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Abstract

Introduction: Artificial intelligence (Al) is revolutionizing medical education, with large language models (LLMs) such as
ChatGPT-4 (OpenAl) and Google Gemini (Google Al) increasingly used as learning tools. This study examines ChatGPT-4 and
Google Gemini's accuracy in answering board-level psychiatry examination questions and classifying question difficulty.
Methods: This cross-sectional study evaluated ChatGPT-4 and Google Gemini using 993 validated board-style psychiatry
questions from BoardVitals. Al models were tested using standardized prompts, and their responses were analyzed for
accuracy and difficulty classification.

Results: Both ChatGPT-4 and Google Gemini demonstrated high accuracy, significantly surpassing the peer benchmark of
75.95% (p<0.001). No statistically significant difference was found between the models in overall accuracy (ChatGPT-4: 90.4%,
Google Gemini: 90.8%; p=0.658). Both models exhibited only fair agreement with BoardVitals' difficulty categorizations, with
ChatGPT-4 (kw=0.373) and Gemini (kw=0.30) frequently underestimating difficult questions.

Discussion and Conclusion: ChatGPT-4 and Google Gemini show high accuracy in answering psychiatry board-style questions,
highlighting their potential as adjunctive tools in medical education. However, their limitations in higher-order reasoning and
difficulty classification underscore the need for further refinement. Future research should explore Al integration into real-world
clinical decision-making while ensuring human oversight to maintain reliability and ethical considerations.
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he rapid evolution of artificial intelligence (Al) has

introduced transformative possibilities across various
domains, including healthcare and medical education.
(1] Advanced Al models, such as ChatGPT-4 (OpenAl, San
Francisco, USA) and Google Gemini, are increasingly utilized
in academic and clinical settings to enhance efficiency,
accuracy, and accessibility.?] These generative models,
built on natural language processing (NLP) technologies,
are capable of interpreting complex information, providing
human-like responses, and adapting to specialized tasks
through iterative learning.13!
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In medical education, Al systems have shown significant
potential in preparing students and professionals for board
examinations by simulating real-world problem-solving
scenarios.[* Recent studies have demonstrated Al's ability
to perform comparably to human learners in specialized
board-style examinations.’! For instance, ChatGPT has
been assessed for its accuracy and iterative learning in
answering neurology board-style questions, achieving
accuracy levels akin to resident physicians.®! Similarly,
comparative evaluations of ChatGPT-4 and Google Bard
in PMR board exams have highlighted their strengths in
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answering discipline-specific questions while emphasizing
the importance of oversight in clinical applications.!”]

Psychiatry is a critical medical specialty that focuses on
the diagnosis, treatment, and prevention of mental,
emotional, and behavioral disorders. As a discipline, it
requires a profound understanding of the interplay between
biological, psychological, and social factors that influence
mental health. Psychiatrists address a wide spectrum of
conditions, from mood and anxiety disorders to psychotic
and neurodevelopmental conditions, employing a
combination of psychopharmacological, psychotherapeutic,
and holistic approaches.[®! Given the increasing prevalence
of mental health issues globally, the field plays a pivotal
role in improving quality of life and advancing public
health.l”] Specialization in psychiatry requires not only a
strong theoretical foundation but also clinical reasoning,
empathy, and interdisciplinary collaboration, making board
certification a rigorous process that ensures practitioners
meet the highest professional standards.

Despite these advancements, the performance of Al in
psychiatry-a field defined by its reliance on nuanced clinical
reasoning and multifaceted diagnostic frameworks-remains
largely unexplored. Psychiatry board examinations
present a unique challenge, requiring comprehensive
knowledge of diagnostic criteria, therapeutic strategies, and
patient-centered care approaches.l'® As such, understanding
how Al models like ChatGPT-4 and Google Gemini perform in
this context is essential to evaluating their potential utility as
adjunct tools in psychiatric training and assessment.

This study aims to address this gap by evaluating and
comparing the performance of ChatGPT-4 and Google
Gemini in answering psychiatry board-style questions
sourced from the BoardVitals question bank.['!]
Specifically, the study assesses the models’ accuracy in
identifying the correct answers and their ability to classify
question difficulty (easy, moderate, or difficult) relative to
established benchmarks. By examining these parameters,
this research seeks to contribute to the growing body of
evidence supporting Al integration into medical education
and explore its potential application in psychiatry—a
critical and complex medical specialty.[2]

Materials and Methods

Study Design

This study employed a comparative, cross-sectional design
to evaluate the performance of two large language models
(LLMs)—ChatGPT-4 (OpenAl, San Francisco, CA, USA) and

Google Gemini (Google Al, Mountain View, CA, USA)—in
answering board-level psychiatry examination questions.
These LLMs were specifically selected as they represent
the most advanced models currently available, ensuring
that the study's findings reflect the cutting edge of Al
capabilities in this domain. The primary objectives were
to assess the accuracy of the models’ responses and their
ability to classify question difficulty (easy, moderate, or
difficult) relative to a benchmark provided by BoardVitals, a
widely recognized online medical question bank.

Data Source and Question Selection

A total of 1,000 psychiatry board-style multiple-choice
questions were sourced from BoardVitals between January
10and January 20,2025.BoardVitals is a physician-authored
question bank designed for medical specialty board
certification preparation.''l Each question consisted
of one correct answer among four options and was
pre-categorized by BoardVitals into one of three difficulty
levels: easy, moderate, or difficult.

To ensure consistency in the evaluation process, seven
questions requiring image-based interpretation were
excluded from this study, as the focus was solely on
text-based question comprehension and response accuracy.

Al Models and Testing Protocol

The Al models evaluated in this study were ChatGPT-4 and
Google Gemini. Each model was presented with the same
standardized prompt for every question: “The following
is a board-level exam question for psychiatrists. Read
the question and indicate the level of difficulty as easy,
moderate, or difficult, then choose the correct option.” For
each question, two key parameters were recorded. First,
the response accuracy of the Al models was documented,
categorizing each answer as either correct or incorrect.
Second, the difficulty classification assigned by the Al
model was noted, identifying whether the model classified
the question as easy, moderate, or difficult. To eliminate
potential bias, each Al model's chat interface was cleared
between each question before presenting the next item.

BoardVitals classifications served as the gold standard for
Al difficulty assessment. To further validate the accuracy
and consistency of BoardVitals' difficulty categorizations,
two senior psychiatrists, blinded to Al responses and each
other's assessments, independently reviewed all 1,000
questions, focusing solely on the assigned difficulty levels
(easy, moderate, difficult). Any discrepancies between
the psychiatrists' assessments and the BoardVitals
classifications were resolved through consensus, ensuring
a robust and reliable benchmark for comparison.
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Data Collection

For each question, data were systematically recorded
to evaluate the performance of the Al models. For each
question, response accuracy was recorded (1=correct,
O=incorrect), and Al-assigned difficulty levels (easy,
moderate, difficult) were documented. BoardVitals'
classifications served as the gold standard for comparison.
Performance metrics included overall accuracy (percentage
of correct answers) and accuracy stratified by difficulty
level. Concordance between Al-assigned and BoardVitals
difficulty classifications was analyzed to assess agreement
with human benchmarks.

Statistical Analysis

To compare the performance of ChatGPT-4 and Google
Gemini, multiple statistical tests were employed. McNemar’s
test was used to analyze differences in the proportion of
correct responses between the two models, providing
insight into their comparative accuracy. Additionally,
Chi-Square tests were applied to assess the accuracy of
difficulty classifications across the three predefined levels
(easy, moderate, and difficult) to determine any significant
deviations between Al-generated and benchmark difficulty
categorizations. To assess the level of agreement between
ChatGPT-4 and Google Gemini in difficulty classification,
Cohen’s Kappa (k) was used as a statistical measure of
inter-rater reliability. A p-value<0.05 was considered
statistically significant. Statistical analyses were performed
using IBM SPSS Statistics, version 22.0 (IBM Corp., Armonk,
NY, USA).

Ethical Considerations

This study involved no human participants or identifiable
patient data and relied solely on publicly available,
validated BoardVitals questions. Al models were used
exclusively for analytical purposes within an educational
research framework. The study was conducted in full
compliance with the Declaration of Helsinki, upholding
principles of data integrity, scientific rigor, and ethical
use of Al in medical education. All procedures adhered to
established standards for responsible research conduct.

Results

The performance of ChatGPT-4 and Google Gemini was
evaluated against a peer performance benchmark derived
from the BoardVitals database. This benchmark represents
the compiled correct response rates for each individual
question based on previous test-takers—psychiatrists

preparing for their board exams who have utilized the
BoardVitals question bank. The mean accuracy across all
questions was 75.95%+19.19% (range: 14-98%). Both Al
models significantly outperformed this benchmark, with
ChatGPT-4 achieving 90.4% accuracy and Google Gemini
achieving 90.8% accuracy (p<0.001 for both), indicating
significantly higher success rates.

When directly comparing ChatGPT-4 and Google Gemini,
no statistically significant difference was observed. These
findings suggest that both models performed at a similarly
high level relative to the peer benchmark.

The performance of ChatGPT-4 and Google Gemini was
compared across three difficulty levels—easy, moderate,
and difficult—as well as overall agreement. The degree
of agreement between the two Al models in classifying
question difficulty levels relative to the BoardVitals (BV)
benchmark was measured using Cohen’s Kappa (k), while
McNemar’s test was applied to assess statistical differences
(Fig. 1).

Figure 1 illustrates the accuracy of ChatGPT-4 and Google
Gemini across different difficulty levels. While both models
performed well on easy and moderate questions, their
accuracy declined significantly for difficult questions,
indicating challenges with more complex psychiatry
board-style questions.

For easy questions (n=369), the agreement in correct
responses between the models was substantial (k=0.723),
indicating high consistency. The McNemar test (p=0.250)
showed no statistically significant difference, suggesting
both models aligned closely with the BoardVitals (BV)
benchmark.
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Figure 1. Accuracy Comparison Across Difficulty Levels.
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For moderate questions (n=398), the agreement was
moderate (k=0.482), reflecting some variability. However,
the McNemar test (p=0.424) showed no significant
difference in accuracy between the two models, indicating
comparable performance in handling these questions.

For difficult questions (n=226), the models exhibited
substantial agreement (k=0.708), demonstrating strong
consistency in accuracy. The McNemar test (p=0.063)
suggested a potential trend toward differences in handling
the most challenging questions, but overall, both models
remained aligned with the BV benchmark.

When analyzing all 993 questions combined, the models
showed substantial agreement (k=0.727), indicating
consistent accuracy across difficulty levels. The McNemar
test (p=0.658) confirmed no statistically significant
difference between ChatGPT-4 and Google Gemini in
overall accuracy (Fig. 2).

Figure 2 illustrates the Kappa values representing the
agreement between ChatGPT-4 and Google Gemini across
different difficulty levels. Higher Kappa values indicate
stronger agreement, with the models demonstrating
substantial agreement in easy and difficult questions but
moderate agreement in moderate questions. The red dashed
line marks the threshold for substantial agreement (k=0.6),
highlighting that while overall agreement was strong,
moderate-level questions exhibited the most variability in
classification between the two models (Table 1).
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Figure 2. Agreement Across Difficulty Levels.

Ozénder Unal et al., Al Models in Psychiatry Board Exams / doi: 10.14744/hnh;j.2025.48154

Performance Across Psychiatry Topics

The analysis of performance across 30 psychiatry topics
revealed no statistically significant differences between
ChatGPT-4 and Google Gemini, with p-values exceeding
0.05 for all comparisons (Table 2).

Performance Analysis Based on Difficulty Levels

When evaluated against the BV benchmark difficulty
classifications, both ChatGPT-4 and Google Gemini
demonstrated excellent accuracy for easy and moderate
questions. For easy questions, ChatGPT-4 achieved an
accuracy of 98.9%, while Google Gemini closely followed
with 98.1%. Similarly, for moderate questions, ChatGPT-4
and Google Gemini maintained strong performance,
achieving 97.0% and 96.0% accuracy, respectively. These
findings indicate that both models performed exceptionally
well in handling lower-complexity board-style questions.

However, for difficult questions, a significant drop in
accuracy was observed. ChatGPT-4's accuracy declined
to 65.0%, while Google Gemini performed slightly better
with 69.9%. This decline in performance was statistically
significant (p<0.001), confirming that both Al models
struggled to maintain high accuracy when faced with
complex, higher-order reasoning questions.

In addition to their performance relative to the BV
benchmark, each Al model's self-assigned difficulty levels
were analyzed in relation to its response correctness. Both
models were significantly less accurate when answering
questions they classified as difficult themselves.

For ChatGPT-4, questions it classified as easy had an
accuracy of 99.0%, while those labeled as moderate had
a slightly reduced accuracy of 87.5%. However, when
ChatGPT-4 categorized a question as difficult, its accuracy
dropped substantially to 62.5% (p<0.001).

Similarly, Google Gemini showed a progressive decline in
accuracy as question difficulty increased. When the model
classified a question as easy, it answered correctly 97.0%
of the time. For moderate questions, accuracy decreased
to 89.2%. However, for questions it identified as difficult,

Table 1. Comparison of ChatGPT-4 and Google Gemini Accuracy Across Difficulty Levels

Board Vitals Difficult Level ChatGPT-4 Correct ChatGPT-4Incorrect Google Gemini Correct Google Geminilncorrect p

n (%) n (%) n (%) n (%)
Easy (n=369) 365 (98.9) 4(1.1) 362 (98.1) 7(1.9 0.250
Moderate (n=398) 386 (97.0) 12(3.0) 382 (96.0) 16 (4.0) 0.424
Difficult (n=226) 147 (65.1) 79 (34.9) 158 (69.9) 68 (30.1) 0.063
Total 898 (90.4) 95 (9.6) 902 (90.8) 91(9.2) 0.658
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Table 2. Performance Comparison of ChatGPT-4 and Google Gemini Across Psychiatry Topics

Numberof Chat GPT-4incorrect Google Geminiincorrect ChatGPT4 Google Gemini

Questions answer answer score score
Anxiety Disorders 73 9 8 87.67% 89.04%
Behavioral/Social Sciences and 20 1 1 95.00% 95.00%
Psychosocial Mechanisms of Disease
Bipolar and Related Disorders 56 12 10 78.57% 82.14%
Clinical Aspects of Psychiatric and 153 9 9 94.12% 94.12%
Neuropsychiatric Disorders
Depressive Disorders 82 7 8 91.46% 90.24%
Developmental Processes and 36 1 1 97.22% 97.22%
Development Through the Life Cycle
Diagnostic Procedures 20 1 1 95.00% 95.00%
Disruptive, Impulse-Control, and 17 1 94.12% 94.12%
Conduct Disorders
Dissociative Disorders 13 1 0 92.31% 100.00%
Eating Disorders 23 1 0 95.65% 100.00%
Elimination Disorders 10 1 0 90.00% 100.00%
Gender Dysphoria 6 0 1 100.00% 83.33%
Interpersonal and Communication 8 0 1 100.00% 87.50%
Skills
Neurocognitive Disorders 49 9 81.63% 81.63%
Neurodevelopmental Disorders 76 12 12 84.21% 84.21%
Neurologic Disorders 56 13 13 76.79% 76.79%
Neuroscience and Mechanisms of 50 8 8 84.00% 84.00%
Disease
Non-Pharmacological Treatments 43 2 2 95.35% 95.35%
Obsessive-Compulsive and Related 16 2 87.50% 93.75%
Disorders
Other Conditions that may be Focus 36 10 10 72.22% 72.22%
of Clinical Attention
Paraphilic Disorders 8 1 2 87.50% 75.00%
Personality Disorders 40 2 2 95.00% 95.00%
Practice-Based Learning and 23 0 1 100.00% 95.65%
Improvementa
Professionalism, Ethics, and the Law 35 1 0 97.14% 100.00%
Psychopharmacology 225 25 24 88.89% 89.33%
Psychotherapy 86 1 1 98.84% 98.84%
Schizophrenia Spectrum and 69 2 2 97.10% 97.10%
Other Psychotic Disorders
Sexual Dysfunction 5 0 1 100.00% 80.00%
Sleep-Wake Disorders 30 1 0 96.67% 100.00%
Somatic Symptom and Related 40 5 5 87.50% 87.50%
Disorders
Substance-Related and Addictive 56 1 1 98.21% 98.21%
Disorders
Trauma- and Stressor-Related 33 1 1 96.97% 96.97%
Disorders

Please note that some questions cover more than one topic, which may influence the total distribution of questions across categories.

accuracy dropped sharply to 39.1%—the lowest observed
among all classifications (p<0.001).

Table 3 presents the distribution of difficulty classifications
assigned by ChatGPT-4 and Google Gemini in comparison
to the BoardVitals (BV) benchmark. The number of
questions classified as easy, moderate, or difficult by each

Al model is displayed for each BV-defined difficulty level.

The agreement between BoardVitals (BV) difficulty
classifications and ChatGPT-4's classifications was assessed
using Cohen’s Kappa (k=0.308) and Weighted Kappa
(kw=0.373), indicating a fair level of agreement. ChatGPT-4
demonstrated higher alignment with BV's classifications
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Table 3. Comparison of ChatGPT-4 and Google Gemini in Difficulty Classification Relative to BoardVitals Benchmark

ChatGPT-4 Difficult Level

Google Gemini Difficult Level

Easy,n (%) Moderate, n (%) Difficult, n (%) Easy,n (%) Moderate, n (%) Difficult, n (%)
Board Vitals Difficult Level
Easy (n=369) 214 (60.0) 155 (40.0) 0 226 (61.2) 143 (38.8) 0
Moderate (n=398) 56 (14.1) 338 (84.9) 4(1.0) 73(18.3) 318(79.9) 7(1.8)
Difficult (n=226) 36 (15.9) 170(75.2) 20(8.9) 62 (27.4) 148 (65.5) 16 (7.1)
Total (n=993) 306 (30.8) 663 (66.8) 24 (2.4) 361 (36.4) 609 (61.3) 23(2.3)
Table 4. Agreement Between ChatGPT-4 and Google Gemini in Self-Assigned Difficulty Classification
Google Gemini Difficult Level
n (%)
Easy Moderate Difficult Total
ChatGPT-4 Difficult Level
Easy 280 (91.5) 26 (8.5) 0 306
Moderate 75(11.3) 565 (85.2) 23(3.5) 663
Difficult 6 (25.0) 18 (75.0) 0 24
Total (n=993) 361 (36.4) 609 (61.3) 23(2.3) 993

The percentages in parentheses indicate the proportion of questions within each row (ChatGPT-4 difficulty classification) that were classified at each

corresponding difficulty level by Google Gemini.

for easy and moderate questions but exhibited greater
discrepancies in the difficult category. Specifically, 58.0% of
BV-classified easy questions were also categorized as easy
by ChatGPT-4, while 42.0% were misclassified as moderate.
For moderate questions, ChatGPT-4 correctly identified
84.9%, but 14.1% were misclassified as easy and 1.0% as
difficult. In the difficult category, ChatGPT-4 correctly
classified only 8.8% of questions, while 75.2% were
downgraded to moderate and 15.9% to easy, reflecting a
tendency to underestimate question difficulty.

The agreement between BV's difficulty classifications and
Google Gemini's classifications was assessed using Cohen's
Kappa (k=0.29) and Weighted Kappa (kw=0.30), both
indicating fair agreement. While some consistency was
observed, notable variation existed in how Gemini classified
question difficulty compared to the BV benchmark. Only
7.1% of BV-classified difficult questions were correctly
categorized as difficult by Gemini, with the majority (65.5%)
being downgraded to moderate and 27.4% to easy. Similarly,
a substantial proportion of moderate questions were
misclassified as easy. These findings suggest that while Gemini
effectively distinguishes easy questions, it struggles with more
complex items, frequently underestimating difficulty.

The agreement between ChatGPT-4 and Google Gemini
in difficulty classification was substantial, with Cohen’s
Kappa (k=0.688). The Weighted Kappa (kw=0.686) further

indicated strong alignment when accounting for degrees
of disagreement. Despite minor variations, particularly
in the moderate category, the high level of agreement
suggests that ChatGPT-4 and Gemini classify difficulty
levels similarly, reinforcing their reliability in assessing
question complexity (Table 4).

Discussion

This study provides a comparative analysis of ChatGPT-4
and Google Gemini in answering psychiatry board-style
questions, emphasizing their potential as adjunctive tools
in psychiatric education. Both models demonstrated
high accuracy, significantly surpassing the 75.95% peer
benchmark and exhibiting strong reliability across varying
question difficulty levels. While minor variations in accuracy
across psychiatric subdomains were observed, they were
not statistically significant, reinforcing the robustness of
both models. However, both Al models struggled with
difficulty classification, showing only fair agreement with
BoardVitals and frequently underestimating difficult
questions. Although accuracy remained high for easy and
moderate questions, performance declined significantly for
difficult ones, which were often misclassified as moderate.
Despite this, ChatGPT-4 and Google Gemini exhibited
substantial internal agreement, indicating consistency
in their difficulty assessments, even when misaligned
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with the BoardVitals benchmark. These findings highlight
the strengths of Al in psychiatry board-style question
answering while underscoring the need for improvements
in difficulty classification, particularly for complex cases.

These findings align with broader trends in Al applications
across medical fields, where large language models excel
in text-based assessments. Studies in ophthalmology,
rheumatology, pulmonology, neurology, radiology, and
rehabilitation medicine support Al's strong performance
across specialties.[®13-171 The high accuracy in psychiatry
suggests Al models are particularly effective in text-heavy
disciplines requiring nuanced reasoning and conceptual
synthesis, reinforcing their potential in fields that prioritize
clinical reasoning over factual recall.

The increasing integration of artificial intelligence (Al)
into medical education and clinical decision-making has
prompted numerous studies assessing the performance of
large language models (LLMs) like ChatGPT-4 and Google
Gemini on board and certification exams.['8 Across
multiple medical disciplines, ChatGPT-4 has consistently
outperformed Google Gemini, particularly in text-based
multiple-choice questions. However, both models
exhibit notable limitations in image-based assessments,
highlighting the current deficiencies of multimodal Al in
medical diagnostics.!19:20]

For instance, a study assessing Al performance on
the Ophthalmic Knowledge Assessment Program
(OKAP) examination found that ChatGPT-4 correctly
answered 57.14% of text-based questions, significantly
outperforming Gemini, which achieved 46.72% (p<0.018).
(131 Similarly, in rheumatology, ChatGPT-4 achieved
an 86.9% accuracy rate, compared to Gemini's 60.2%
(p<0.001), with statistically significant differences across
multiple subspecialties, particularly in basic and clinical
science, osteoarthritis, and rheumatoid arthritis.['4l These
trends were further corroborated in other disciplines, such
as sleep medicine, where ChatGPT-4 achieved a 68.1%
accuracy rate, outperforming both Gemini (45.5%) and its
predecessor GPT-3.5 (46.8%).11°]

In oral and maxillofacial surgery (OMS), ChatGPT-4
demonstrated a significantly higher accuracy rate (83.69%)
than Gemini (66.85%, p=0.002).'6] Additionally, ChatGPT-4
exhibited a 98.2% error correction rate upon multiple
attempts, compared to Gemini’s 70.71%, underscoring its
capacity for iterative learning and reliability.

Despitestrong performanceintext-based exams, ChatGPT-4
and Gemini struggle with image-based medical questions.
While this study did not assess image interpretation, prior

research in ophthalmology found ChatGPT-4 (39.58%) and
Gemini (33.33%) performed poorly on image-based OKAP
questions (p=0.530)."3] Similarly, in radiology, GPT-4V,
Gemini 1.5 Pro, and Claude 3.5 Sonnet failed to leverage
visual inputs for improved accuracy, highlighting current Al
limitations in integrating diagnostic imaging.[2%!

While ChatGPT-4 generally outperformed Gemini, the
magnitude of its superiority varied across different medical
domains. The model excelled in fields requiring high levels
of medical reasoning and textual comprehension, such as
rheumatology, neurology, ophthalmology, and oral and
maxillofacial surgery.['%171 However, Gemini demonstrated
relative strength in niche areas such as oculoplastics and
refractive surgery, suggesting that differences in training
datasets and optimization techniques may influence Al
performance in specific subspecialties.[3!

Both models struggled in pathology and refractive
surgery, likely due to limited access to specialized datasets
and the need for deeper domain-specific knowledge.
(191 Additionally, in pediatric urology, both Al models
performed similarly, with ChatGPT-4 scoring 66.7% and
Geminiachieving 68.6%, indicating that in some specialties,
neither model holds a definitive advantage.[21]

Despite ChatGPT-4's edge over Google Gemini in most
medical fields, key areas for improvement remain.
Enhancing multimodal capabilities to interpret MRIs, X-rays,
and fundus images is essential for Al-driven diagnostics.
Fine-tuning with curated, peer-reviewed medical datasets
would improve reliability, especially in pathology,
radiology, and surgical subspecialties. Beyond exam-based
assessments, real-world clinical testing is necessary to
ensure Al recommendations are practically applicable.
Addressing response inconsistencies is also critical—
future Al models must deliver predictable, accurate, and
consistent guidance to become reliable clinical tools.

Unlike other medical fields, psychiatry fundamentally
relies on the therapeutic alliance—a collaborative, trusting
relationship between clinician and patient built on
empathy, mutual respect, and shared understanding.[22]
This alliance is essential for effective treatment, providing
a safe space for patients to explore their vulnerabilities,
develop insights, and work towards recovery.?2 While
Al can process vast amounts of medical data and identify
patterns, it cannot foster the genuine human connection
that forms the foundation of the therapeutic alliance.[23]
Al cannot truly empathize with a patient's distress, provide
nuanced emotional support, or build the trust necessary
for open and honest communication. For instance, treating
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major depressive disorder requires not only accurate
diagnosis and appropriate interventions but also active
listening, validation of the patient's emotional experience,
and the cultivation of a strong therapeutic relationship—
elements that Al, in its current form, cannot replicate.[24]
Over-reliance on Al in psychiatry risks undermining the
therapeutic alliance, potentially reducing the practice to
mere symptom management and neglecting the essential
relational aspects of care.l25] Therefore, Al should be
viewed as an adjunct to, not a replacement for, human
clinicians. Ethical integration of Al in psychiatry must
prioritize patient-centered care, leverage Al's strengths in
data analysis and pattern recognition, while preserving
and supporting the development of strong therapeutic
alliances, which remain the cornerstone of effective
psychiatric treatment.[26]

While promising, this study has several limitations. First,
reliance on a predefined question bank may not fully
capture the complexity of real-world board exams or clinical
reasoning. The exclusion of image-based questions limits
applicability, particularly in neuroimaging-dependent
assessments. Future research should integrate multimodal
Al capabilities to analyze both text and visual data for
broader clinical relevance. Second, while Al models
performed well in lower-order reasoning, their ability
to engage in higher-order cognitive tasks—such as
differential diagnosis and holistic treatment planning—
was not assessed. Psychiatry often requires critical thinking
beyond factual recall, and future studies should evaluate
Al's role in complex clinical reasoning. Third, the impact of
prompt engineering on Al performance warrants further
exploration. Refining prompt structures and considering
language influences could enhance Al accuracy and
applicability across diverse contexts. Finally, Al-human
performance comparisons must be contextualized.
Unlike clinicians who rely on experience and intuition, Al
synthesizes probabilities from vast datasets, achieving
high accuracy but lacking cognitive and emotional depth.
Al should be viewed as a complementary tool, not a
replacement, ensuring its ethical and effective integration
into psychiatry.

Conclusion

ChatGPT-4 and Google Gemini exhibited strong
performance in answering psychiatry board-style
questions, significantly surpassing the peer benchmark
and demonstrating consistent accuracy across varying
difficulty levels and topics. These findings suggest that
Al technologies can effectively process and respond to

complex clinical questions in psychiatry, reinforcing their
potential role as educational adjuncts. However, both
models displayed only fair agreement with BoardVitals'
difficulty classifications, often underestimating difficult
questions. Despite these discrepancies, ChatGPT-4 and
Google Gemini exhibited substantial internal agreement
(kw=0.686), suggesting a degree of consistency in their
difficulty assessment. Given Al's limitations in handling
higher-order reasoning and question complexity,
ongoing refinements in model training and multimodal
integration are necessary. Future research should explore
Al's role in real-world psychiatric education and clinical
decision-making while ensuring human oversight to
maintain reliability and ethical considerations.
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