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Abstract

Background: To evaluate the performance of GPT-5.6-Sol, GPT-5.6-Terra, and GPT-5.6-Luna on the 2025
Chinese Licensed Pharmacist Qualification Examination (CLPQE), focusing on image-containing
questions and the effect of providing image inputs.

Methods: Questions, answer keys, and images from all four CLPQE subjects were extracted from a
published examination study guide. Model performance was assessed at the question and subject
levels. Image-containing questions were evaluated with and without the original image files. Accuracy
and 95% confidence intervals (Cls), calculated from 1,000 bootstrap replications, were used as
performance measures. Overall performance was compared using Cochran’s Q test and pairwise
McNemar tests. Within-model comparisons of text-only and image-containing questions used chi-square
tests, while the effect of providing images was assessed using McNemar tests. Bonferroni correction
was applied for multiple comparisons.

Results: The dataset contained 100 questions per subject. Twenty-one image-containing questions
appeared exclusively in Pharmaceutical Professional Knowledge (I). Among them, 14 had images in the
stem, 9 had images in the answer options, and 2 of them had images in both the stem and the answer
options. All models exceeded the passing threshold in every subject. Overall accuracies were 91.5% for
GPT-5.6-Sol, 89.0% for GPT-5.6-Terra, and 83.3% for GPT-5.6-Luna, with a significant difference among
models (p < 0.0001). GPT-5.6-Sol and GPT-5.6-Terra both outperformed GPT-5.6-Luna (p < 0.01).
Accuracy was numerically higher for text-only questions than for image-containing questions, although
these groups differed in content and potentially in difficulty. After Bonferroni correction, this difference
was significant only for GPT-5.6-Sol. For image-containing questions, accuracy was numerically higher
when original images were provided than when only the text and image placeholders were supplied.

Conclusion:

All three GPT-5.6 models passed every CLPQE subject, with GPT-5.6-Sol and GPT-5.6-Terra significantly
outperforming GPT-5.6-Luna. Performance was generally lower on image-containing questions, but
differences in question content and difficulty limit direct comparisons. Larger studies are needed to
clarify the effects of image inputs. After further validation, these models may support pharmacist
competency assessment, examination training, and personalized pharmaceutical education.

Background

Over the past few decades, domain-specific artificial intelligence—especially deep learning—has made
great advances in medical research (1-11). More recently, general-purpose large language models
(LLMs) have developed rapidly and shown increasingly strong capabilities in healthcare. A substantial
number of studies have evaluated the ability of LLMs to pass medical examinations, including clinical
physician qualification examinations (12-23), licensed pharmacist qualification examinations(24-30),
and national nursing examinations(31). These studies have demonstrated that LLMs can achieve strong
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performance on such examinations. However, most of them have relied solely on text-based data and
have not incorporated multimodal information, particularly images. Because image-containing questions
are often excluded, these evaluations may introduce selection bias.

Although few previous studies(21, 32) have included image-containing questions, their results, which
compared performance on image-containing questions with that on text-based questions, were
conflicting. Moreover, these studies have not distinguished between questions in which images appear
in the question stem and those in which images appear in the answer options. Moreover, the finding that
LLM performance did not decline on image-containing questions(21) warrants further investigation and
substantiation.

In addition, many contemporary LLM families include multiple variants with differing computational
requirements. For example, GPT-5.6 includes GPT-5.6-Sol, GPT-5.6-Terra, and GPT-5.6-Luna, while
DeepSeek-V4(33) includes DeepSeek-V4-Flash and DeepSeek-V4-Pro. However, whether different
variants within the same model family exhibit differences in performance on real-world medical
examinations remains unclear.

To address these research gaps, this study aimed to evaluate the performance of GPT-5.6 models—
including GPT-5.6-Sol, GPT-5.6-Terra, and GPT-5.6-Luna—on the 2025 Chinese Licensed Pharmacist
Qualification Examination (CLPQE), with particular emphasis on image-containing questions.

The CLPQE is administered annually by China's National Medical Products Administration under the
Administrative Measures for the Professional Qualification Examination for Licensed Pharmacists(34).
The Chinese Licensed Pharmacist Examination is divided into two professional categories: Pharmacy
and Traditional Chinese Medicine. This study evaluated only the Pharmacy category and did not assess
the Traditional Chinese Medicine category. The CLPQE consists of four subjects, and the passing
threshold for each subject is 60%. The four examination subjects are Pharmaceutical Professional
Knowledge (I), Pharmaceutical Professional Knowledge (1), Comprehensive Pharmaceutical Knowledge
and Skills, and Pharmacy Affairs Management and Regulations. Candidates must pass all subjects
within a rolling four-year period.

Methods
CLPQE and Data Processing

Questions, correct answers, and images from the four subjects of the 2025 CLPQE were extracted from
a published National Certified Pharmacist Qualification Examination Study Guide, a widely used CLPQE
preparation book published by Henan University Press in 2026. According to the book's description and a
comparison of several test-takers' recollections, the exam content in the book is identical to the real
exam. The book comprises four volumes, each corresponding to a separate examination subject.
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To construct the dataset, each volume of the book was first scanned and saved as a PDF file. The PDF
was then converted into a Word (DOCX) document using WPS Office. After a manual review to correct
character-recognition and formatting errors, a custom program was used to extract the examination
identifier, question type, question stem, question options, any images, and correct answers from the
DOCX file. The structured data were then saved in an Excel spreadsheet. Images were saved in JPEG
format in directories named according to their question identifiers. The image files for each question
were numbered sequentially. Finally, the Excel file and image files underwent a second manual review to
minimize conversion errors, improve data integrity and prevent inconsistencies.

Models

The GPT-5.6 models were publicly released on July 9, 2026. According to the developer’'s documentation,
these models demonstrated strong performance on multiple benchmark evaluations. According to
OpenAl’'s APl documentation, the knowledge cutoff for the GPT-5.6 models is February 16, 2026.

To investigate potential data leakage, we searched Baidu and Google on April 3 and May 16, 2026 did not
identify a complete examination paper that could be verified as publicly available before February 16,
2026. However, these searches cannot establish the historical online availability of individual items or
exclude their inclusion in proprietary training data.

Automated examination program

Models were evaluated using the Xuedingmao LLM cloud platform service(35), which is similar to
OpenRouter and provides a single API endpoint for LLMs from multiple vendors. The service provider
ensured that the results were consistent with those obtained by using the services directly.

A custom-designed program was developed to automatically conduct the CLPQE by leveraging the
OpenAl-compatible APl to communicate with the LLMs. The program used the Chat Completions API—
specifically, the chat.completions.create method in the OpenAl Python library. The model identifiers used
were the same as the model names. The messages sent to each LLM included a system message and a
user message. Each question was evaluated independently, with no contextual carryover between
questions.

The system messages used for single-choice and multiple-choice questions were originally written in
Chinese and detailed in Section 1 of the supplement. Questions of Pharmacy Affairs Management and
Regulations have only 4 options, so the system prompts also need to be changed accordingly. For the
convenience of researchers, these system messages were translated into the following English
sentences:

The system message used for single-choice questions was: "You are a senior pharmacist. Please choose
the most correct answer from the five options provided based on the question stem. Please answer directly
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with the letter of the correct option—A, B, C, D, or E—that is, you only need to provide the letter
corresponding to the correct answer, without any explanation.”

The system message used for multiple-choice questions was: "You are a senior pharmacist. Please select
the correct answer(s) from the five options provided based on the question stem. Each question has at
least two correct answers. Please answer directly with the letters of the correct option(s)—A, B, C, D, or E—
that is, you only need to provide the letters corresponding to the correct answer(s), without any explanation."

Using the OpenAl-compatible API, the program sent text and multiple images to the LLMs. Text-based
image placeholders indicated the locations of images within the text, and the image files were encoded
in Base64 format. For image-containing questions evaluated without image input, the program sent only
the text-based image placeholders. To reduce output variability, the temperature parameter was set to 0.
Other parameters including top_p and max_tokens were set to their default values.

Parsing LLM results

A rule-based program using multiple regular expressions was used to parse LLM outputs into answer
options. Four outputs could not be parsed because the model responded with “Unable to determine”;
these outputs were treated as incorrect answers. For multiple-choice questions, exact-set matching was
used: an answer was considered correct only if it included all the correct choices and no incorrect ones.

Statistical Analysis

The numbers and proportions of image-containing questions with images in the stem, answer options, or
both locations were calculated. Accuracy and 95% confidence intervals (Cls), estimated using 1,000
bootstrap replications, were used as performance metrics (36). Cochran's Q test(37) was used to
compare performance among the three models. When Cochran’s Q test indicated a significant overall
difference among the models, pairwise comparisons were conducted using McNemar's tests. Within
each model, accuracy was compared between text-only and image-containing questions using the chi-
square test (38). McNemar's test(39, 40) was used to compare performance on image-containing
questions when both text and images were provided versus when only text and image placeholder text
were provided. The Bonferroni correction(41), applied separately within each family of tests, was used to
adjust the P values from the chi-square test and McNemar'’s test for multiple comparisons(42).

Two-sided exact P values were used for McNemar’s test. Cochran’s Q test used the asymptotic chi-
square reference distribution. P values less than 0.05 after correction were considered statistically
significant.

Application Development of the Mock Examination System

Based on our previous experience, developing and releasing an application can provide other
researchers with a direct way to use this system, as well as share the data and results of this study (43).
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In this study, to facilitate users' browsing of the exam questions used in this study, we developed and
publicly released a mock examination system for the 2025 CLPQE supporting both English and Chinese.
Anyone can register, use the actual 2025 examination data for online evaluation, and automatically
receive evaluation scores and results.

The system was developed using an Al-powered development platform. Technical details about system
development are available in Section 3 of the supplement.

The English version of the questions was translated from Chinese through a human-Al collaboration.
Technical details about the translation process are available in Section 4 of the supplement. The
translations are intended for demonstration purposes only and were not used for model evaluation. The
system prompts and user prompts sent to the large language model are in Chinese.

Results

Dataset and Image Data Distribution

A dataset comprising 400 questions, with 100 questions from each examination subject, was
constructed. Image-containing questions were identified only in the Pharmaceutical Professional
Knowledge (I) examination. Among all 100 questions in Pharmaceutical Professional Knowledge (1), 14
(14%) had images in the stem, 9 (9%) had images in the options, and 2 (2%) had images in both, yielding
21 questions (21%) with at least one image. Examples of a text-only question, a question with an image
in the stem, and a question with images in the answer options are provided in Section 2 of the
supplement. One question was randomly selected for each type. In addition, all questions, images, and
correct answers can be viewed using the online mock examination system.

Mock Examination System

The mock examination system is available at: http://wecom.stu.edu.cn/clpge/. Everyone can register an
account, browse the questions and images used in this study, take the online assessment, and view the
correct answers.

Overall Accuracy

After aggregating the results across all four examination subjects, the overall accuracies and
corresponding 95% Cls for GPT-5.6-Sol, GPT-5.6-Terra, and GPT-5.6-Luna were 91.5% (88.75%-94.25%),
89.0% (85.75%—-91.75%), and 83.3% (79.75%—86.75%), respectively. Cochran’s Q test indicated a
significant difference among models, Q =29.12, p<0.0001. The Bonferroni-adjusted P values from
pairwise McNemar tests for GPT-5.6-Sol versus GPT-5.6-Terra, GPT-5.6-Sol versus GPT-5.6-Luna, and
GPT-5.6-Terra versus GPT-5.6-Luna were 0.12, < 2 x 10-5, and 0.001, respectively. Thus, GPT-5.6-Sol and
GPT-5.6-Terra each performed significantly better than GPT-5.6-Luna, whereas the difference between
GPT-5.6-Sol and GPT-5.6-Terra was not statistically significant.

Subject-level Accuracy
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Figure 1 shows the accuracies and 95% Cls of the GPT-5.6 models across all subjects in the 2025
CLPQE. On the x-axis, Exam I, Exam Il, Comprehensive, and Regulations represent Pharmaceutical
Professional Knowledge (1), Pharmaceutical Professional Knowledge (lI), Comprehensive
Pharmaceutical Knowledge and Skills, and Pharmacy Affairs Management and Regulations, respectively.
The red dotted line indicates the passing score.

Table 1 presents subject-level accuracy, 95% Cls, and pass/fail results for the GPT-5.6 models across the
four subjects of the 2025 CLPQE.

Table 1
Subject-level accuracy, 95% Cls, and pass/fail results
Examination Model Correct / Total Accuracy (95% Cl) Passed / Failed
Exam | GPT-5.6-Sol 93/100 0.93 (0.87-0.98) Passed
Exam | GPT-5.6-Terra 86/ 100 0.86 (0.79-0.92) Passed
Exam | GPT-5.6-Luna 87 /100 0.87 (0.80-0.93) Passed
Exam Il GPT-5.6-Sol 94 /100 0.94 (0.89-0.98) Passed
Exam Il GPT-5.6-Terra  94/100 0.94 (0.89-0.98) Passed
Exam II GPT-5.6-Luna  88/100 0.88 (0.81-0.94) Passed
Comprehensive  GPT-5.6-Sol 96/100 0.96 (0.92-0.99) Passed
Comprehensive  GPT-5.6-Terra 96/ 100 0.96 (0.92-0.99) Passed
Comprehensive  GPT-5.6-Luna  91/100 0.91 (0.84-0.96) Passed
Regulations GPT-5.6-Sol 83/100 0.83 (0.75-0.90) Passed
Regulations GPT-5.6-Terra 80/ 100 0.80 (0.72-0.88) Passed
Regulations GPT-5.6-Luna 67 /100 0.67 (0.57-0.76) Passed

Accuracies of Text-Only and Image-Containing Questions

Table 2 presents model performance on text-only and image-containing questions in Pharmaceutical
Professional Knowledge (1), along with the results of statistical tests. For image-containing questions,
both the text and the image were provided to the LLMs. Each entry in columns 2 and 3 reports the
number of correct answers, the total number of questions, and the resulting accuracy. Table 2 illustrates
that for all models, the accuracy for text-only questions was numerically higher than that for image-
containing questions. The accuracy differences between image-containing and text-only questions were
- 15.25, - 6.39, and - 13.68 percentage points for GPT-5.6-Sol, GPT-5.6-Terra, and GPT-5.6-Luna,
respectively. The difference was statistically significant for GPT-5.6-Sol (p < 0.05). Bonferroni-adjusted p-
values were calculated by multiplying raw p-values by the number of comparisons and truncating values
at 1.00.

Page 7/15



Table 2
Accuracy and statistical test results of text-only questions and image-containing questions in Exam |

Model Text-only Image- Difference in accuracy P P value after
name containing value
questions (image-containing Bonferroni
questions minus text-only) correction
GPT-5.6- 76/79 17/21 (81.0%) -15.25% 0.015 0.045
Sol (96.2%)
GPT-5.6- 69/79 17/21 (81.0%) -6.39% 0.45 1.000
Terra (87.3%)
GPT-5.6- 71/79 16/21 (76.2%) -13.68% 0.098 0.29
Luna (89.9%)

Table 3 reports the accuracies on all image-containing questions, questions with images only in the
stem, and questions with images only in the options in Pharmaceutical Professional Knowledge (1), both
with and without transmitting the image itself. Each cell in columns 3, 4, and 5 reports the number of
correct answers, the total number of questions, and the corresponding accuracy. The number of
questions with images in the stem or the options is fewer than the sum of the number of questions with
images in the stem and the number with images in the options, because there are 2 questions that
contain images in both the stem and the options.

Table 3
Accuracy on image-containing questions in Exam | with and without sending actual image files
Model Image input  Images in the Images in only the Images in only the
name stem stem options

or the options

GPT-5.6-Sol Provided 17/21 (81.0%) 10/12 (83.3%) 5/7 (71.4%)

GPT-5.6-Sol Not 14/21 (66.7%) 10/12 (83.3%) 4/7 (57.1%)
provided

GPT-5.6- Provided 17/21 (81.0%) 10/12 (83.3%) 5/7 (71.4%)

Terra

GPT-5.6- Not 13/21 (61.9%) 8/12 (66.7%) 3/7 (42.9%)

Terra provided

GPT-5.6- Provided 16/21 (76.2%) 9/12 (75.0%) 5/7 (71.4%)

Luna

GPT-5.6- Not 12/21 (57.1%) 8/12 (66.7%) 3/7 (42.9%)

Luna provided

Table 3 shows that for GPT-5.6-Sol, GPT-5.6-Terra, and GPT-5.6-Luna, providing images for image-
containing questions (regardless of whether images appeared in the question stem or options) improved
accuracy by 14.3, 19.0, and 19.0 percentage points compared with not providing the images,
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respectively. However, the Bonferroni-adjusted P values from paired McNemar tests were 0.75, 0.38, and
0.66 for GPT-5.6-Sol, GPT-5.6-Terra, and GPT-5.6-Luna, respectively. None of these differences was
statistically significant, possibly because of the small sample size of image-containing questions. In
addition, because the stem and option subgroups overlapped and were small, subgroup differences were
exploratory and were not formally tested.

Discussion

All evaluated models achieved observed accuracies above the predefined 60% passing threshold in every
subject, often by substantial margins. Overall, GPT-5.6-Sol and GPT-5.6-Terra each performed
significantly better than GPT-5.6-Luna, whereas the difference between GPT-5.6-Sol and GPT-5.6-Terra
was not statistically significant.

Text-only questions in Pharmaceutical Professional Knowledge | had higher observed accuracy than
image-containing questions. These findings differ from those reported by a previous study (21). For
questions containing images, accuracy was numerically higher when the question text and actual
images were provided than when only the question text and placeholder text for the images were
provided, particularly when the images appeared in the answer options. One possible explanation is that
images in question stems may sometimes be illustrative rather than essential for answering the
question. In contrast, images presented as answer options may be necessary for selecting the correct
response.

This study has several notable strengths. To our knowledge, this study is among the first to evaluate LLM
performance on a pharmacist qualification examination both with and without sending actual image files
and to distinguish between images in question stems and images in answer options. Another strength is
the evaluation of three GPT-5.6 model variants on the most recent CLPQE available at the time of the
study.

Despite these promising results, several limitations should be acknowledged. First, the knowledge cutoff
date for the GPT-5.6 models was February 16, 2026, which was later than the administration date of the
2025 CLPQE. Although the guidebook was published after the knowledge cutoff date, we searched
commonly used internet search engines, including Baidu and Google, and did not identify comprehensive
online content related to the 2025 CLPQE. Nevertheless, the possibility that some examination content
was available online or was otherwise included in the models’ training data cannot be excluded.

Second, although numerical differences in accuracy between text-only and image-containing questions
were observed for all models, only the comparison for GPT-5.6-Sol was statistically significant.

Third, none of the McNemar tests comparing LLM accuracy on image-containing questions when actual
image files were provided versus when they were not were statistically significant. In addition, although
the observed improvement associated with image provision was numerically larger for questions
containing images in the answer options than for those containing images in the stem, this study does
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not provide reliable evidence for this difference. The subgroup samples were small and overlapping, and
no formal comparison between subgroups was conducted.

Fourth, the limited sample size reduced the precision and generalizability of the findings. The evaluation
was restricted to the 2025 CLPQE, and earlier examinations were excluded to minimize the risk of data
leakage. Fifth, text-only questions had higher observed accuracy than image-containing questions.
Because these question sets may differ in difficulty and content, this difference should not be interpreted
solely as evidence of weaker multimodal capability. Further research is needed to determine the reasons
underlying this difference.

Sixth, we evaluated only models in the GPT-5.6 series and did not include models from other model
families, such as Qwen(44), DeepSeek(33), or Claude.

The clinical translational value of this study lies in the application of LLMs to pharmacy education and
can be implemented in two major settings. First, it can serve licensed pharmacist examination training:
an intelligent test-preparation tutoring system can be developed to generate customized practice plans
targeting individual candidates' knowledge gaps. In addition, it can be applied to competency
assessment and gap-filling for pharmaceutical professionals: the evaluation framework can be adapted
into an assessment tool for pharmacist job competency, quickly identifying knowledge weaknesses of
medicine professionals in modules such as basic pharmaceutical theory, identification, and clinical
medication use, while providing corresponding learning resources and individualized continuing
education. Future research may further enrich the assessment question types and promote the
transformation of this evaluation system from research settings to educational training and industry
management contexts.

Conclusion

All evaluated models achieved passing scores on the 2025 CLPQE, with substantial margins. GPT-5.6-Sol
and GPT-5.6-Terra performed significantly better than GPT-5.6-Luna. Observed accuracy was higher for
text-only questions than for image-containing questions; however, these question groups may have
differed in content and difficulty. Larger studies are needed because several observed differences did not
reach statistical significance. After thorough validation, these models are expected to hold practical
value in the future in areas such as competency assessment of pharmaceutical professionals, training
for licensed pharmacist examinations, and personalized learning for pharmaceutical professionals.

Abbreviations

LLM: large language model
CLPQE: Chinese Licensed Pharmacist Qualification Examination
Cl: confidence interval
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Accuracy with 95% CI of the GPT-5.6 Model Series on the 2025 CLPQE
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Figure 1

Accuracy with 95% confidence intervals for the GPT-5.6 models across all subjects of the 2025 CLPQE.
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