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Abstract. The development of large language models (LLMs) has opened new perspectives for
their integration into healthcare. Previous studies have demonstrated the high effectiveness of
leading LLMs, such as GPT-4, in passing standardized English-language medical examinations (e.g.,
the USMLE), showing accuracy levels comparable to those of qualified practicing physicians.
However, data on the performance of these models in non-English, particularly Ukrainian, contexts
remain limited.

Aim. To evaluate the performance of contemporary LLMs in completing test items of the
Ukrainian-language licensing integrated examination “Krok 3" and to analyze the impact of role-
based instructions on the accuracy and stability of responses.

Materials and Methods. The performance of ChatGPT-5.1 (OpenAl) and Gemini 2.5 Flash
(Google) was assessed using a set of 150 official test items in the specialty “Internal Medicine” from
the Ukrainian-language licensing integrated examination “Krok 3.” The models were tested in a
standard mode and in a mode with the role-based instruction “act as a professional physician.” The
percentage of correct answers, 95% confidence intervals (Wilson method), statistical differences
(McNemar test), and agreement between modes (Cohen's weighted kappa, k.) were evaluated to
assess accuracy and response stability.

Results. Both models demonstrated high accuracy (>90%) in both operating modes. No
statistically significant differences were found between the models or between modes with and without
the role-based instruction (p > 0.05). The role-based instruction did not affect overall performance.
However, response stability differed: ChatGPT showed moderate agreement between modes (k. =
0.41), whereas Gemini demonstrated high agreement (k,, = 0.80).

Conclusions. Contemporary LLMs are capable of performing Ukrainian-language licensing
examination tasks from “Krok 3" with high accuracy, indicating effective multilingual adaptation in
the field of medical education. Role-based instructions do not improve response accuracy in the
single-best-answer MCQ format, although response stability may vary between models. These
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findings highlight the substantial potential of LLMs for use in Ukrainian medical education,
preparation for licensing examinations, and as clinical decision-support tools, provided that further
local validation is conducted.

Key words: large language models, artificial intelligence, medical licensing examination, Krok
3, multiple-choice questions, role-based prompting, response stability.

Introduction.

The past decade has been characterized by the unprecedented development of
artificial intelligence (AI) systems, with large language models (LLMs) occupying a
central position in this progress. These models are typically built on the Transformer
architecture and incorporate advanced algorithmic innovations, such as multimodality,
which has led to a substantial increase in their performance across a wide range of tasks
[1,2]. The scaling of model size and training datasets, as described by the so-called
“scaling laws,” has been a key factor in achieving state-of-the-art results [3].

At the early stages of integration into healthcare, LLMs were primarily focused
on improving operational efficiency, including the automation of administrative
processes, summarization of clinical notes, extraction and analysis of patient data, and
diagnostic reports generation [1]. The emergence of new LLM versions and the
continuous improvement of their performance have been accompanied by a shift in
scientific interest to assessing the ability of these models to solve highly complex tasks
requiring deep knowledge synthesis. To quantitatively evaluate the clinical
competence and effectiveness of LLMs, the research community widely employs
standardized medical licensing examinations, such as the United States Medical
Licensing Examination (USMLE) [4,5]. The results of previous studies are highly
compelling. For example, leading LL.Ms such as GPT-4 have achieved high accuracy
rates, in some cases within the range of 80-90%, across all three steps of the USMLE,
while DeepSeek achieved 89% accuracy on Step 1 [6,7]. Moreover, in an assessment
analogous to the European Diploma in Intensive Care (EDIC) examination, GPT-40
demonstrated the highest performance (89.0%), significantly exceeding the average
performance of human physicians (61.9%) [8]. Comparable results have been reported
for other standardized English-language examinations, including IFOM and UKMLE
[9]. These findings provide evidence that LL.Ms have reached a level at which they can

be considered reliable sources of medical knowledge.
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Despite these impressive results on English-language examinations, studies
evaluating the performance of LLMs on non-English medical licensing exams remain
relatively rare. Although some research has assessed LLM performance on the Chinese
National Medical Licensing Examination (CNMLE), the German Medical Licensing
Examination (GMLE), the Polish Medical Licensing Examination (LEK), and the
Japanese Medical Licensing Examination (JMLE), these studies have already revealed
substantial variability associated with linguistic and geographical factors [4,9-13]. For
instance, GPT-4.0 achieved a passing score on the GMLE with an accuracy exceeding
70%, in some cases outperforming medical students [9]. This variability underscores
that the multilingual adaptation of LLMs is not universal, and that transitioning to
languages other than English often results in reduced overall performance.

The Ukrainian Licensing Integrated Examination “Krok 3 occupies a central
position in the national medical licensing system. It is a mandatory examination
designed to assess whether physicians completing internship training in a given
specialty meet the required level of professional competence. To pass the examination,
candidates must correctly answer at least 66% of the test items. This represents a
critical stage in the certification process: interns who fail “Krok 3” are not admitted to
subsequent stages of attestation and therefore do not receive certification as medical
specialists. The “Krok 3 examination typically consists of 150 multiple-choice single-
best-answer questions, with a total testing time of 150 minutes. It is administered across
various medical specialties and has a strong clinical orientation, requiring candidates
not only to establish diagnoses but also to determine treatment strategies, select
appropriate investigations, and apply pharmacological therapies rationally.

Assessing the effectiveness of LLMs in passing the “Krok 3” examination is
important because it enables evaluation of their ability to accurately reproduce
professional medical competencies in the Ukrainian language, serving as an indicator
of their adaptation to the linguistic, terminological, and contextual environment of
national medical education. Testing LLMs in Ukrainian assesses their ability to handle
localized medical terminology, data, and regulatory context, which is essential for

educational and clinical use. Evaluating LLM performance in the context of the
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Ukrainian-language “Krok 3” examination is therefore a necessary prerequisite for
ensuring the safe, evidence-based, and scientifically valid implementation of these
technologies in Ukrainian medical education.

Aim. To evaluate the performance of contemporary LLMs in completing test
items of the Ukrainian-language licensing integrated examination “Krok 3 and to
analyze the impact of role-based instructions on the accuracy and stability of responses.

Materials and Methods. The study assessed the performance of ChatGPT-5.1
(OpenAl) and Gemini 2.5 Flash (Google) in solving standardized test items from the
“Krok 3” examination. The LLMs were used in a standard operating mode without
activation of specialized reasoning features, deep research modes, external tools, or
any other advanced capabilities. All responses were generated within ordinary text-
based user-model interactions.

A total of 150 test items from the official database (https://test.testcentr.org.ua/)
in the specialty “Internal Medicine” were included. All questions were formatted as
single-best-answer multiple-choice items and did not contain images. Correct answers
were determined according to the official answer key.

The study was conducted in December 2025. Each model was tested in two
operating modes: Standard Mode (SM) and Clinician-Instructed Mode (CIM). In both
modes, models were presented with the complete set of 150 questions and instructed
to select the correct answer from the provided options; however, in CIM, models
received an additional instruction to act as a professional physician. In all cases, the
order of questions was identical, and only the selected answer option was recorded,
without any additional explanations. To avoid the influence of prior context, each mode
was evaluated in a separate chat session, and the memory function was disabled.

Model performance was assessed based on the percentage of correct answers.
95% confidence intervals (Cls) were calculated using the Wilson method. Statistical
significance of differences between SM and CIM, as well as between models within
the same mode, was evaluated using a two-sided McNemar test. A p value < 0.05 was
considered statistically significant. To assess the stability of answer selection between

the two operating modes for each model, weighted Cohen’s kappa (k) was calculated
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and interpreted according to the following scale: <0.0, poor; 0.0-0.2, slight; 0.2-0.4,
fair; 0.4-0.6, moderate; 0.6-0.8, substantial; and 0.8-1.0, almost perfect agreement [14].

The study used only anonymized test items and did not involve personal data or
human participants. The experiment was conducted exclusively with language models;
therefore, no additional ethical approval was required.

Results. In Standard Mode (SM), both models demonstrated high response
accuracy exceeding 90% (Table 1). Although Gemini 2.5 Flash performance was
slightly higher comparing to ChatGPT-5.1, the paired McNemar test revealed no

statistically significant differences between the models (p > 0.05).

Table 1 — Performance of ChatGPT-5.1 and Gemini 2.5 Flash on test items in

the specialty “Internal Medicine” under different operating modes.

LLM / mode Correct answers, n (%) 95% CI kw (95% CI)
ChatGPT-SM 138 (92.00) 86,54-95,36
0,41 (0.16-0.66)
ChatGPT-CIM 136 (90.67) 84,94-94,36
Gemini-SM 139 (92.67) 87,35-95,86
0,80 (0.62-0.99)
Gemini-CIM 139 (92.67) 87,35-95,86

Source: compiled by the authors of this study

After applying the role-based instruction “act as a professional physician,” the
accuracy of ChatGPT decreased by 1.33%; however, this difference was not
statistically significant compared with the results obtained in the previous mode (p >
0.05).

In the case of Gemini, performance remained identical to that observed in SM and
was slightly higher than that of ChatGPT-5.1 in the same mode. Nevertheless, this
difference was also not statistically significant (p > 0.05). These data indicate that the
role-based instruction did not affect the overall success rate of either model.

Analysis of response agreement between modes revealed differences in model
stability. ChatGPT exhibited moderate agreement (k,, = 0.41), suggesting that some
individual responses changed when transitioning from SM to Clinician-Instructed

Mode (CIM), even though overall accuracy remained similar. In contrast, Gemini
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showed high agreement between the two modes (ky = 0.80), indicating stable answer
selection regardless of instruction phrasing. Despite the slight numerical advantage of
Gemini 2.5 Flash in accuracy, comparisons between the two models across different
modes confirmed their equivalence (p > 0.05). The 95% Cls for all four conditions
overlapped substantially, further underscoring the absence of clinically and statistically
significant differences. The overall high proportion of correct answers demonstrates
the ability of both models to effectively handle Ukrainian-language textual test items
in the specialty “Internal Medicine.”

Discussion. Despite their global potential, the implementation of LLMs in clinical
practice requires rigorous validation to ensure accuracy and patient safety [1]. The
success of LLMs on high-stakes licensing examinations suggests that these models
possess knowledge comparable to that of qualified practicing physicians.

At the same time, there is a risk that such models may reflect and amplify existing
societal biases, including racial or gender, due to imbalances in the data used for
training, potentially leading to biased diagnostic outputs [15]. It has been demonstrated
that LLMs may generate inconsistent or inaccurate responses in non-English contexts,
particularly when referring to clinical guidelines [16]. This underscores the need for
local verification to mitigate disparities in healthcare delivery.

Language-specific factors pose unique linguistic and methodological challenges
for global LLMs, as they are predominantly trained on English-language or other high-
resource corpora. In the case of the Ukrainian language, the challenge extends beyond
simple translation. Ukraine is currently undergoing a process of final standardization
and unification of medical terminology in professional communication [17]. Although
medical terminology constitutes a coherent system, the presence of terminological
variation and the need to restore national medical lexicon complicate the task for
LLMs. A model must not only “know” a medical fact but also formulate it correctly
using normative or accepted terms that may differ from those encountered during
training [17].

Evaluating LLM performance in the context of the “Krok 3” examination

represents a direct test of their potential professional applicability within the national
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regulatory and linguistic environment. Such research is not only a scientific
opportunity but also an ethical imperative to ensure the development of fair and safe
Al solutions in the Ukrainian healthcare system.

Although both models in the present study were presented with “Krok 3
examination items in Ukrainian, they demonstrated high overall performance
comparable to that reported for English-language examinations such as the USMLE
[18]. This indicates not only their ability to correctly interpret medical information but
also their apparent “understanding” of the nuances of the Ukrainian language in general
and Ukrainian medical terminology in particular.

The absence of statistically significant differences between models (p > 0.05) and
between modes with and without role-based instructions confirms that stylistic
modifications of prompts do not influence the final answer selection in standardized
clinical tasks. At the same time, the combination of high baseline performance and the
lack of an effect from role-based instructions may be explained by the fact that the
models already “know” the correct answers for most typical clinical scenarios in
internal medicine. The observed difference in response stability (ki = 0.41 and 0.80
ChatGPT and Gemini respectively) indicates greater variability in ChatGPT’s
responses when instructions are modified, suggesting a higher internal sensitivity of
this model to prompt formulation. Moreover, although the order of questions was
identical, differences in ChatGPT responses may reflect a cumulative contextual effect
within a chat session, influencing partial answer changes despite similar overall
accuracy. In contrast, Gemini appears to employ a more deterministic answer-selection
mechanism, resulting in high agreement across modes.

Several limitations of this study should be acknowledged. First, the analysis was
restricted to test items from a single specialty (“Internal Medicine”), limiting direct
extrapolation of the results to other medical disciplines or to “Krok 3 examinations in
other specialties. Second, all items were exclusively text-based and did not include
images. Third, the fixed order of question presentation may have contributed to context
accumulation within individual sessions, potentially affecting answer selection. Fourth,

the evaluation was conducted using specific model versions available at the time of
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testing; given the rapid and ongoing updates of LLMs, the results may not fully reflect
future performance. Finally, correct answers were determined based on the existing
test database without additional expert clinical verification, which may have influenced
the interpretation of certain ambiguous cases.

Conclusions. The results confirm that contemporary LLMs demonstrate a high
level of accuracy in completing text-based internal medicine test items within the
context of the Ukrainian licensing examination “Krok 3.” The use of role-based
instructions (“act as a physician) does not have a statistically significant or clinically
meaningful impact on model performance in the single-best-answer MCQ format,
although response stability may differ between systems. These findings support the
effectiveness of LLMs in standardized medical testing and highlight their potential for
use in medical education, licensing examination preparation, and simulation-based

learning environments, provided that further local validation is conducted.
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