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ABSTRACT

AIM: To evaluate Deepseek-R1, Gemini-2.0 Pro, ChatGPT-o3-mini-high, and GPT-4.5 on a mock neurosurgery board exam to assess 
their accuracy and educational value. 
MATERIAL and METHODS: We created a 50-question mock neurosurgery board examination and administered it to three major 
large language models (LLMs) and 10 Turkish senior residents. Next, we systematically evaluated their responses for accuracy, 
reasoning time, word count, and readability. Residents ranked the educational value of the LLM responses. The study also compared 
two recent ChatGPT versions, o3-mini-high and GPT-4.5, using the same test. Statistical comparisons were used to analyze the 
results.
RESULTS: In overall accuracy, all three LLMs achieved higher scores than residents, with Deepseek-R1 at 84%, ChatGPT o3 mini-
high at 82%, and Gemini 2.0 Pro at 78%, compared to 58% for residents (p<0.001). Deepseek-R1 required the longest reasoning 
time but provided the most organized responses. Gemini-2.0 Pro produced the most detailed and easy-to-read answers. Residents 
preferred the explanations from Deepseek-R1 and Gemini-2.0 Pro over those from ChatGPT-o3-mini-high (p<0.001). ChatGPT-4.5 
achieved 74% accuracy, higher than residents but lower than other LLMs. Compared with ChatGPT o3-mini-high, ChatGPT-4.5 
produced longer, more complex responses while responding faster (p < 0.001).
CONCLUSION: LLMs’ higher scores on the mock board examination highlight their potential as auxiliary educational tools in 
neurosurgical training. The high accuracy of Deepseek-R1 and the clarity of Gemini-2.0 Pro’s detailed responses suggest uses with 
refinement as neurosurgical educational guides or in constructing board questions or training assessments.
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█  INTRODUCTION

Large language models (LLMs), a subset of natural lan-
guage processing (NLP), are deep-learning-based neu-
ral networks trained on extensive datasets to understand 

and generate human-like language (14,21,25,31). In early 
2025, several LLMs were released. OpenAI launched the latest 
versions of ChatGPT (https://openai.com/chatgpt/overview/), 
the o3-mini and the o3-mini-high, offering cost-effective rea-
soning with strengths in science, math, and coding (18,36). 
Google’s Gemini-2.0 Pro series (https://gemini.google.com/
app) is designed to compete with models like ChatGPT-4o 
and supports seamless processing of text, images, and audio 
(17). Deepseek (https://www.deepseek.com) has also gained 
attention, with its R1 version quickly matching and even sur-
passing ChatGPT in some areas (16).

LLMs can answer questions, generate scientific text, aid di-
agnosis, support clinical decisions, and summarize medical 
information (3, 14, 42). Their explanatory and translational 
abilities also make them useful educational tools. Although AI 
integration in neurosurgery is advancing rapidly, the use of 
LLMs for education and clinical decision-making remains in 
its early stages (1,11,12,33,37,45,46).

This study compared the performance of Deepseek-R1, 
Gemini-2.0 Pro, and ChatGPT-o3-mini-high on a 50-question 
mock neurosurgical board examination with that of Turkish 
senior neurosurgical residents in training programs in Turkey. 
From a technical perspective, the models were evaluated by 
assessing their answers. To determine whether these models 
can serve as supplementary educational tools in neurosurgery 
training and which models are more effective or reliable, the 
participating residents ranked the educational quality of the 
answers and explanations provided by the 3 LLMs.

█   MATERIAL and METHODS
Test Preparation and Data Collection

A mock neurosurgery board examination comprising 50 mul-
tiple-choice questions was prepared using the Turkish Neu-
rosurgery Board Examination Preparation Question Book 
(2021) (40). This study was exempt from participant consent 
and institutional review board review because it involved an 
anonymous survey of educational questions and responses. 
No personally identifying information was collected or used 
to assess resident performance or knowledge, and only an-
onymized, content-based data were analyzed. The book 
contains answers and explanations for each of the 38 ques-
tions (40). The test was constructed by randomly selecting 
5 questions from each of the 10 chapters in the book. Only 
text-based questions were selected. If a question with visual 
material was selected during the random selection process, 
the process was repeated until a question without a visual 
component was selected.

The latest versions of DeepSeek-R1 (DeepSeek-R1-0120), 
Gemini-2.0 Pro (Gemini-2.0-pro-exp-02-05), and ChatGPT-
o3-mini-high (o3-mini-high-2025-02-12) were tested on March 
15, 2025. Each model was instructed to answer 50 neurosur-
gery board exam questions and provide resident-level expla-
nations (Figure 1). The same questions and identical prompts 
were used for all models in sequential testing.

Figure 1: Instructions for large language models that describe 
the test, ask them to answer the questions, and provide resident-
level explanations. Instructions and responses are shown for A) 
ChatGPT o3-mini-high (OpenAI), B) Gemini 2.0 Pro (Google), and 
C) Deepseek-R1 (Deepseek), with reasoning time highlighted 
in the red box. Used with permission from Barrow Neurological 
Institute, Phoenix, Arizona.

A

B

C
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below this adjusted threshold were considered significant. All 
comparisons were performed for the entire test (covering all 
50 questions) and for subcategories based on subject-spe-
cific specialties.

Reasoning times, word counts, FKGL scores, and resident 
preference scores were compared using appropriate statis-
tical tests. Normality was assessed with the Shapiro–Wilk 
test, and variance equality with Levene’s test. Depending on 
these results, analyses were performed using Fisher’s one-
way ANOVA with Tukey’s post hoc test, Welch’s ANOVA with 
Games–Howell, or the Kruskal–Wallis test with Dunn’s post 
hoc test and Bonferroni correction. All statistical analyses 
were performed using R version 4.4.3 (R Foundation for Sta-
tistical Computing; https://www.r-project.org/foundation/) on 
a computer with an Apple M2 processor (Apple Inc., Cuperti-
no, CA). Python 3.11.5 (https://www.python.org/), along with 
libraries such as Matplotlib 3.7.2 (https://matplotlib.org/3.7.2/) 
and Pandas 2.2.3 (https://pandas.pydata.org/docs/), was 
used to generate graphs.

█   RESULTS
Resident ages ranged from 27 to 31 years, with a mean (SD) of 
29.6 (1.5) years. Five (50%) of the participants were in PGY-5, 
and 5 (50%) were in PGY-6. The dataset was complete, with 
no missing values across the analyzed variables.

Performance Comparison of LLMs and Neurosurgery 
Residents

To compare LLM performance with the average performance 
of senior neurosurgery residents, success rates were calculat-
ed as the percentage of questions answered correctly. Over-
all, the mean (SD) resident performance was 57.8% (14.6%), 
whereas Deepseek-R1 achieved 84%, ChatGPT-o3-mini-high 
scored 82%, and Gemini-2.0 Pro attained 78% (Figure 2). 
An overall difference (p < 0.001) was observed in the perfor-
mance of the 4 groups (residents and 3 LLMs). Pairwise com-
parisons indicated that LLMs tended to outperform residents: 
the odds ratios (95% CIs) were 3.83 (1.76–8.33) for residents 
versus Deepseek-R1, 3.33 (1.58–6.99) for residents versus 
ChatGPT-o3-mini-high, and 2.59 (1.30–5.17) for residents 
versus Gemini-2.0 Pro (Table I). Across subcategories, no sig-
nificant differences were found among the 4 groups. Similarly, 
within subcategories, no differences were noted between any 
groups, likely due to the small sample size in the subcatego-
ries (Table I).

Reasoning Times of the LLMs

The median reasoning times and corresponding interquartile 
ranges (IQRs) were 0.92 seconds (IQR: 0.76–1.05 seconds; 
range: 0.15–1.37 seconds) for Gemini-2.0 Pro, 6.50 seconds 
(IQR: 4.00–9.75 seconds; range: 2–39 seconds) for ChatGPT-
o3-mini-high, and 18.00 seconds (IQR: 14.25–28.25 seconds; 
range: 12–115 seconds) for Deepseek-R1. The reasoning 
times for each LLM are presented in Table II and Figure 2.

Gemini-2.0 Pro demonstrated faster response times than the 
other 2 models (Table II). Although there were 2 exceptions 
(questions 8 and 17), DeepSeek-R1 generally took longer to 
respond than ChatGPT-o3-mini-high. Gemini-2.0 Pro was 

ChatGPT-o3-mini-high and DeepSeek-R1 reported both rea-
soning times (Figure 1) and detailed self-monologues, where-
as Gemini 2.0 Pro did not. Its response times were manually 
measured using the Windows 11 Snipping Tool (https://www.
microsoft.com/en-us/windows/) and frame-by-frame analysis 
of 30 fps screen recordings, with an error margin of ±0.033 s. 
Because ChatGPT-o3-mini-high stated it “reasoned for a few 
seconds” rather than providing exact durations, its responses 
were also analyzed via screen recording. While DeepSeek-R1 
and ChatGPT-o3-mini-high explicitly display internal reason-
ing and timing, Gemini 2.0 Pro does not and generates re-
sponses almost instantaneously; hence its reasoning times 
were recorded manually.

Word counts of the LLMs’ responses were recorded to 
compare their lengths. Readability was assessed using the 
Flesch–Kincaid Grade Level (FKGL) metric, which evaluates 
text complexity based on sentence length and syllable count. 
FKGL scores (0–20) correspond to U.S. grade levels, from 0–1 
for first grade to >15 for graduate-level difficulty (9). Higher 
FKGL scores indicate lower readability, meaning that texts 
with higher scores require a higher level of education to un-
derstand. After collecting LLM responses, a two-phase Goo-
gle Forms test (https://docs.google.com/forms/) was created. 
Phase 1 presented the same 50 English-translated questions 
to residents. Phase 2 included anonymized explanations 
(models 1–3) and standardized explanations only for the 35 
questions that all three LLMs answered correctly; the remain-
ing 15 questions and their explanations were excluded.

Ten senior neurosurgery residents (postgraduate year [PGY]-5 
and PGY-6) from 10 institutions across Turkey were recruited 
through the Young Neurosurgeons Committee of the Turk-
ish Neurosurgical Society. Junior residents were excluded 
because the exam was beyond their knowledge base, being 
intermediate to advanced in difficulty. All participants were in 
active clinical training (January–February 2025) and had no 
prior exposure to the board examination book (40). In Phase 
1, residents completed the test; in Phase 2, they ranked each 
LLM’s explanation by educational value (1st–3rd), correspond-
ing to preference scores of 3, 2, and 1 points, respectively.

On February 27, 2025, after completing data collection, Ope-
nAI released ChatGPT-4.5 (https://openai.com/index/intro-
ducing-gpt-4-5/). The same prompt and a 50-question test 
were administered to this research preview model to assess its 
reasoning time, word counts, and FKGL scores. ChatGPT-4.5 
exhibited hallucinations in 4 of 50 (8%) questions—unlike 
the other LLMs—and was excluded from the main analysis. 
However, its results were compared with those of ChatGPT-
o3-mini-high using independent t-tests and Mann–Whitney U 
tests to explore version differences.

Statistical Analysis

Statistical analyses compared 1) LLM performance against 
residents’ average scores, 2) LLMs by educational value (con-
verted resident rankings), and 3) LLMs by reasoning time, 
word count, and readability. Correct and incorrect response 
frequencies were analyzed using chi-square or Fisher’s exact 
tests. Pairwise comparisons with Bonferroni correction were 
conducted to adjust the p-value threshold, and only p-values 
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Figure 2: Performance overview of large language 
models (LLMs) and residents across the entire test and 
its subcategories, with a comparative analysis of LLMs 
based on reasoning time per question and category. 
A) Percentage of questions answered correctly by each 
LLM and the mean resident performance for each of the 
10 test subcategories and overall. Error bars represent 
the standard deviation of resident scores in each 
category. B) LLM reasoning time per question. Used 
with permission from Barrow Neurological Institute, 
Phoenix, Arizona.

A

B

faster than DeepSeek-R1 in all subcategories (Table II). Com-
pared with ChatGPT-o3-mini-high, Gemini-2.0 Pro answered 
questions more quickly overall (p < 0.001). Across subcat-
egories, no difference in reasoning time was observed be-
tween ChatGPT-o3-mini-high and Gemini-2.0 Pro (Table II). 
ChatGPT-o3-mini-high responded faster than DeepSeek-R1 
overall (p < 0.001) and in the neurotrauma subcategory (p = 
0.01), with no differences across the remaining nine subcat-
egories.

Word Counts of the LLM Explanatory Answers

Gemini-2.0 Pro generated the longest responses across all 
questions (Figure 3). The word counts for Deepseek-R1 and 
ChatGPT-o3-mini-high were similar. Gemini-2.0 Pro produced 
significantly longer responses than both Deepseek-R1 (p < 
0.001) and ChatGPT-o3-mini-high (p < 0.001) (Table III). Ad-
ditionally, Deepseek-R1’s responses were longer than those 
of ChatGPT-o3-mini-high overall (p = 0.016) (Table III). Gem-
ini-2.0 Pro’s responses were significantly longer (p < 0.001) 
than those of ChatGPT-o3-mini-high in 8/10 categories (Table 
III). However, compared with Deepseek-R1, Gemini-2.0 Pro’s 
responses were longer only in the neuro-oncology (p = 0.002), 
pediatric neurosurgery (p < 0.001), and spinal surgery (p < 
0.001) subcategories. There were no differences in response 
length between ChatGPT-o3-mini-high and Deepseek-R1 
across subcategories.

FKGL Readability Scores of LLM Responses

DeepSeek-R1 generated 6 graduate-level (12%), 35 univer-
sity-level (70%), and 9 high-school-level (18%) responses; 
ChatGPT-o3-mini-high produced 22 (44%), 24 (48%), and 4 
(8%); and Gemini 2.0 Pro yielded 5 (10%), 33 (66%), and 12 
(24%), respectively (Table III).

ChatGPT-o3-mini-high generated texts that were more difficult 
to read than those from Deepseek-R1 (p = 0.016) and Gem-
ini-2.0 Pro (p < 0.001). Responses from Deepseek-R1 were 
also more difficult to read than those from Gemini-2.0 Pro (p 
< 0.001). At the subcategory level, the only difference was ob-
served in the other topics category between ChatGPT-o3-mini-
high and Gemini-2.0 Pro (p = 0.008). Otherwise, no differences 
were found among any groups in the other subcategories.

Preference Scores Given by Residents

ChatGPT-o3-mini-high consistently ranked last among the 
residents (Figure 3, Table IV). When assessing the education-
al value of LLM responses across the entire test, differenc-
es were observed between ChatGPT-o3-mini-high and both 
Deepseek-R1 (p < 0.001) and Gemini-2.0 Pro (p < 0.001). How-
ever, no difference was observed between Deepseek-R1 and 
Gemini-2.0 Pro. Residents consistently judged ChatGPT’s re-
sponses as having lower educational value, whereas no differ-
ence was found between Deepseek-R1 and Gemini-2.0 Pro.
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es containing hallucinations were deemed incorrect. For ques-
tion 16, the model incorrectly selected an answer option from 
the previous question. For question 20, the model initially cor-
rectly selected choice B; however, in its explanation, it mistak-
enly labeled choice B as incorrect and erroneously copied an 
answer choice from a previous question. After extended rea-
soning, the model self-corrected and accurately chose choice 
B. For question 32, the model correctly selected choice C but 
mislabeled it as D in the final explanation. For question 33, the 
model correctly identified the answer but mistakenly labeled it 
B instead of E (Figure 4).

Performances of ChatGPT-o3-mini-high and ChatGPT-4.5 
were then compared. ChatGPT-4.5’s answers were longer 
than those of ChatGPT-o3-mini-high (p < 0.001) (Figure 5). 
When analyzed by subcategory, the difference between the 
two models was significant only in the peripheral nerve sur-

Due to the limited sample size, pairwise comparisons could 
not be conducted for the functional neurosurgery and neu-
rotrauma subcategories. At the subcategory level, compar-
isons between Deepseek-R1 and ChatGPT-o3-mini-high 
revealed differences in neuro-oncology (p = 0.004), neuro-
vascular (p < 0.001), peripheral nerve surgery (p = 0.002), 
and other topics (p = 0.016). Comparing Gemini-2.0 Pro and 
ChatGPT-o3-mini-high, differences were found in neurovas-
cular (p < 0.001), neuroanatomy (p = 0.004), skull-base sur-
gery (p = 0.014), and peripheral nerve surgery (p = 0.006). 
At the subcategory level, no difference was found between 
Deepseek-R1 and Gemini-2.0 Pro (Table IV).

ChatGPT o3-mini-high versus ChatGPT-4.5

ChatGPT-4.5 correctly answered 37/50 (74%) questions but 
exhibited four hallucinations (Figure 4). The model’s respons-

Table I: Comparison of 10 Residents and 3 Different Large Language Models Based on Their Performance on a 50-Question 
Mock Neurosurgery Board Examination
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Neuro-oncology 5 84
(42/50)

100
(5/5)

100
(5/5)

100
(5/5) 0.03 0.03 0.03 >0.99 >0.99 >0.99

Neurovascular 5 58
(29/50)

80
(4/5)

80
(4/5)

80
(4/5) 0.64 0.64 0.64 >0.99 >0.99 >0.99

Neuroanatomy 5 72
(36/50)

80
(4/5)

80
(4/5)

100
(5/5) >0.99 >0.99 0.31 >0.99 >0.99 >0.99

Pediatric 
neurosurgery 5 50

(25/50)
80

(4/5)
80

(4/5)
60

(3/5) 0.36 0.36 >0.99 >0.99 >0.99 >0.99

Spinal surgery 5 50
(25/50)

100
(5/5)

80
(4/5)

80
(4/5) 0.06 0.36 0.36 >0.99 >0.99 >0.99

Neurotrauma 5 36
(18/50)

80
(4/5)

80
(4/5)

60
(3/5) 0.15 0.15 0.36 >0.99 >0.99 >0.99

Skull-base 
surgery 5 64

(32/50)
80

(4/5)
100
(5/5)

100
(5/5) 0.65 0.16 0.16 >0.99 >0.99 >0.99

Functional 
neurosurgery 5 44

(22/50)
80

(4/5)
40

(2/5)
40

(2/5) 0.18 >0.99 >0.99 0.52 0.52 >0.99

Peripheral nerve 
surgery 5 50

(25/50)
80

(4/5)
100
(5/5)

80
(4/5) 0.36 0.06 0.36 >0.99 >0.99 >0.99

Other topics 5 72
(36/50)

80
(4/5)

80
(4/5)

80
(4/5) >0.99 >0.99 >0.99 >0.99 >0.99 >0.99

Overall 50 57.8
(289/500)

84
(42/50)

82
(41/50)

78
(39/50) <0.001 <0.001 <0.001 >0.99 0.61 0.80

†By chi-square and Fisher’s exact tests. An initial chi-square test conducted to compare the performance of the 4 groups (residents, Deep-
seek-R1, ChatGPT o3-mini-high, and Gemini 2.0 Pro) revealed a statistically significant difference (p < 0.001). Following this, pairwise comparison 
tests were performed to assess overall test performance. The threshold p-value for pairwise comparisons was determined using the Bonferroni 
correction. With this correction, the new threshold p-value for overall test performance comparison was set at 0.0083, and only p-values below 
this threshold were considered statistically significant. When comparing performance across subcategories, Fisher’s exact test was performed. 
No statistically significant differences were found among the 4 groups in any of the subcategories. Similarly, in the pairwise comparisons within 
subcategories, no significant differences were observed between any groups, most likely due to the small sample size in the subcategories.
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Table II: Reasoning Times of 3 Different Large Language Models While Answering 50 Mock Neurosurgery Board Examination 
Questions, Evaluated for the Overall Test and Across Subcategories

Question 
subcategory

No. of 
questions

Reasoning time, median (IQR), s p-value*

Deepseek-R1 ChatGPT
o3-mini-high

Gemini 2.0 
Pro

Deepseek-R1 
vs. ChatGPT
o3-mini-high

Deepseek-R1 
vs. Gemini 2.0 

Pro

ChatGPT
o3-mini-high vs. 
Gemini 2.0 Pro

Neuro-
oncology 5 17.00

(14.00-19.00)
7.00

(4.00-14.00)
0.64

(0.48-0.67) 0.04 <0.001 0.03

Neurovascular 5 19.00
(18.00-21.00)

9.00
(7.00-14.00

0.85
(0.79-0.92) 0.69 0.003 0.12

Neuroanatomy 5 14.00
(13.00-26.00)

5.00
(5.00-11.00)

0.89
(0.75-1.01) 0.69 0.003 0.12

Pediatric 
neurosurgery 5 15.00

(14.00-24.00)
4.00

(4.00-29.00)
0.91

(0.90-1.02) >0.99 0.009 0.06

Spinal surgery 5 42.00
(16.00-95.00)

8.00
(6.00-9.00)

0.93
(0.91-1.06) 0.41 0.002 0.17

Neurotrauma 5 19.00
(14.00-23.00)

5.00
(4.00-7.00)

1.10
(1.03-1.23) 0.01 <0.001 0.30

Skull-base 
surgery 5 19.00

(15.00-29.00)
6.00

(5.00-8.00)
1.22

(1.10-1.24) 0.47 0.002 0.16

Functional 
neurosurgery 5 12.00

(12.00-17.00)
4.00

(4.00-7.00)
0.91

(0.83-0.95) 0.23 0.001 0.23

Peripheral 
nerve surgery 5 20.00

(16.00-107.00)
9.00

(7.00-10.00)
0.95

(0.94-1.02) 0.36 0.002 0.18

Other topics 5 18.00
(17.00-24.00)

6.00
(5.00-6.00)

0.63
(0.52-0.84) 0.23 0.001 0.23

Overall 50 18.00
(14.25-28.25)

6.50
(4.00-9.75)

0.92
(0.76-1.05) <0.001 <0.001 <0.001

IQR: interquartile range; s: seconds.
*For multiple comparisons, Fisher’s one-way analysis of variance (ANOVA) was applied if all distributions were normal and variances were equal, 
followed by Tukey’s honestly significant difference test for post hoc analysis. If all distributions were normal but variances were unequal, Welch’s 
ANOVA test was used, followed by the Games-Howell post hoc test. If at least 1 distribution was not normal, the Kruskal-Wallis test was applied, 
followed by Dunn’s test with Bonferroni correction. Subsequently, for pairwise comparisons, the p-value threshold was adjusted using the Bon-
ferroni correction, setting the new threshold at 0.017. Only p-values below this threshold were considered statistically significant.

gery subcategory (p = 0.005). ChatGPT-4.5’s responses were 
more difficult to read (p < 0.001). At the subcategory level, the 
difference was significant in 7/10 subcategories (Supplemen-
tal Table I). ChatGPT-4.5 responded more quickly (p < 0.001). 
At the subcategory level, the difference was significant in 8/10 
subcategories (Supplemental Table I).

█   DISCUSSION
Deepseek-R1 versus Gemini 2.0 Pro versus ChatGPT   
o3-mini-high

In 2017, NLP underwent a significant shift with the intro-
duction of the transformer architecture. This approach used 
self-attention mechanisms to process input data more effi-
ciently and capture complex linguistic relationships (34). This 
breakthrough demonstrated that large-scale pretraining could 
enable powerful, flexible NLP systems, laying the foundation 

for modern LLMs, including ChatGPT, Gemini, and Deep-
seek-R1. These LLMs were developed to expand the bound-
aries of natural language understanding and generation, en-
hancing problem-solving and knowledge dissemination.

All three models assessed in our study use the transform-
er architecture as the foundation for their natural language 
processing. Each model has its own modifications to boost 
performance for different needs (Table V). ChatGPT relies on 
a generative pre-trained transformer, a decoder-only model 
designed for text generation. It processes input prompts and 
produces word tokens one at a time. Gemini uses ultra-scale 
transformer models and adds multimodal features and re-
trieval-augmented generation, enabling it to pull in real-time 
information from Google Search and handle different types 
of data. The last model, Deepseek, uses a mixture-of-experts 
transformer model with sparse activation, which lowers com-
putation costs by picking the best submodel for each query. 
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Figure 3: Comparative analysis of 
large language model (LLM) response 
word counts and their educational 
value, as evaluated by 10 residents. 
A) Word counts of responses from 3 
LLMs for each question. B) Median 
word count, with corresponding IQRs 
(error bars), of responses from 3 
LLMs by category. C) Total preference 
scores given to each LLM by 10 
residents for each of 35 questions 
answered correctly by all 3 LLMs. The 
highest-ranked explanation received 
3 points, the intermediate explanation 
received 2 points, and the lowest-
ranked explanation received 1 point. 
D) Median preference scores, with 
corresponding IQRs (error bars), 
assigned by 10 residents to each 
LLM’s responses by subcategory. 
Used with permission from Barrow 
Neurological Institute, Phoenix, 
Arizona.
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neurosurgery board examinations. Previous studies have ex-
amined other LLMs in this context, but the performance of 
Deepseek and Gemini remains underexplored (4,19,28,35).

Deepseek-R1 was slower, particularly in reasoning time, but 
achieved the highest overall accuracy on the test, answer-
ing 42 of 50 questions correctly (84%). However, statistical 
analysis did not reveal a significant difference among the 
three models. Deepseek-R1 appeared to perform better on 
complex neurosurgical questions than the other models. 

This makes it strong in complex problem-solving, such as sci-
entific reasoning in math, medicine, and coding, and it also 
offers strong bilingual support.

Performance of Deepseek-R1

Deepseek-R1, a recently released language model developed 
in China, has garnered significant attention despite limited 
testing (20). Although some studies have compared ChatGPT 
and Deepseek on specific tasks, to our knowledge, no re-
search has examined Deepseek’s accuracy and efficacy on 

Figure 4: The 4 questions in which ChatGPT-4.5 hallucinated during the mock neurosurgery board examination, along with the 
model’s responses. A) ChatGPT-4.5’s correct response to question 15, followed by its incorrect response and explanation for question 
16, in which it mistakenly used the answer choices from question 15. B) When question 20 was asked, the model initially claimed B 
as the correct answer but then labeled B as incorrect in its explanation, while also adding a new answer choice (“E: Scoliosis”) from 
a previous question. C) For question 32, the model initially selected C as the correct answer but mistakenly labeled it as D in the 
bottom-line explanation. D) For question 33, the model correctly answered the question but mistakenly labeled the correct answer 
choice as B instead of E. Used with permission from Barrow Neurological Institute, Phoenix, Arizona.

A B

D
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Table IV: Preference Scores Given by 10 Residents to the Explanatory Responses of 3 Large Language Models for the 35 
Questions Answered Correctly by All 3 Large Language Models

Question 
subcategory

No. of 
questions

Preference score, median (IQR)* p-value†

Deepseek-R1 ChatGPT
o3-mini-high

Gemini 2.0 
Pro

Deepseek-R1 
vs. ChatGPT
o3-mini-high

Deepseek-R1 
vs. Gemini 2.0 

Pro

ChatGPT
o3-mini-high vs. 
Gemini 2.0 Pro

Neuro-
oncology 5 24

(24.0-27.0)
13

(12.0-13.0)
21

(20.0-24.0) 0.004 0.86 0.10

Neurovascular 4 23.5
(22.75-24.0)

14
(13.75-14.25)

22.5
(22.0-23.25) <0.001 0.72 <0.001

Neuroanatomy 4 19.5
(18.75-20.0)

14
(14.0-14.5)

26
(26.0-26.25) 0.33 0.33 0.004

Pediatric 
neurosurgery 3 18

(18.0-18.5)
17

(16.5-17.0)
25

(24.5-25.5) 0.53 0.53 0.02

Spinal surgery 3 21
(20.5-22.0)

18
(15.5-18.5)

22
(21.0-23.0) 0.11 0.94 0.07

Neurotrauma‡ 2 21.5
(21.25-21.75)

16
(15.50-16.50)

22.5
(22.25-22.75) - - -

Skull-base 
surgery 4 22.5

(21.75-23.25)
14

(13.75-14.00)
23.5

(23.00-24.25) 0.16 >0.99 0.014

Functional 
neurosurgery‡ 2 22.5

(22.25-22.75)
15.5

(14.75-16.25)
22

(21.50-22.50) - - -

Peripheral 
nerve surgery 4 24

(22.75-24.50)
14.5

(14.00-15.50)
22

(21.25-22.50) 0.002 0.63 0.006

Other topics 4 23.5
(22.75-24.00)

14
(14.00-14.25)

22
(22.00-22.50) 0.016 >0.99 0.11

Overall 35 22
(20.50-24.00)

14
(14.00-16.00)

23
(22.00-24.00) <0.001 0.93 <0.001

IQR: interquartile range.
*The highest-ranked explanation received 3 points, the intermediate explanation received 2 points, and the lowest-ranked explanation received 
1 point.
†For multiple comparisons, Fisher’s one-way analysis of variance (ANOVA) was applied if all distributions were normal and variances were equal, 
followed by Tukey’s honestly significant difference test for post hoc analysis. If all distributions were normal but variances were unequal, Welch’s 
ANOVA was used, followed by the Games-Howell post hoc test. If at least 1 distribution was not normal, the Kruskal-Wallis test was applied, 
followed by Dunn’s test with Bonferroni correction. Subsequently, for pairwise comparisons, the p-value threshold was adjusted using the Bon-
ferroni correction, setting the new threshold at 0.017. Only p-values below this threshold were considered statistically significant.
‡In the neurotrauma and functional neurosurgery subcategories, only 2 questions were correctly answered by all 3 large language models, result-
ing in an insufficient sample size. Therefore, statistical analysis could not be performed.

Table V: Qualitative Comparison of 3 Large Language Models

Model Primary goal Key strengths Weaknesses
ChatGPT 
(OpenAI)

General-purpose artificial 
intelligence assistant

Best for open-ended conversations, creativity, and 
general knowledge

Prone to hallucination, 
lacks real-time search

Gemini 
(Google)

Multimodal artificial intelligence 
for text, images, and search

Strong in real-time fact-checking, search 
integration, and multimodal tasks

Still developing in 
specialized reasoning

DeepSeek-R1 Advanced reasoning for medical 
and scientific applications

Excels in professional fields (medicine, engineering, 
science), strong bilingual performance

Not versatile for general 
conversations
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Although Deepseek-R1’s specialized training relies on pub-
licly available open-source datasets, clarification is needed 
regarding compliance and data-sharing regulations, priva-
cy, and governance frameworks (39). Additionally, Deep-
seek-R1’s mixture-of-experts architecture is a key factor in 
its success, enabling the model to achieve high performance 
with fewer parameters, minimal human intervention during 
training, and ultimately lower costs (13,15). Although Deep-
seek-R1 showed better overall accuracy in our test, the lack 
of statistically significant differences among the models indi-
cates that these findings require validation through replication 
with larger question pools.

This performance can be attributed to 2 key factors: 1) spe-
cialized training in medical domains and 2) advanced reason-
ing capabilities. Deepseek-R1 is likely trained on extensive 
medical datasets tailored for complex reasoning tasks (39). In 
contrast, models such as Gemini-2.0 Pro and ChatGPT-o3-
mini-high are general-purpose language models that may lack 
the domain-specific depth. Second, Deepseek-R1’s architec-
ture is optimized for complex reasoning, enabling it to analyze 
and synthesize medical information effectively. This optimiza-
tion improves its ability to deliver more accurate, contextually 
relevant responses to medical inquiries.

Figure 5: Comparison of Flesch-Kinkaid Grade Level (FKGL) readability scores, word counts, and reasoning times for ChatGPT o3-
mini-high and ChatGPT-4.5 in answering 50 questions in a mock neurosurgery board examination. A) FKGL readability scores for 
each question. B) Median FKGL readability scores, with corresponding IQRs (error bars), across subcategories. C) Word counts of the 
answers provided for each question. D) Median word counts of answers, with corresponding IQRs (error bars), across subcategories. 
E) Reasoning time for each question. F) Median reasoning times, with corresponding IQRs (error bars), for the 2 models across 
subcategories. Used with permission from Barrow Neurological Institute, Phoenix, Arizona
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onds. This shows that Deepseek-R1 needs improvement in 
response generation times.

Although Gemini-2.0 Pro provides longer explanations, 
ChatGPT-o3-mini-high and Deepseek-R1 favor conciseness. 
User preferences for brief or detailed answers may differ, but 
most residents in our study preferred longer explanations, 
while only a few preferred shorter ones. The choice between 
concise and detailed responses likely depends on whether us-
ers prioritize quick information retrieval or comprehensive un-
derstanding. Additionally, ChatGPT-o3-mini-high’s complex 
sentence structures may hinder rapid information processing. 
Although no participants explicitly criticized its readability, its 
lower preference for educational value suggests that linguistic 
complexity may indirectly affect user evaluations. Therefore, 
our findings highlight the need to balance clarity, conciseness, 
and educational utility in LLM-generated explanations.

When examining the FKGL results, one key point to consider 
is that neurosurgery residents are advanced learners accus-
tomed to specialized terminology. ChatGPT had the highest 
FKGL scores, indicating its responses were harder to read, 
while Gemini-2.0 Pro produced the most readable answers. 
However, medical terms typically raise FKGL scores, regard-
less of how clear the writing is, and residents are trained to un-
derstand complex technical language. Therefore, while Gem-
ini-2.0 Pro’s lower FKGL scores suggest easier readability, 
higher-FKGL outputs from other LLMs may still be acceptable 
and usable for an audience with advanced medical education.

Resident feedback and rankings may not fully capture the 
educational value of LLMs, but one difference is clear. Gem-
ini-2.0 Pro provided stronger anatomical explanations, which 
residents found more helpful for learning. The other two mod-
els focused more on problem-solving, whereas Gemini-2.0 
Pro added useful anatomical details. This likely made it more 
valuable for education than the others.

Residents liked Deepseek-R1’s structured response format, 
likely because it clearly organized important information. 
ChatGPT-o3-mini-high usually gives answers in one long 
paragraph, whereas Deepseek-R1 uses subheadings to make 
responses more organized. While several factors may have 
shaped these preferences, residents consistently rated Gem-
ini-2.0 Pro highest, likely because it provided thorough expla-
nations with extra details and context. Deepseek-R1 came in 
second for providing relevant information in a clear, organized 
way.

When comparing how LLMs and residents perform on mock 
board exams, several key factors should be considered. Res-
idents and LLMs operate under very different psychological 
and environmental conditions. Neurosurgery residents often 
take exams while managing clinical duties, feeling tired, and 
dealing with stress or mental overload. These challenges can 
affect their judgment and decision-making during tests. In 
contrast, LLMs answer questions without emotional, physical, 
or situational pressures. Human clinicians also draw on expe-
rience, including understanding patient emotions, social cues, 
and interactions, which LLMs cannot yet replicate. Previous 
research on AI-generated content for patient education about 
low back pain has found that LLMs may not address the social 

LLMs and Medical Examinations

Among LLMs, ChatGPT has been the most extensively stud-
ied. ChatGPT-4 outperformed examinees in all 3 steps of the 
United States Medical Licensing Examination (32). Similar-
ly, LLMs (primarily ChatGPT) have performed impressively 
on board examinations across various specialties. A recent 
study found that the latest version of ChatGPT surpassed the 
human average on neurology board–style examinations (36). 
However, several other studies reported varying results when 
different LLM versions were tested on board examinations 
across various specialties (8,30).

Studies have compared LLM proficiency on neurosurgical 
board examinations to that of resident or attending physi-
cians, yielding mixed results. Multiple studies have indicated 
that LLMs achieved passing scores comparable to those of 
human participants on neurosurgical board–style questions 
(4,19,22,35,36). However, other studies have suggested that 
LLMs did not surpass human participants on these questions 
(7,43). One study found ChatGPT to be unreliable (37) but 
3 others reported that it outperformed examinees (4,19,35). 
Another study indicated that ChatGPT performed better on 
board examinations requiring specialized knowledge than on 
general medical examinations (4). Additionally, it was tested 
with European Neurosurgery Board Examination questions, 
ranking sixth out of 11 participants (7). However, its perfor-
mance varied across studies, and when assessed with na-
tional residency interview questions, it did not surpass human 
competitors (7,28,43).

In previous studies, LLM performance has been compared 
with results from either the average scores of residents who 
had taken board examinations in previous years or the mean 
performance of subscribers completing self-assessments 
from question banks, and occasionally from small resident 
and medical student cohorts (4,19,22,28,35). By contrast, our 
study did not rely on actual examination results. Instead, we 
constructed a 50-question test by randomly selecting items 
from the Turkish Neurosurgery Board Examination Preparation 
Question Book and administered it to 10 senior residents in an 
active, participatory setting. Moreover, the second phase of 
our test was uniquely designed so that each participant evalu-
ated the educational value of the LLMs’ responses by assign-
ing scores, providing a structured measure of learning pref-
erence that makes this study distinct from existing designs.

Technical Evaluation of LLM Performance on Mock 
Neurosurgery Board Examination

When evaluating LLM performance on advanced medical 
tests, accuracy is not the only important factor. Reasoning 
time, along with response length and readability, is also a 
key consideration. Server workload and network latency can 
affect response speed, but our results indicate that Deep-
seek-R1 took longer to reason than the other models through-
out the test while achieving higher accuracy (84%; 42 of 50 
questions). Deepseek-R1’s maximum reasoning time of 115 
seconds was much longer than Gemini-2.0 Pro’s 1.37 sec-
onds. While Deepseek-R1 answered three more questions 
correctly than Gemini-2.0 Pro, its median reasoning time per 
question was 18 seconds, compared with Gemini’s 0.92 sec-
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Challenges, Ethical Considerations, And Future Directions

With LLMs now an established part of science, industry, and 
everyday medical academic practice, their potential for time 
savings and for large-scale data retrieval, review, and anal-
ysis is remarkable. However, concerns have emerged about 
their long-term implications. One of the most frequently asked 
questions is whether these AI models might eventually replace 
traditional educational resources. Although these models can 
support learning in certain contexts, it is more appropriate 
to view them not as replacements for conventional methods 
but as auxiliary learning aids. These models are not without 
limitations: they may hallucinate or present inaccurate con-
tent with apparent confidence. In addition, these tools may 
not provide the same depth of understanding as traditional 
teaching methods. Unconditionally relying on AI tools without 
proper guidance can also negatively affect learning and make 
it harder to develop strong analytical thinking skills.

Reliance on AI-generated content may diminish critical think-
ing, problem-solving, and language skills among medical 
professionals (27). These models may also perpetuate bias-
es that lead to unequal outcomes. Integrating these models 
into medical practice requires careful management of patient- 
and academic-generated data (29,41,48). The current litera-
ture indicates that LLMs may improve diagnostic accuracy 
by analyzing complex medical data and identifying patterns 
that traditional assessments might overlook (6,39). LLM out-
put depends on the specific questions or the structure of the 
requests posed. There are ongoing concerns about the under-
standability of AI-generated recommendations and the need 
for careful validation to ensure consistency (4,39). At present, 
many hospitals limit the use of AI algorithms in their informa-
tion systems, even for research (47). 

A critical limitation in high-stakes LLM applications is “halluci-
nation,” a phenomenon in which a language model generates 
incorrect, misleading, or entirely fabricated information un-
supported by input data or real-world knowledge (44). Several 
factors contribute to hallucinations in NLP models, including 
insufficient training data, limited access to reliable or verified 
data sources, and ambiguous input prompts (23). In addition, 
such studies may need to be repeated because LLMs are de-
signed to be continually updated and improved.

Future research should assess the accuracy and reliability 
of AI models in neurosurgical education by comparing their 
results with those of board-certified neurosurgeons and ex-
pert consensus (26). More studies should examine potential 
biases in training outcomes (6), use larger datasets, evaluate 
how these models perform in real-world educational settings, 
and explore how LLMs can support hands-on training. Un-
derstanding how residents and faculty view AI-driven learning 
tools will help ensure successful integration.

Another important issue that warrants discussion in future 
studies is the accessibility of LLMs in low- and middle-income 
countries (LMICs). It is well recognized that LMICs face nu-
merous infrastructural and workforce-related challenges, and 
ongoing efforts aim to address these gaps through increased 
collaboration and partnerships with high-income countries 
(24). As LLMs are increasingly considered as supportive ed-

aspects of clinical communication as well as humans do (38). 
Recognizing these differences helps us better understand 
how to compare the performance of residents and LLMs in 
neurosurgical training.

Cultural, linguistic, and format-related factors may also influ-
ence LLM performance on neurosurgery board-style questions 
(2). Current LLMs are generally trained on English-language 
medical literature generated within Western academic con-
texts (5). Consequently, region-specific terminology, culturally 
embedded decision-making patterns, and practice variations 
may be underrepresented in the training data. Standardized 
board exams can be particularly challenging for LLMs. Multi-
ple-choice questions often call for test-taking strategies such 
as ruling out incorrect answers, recognizing common board 
question wording, or applying clinical experience, skills that 
LLMs may not fully match. While neurosurgery residents share 
a common cultural and linguistic grounding that facilitates in-
terpretation of implicit cues within exam questions, LLMs rely 
exclusively on textual input and may lack awareness of these 
contextual assumptions. When comparing how residents and 
LLMs perform, it is important to understand these key differ-
ences.

ChatGPT-o3-mini-high versus ChatGPT-4.5

Two consecutive ChatGPT models differ in many ways, includ-
ing their design, reasoning skills, and best uses. ChatGPT-o3-
mini-high is designed for strong reasoning and performs well 
on tasks that require careful logic, accurate math, and clear 
structure. Its larger context window allows it to handle long 
documents and complex code. This model is especially good 
for science, technology, engineering, and math tasks, such as 
solving multistep problems, writing technical documents, and 
assisting with advanced programming.

On the other hand, ChatGPT-4.5 is a model that balances 
broad knowledge and natural language understanding, and it 
can work with both text and images. It provides efficient, fact-
based answers, supports creative writing, and draws on re-
al-world knowledge. While ChatGPT-o3-mini-high works best 
for structured and logical tasks, ChatGPT-4.5 is designed for 
smooth, engaging conversations. This makes it a strong op-
tion for customer support, education, and creative storytelling.

Although ChatGPT-4.5 is known for strong performance in 
emotional contexts, its current version has yet to demonstrate 
suitability for specialized neurosurgical applications. In our 
mock neurosurgery board examination, it correctly answered 
37 of 50 (74%) questions, achieving higher accuracy than 
residents but lower than the other models in this study. Ad-
ditionally, it exhibited 4 instances of hallucination (8%; 4/50, 
1 neuro-oncology, 1 neuroanatomy, 1 neurotrauma, and 1 in 
skull-base surgery), a phenomenon not observed in the other 
3 models. Although ChatGPT-4.5 responded more quickly and 
with longer answers than ChatGPT-o3-mini-high, its respons-
es were significantly more complex to read. ChatGPT-4.5 
may not yet be ready to provide reliable, accurate, in-depth, 
and comprehensible explanations for advanced examination 
questions. These findings highlight the importance of select-
ing AI systems that align with user goals and expectations.
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