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Purpose: Large language models have been assessed for their ability to receive and answer medical questions. Recently, there has been a
new large language model named DeepSeek released, which has not been assessed for medical accuracy. This is the first study to assess
DeepSeek for accuracy in responding to medical questions.

Methods and Materials: We prompted DeepSeek-R1 and several models of ChatGPT with 600 radiation oncology examination
questions from national radiation oncology in-service multiple-choice examinations. These questions are used by medical residents in
preparation for their certifying board examination and assess knowledge on anatomy, treatment planning, cancer epidemiology, and
landmark trials. We recorded each model’s accuracy, total prompt and completion tokens used, and total run time. Accuracy was
compared across question categories and between models. Type I error was set at 0.05.

Results: DeepSeek-R1 answered 84.0% of questions correctly, requiring 59 seconds per question. DeepSeek-R1 demonstrated a
significant difference in accuracy by question categories (P = .012) and was least accurate for questions about landmark studies (74.2%
accuracy). ChatGPT ol answered 89.0% of questions correctly, requiring 10 seconds per question. ChatGPT ol’s accuracy did not
significantly differ across question categories (93.5% accurate on questions about landmark studies). DeepSeek-R1 used 7.2% more
tokens than ChatGPT ol. At February 2025 prices, DeepSeek-R1 costs up to $1.56, compared with ChatGPT’s $37.96.

Conclusion: DeepSeek-R1 is less accurate and answers more slowly compared with ChatGPT o1, but is less costly at the time of this
manuscript preparation. Careful analysis and consideration of the current landscape and performance of each model is needed before
implementation of DeepSeek-R1 or ChatGPT ol to determine if the added financial costs of ChatGPT ol are within the intended goals
of improved accuracy and efficiency.

© 2025 The Authors. Published by Elsevier Inc. on behalf of American Society for Radiation Oncology. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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questions. Much research has focused on OpenAls
ChatGPT, which has been evaluated in licensing,"” pri-
mary care,” and specialty examinations across internal
medicine,” medical subspecialties,”” and surgical subspe-
cialties.*'” Each iteration of ChatGPT has demonstrated
improved accuracy.

Aside from ChatGPT, other LLMs exist."" In compari-
son with other models’ performance in the setting of
examination questions, the latest version of ChatGPT has
been reported to be equal or superior to the latest versions
of other models such as Gemini/Bard,'> Claude,'’
LLaMA,"* PaLM," Perplexity,'® and BingAlL'”

In oncology, LLMs have likewise been evaluated. Akin
to literature in other spaces, ChatGPT was found to be
increasingly accurate compared with newer models when
answering examination questions.'® In comparisons with
other models, including Gemini, Claude, LLaMA, and
PaLM, ChatGPT has consistently demonstrated the great-
est accuracy.w

Recently, a new LLM named DeepSeek-R1 was
released in January 2025, which is similarly a large lan-
guage model with chatbot capabilities. Initially trained for
mathematical reasoning, it was reported to match or
exceed ChatGPT’s performance while being more cost-
effective in training.’””' However, its accuracy in the
medical context remains untested.

This study evaluated the accuracy of DeepSeek-R1 in
answering radiation oncology examination questions and
compared its performance to that of different models of
ChatGPT.

Methods and Materials

We used a similar methodology to our previously pub-
lished study comparing different versions of ChatGPT’s
accuracy in the setting of radiation oncology examination
questions.'® In brief, we sourced 600 radiation oncology
examination questions from consecutive years of a
national radiation oncology in-service multiple-choice
examination. These questions are used by medical resi-
dents in preparation for their certifying board examina-
tion and assess knowledge on anatomy, treatment
planning, cancer epidemiology, and landmark trials.
Approximately 1 quarter (26.8%) of questions pertain to
radiation biology/pathology/anatomy, another 1 quarter
(23.4%) to treatment recommendations/planning, one-

fifth (19.1%) to medical physics, one-seventh (15.7%) to
cancer epidemiology, and another one-seventh (15.0%) to
knowledge of landmark studies.

Questions were input into DeepSeek-R1 using 1-shot
learning, with this setting chosen over in-context learning
or chain-of-thought reasoning as it best approximates
pragmatic use of DeepSeek-R1. The Kluster.ai API and
Azure Al Foundry’s API were used for the DeepSeek-R1
model. Answers from DeepSeek-R1 were recorded and
compared with the answer keys. The same questions were
also input into prior models of ChatGPT, including
ChatGPT 3.5 and ChatGPT 4o, as well as the most recent
version of ChatGPT, ChatGPT ol, indicated to excel at
reasoning tasks. One-shot learning was similarly used for
each model.

To assess the efficiency and cost of each model, the
total prompt and completion tokens used, as well as the
total run time (performed on the same server) for each
model and for all 600 consecutive questions, were
recorded.

Descriptive statistics were used to present the total
number of correct and incorrect answers across all ques-
tions and by question categories of (1) radiation biology/
pathology/anatomy, (2) treatment recommendations/
planning, (3) medical physics, (4) cancer epidemiology,
and (5) knowledge of landmark studies. Pearson’s x° test
and pairwise Z-test for proportions were used to assess
for differences in accuracy by question categories and to
compare DeepSeek-R1 to the different models of
ChatGPT. Type I error was set at 0.05. All analyses were
conducted using StataBE 18.0 (StataCorp).

Results

All 600 questions were answered by DeepSeek-R1 and
ChatGPT ol. The total run time for DeepSeek-R1 was
9 hours, 47 minutes, and 35 seconds, costing 897,193
tokens (249,353 prompt tokens and 647,840 completion
tokens); on average, it required 59 seconds per question.
The total run time for ChatGPT ol was 1 hour, 38
minutes, and 35 seconds, costing 837,235 tokens (272,808
prompt tokens and 564,427 completion tokens); on aver-
age, it required 10 seconds per question (Table 1).

DeepSeek-R1 answered 504 (84.0%) questions cor-
rectly. There was a significant difference in accuracy by
question categories (P = .012) (Fig. 1). DeepSeek-R1 was

Table1 Comparison of DeepSeek-R1 and ChatGPT o1, by resources
Model Total run time (h:min:s) Total token required
DeepSeek-R1 09:47:35 Prompt: 249,353
Completion: 647,840
ChatGPT ol 01:38:35 Prompt: 272,808

Completion: 564,427
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Figure 1

less accurate for questions about landmark studies (74.2%
accuracy) compared with other categories. DeepSeek-R1
correctly answered over 80% of questions in all other cate-
gories; specifically, it answered correctly 90.5% of ques-
tions relating to radiation biology/pathology/anatomy,
86.8% relating to medical physics, 82.3% relating to can-
cer epidemiology, and 82.0% relating to treatment recom-
mendations/planning.

In comparison, ChatGPT ol answered 534 (89.0%)
questions correctly. There was no significant difference in
accuracy by question category (P = .241). ChatGPT ol
answered with 86.0% to 93.5% accuracy across all catego-
ries. In contrast to DeepSeek-R1, ChatGPT ol achieved
the highest accuracy in questions about landmark studies.

DeepSeek-R1 was significantly less accurate than
ChatGPT ol (P = .011), but it was significantly more
accurate than preceding models of both ChatGPT 4o
(72.2% accuracy; P < .001) and 3.5 (53.8% accuracy; P <
001) (Fig. 1).

Discussion

This is the first study to assess the accuracy of Deep-
Seek-R1 in medical knowledge as assessed using examina-
tion questions and to compare the accuracy of DeepSeek-
RI in this setting with that of ChatGPT. DeepSeek-R1
answered 84.0% of questions correctly, which is less accu-
rate than the latest version of ChatGPT ol but notably
superior to preceding models of ChatGPT 40 and 3.5.
DeepSeek-R1 was the least accurate in questions assessing
knowledge of landmark studies, where the newest
ChatGPT model excelled (93.5% accuracy for ChatGPT
ol).

When comparing DeepSeek-R1 to ChatGPT’s itera-
tively improved models, DeepSeek-R1’s model falls short
of the current model but outperforms predecessors. In
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isolation, DeepSeek-R1 may be considered an inferior
model to ChatGPT. However, we would be remiss if we
were to definitively characterize 84.0% accuracy as poor
accuracy. In an examination setting, this 84.0% would be
considered satisfactory competence for practicing special-
ized physicians.

Furthermore, when assessing the key differences in
accuracy between DeepSeek-R1 and ChatGPT ol, Deep-
Seek-R1 continues to perform worse on questions related
to landmark studies (74.2%), which is in keeping with the
poor performance of prior ChatGPT models 40 (59.1%)
and 3.5 (31.2%); ChatGPT ol performs similarly well on
questions related to landmark studies and other biology/
physics/clinical ~practice questions. The difference
between DeepSeek-R1 and ChatGPT ol’s performance
may perhaps be underpinned by a difference in knowl-
edge of landmark trials. We have previously commented
that the difference in knowledge is unlikely to be related
to the cutoff dates for the models but rather related to
knowledge synthesis, which has been improving with
each iteration of ChatGPT.'® Therefore, the current
level of performance of DeepSeek-R1 relative to
ChatGPT ol is not unexpected, given DeepSeek-R1’s
focused development and its initial training for mathe-
matical reasoning.

Of interest, DeepSeek-R1 requires significantly more
time and tokens to answer the questions compared to
ChatGPT ol. From a time perspective, DeepSeek-R1’s
nearly 10-hour run time is nearly 6 times longer than
ChatGPT ol’s 100-minute run time. Furthermore,
ChatGPT used 7.2% fewer tokens. However, DeepSeek-
R1 is financially less costly. When comparing the cost in
US dollars at prices in January 2025, DeepSeek-R1 costs
between $1.45 and $1.56 (at a rate of $0.14 per 1 million
prompt tokens that are cache hit or $0.55 per 1 million
prompt tokens that are cache miss and $2.19 per 1 million
completion tokens), compared with ChatGPT o01’s cost of
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$37.96 (at a rate of $15 per 1 million prompt tokens and
$60 per 1 million completion tokens).

When interpreted as a whole, DeepSeek-R1 is less
accurate than ChatGPT ol, but it is financially less expen-
sive. DeepSeek-R1, in contrast, requires substantially
more time to run than ChatGPT ol. Ultimately, this cre-
ates a scenario where, borrowing from the health econom-
ics literature, neither model is dominant over the other
(ie, there is not one model that is cheaper and more effec-
tive). Rather, careful analysis and consideration of the
current performance and cost of each LLM before imple-
mentation is needed to achieve optimal alignment with
the intended goals of improved accuracy and efficiency.
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