisons. To evaluate differences in accuracy across question types (Expert,
TUS, and USMLE), a one-way analysis of variance (ANOVA) was conducted. Prior to the
ANOVA, Levene’s test assessed the assumption of homogeneity of variances. Given the
violation of this assumption, the Games—Howell post hoc test was employed for pairwise
comparisons. Effect sizes were reported using eta squared (n?) for the overall ANOVA and
Cohen’s d for post hoc contrasts to quantify the magnitude of observed differences. Finally,
all analyses were performed using IBM SPSS Statistics version 29 and Python version 3.14,
with the level of statistical significance set at p<.05 (two-tailed). Effect size thresholds were
interpreted according to conventional criteria: d=0.2 small, 0.5 medium, and 0.8 large; n?
=0.01 small, 0.06 medium, 0.14 large. Given the near-ceiling performance observed across
several models, effect sizes and confidence intervals were prioritized alongside p-values
to contextualize the practical significance of observed differences. Statistical significance
was therefore interpreted cautiously, with particular attention to magnitude and overlap of
performance estimates rather than sole reliance on null-hypothesis testing. Accordingly,
statistical analyses were intended to support comparative benchmarking rather than infer
individual-level decision-making validity.

Results
Figure 1 illustrates the distribution of correct answers across different exam formats,
highlighting notable performance variations among models. GPT-5 and Gemini-2.5 Pro

produced the highest number of correct responses overall, demonstrating consistent perfor-
mance across expert-level and TUS-type questions. Claude Sonnet-4.5 Pro also performed
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Percentage of Correct Answers Across Exam Formats by LLM
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Fig.1 Comparison of percentage of correct answers across exam formats by LLMs
Table 1 Accuracy comparison of LLMs across different medical exam formats
LLM Expert (250 Q) TUS (125 Q) USMLE (125 Q) Total (500 Q)
Correct  Incorrect  Correct Incorrect Correct Incorrect  Total Correct
GPT-5 244 6 121 4 98 27 463 /500
GPT-4 229 21 120 5 100 25 449 /500
Sonnet-4 227 23 116 9 110 15 453 /500
Sonnet-4.5 235 15 120 5 115 10 470 /500
Grok-3 218 32 111 14 92 33 421/500
Grok-4 231 19 123 2 104 21 458 /500
Gemini-2.5 Flash 225 25 121 4 115 10 461 /500
Gemini-2.5 Pro 239 11 125 0 100 25 464 /500
DeepSeek 225 25 119 6 109 16 453 /500

LLM Large Language Model, TUS Medical Specialty Examination in Turkey (Tipta Uzmanlik Sinavi),
USMLE United States Medical Licensing Examination. The table displays the number of correct and
incorrect responses generated by each model across Expert-level (250 questions), TUS-type (125
questions), and USMLE-type (125 questions) exams. “Total Correct” indicates the cumulative correct
answers out of 500 total items

comparably well, whereas Grok-3 yielded the fewest correct answers, particularly in the
USMLE-type section.

Across all 4,500 items administered (500 per model), a chi-square test of independence
revealed a significant overall difference in accuracy among LLMs (y*(8, N=4,500)=42.45,
p <.001). Table 1 provides a summary of the correct and incorrect responses for each model
across the three question categories. (Expert-type, TUS-type, and USMLE-type). Claude
Sonnet-4.5 Pro achieved the highest total accuracy (470/500; 94%), followed by Gemini-2.5
Pro (464/500; 92.8%) and GPT-5 (463/500; 92.6%). In contrast, Grok-3 exhibited the low-
est overall accuracy (421/500; 84.2%), showing marked difficulty with USMLE-type items
(92/125 correct). While Claude Sonnet-4.5 Pro and Gemini-2.5 Flash maintained near-
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Table 2 Pairwise comparison of LLM accuracy rates using chi-square tests

Model 1 Model 2 b p Significance (after Bonferroni)
GPT-5 Sonnet-4.5 Pro 0.66 0.416 Non significant

GPT-5 Grok-3 6.12 0.013 Non significant after correction
GPT-5 Gemini-2.5 Pro 0.96 0.327 Non significant

Sonnet-4.5 Pro Grok-3 11.25 0.0008 Significant after correction
Sonnet-4.5 Pro Gemini-2.5 Flash 0.01 0.933 Non significant

Grok-3 Gemini-2.5 Flash 12.38 0.0004 Significant after correction
Gemini-2.5 Flash DeepSeek-v3 0.83 0.364 Non significant

LLM Large Language Model. The table presents pairwise chi-square (y?) comparisons of accuracy rates
between models, with corresponding p-values and Bonferroni-adjusted significance results. Comparisons
that remained significant after correction are indicated as “Significant after correction.”

Table 3 Descriptive and reliability statistics of LLMs across exam types

LLM Mean Accuracy (%) Overall SD ICC  95% CI
Expert TUS USMLE Overall Lower bound Upper bound

GPT-5 Pro 97.6 96.8 784 90.9 10.9 0.826 0.777 0.870
GPT-4 Free 91.6  96.0 80.0 89.2 8.3 0.935 0.914 0.953
Sonnet-4 Free 90.8 92.8 88.0 90.5 2.4 0.814 0.761 0.860
Sonnet-4.5 Pro 940 960 92.0 94.0 2.0 0.859 0.818 0.895
Grok-3 Free 872 888 73.6 83.2 8.4 0.844 0.798 0.883
Grok-4 Pro 924 984 832 91.3 7.7 0.664 0.586 0.739
Gemini-2.5 Flash 90.0  96.8 92.0 92.9 3.5 0.655 0.576 0.731
Gemini-2.5Pro  95.6  100.0 80.0 91.9 10.5 0.718 0.648 0.783
DeepSeek-v3 90.0 952 872 90.8 4.1 0.919 0.893 0.940

LLM Large Language Model, TUS Medical Specialty Examination in Turkey (Tipta Uzmanlik Sinavi),
USMLE United States Medical Licensing Examination, SD Standard Deviation, /CC Intraclass Correlation
Coefficient, CI Confidence Interval. The table displays mean accuracy percentages for each LLM across
three exam types (Expert-level, TUS-type, and USMLE-type), along with overall mean accuracy,
variability, and reliability indices. Higher ICC values indicate stronger consistency in model performance
across exam types

ceiling accuracy in TUS-style questions, performance variability increased substantially
in USMLE-type items across models. It should be noted that near-ceiling accuracy was
observed for a subset of high-performing models, particularly on TUS-type items, which
may limit the interpretability of fine-grained between-model differences despite statistical
significance. Accordingly, non-significant pairwise contrasts among top-performing models
should be interpreted as reflecting performance convergence rather than absence of mean-
ingful competence.

Following the overall significant chi-square test, pairwise comparisons were conducted
to identify specific differences in accuracy rates between models (Table 2). After Bonferroni
correction for multiple testing, Claude Sonnet-4.5 Pro demonstrated significantly higher
accuracy than Grok-3 (y* = 11.25, p = .001), and Gemini-2.5 Flash also outperformed
Grok-3 (x* = 12.38, p <.001). All other pairwise comparisons, including contrasts between
GPT-5, Claude Sonnet 4.5 Pro, Gemini 2.5 Pro, and DeepSeek-v3, did not reach statistical
significance after correction (p > .05).

Descriptive statistics and reliability indices for each LLM are presented in Table 3. Mean
accuracy rates across all question types ranged from 83.2% (Grok-3) to 94.0% (Claude Son-
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net-4.5 Pro). Among the models, Claude Sonnet-4.5 Pro demonstrated the highest overall
accuracy (M=94.0%, SD=2.0) with excellent internal consistency (ICC = 0.859, 95% CI
[0.818, 0.895]). GPT-5 (M=90.9%, ICC = 0.826) and DeepSeek-v3 (M=90.8%, ICC =
0.919) also exhibited strong reliability across testing sessions. In contrast, Grok-4 (ICC =
0.664) and Gemini-2.5 Flash (ICC = 0.655) showed only moderate test-retest consistency,
indicating greater fluctuation in performance over time. Importantly, variability in ICC
values revealed meaningful differences in temporal stability across models, with several
systems demonstrating only moderate test-retest reliability despite relatively high mean
accuracy (Table 4).

Accuracy by question type revealed systematic differences across domains (see Fig. 2).
Most models achieved near-ceiling performance on TUS-type questions, whereas accuracy
declined in USMLE-type questions, particularly for GPT-based models (GPT-5: 78.4%,
GPT-4: 80.0%). Conversely, Claude Sonnet-4.5 Pro and Gemini-2.5 Flash maintained
higher stability and generalization across all categories.

The ANOVA was conducted to evaluate differences in accuracy across question types
(Expert, TUS, and USMLE). Descriptive statistics indicated mean accuracies of 92.13%
(SD=3.18) for expert-type, 95.64% (SD=3.25) for TUS-type, and 83.82% (SD=6.38) for
USMLE-type questions. Levene’s test of homogeneity was significant (F(2,24)=4.60, p =
.020), indicating unequal variances across groups; therefore, the Games—Howell post hoc
procedure was employed. The ANOVA revealed a significant main effect of question type
on model accuracy, F(2,24)=16.19, p < .001, with a large effect size (n?> = 0.57). Post hoc
comparisons showed that USMLE-type questions yielded significantly lower accuracy than
both Expert-type (mean difference=8.31, p = .012, Cohen’s d=1.66) and TUS-type ques-
tions (mean difference=11.82, p = .001, Cohen’s d=2.32). The difference between Expert-
type and TUS-type questions was not statistically significant (p = .082).

The table presents descriptive statistics and inferential analyses comparing mean accu-
racy scores across Expert-type, TUS-type, and USMLE-type exams. Levene’s test indicated
non-homogeneous variances (p = .020). A one-way ANOVA revealed a significant main
effect of exam type (F(2,24)=16.19, p <.001, n> = 0.57). Post hoc Games—Howell compari-
sons showed that accuracy was significantly higher in the TUS-type exam compared to the
USMLE-type exam (p =.001, d=2.32), while the difference between Expert and TUS exam
types was not statistically significant.

Table 4 Comparison of mean accuracy scores across exam types
Variable / Comparison n  Mean SD  F/Mean df P Effect

Diff. size

Descriptive Expert-type exam 9 9213 318 — — — —
Statistics TUS-type exam 9 9564 325 — — [ —

USMLE-type exam 9 8382 638 — — —_ -

Total 27 90.53 6.67 — — —  —
Levene’s Test of — — — — F=4.60 (2,24) .020 —
Homogeneity
One-Way ANOVA — — — — F=16.19 (2,24) < n?=.57

.001

Post Hoc Expert — TUS — — — -3.51 — 082 —
(Games-Howell)  Expert— USMLE — = — 4831 — 012 —

TUS - USMLE — — —  +11.82 — 001 d=2.32

SD Standard Deviation, df Degrees of Freedom, #2 Eta Squared, d Cohen’s d
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Heatmap of LLM Mean Accuracy Across Exam Types
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Fig.2 Heatmap of LLMs mean accuracy across medical exam types

Discussion

Our systematic evaluation of nine LLMs across 4,500 psychiatry examination items yielded
four principal findings that delineate the current capabilities and boundaries of artificial
intelligence in psychiatric reasoning. First, premium models achieved near-ceiling accu-
racy (Claude Sonnet-4.5 Pro: 94%; Gemini-2.5 Pro: 92.8%; GPT-5: 92.6%), with differ-
ences failing to reach statistical significance after correction. Second, temporal stability
varied substantially, ranging from excellent (DeepSeek-v3, GPT-4: ICC > 0.90) to mod-
erate (Gemini-2.5 Flash, Grok-4: ICC = 0.65). Third, question type exerted a significant
effect on performance (F(2, 24)=16.19, p <.001, n? = 0.57), with USMLE-style items pro-
ducing markedly lower accuracy (83.8%) than TUS-type (95.6%) or Expert-type (92.1%)
questions. Fourth, free models demonstrated accuracy comparable to premium versions on
structured factual tasks, suggesting that subscription-based systems may not be essential
for foundational educational use. Collectively, these patterns indicate that while current
LLMs approximate expert-level performance on structured factual examination items in
psychiatry, limitations persist in reasoning depth and response consistency. Importantly,
high accuracy on multiple-choice psychiatry questions reflects proficiency in answer selec-
tion under constrained conditions and should not be interpreted as evidence of clinical judg-
ment, therapeutic decision-making, or patient-centered reasoning.

When examined within the context of psychiatry, the current landscape of research on
LLMs remains notably underdeveloped. Despite the growing number of evaluations across
general medical domains, only a limited subset has systematically investigated psychiatric
reasoning and diagnostic understanding. Most prior studies have concentrated on ChatGPT-
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based systems [25], providing little insight into how newer architectures—such as Claude,
Gemini, Grok, and DeepSeek—perform in this cognitively and affectively complex field.
Recent large-scale investigations have begun to address this gap. Xu et al. (2025) systemati-
cally benchmarked 15 LLMs and reported that DeepSeek-R1-671B (86.83%) and DeepSeek-
V3 (84.68%) achieved the highest accuracies, followed by QwQ-32B (84.27%), GLM-Z1
(78.90%), and GPT-40 (72.72%) on mental-health knowledge testing in the Chinese context
[26]. Similarly, Hou et al. (2025) demonstrated that GPT-5 attained 94.1% accuracy in the
MedQA benchmark—nearly 50% points above the best supervised baseline—highlighting
rapid advances in biomedical reasoning and factual retrieval [27]. Consistent with these
global findings, the present study revealed that Claude Sonnet-4.5 Pro achieved the highest
total accuracy (94%), closely followed by Gemini-2.5 Pro (92.8%) and GPT-5 (92.6%).
Although these differences did not reach statistical significance after correction, their con-
vergence at a near-ceiling level suggests that premium-tier models now demonstrate com-
parable mastery in structured psychiatric question answering. Conversely, Grok-3 showed
significantly lower performance than Claude Sonnet-4.5 Pro and Gemini-2.5 Flash, under-
scoring persistent variability among model families. Together, these data suggest the pres-
ence of a potential ceiling effect inherent to multiple-choice—based evaluation frameworks,
rather than evidence of saturation in psychiatric reasoning capacity. As accuracy approaches
the upper bounds of MCQ performance, future differentiation among models is more likely
to depend on evaluation paradigms that probe higher-order reasoning, contextual integra-
tion, and explanatory coherence.

Beyond accuracy, our test-retest analyses highlighted notable differences in temporal
stability across models. DeepSeek-v3 and GPT-4 demonstrated excellent reliability (ICC
> 0.90), whereas Claude Sonnet-4.5 Pro and GPT-5 maintained high consistency (ICC =
0.83-0.86). By contrast, Gemini-2.5 Flash and Grok-4 exhibited only moderate stability
(ICC = 0.65), indicating fluctuating accuracy across repeated sessions. From a psychomet-
ric perspective, such variability has direct practical implications: models with ICC values
below 0.70 risk generating inconsistent answers to identical psychiatric vignettes. This
inconsistency likely stems from stochastic sampling, temperature parameters, or architec-
ture-specific randomness. The importance of temporal stability is underscored in psychiatry,
where diagnostic judgments often integrate information across multiple encounters. Com-
pared with earlier domain-specific analyses—such as Mavrych et al. (2025), who reported
mean accuracies around 67% in neuroscience questions [28]—our psychiatry-focused
evaluation achieved a mean accuracy approaching 90%, reflecting both technological matu-
ration and broader assessment scope. These results indicate that contemporary premium-
tier models combine high accuracy with substantial reliability, reinforcing their potential
role as educational adjuncts and as exploratory tools for hypothesis generation, rather than
autonomous clinical decision support systems. Future research should examine the sources
of instability in low-ICC models, including context-window length, sampling randomness,
and fine-tuning methods, to optimize their consistency for high-stakes educational or clini-
cal applications.

A major determinant of performance was question format. Models attained near-ceil-
ing scores on TUS-type questions (>95%), but accuracy declined sharply on USMLE-
type items—especially for GPT-based systems (GPT-5: 78.4%; GPT-4: 80.0%). Statistical
analyses confirmed a strong main effect of question type (F(2, 24)=16.19, p <.001, > =
0.57). Games—Howell post hoc tests revealed that USMLE-type accuracy was significantly

@ Springer



Psychiatric Quarterly

lower than both Expert-type (p = .012, d=1.66) and TUS-type (p = .001, d=2.32) ques-
tions, whereas the difference between Expert and TUS items was nonsignificant (p = .082).
This difference may be related to features of USMLE-style items, such as longer clinical
vignettes and the need for multi-step integration of information. However, as item-level
cognitive complexity was not directly measured in the present study, these interpretations
should be considered exploratory rather than definitive. In contrast, the concise and mono-
lingual structure of TUS questions favors factual recall, an area where LLMs excel due to
extensive pretraining on structured textual corpora.

Previous studies examining linguistic factors have suggested that translation or non-Eng-
lish contexts exert only minimal influence on accuracy [10, 11, 21, 22]. Instead, cognitive
and structural properties—such as reasoning depth, distractor plausibility, and contextual
ambiguity—better explain performance variability [29, 30]. Our findings align with this
interpretation: models performed strongly on short, fact-based TUS-type questions but fal-
tered on reasoning-intensive USMLE items requiring differential diagnosis among plausible
alternatives. Thus, linguistic familiarity alone does not appear to account for observed dif-
ferences; the intrinsic complexity of the task itself remains the dominant determinant of
LLM success in psychiatry.

From an educational perspective, the near-expert accuracy achieved in TUS-type and
expert-authored questions suggests that LLMs can serve as valuable adjuncts in psychiatric
training. They can assist in generating multiple-choice questions, simulating patient sce-
narios, and supporting formative assessments in residency programs. For clinicians, these
systems may facilitate rapid review of diagnostic criteria, psychopharmacologic algorithms,
and differential diagnoses. However, their reduced accuracy and lower reliability on com-
plex USMLE-type reasoning tasks warrant caution when deploying them in high-stakes
contexts such as board examinations or formal competency evaluations. Moreover, differ-
ences in test—retest reliability imply that not all LLMs are equally appropriate for longitudi-
nal educational or research applications.

The present findings also have implications for model accessibility and cost efficiency.
Although premium systems (Claude Sonnet-4.5 Pro, GPT-5, Gemini-2.5 Pro) achieved
slightly higher mean accuracies than their free counterparts, these differences were not sta-
tistically significant after correction. This parallels the report by Jiang et al. (2025), who
found that five free Chinese generative Al systems surpassed medical students on molecular
biology examinations [31]. Similarly, our data show that free or lightweight models appear
sufficient for low-stakes, factual educational tasks such as exam familiarization, concept
review, and item generation, but should not be extrapolated to complex clinical reason-
ing or decision-making contexts. Nevertheless, premium models consistently demonstrated
superior reliability and temporal stability. In line with this, Wu et al. (2023) observed that
proprietary systems (GPT-4, Claude Sonnet-2) outperformed open-source or free models
on nephrology assessments, while a meta-analysis in Nature Medicine (2024) confirmed
that premium models (e.g., Med-PaLM 2, GPT-4) exceeded open-access alternatives across
standardized clinical examinations [32, 33]. These converging findings suggest that while
free models suffice for foundational learning and exam preparation, premium LLMs remain
preferable for tasks demanding high reproducibility, contextual reasoning, or evaluative
rigor. Overall, model selection should remain purpose-driven. Free and publicly acces-
sible versions can effectively support routine study, question generation, and low-stakes
educational applications. In contrast, premium systems appear better suited for advanced
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reasoning simulations, supervisory feedback, and integration into clinical decision-support
frameworks where consistency and interpretive depth are paramount. As LLMs technology
continues to evolve, the field must also consider ethical and pedagogical implications—
ensuring transparency, minimizing bias, and maintaining clinician oversight in Al-assisted
training.

Limitations and Future Directions

Although this study offers one of the earliest large-scale evaluations of nine major LLMs
on 4,500 psychiatry-focused exam items, several limitations should be acknowledged. Most
importantly, the present evaluation focuses on answer selection accuracy rather than the
underlying reasoning process. As such, it does not assess explanation coherence, clinical
justification, or ethical judgment—dimensions that are fundamental to psychiatric practice
and clinical decision-making. Relatedly, the binary scoring system (correct/incorrect) omits
qualitative analysis of explanation quality, reasoning depth, and transparency, which are
critical for assessing educational usefulness and clinical plausibility. First, subscription-
based access to premium systems (e.g., GPT-5, Claude Sonnet-4.5 Pro, Gemini-2.5 Pro) lim-
its reproducibility in low-resource settings. Second, reliance on text-based multiple-choice
questions may favor factual recall over the nuanced reasoning and contextual understand-
ing required in real clinical decision-making, reducing ecological validity. Third, possible
training data overlap between test items and model corpora could inflate accuracy despite
efforts to include author-generated, unpublished questions. Fourth, the study’s linguistic
and cultural scope—Ilargely reflecting Western psychiatry—may restrict generalizability.
Future studies should incorporate structured rubric-based evaluations, error taxonomy, or
expert ratings to capture these dimensions. Fifth, ethical issues—including algorithmic bias
propagation, potential breaches of data privacy, and the reinforcement of psychiatric stigma
through oversimplified or context-insensitive outputs—require ongoing scrutiny. Finally,
the near-ceiling performance observed in several models may have limited the sensitivity
of traditional accuracy-based comparisons. When performance distributions cluster toward
the upper boundary, subtle differences among high-performing systems may be difficult
to detect using classical test theory metrics alone. Future studies could therefore consider
incorporating item-level psychometric approaches, such as item response theory modeling,
to enable more refined differentiation through difficulty calibration and latent performance
estimation. Addressing these concerns will necessitate interdisciplinary collaboration, trans-
parent reporting standards, and the development of domain-specific ethical frameworks for
the use of LLMs in psychiatry.

Future research should move beyond static accuracy benchmarks toward evaluat-
ing dynamic reasoning, empathy, and ethical sensitivity in psychiatry-specific contexts.
Longitudinal studies incorporating real-world clinical vignettes, multimodal data (e.g.,
text+speech+emotion cues), and bilingual comparisons could provide a more compre-
hensive understanding of model performance. Additionally, developing standardized psy-
chometric frameworks for Al evaluation—analogous to inter-rater reliability or construct
validity in human testing—will be crucial for establishing these systems as trustworthy
educational and clinical tools. As LLMs approach the upper bound of performance observed
in expert-authored MCQ settings in factual knowledge, the next frontier lies not in accu-
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racy but in judgment, empathy, and contextual intelligence—the very qualities that define
psychiatry itself.

Conclusion

This study represents one of the first systematic, head-to-head evaluations of contempo-
rary large language models on psychiatry-focused licensing content, demonstrating over-
all high performance yet revealing substantial variability across model families and exam
formats. While premium systems achieved slightly higher accuracy than free counterparts,
most pairwise differences were not statistically significant, and lightweight configurations
reached near-expert proficiency on structured factual tasks. Nonetheless, premium models
displayed superior temporal stability, suggesting greater suitability for structured educa-
tional simulations and supervised analytic tasks, rather than autonomous use in high-stakes
clinical decision-making. Importantly, high reproducibility reflects statistical consistency
across repeated administrations and should not be conflated with clinical robustness. Clini-
cal robustness entails reliable performance across heterogeneous, context-rich, and unpre-
dictable real-world scenarios, which extend beyond standardized examination formats.
Distinguishing these constructs will be essential in future research evaluating the clinical
applicability of LLM systems.

The sharp decline in accuracy on USMLE-style items underscores that multi-step rea-
soning, distractor density, and contextual ambiguity remain unresolved challenges for cur-
rent architectures. Taken together, these findings support a purpose-driven deployment
strategy in which large language models are primarily positioned as educational adjuncts,
with future research needed to determine whether and how such systems might safely con-
tribute to clinically relevant reasoning under appropriate human oversight. Future research
should move beyond static multiple-choice contexts to retrieval-augmented and multimodal
evaluation frameworks, incorporating measures of reasoning coherence, empathy, and
explanatory quality. Ultimately, psychiatry provides a critical proving ground for assessing
whether artificial intelligence can evolve from factual mastery toward truly human-centered
understanding.
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