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AIM: Training in neurosurgical decision-making remains a challenging component of standardized residency training. Traditional teach-
ing models are limited in their ability to simulate the uncertainty and complexity encountered in real-world clinical scenarios. As a
novel educational tool, the potential value of artificial intelligence (AI)-simulated patient models in surgical decision-making training re-
quires further evaluation. This study aimed to explore the application of an AI-simulated patient model in neurosurgical decision-making
education and to assess its effectiveness in improving residents’ clinical decision-making abilities.
METHODS: A retrospective study was conducted involving 157 residents who underwent standardized residency training in the Depart-
ment of Neurosurgery from January 2023 to April 2026. Based on the implementation of the AI-simulated teaching model beginning in
January 2025, participants were divided into two groups according to the teaching model used: an experimental group (n = 72, receiving
AI-simulated patient teaching from January 2025 to April 2026) and a control group (n = 85, receiving traditional case discussion teach-
ing from January 2023 to December 2024). The experimental group used a large language model-based virtual patient system powered
by DeepSeek to perform dialogue-driven history taking, image interpretation, surgical planning, and risk prediction with real-time feed-
back, while the control group received conventional methods. After teaching, an objective structured clinical examination (OSCE) was
used to assess surgical decision-making across five dimensions, including localization diagnosis, surgical approach, risk identification,
emergency management, and surgical timing, and a questionnaire was used to measure teaching satisfaction.
RESULTS: The total score for surgical decision-making ability was significantly higher in the experimental group than in the control
group (p < 0.001). Dimensional analysis showed that localization diagnosis, surgical method selection, risk identification, emergency
response, and surgical timing judgment were higher in the experimental group than in the control group (all p < 0.05). The excellent rate
for each assessment dimension (>85 points) was significantly higher in the experimental group than in the control group (p < 0.05). The
satisfaction score was also higher in the experimental group than in the control group (p < 0.001).
CONCLUSIONS: The AI-simulated patient model based on a general-purpose large language model was associated with better surgical
decision-making performance among neurosurgery residents. It has significant advantages in localization diagnosis, surgical approach
selection, risk identification, emergency response, and judgment of surgical timing, and is well accepted by residents.
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Introduction
Neurosurgery is characterized by complex anatomical
structure, high operative risks, and a low tolerance for errors
in decision-making. The development of surgical decision-
making ability is directly related to patient safety and prog-
nosis [1]. One of the core goals of standardized residency
training in neurosurgery is to cultivate residents’ ability to
make surgical decisions independently, accurately, and ef-
ficiently in complex clinical situations. However, the de-
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velopment of this ability requires the long-term accumula-
tion of clinical experience and systematic cognitive train-
ing. Achieving this goal within the limited period of stan-
dardized training has become a major focus and challenge
in neurosurgical education reform.

Traditional surgical decision-making training mainly relies
on case discussions and clinical teaching. The case discus-
sion model helps residents establish a basic framework for
clinical thinking through the collective analysis of typical
cases and teachers’ comments. In clinical teaching, resi-
dents can observe and learn the decision-making process in
actual surgical practice through a mentorship system. How-
ever, both models have obvious limitations. On the one
hand, owing to limited clinical resources andmedical safety
requirements, it is difficult for residents to independently
complete the entire decision-making process in real clinical
settings, and even more difficult for them to receive imme-
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diate feedback and opportunities for correction aftermaking
incorrect decisions [2]. On the other hand, case discussions
lack dynamic interaction, making it difficult to reproduce
the uncertainty, time pressure, and crisis situations com-
monly encountered in clinical decision-making. Although
problem-based learning (PBL) can cultivate residents’ di-
alectical thinking ability to a certain extent, its simulated
cases also lack real-time interaction [3]. Therefore, explor-
ing surgical decision-making training models that provide
safe, repeatable, and dynamic interaction has important ed-
ucational value and clinical significance [4].
In recent years, the application of artificial intelligence (AI)
technology in the field of medical education has made sig-
nificant progress [5,6]. Generative AI has shown increasing
potential in medical education, including clinical reasoning
training and virtual patient interaction. Among them, AI-
simulated patient models based on large language models
(LLMs) have become an active area of research. Previous
studies have demonstrated the feasibility of AI-simulated
patients in clinical skills training and the potential benefits
of combining AI with human instruction in surgical edu-
cation [7,8]. In neurosurgical education, LLM-based tools
have also been explored for perioperative patient communi-
cation [9]. However, existing research has mainly focused
on basic clinical skills, such as history taking and physi-
cal examination, with relatively limited attention to higher-
order cognitive abilities such as surgical decision-making.
Given the complexity, uncertainty, and time-sensitive na-
ture of neurosurgical decisions, interactive teaching ap-
proaches are needed to help residents integrate clinical in-
formation, select appropriate surgical strategies, and iden-
tify potential risks.
Despite these developments, high-quality evidence regard-
ing the application of AI-simulated patient models in neuro-
surgical decision-making education remains limited. Based
on the above background, this study aimed to explore the
application of an AI-simulated patient model based on a
large language model (DeepSeek, 2025 version, DeepSeek
Inc., https://chat.deepseek.com) in neurosurgical decision-
making teaching, with the aim of providing an evidence-
based basis for optimizing standardized residency training.
This study focused on five core dimensions of decision-
making: localization diagnosis, surgical approach selec-
tion, risk identification, emergency response, and judgment
of surgical timing. A retrospective study was conducted
to compare post-teaching surgical decision-making perfor-
mance between the AI-simulated patient model and the tra-
ditional case discussion teaching model and to provide a
reference for the reform of neurosurgical clinical education.

Methods
Participants
A total of 157 residents who underwent standardized train-
ing in the Department of Neurosurgery at Taizhou Hospital
of Zhejiang Province from January 2023 to April 2026 were

retrospectively selected as the study participants. Among
them, 85 residents included between January 2023 and De-
cember 2024 received traditional case discussion teaching
(control group), and 72 residents included between January
2025 and April 2026 received AI-simulated patient teach-
ing (experimental group). Inclusion criteria: (1) comple-
tion of the neurosurgical rotation plan; (2) no previous neu-
rosurgical training experience; (3) complete clinical data.
Exclusion criteria: (1) withdrawal from rotation; (2) fail-
ure to complete all teaching and assessment components.
This study was a retrospective educational study, using rou-
tine teaching assessment data, without the use of patient
information. All case scripts used for AI teaching were
derived from de-identified clinical cases, with all patient
identifiers (names, medical record numbers, contact infor-
mation, and other protected health information) removed
prior to use. Residents’ interaction data with the AI system
were not recorded or stored because of limitations of the
platform interface; no personally identifiable information
was collected or transmitted to the AI platform. The study
protocol, including the use of AI-assisted teaching meth-
ods for residency education and the retrospective analysis
of anonymized teaching assessment data, was reviewed and
approved by the ethics committee of Taizhou Hospital of
Zhejiang Province (approval number: K20260602) andwas
conducted in accordance with the Declaration of Helsinki.

Teaching Methods

All teaching sessions for both groups were conducted by
the same group of clinical instructors. Prior to the initiation
of the study, all instructors participated in a standardization
training session to ensure consistent understanding of the
teaching objectives, case content, and assessment criteria
across both teaching models. The same standardized case
scripts were used for both groups to ensure consistency of
teaching content.

Experimental Group: AI-Simulated Patient Teaching
Model Based on a Large Language Model

The experimental group adopted the AI-simulated patient
teaching model based on a large language model. In this
model, a general-purpose large language model (DeepSeek,
https://chat.deepseek.com) was used to build a virtual pa-
tient interaction system, without the need to develop a spe-
cial software platform.

Case Script Design. Senior neurosurgeons (associate chief
physician or above) in the research group wrote standard-
ized case scripts according to actual clinical cases. A to-
tal of 8 core cases were designed, covering common dis-
ease types in neurosurgery: intracranial aneurysm (2 cases),
glioma (2 cases), pituitary tumor (1 case), acoustic neu-
roma (1 case), chronic subdural hematoma (1 case), and hy-
pertensive intracerebral hemorrhage (HICH) (1 case). All
eight core case scripts and their corresponding variant cases
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were developed using a standardized template, with prede-
fined decision nodes and evidence-based feedback criteria
to ensure consistency across teaching sessions. Each case
script contained the following elements: medical history:
chief complaint, present history, past history, family his-
tory; physical examination: key points of nervous system
examination; Imaging description: text description of key
imaging features such as head computed tomography (CT),
computed tomography angiography (CTA), and magnetic
resonance imaging (MRI) (imaging information was pre-
sented in text form due to platform limitations); Key de-
cision nodes: five core decision points: localization diag-
nosis, surgical selection, risk identification, emergency re-
sponse, and surgical timing judgment; Preset feedback ba-
sis: evidence-based information and risk warnings corre-
sponding to each decision node.

Teaching Implementation Process. The AI-simulated pa-
tient was used as a “virtual patient + virtual teacher” to
participate in the teaching process. The specific proce-
dures were as follows: ① Initialization: Before teaching,
the teacher set the AI tool as a simulated patient and in-
put standardized prompts: “You are a simulated patient of
a neurosurgery resident; please answer questions accord-
ing to the following case script. You will provide medical
history in the voice of a real patient, but will not volun-
tarily disclose the diagnosis. Please provide relevant in-
formation about the patient’s condition one by one in re-
sponse to their questions.” ② Inquiry and physical examina-
tion stage: the trainees interacted with the AI-simulated pa-
tients as the attending physician, inquired about their medi-
cal history, and independently obtained the physical exam-
ination findings. According to the preset case script, the
AI responded to the residents’ questions one by one us-
ing natural language to simulate the real interrogation pro-
cess. Trainees were expected to collect complete clinical
information through systematic history taking. ③ Image in-
terpretation stage: the teacher provided real imaging data
(Digital Imaging and Communications in Medicine (DI-
COM) format or image pictures) corresponding to the cases
to the residents, and the residents were required to indepen-
dently interpret the imaging findings and make a localiza-
tion diagnosis in combinationwith the information obtained
during history taking. The AI simulated patient did not di-
rectly participate in image interpretation at this stage but
provided analytical feedback on the imaging findings af-
ter the trainees had completed their diagnosis. ④ Surgical
decision-making stage: after completing the diagnosis, the
trainees explained the surgical plan to the AI-simulated pa-
tient (switched to the role of “virtual teacher” at this time),
including surgical timing selection, surgical approach, in-
traoperative risk prediction, and emergency plan formula-
tion. According to the database of predetermined decision
nodes, the AI provided evidence-based feedback, includ-
ing evidence supporting the selected surgical time, the in-

dications and contraindications for surgical procedures, po-
tential risks and preventive measures, and differences in
prognosis among different decision pathways. ⑤ Real-time
feedback and summary: after the teaching of each case, the
AI generated a structured feedback report that included the
logical completeness of the trainee’s inquiry, the adequacy
of the diagnostic basis, the accuracy of surgical timing judg-
ment, the rationality of surgical procedure selection, and the
comprehensiveness of risk identification. The teachers pro-
vided supplementary comments based on the AI feedback
to strengthen the trainees’ understanding of the key decision
points.

Teaching Arrangement. AI-simulated patient teaching
was conducted once a week, with each session lasting 90
minutes, for a total of 8 sessions. Each teaching session
consisted of onemain case and one variant case (involving a
different clinical type or complication of the same disease).

Quality Control. In order to ensure the stability and accu-
racy of the outputs generated by the AI-simulated patient
model, the following measures were taken: before each
teaching session, the teacher initialized the AI system and
entered standardized role-setting instructions to minimize
output variability; the standard answers and feedback basis
of key decision nodes were preset, and the consistency of
the AI output was reviewed by the teachers. The teacher
was present throughout the teaching process, and man-
ual intervention and correction were performed when the
AI-generated output deviated from the preset case. Eight
rounds of instruction for the same case used a standardized
cue word template to ensure that all trainees received the
same initial conditions.

Technical Specifications of the AI System. The large lan-
guage model used in this study was DeepSeek (2025 ver-
sion, DeepSeek Inc.), a general-purpose large language
model accessed via its web interface (https://chat.deepseek.
com). The complete case script template included the fol-
lowing elements: chief complaint, present history, past his-
tory, physical examination findings, imaging description,
and five key decision nodes (localization diagnosis, surgi-
cal approach selection, risk identification, emergency re-
sponse, and surgical timing judgment), each with a preset
evidence-based feedback basis. A representative case ex-
ample (hypertensive intracerebral hemorrhage) is detailed
in Supplementary Text 1 to illustrate the template struc-
ture. Due to the platform interface limitations, the AI di-
alogue logs were not systematically stored. The standard-
ized prompt template used for the AI initialization was as
follows: “You are a simulated patient in a neurosurgery resi-
dency training scenario. Youwill adopt the persona of a real
patient and provide medical history and physical examina-
tion findings based on the following case script. Do not vol-
untarily disclose the diagnosis. Respond to the resident’s
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questions one by one in natural language. When the resi-
dent completes the diagnosis and proposes a surgical plan,
switch to the role of a virtual teacher and provide evidence-
based feedback on the decision.”.

Control Group: Traditional Case Discussion Teaching
The control group adopted the traditional case discussion
teaching model. The clinical teachers selected the same
neurosurgical cases as those used in the experimental group,
presented the case data in PowerPoint format, organized the
students into groups for discussion, and finally summarized
and commented on the cases. The teaching duration and
frequency in the control group were consistent with those
in the experimental group.

Effect Evaluation
Assessment of Surgical Decision-Making Ability
The objective structured clinical examination (OSCE) was
used to evaluate the surgical decision-making ability of the
two groups after the teaching sessions. Four standardized
cases (intracranial aneurysm, glioma, hypertensive intrac-
erebral hemorrhage, pituitary tumor) were set up for the
assessment, and each case included five stations: localiza-
tion diagnosis, surgical approach selection, risk identifica-
tion, emergency treatment, and surgical timing judgment.
Each station was scored on a 100-point scale. A structured
marking scheme was used for each station, with scores al-
located based on predefined key decision-making elements
(e.g., accuracy of diagnosis, appropriateness of surgical ap-
proach, comprehensiveness of risk identification, adequacy
of the emergency management plan, and accuracy of sur-
gical timing judgment). A passing score of 60 was set for
each station. For each case, the case score was calculated
as the average of its 5 station scores. For each of the five di-
mensions (e.g., localization diagnosis), the dimension score
for each resident was calculated as the average of the cor-
responding station scores across the four cases. The total
examination score was then calculated as the average of the
five-dimension scores (equivalently, the average of the four
case scores), yielding a single overall score ranging from
0 to 100 for each resident. An “excellent” rating was de-
fined as a dimension score strictly greater than 85, and the
excellent rate for each dimension was calculated as the pro-
portion of residents scoring >85 on that dimension. The as-
sessment used double-blind scoring and was independently
scored by two senior neurosurgeons with the rank of deputy
chief physicians; the average value of the two scores was
used as the final score. Prior to the formal assessment, all
examiners participated in a standardized training session to
ensure consistent understanding and application of the scor-
ing criteria across all stations.

Teaching Satisfaction Evaluation
A self-designed questionnaire was used to assess student
satisfaction with the teaching model, including four items:

teaching format, practicality of the content, perceived im-
provement in ability, and overall evaluation. A 5-point Lik-
ert scale was used (1 = very dissatisfied, 5 = very satisfied).
The internal consistency of the questionnaire was assessed
using Cronbach’s α, which was 0.822, indicating good in-
ternal consistency.

Statistical Methods
SPSS 26.0 software (IBM Corp., Armonk, NY, USA) was
used for statistical analysis. Measurement data were tested
for normality, and data conforming to a normal distribu-
tion were expressed as mean ± standard deviation (x̄ ± s).
An independent- sample t-test was used for comparison
between groups. Non-normally distributed data were ex-
pressed as median (interquartile range) [M (Q1, Q3)], and
theMann-Whitney U test was used for comparison between
groups. The count data were expressed as frequency (%),
and the χ2 test was used for comparison between groups. p
< 0.05 was considered statistically significant. Effect sizes
were calculated for all significant between-group compar-
isons. For the Mann-Whitney U test, the rank-biserial cor-
relation (r) was calculated as r = Z / √N. For the χ2 test,
Cramér’s V was calculated as V = √(χ2/N).

Results
Baseline Comparison
A total of 157 residents were enrolled, including 72 in the
experimental group and 85 in the control group. There were
no significant differences in the examination scores, age,
gender composition, and educational background between
the two groups (p > 0.05) (Table 1).

Comparison of Surgical Decision-Making Ability
The median score of surgical decision-making ability was
82.97 in the experimental group and 76.45 in the control
group, and the difference was statistically significant (p <
0.001). The analysis of each dimension showed that the
scores of the five dimensions were higher in the experimen-
tal group than in the control group, including localization
diagnosis, surgical approach selection, risk identification,
emergency response, and surgical timing judgment, and the
differences were statistically significant (all p < 0.01) (Ta-
ble 2).

Comparison of Scores Across Different Case Types
In order to evaluate the effect of the AI-simulated patient
model on decision-making ability across different disease
types, the four OSCE cases were categorized as aneurysm,
glioma, cerebral hemorrhage, and pituitary tumor according
to disease type, and the mean scores of the two groups for
each case type were compared. The results showed that the
case-type scores for all four disease categories were higher
in the experimental group than in the control group, and the
differences were statistically significant (p < 0.001). The
lowest scores were observed in the case of pituitary ade-
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Table 1. Comparison of baseline data between the two groups of trainees.
Variables Total (n = 157) Experimental group (n =

72)
Control group (n =

85)
Statistic p

Department-entry examination scores, M (Q1, Q3) 72.00 (70.00, 78.00) 72.50 (70.00, 78.25) 72.00 (69.00, 75.00) Z = –1.23 0.217
Age, M (Q1, Q3) 25.00 (24.00, 26.00) 25.50 (24.75, 26.25) 25.00 (24.00, 26.00) Z = –0.14 0.885
Gender, n (%) χ2 = 0.01 0.941

Male 79 (50.32) 36 (50.00) 43 (50.59)
Female 78 (49.68) 36 (50.00) 42 (49.41)

Education background, n (%) χ2 = 0.06 0.809
Bachelor 117 (74.52) 53 (73.61) 64 (75.29)
Master 40 (25.48) 19 (26.39) 21 (24.71)

Table 2. Comparison of surgical decision-making ability scores between the two groups of trainees.
Variables Total (n = 157) Experimental group (n =

72)
Control group (n =

85)
Statistic p Effect

size

Localization diagnosis, M (Q1, Q3) 83.00 (78.25, 86.00) 85.00 (83.00, 87.00) 79.25 (75.25, 83.25) Z = –6.60 <0.001 0.53
Selection of surgical approaches, M
(Q1, Q3)

80.25 (74.25, 83.25) 83.00 (81.00, 85.00) 75.25 (71.25, 79.25) Z = –7.76 <0.001 0.62

Identification of risks, M (Q1, Q3) 79.75 (73.75, 82.75) 81.75 (79.75, 83.75) 74.75 (70.75, 78.75) Z = –7.41 <0.001 0.59
Emergency response, M (Q1, Q3) 81.25 (75.25, 84.50) 83.50 (81.50, 85.50) 76.25 (72.25, 80.25) Z = –7.47 <0.001 0.60
Timing of Surgery, M (Q1, Q3) 78.75 (76.00, 84.25) 80.75 (77.19, 85.75) 77.25 (75.75, 81.75) Z = –2.76 0.006 0.22
Total examination score, M (Q1, Q3) 80.45 (75.75, 83.85) 82.97 (80.60, 84.91) 76.45 (73.30, 81.10) Z = –6.82 <0.001 0.54

Table 3. Comparison of examination scores of different case types between the two groups.
Variables Total (n = 157) Experimental group (n =

72)
Control group (n =

85)
Statistic p Effect

size (r)

Intracranial aneurysms, M (Q1, Q3) 86.40 (83.40, 89.40) 87.40 (85.40, 89.40) 84.80 (80.80, 88.80) Z = –3.63 <0.001 0.29
Brain glioma, M (Q1, Q3) 79.40 (73.00, 82.40) 82.40 (80.40, 84.40) 74.00 (70.00, 78.00) Z = –8.45 <0.001 0.67
Hypertensive intracerebral hemorrhage,
M (Q1, Q3)

79.00 (72.00, 82.00) 82.00 (80.00, 84.00) 73.00 (69.00, 77.00) Z = –8.76 <0.001 0.70

Pituitary adenoma, M (Q1, Q3) 78.20 (71.80, 81.20) 81.20 (79.20, 83.20) 72.80 (68.80, 76.80) Z = –8.45 <0.001 0.67

noma, while the smallest effect size was observed for in-
tracranial aneurysms (r = 0.29) (Table 3).

Comparison of Excellent Rates Across Assessment
Dimensions
To further analyze the teaching effects of the two teach-
ing models across different ability dimensions, the propor-
tions of trainees who achieved excellent scores (>85 points)
in each assessment dimension were compared between the
two groups. The results showed that the excellent rates for
all five dimensions were higher in the experimental group
than in the control group, and the differences were statisti-
cally significant (p < 0.05). Among them, the differences in
the excellent rates of surgical selection and risk identifica-
tion were relativelymore pronounced (p < 0.05), suggesting
that the training effect of the AI-simulated patient model on
these abilities was particularly prominent (Table 4).

Comparison of Teaching Satisfaction Between the Two
Groups
Themedian score of teaching satisfaction was 17.00 (16.00,
19.25) in the experimental group and 16.00 (14.00, 17.00)

in the control group, and the difference was statistically sig-
nificant (Z = –5.09, p < 0.001). Analysis of each dimen-
sion showed that satisfaction in the experimental group was
higher than in the control group across all four dimensions:
teaching format, practicality of the content, perceived im-
provement in ability, and overall evaluation, and the differ-
ences were statistically significant (p < 0.01) (Table 5).

Discussion

In this study, the teaching data of 157 neurosurgery res-
idents were retrospectively analyzed, and the application
of an AI-simulated patient model based on a large lan-
guage model (DeepSeek, https://chat.deepseek.com) in sur-
gical decision-making teaching was systematically eval-
uated. The results showed that the experimental group
achieved significantly higher scores than the control group
in five dimensions: localization diagnosis, surgical ap-
proach selection, risk identification, emergency response,
and judgment of surgical timing. The excellent rates for all
five dimensions were also higher, and residents’ teaching
satisfaction was greater in the experimental group. These
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Table 4. Comparison of the excellent rates of each assessment between the two groups.
Variables Total (n = 157) Experimental group (n = 72) Control group (n =

85)
Statistic p Effect

size

Localization diagnosis, n (%) χ2 = 8.73 0.003 0.24
No 110 (70.06) 42 (58.33) 68 (80.00)
Yes 47 (29.94) 30 (41.67) 17 (20.00)

Selection of surgical
approaches, n (%)

χ2 = 12.02 0.001 0.28

No 136 (86.62) 55 (76.39) 81 (95.29)
Yes 21 (13.38) 17 (23.61) 4 (4.71)

Identification of risks, n (%) χ2 = 11.12 <0.001 0.27
No 142 (90.45) 59 (81.94) 83 (97.65)
Yes 15 (9.55) 13 (18.06) 2 (2.35)

Emergency response, n (%) χ2 = 5.42 0.020 0.19
No 126 (80.25) 52 (72.22) 74 (87.06)
Yes 31 (19.75) 20 (27.78) 11 (12.94)

Timing of Surgery, n (%) χ2 = 8.48 0.004 0.23
No 125 (79.62) 50 (69.44) 75 (88.24)
Yes 32 (20.38) 22 (30.56) 10 (11.76)

Table 5. Comparison of teaching satisfaction scores between the two groups.
Variables Total (n = 157) Experimental group (n =

72)
Control group (n =

85)
Statistic p Effect size

Total score, M (Q1, Q3) 16.00 (15.00, 18.00) 17.00 (16.00, 19.25) 16.00 (14.00, 17.00) Z = –5.09 <0.001 0.41

Teaching format, M (Q1, Q3) 4.00 (3.00, 5.00) 4.50 (4.00, 5.00) 4.00 (3.00, 4.00) Z = –4.16 <0.001 0.33

Practicality of the content, M (Q1, Q3) 4.00 (4.00, 4.00) 4.00 (4.00, 5.00) 4.00 (4.00, 4.00) Z = –3.19 0.001 0.25

Perceived improvement in ability, M
(Q1, Q3)

4.00 (4.00, 5.00) 4.00 (4.00, 5.00) 4.00 (3.00, 4.00) Z = –4.29 <0.001 0.34

Overall evaluation, M (Q1, Q3) 4.00 (4.00, 5.00) 4.50 (4.00, 5.00) 4.00 (3.00, 4.00) Z = –5.58 <0.001 0.45

findings provide new evidence supporting the application of
AI-assisted teaching in neurosurgery and suggest the poten-
tial application of a lightweight AI-simulated patient model
in teaching higher-order clinical decision-making skills.
Training in neurosurgical decision-making has always been
a challenging aspect of standardized residency training.
Traditional teaching models have difficulty simulating the
dynamics and uncertainty of real-world clinical situations.
The results of this study showed that the median total
score for surgical decision-making ability was significantly
higher in the experimental group than in the control group,
with a highly statistically significant difference (p < 0.001).
This finding is consistent with the results of the random-
ized controlled trial conducted by McCarrick et al. [7], in
which ChatGPTwas used as a simulated patient for surgical
history-taking training, and the intervention group showed
a significant improvement in OSCE scores. However, this
study further extended the application of the AI-simulated
patient model from history taking to the higher-order cog-
nitive domain of surgical decision-making, with a larger
sample size (157 residents) and more comprehensive teach-
ing dimensions. In addition, some studies have found that
AI-enhanced human-machine combined teaching is signif-

icantly more effective than AI-only teaching in improving
surgical performance, particularly in the control of bleeding
risk and normal tissue damage [8]. The results of the present
study further support this conclusion and extend its appli-
cation to neurosurgical decision-making education. The
greater improvement observed in the experimental group
may be associated with the immediate feedback mechanism
provided by the AI-simulated patient model. The system
can immediately indicate whether the basis for a decision
is appropriate. This “trial-and-error-feedback-correction”
learning model may help accelerate the development of
clinical reasoning ability, thereby achieving greater im-
provement in decision-making ability within a relatively
short period.
Handling emergencies in neurosurgery is an important
component of clinical decision-making; however, students
rarely have the opportunity to practice such scenarios in
traditional teaching settings. The AI-simulated patient
model can simulate the occurrence and development of crit-
ical events and train students’ ability to make rapid deci-
sions under pressure. Previous studies have shown that
simulation-based training has unique value in cultivating
non-technical skills related to surgery. Compared with tra-
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ditional case discussion and clinical teaching, simulation-
based teaching can provide students with a safe and repeat-
able crisis scenario training environment, allowing learn-
ers to repeatedly practice the emergency response process
without medical risk and receive immediate feedback dur-
ing the simulation process. This training mode is especially
suitable for neurosurgery and other high-risk specialties,
as it can effectively compensate for the limited opportuni-
ties students have to encounter real critical cases in tradi-
tional teaching [10,11]. The results of this study further sug-
gested that AI-simulated teaching may help improve resi-
dents' emergency response-related decision-making skills,
as reflected by their OSCE performance. This approach
provides an interactive learning environment in which res-
idents can practice emergency management decisions and
receive feedback, although its effectiveness in improving
real-world emergency response under time pressure and un-
certainty requires further investigation. This finding pro-
vides new empirical support for exploring a safe and effi-
cient surgical decision-making training model and suggests
a potential direction for integrating AI-simulated technol-
ogy into the standardized training system of surgical resi-
dents in the future.
The experimental group also performed well in the dimen-
sion of surgical timing judgment. The surgical timing for
neurosurgical diseases is a key factor affecting prognosis:
treatment within 72 hours after aneurysm rupture can sig-
nificantly reduce the risk of rebleeding [12]. Ultra-early
surgery for hypertensive intracerebral hemorrhage (HICH)
(within 24 hours of onset) helps improve functional out-
comes [13,14]. In traditional teaching, the timing of surgery
is often taught as a knowledge point, and students cannot
determine the appropriate timing in response to dynamic
changes in disease status. AI-simulated patients can simu-
late the temporal evolution of disease (such as the progres-
sion of cerebral vasospasm following subarachnoid hem-
orrhage and the peak of edema after intracerebral hemor-
rhage), thereby allowing students to experience the key de-
cision point of “when to intervene” in the simulation sit-
uation, which may contribute to strengthening their time-
sensitive decision-making ability.
This study further analyzed the teaching effects of an AI-
simulated patient model across different disease types. The
results showed that the test scores for intracranial aneurysm,
glioma, hypertensive intracerebral hemorrhage, and pitu-
itary tumor were significantly better in the experimental
group than in the control group. This finding has impor-
tant implications for clinical teaching, indicating that the
AI-simulated patient model may have broad applicability
in training decision-making ability across different types of
neurosurgical diseases. Hussain et al. [15] demonstrated
that both ChatGPT and DeepSeek showed good applica-
bility in generating patient education guidelines for stroke
imaging, suggesting the potential utility of general-purpose
AI models in specific neurosurgical education contexts.

The results of this study suggest that the AI-simulated pa-
tient system based on DeepSeek may be capable of sup-
porting surgical decision-making education for a variety of
neurosurgical diseases andmay facilitate the centralized de-
velopment of clinical teaching resources.
In terms of teaching satisfaction, the evaluation of the
teaching model in the experimental group was significantly
higher than in the control group, particularly in the dimen-
sions of teaching format and overall evaluation. The pro-
portions of “5-point” ratings in the experimental groupwere
numerically higher than those in the control group. This re-
sult is consistent with the findings of Zeng et al. [6] who
pointed out that virtual patients driven by large language
models are highly interactive and personalized, which can
improve students’ learning engagement. The reason for this
may be that the AI-simulated patient model offers the ad-
vantages of relatively low development cost and rapid de-
ployment, and students can complete learning through nat-
ural language dialogue, thereby reducing the technical bar-
riers to use. Meanwhile, the immediate feedback mecha-
nism enables students to clearly identify their own knowl-
edge gaps and decision-making deviations, thereby enhanc-
ing the pertinence and effectiveness of learning.
The innovation of this study is mainly reflected in the fol-
lowing aspects: first, innovation in the research paradigm.
Most previous studies on AI patient simulation focused on
the training of basic skills such as history taking. This study
applied the AI-simulated patient model to the higher-order
cognitive domain of surgical decision-making, thereby ex-
panding the application scope of AI in neurosurgical edu-
cation. Second, innovation in the evaluation dimensions.
This study constructed an evaluation system covering five
dimensions, including localization diagnosis, surgical ap-
proach selection, risk identification, emergency response,
and surgical timing judgment, which can more precisely
reflect the effects of AI teaching on the improvement of
different decision-making abilities. Third, innovation in
the teaching scenario. In this study, the AI-simulated pa-
tient was designed with the dual identity of “virtual pa-
tient + virtual teacher”, and a closed-loop learning model
of “practice-feedback-correction” was realized. It is impor-
tant to emphasize that the AI-simulated patient model is de-
signed as an educational aid to complement, rather than re-
place, traditional clinical training. The supervising teacher
played an essential role in interpreting AI feedback, cor-
recting inaccuracies, and providing contextualized clinical
reasoning that the current AI system cannot offer.
Our study has several limitations. First, this study was a
single-center retrospective study with limited sample rep-
resentativeness. In addition, due to the retrospective na-
ture of this study, certain baseline variables that may in-
fluence OSCE performance—including postgraduate year,
prior neurosurgical exposure, prior AI use, and rotation
duration—were not systematically documented and there-
fore could not be included in the baseline comparison. Al-
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though the available baseline data (department entry exam-
ination scores, age, gender, and educational background)
were comparable between the two groups, the lack of these
additional variables may have introduced residual con-
founding. Furthermore, although the OSCE scoring was
performed independently by two senior physicians, inter-
rater reliability was not calculated, which may have intro-
duced scorer variability. Further multicenter prospective
studies are needed to verify the generalizability of these
conclusions. Second, the evaluation indicators are mainly
short-term teaching effects, and there is a lack of long-
term tracking of students’ clinical practice performance.
Whether the observed improvements in OSCE performance
translate into sustained competency in real-world clinical
settings remains unknown. In addition, the novelty effect
of the AI tool—whereby residents’ engagement and perfor-
mance may have been temporarily boosted by the mere in-
troduction of a new technology—cannot be excluded. Sim-
ilarly, residents’ inherent enthusiasm for or interest in AI
technology may have contributed to the observed differ-
ences, independent of the pedagogical efficacy of the AI
system itself. Future research should combine intraopera-
tive performance evaluation and clinical outcome data to
evaluate the practical value of AI simulation teaching more
comprehensively. Third, there are still differences between
the AI simulation system and real clinical settings. Whether
the decision-making ability of trainees shown in the simu-
lation environment can be fully transferred to clinical prac-
tice needs to be further verified. Fourth, this study used a
retrospective non-randomized design, and the two groups
of students were enrolled in stages. The AI-simulated pa-
tient teaching model was introduced as a new educational
intervention in January 2025 within the existing standard-
ized residency training program. Given the implementation
of teaching models within the established training schedule,
individual random allocation to different teaching models
was not feasible; therefore, historical cohorts before and
after the implementation of AI-assisted teaching were com-
pared. Although the baseline data were comparable, poten-
tial time-period bias cannot be completely excluded. Fac-
tors that may have changed over time include the accumu-
lation of teaching experience among clinical instructors, the
optimization of teaching content and case materials, the re-
finement of assessment standards, adjustments to the resi-
dency rotation curriculum structure, and the increasing in-
stitutional familiarity with AI technology. These temporal
changes may affect the internal validity of the comparison
between the groups. In addition, although the teaching du-
ration and frequencywerematched between the two groups,
the teaching intensity and interaction patterns differed sub-
stantially. The experimental group received real-time inter-
active feedback from the AI system and immediate manual
corrections from the supervising teacher, whereas the con-
trol group received only traditional case discussions with
delayed teacher summarization. This inherent imbalance in

feedback immediacy and interaction frequency may have
contributed to the observed differences in learning out-
comes. We acknowledge that the superior performance of
the experimental group may reflect not only the AI tool it-
self but also the cumulative effect of more intensive inter-
active engagement and immediate feedback. The exper-
imental group has a natural advantage in interaction fre-
quency and immediacy of feedback, and the observed dif-
ferences in outcomes may be partly due to the variations in
teaching intensity. Future studies should incorporate con-
trol conditions with matched interaction intensity to clarify
the independent contribution of AI. Fifth, the presentation
of imaging information is limited by the capabilities of the
platform, and replacing real image interaction with textual
descriptions may affect the authenticity of the teaching ex-
perience. In the future, multimodal AI technology could
be integrated to enable combined image-text teaching. Fi-
nally, although the AI-simulated patient system provided
real-time feedback and interactive training, potential risks
inherent to large language model applications must be ac-
knowledged. These risks include the possibility of model
hallucinations (generation of clinically incorrect or unver-
ified information), inaccurate or incomplete feedback on
complex surgical decisions, and excessive learner depen-
dence on AI-generated answers, which may undermine the
development of independent clinical reasoning.

Conclusions
In this retrospective analysis of 157 neurosurgery residents,
the AI-simulated patient teachingmodel based on a general-
purpose large language model (DeepSeek) was associated
with improved surgical decision-making ability. However,
due to the retrospective, non-randomized design, causality
cannot be established. The scores of the five dimensions
in the experimental group were significantly higher than
those in the traditional teaching group, including localiza-
tion diagnosis, surgical approach selection, risk identifica-
tion, emergency response, and surgical timing judgment.
The excellent rate in each dimension was also higher, and
student satisfaction was greater. With the continuous ad-
vancement of AI technology, the combination of intelligent
simulation systems and human guidance is expected to be-
come an important direction in surgical education.
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