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A large language model improves clinicians’ 
diagnostic performance in complex critical 
illness cases
Xintong Wu1†, Yu Huang1*† and Qing He1 

Abstract 

Background  Large language models (LLMs) have demonstrated potential in assisting clinical decision-making. How-
ever, studies evaluating LLMs’ diagnostic performance on complex critical illness cases are lacking. We aimed to assess 
the diagnostic accuracy and response quality of an artificial intelligence (AI) model, and evaluate its potential benefits 
in assisting critical care residents with differential diagnosis of complex cases.

Methods  This prospective comparative study collected challenging critical illness cases from the literature. Critical 
care residents from tertiary teaching hospitals were recruited and randomly assigned to non-AI-assisted physician 
and AI-assisted physician groups. We selected a reasoning model, DeepSeek-R1, for our study. We evaluated the mod-
el’s response quality using Likert scales, and we compared the diagnostic accuracy and efficiency between groups.

Results  A total of 48 cases were included. Thirty-two critical care residents were recruited, with 16 residents assigned 
to each group. Each resident handled an average of 3 cases. DeepSeek-R1’s responses received median Likert 
grades of 4.0 (IQR 4.0–5.0; 95% CI 4.0–4.5) for completeness, 5.0 (IQR 4.0–5.0; 95% CI 4.5–5.0) for clarity, and 5.0 (IQR 
4.0–5.0; 95% CI 4.0–5.0) for usefulness. The AI model’s top diagnosis accuracy was 60% (29/48; 95% CI 0.456–0.729), 
with a median differential diagnosis quality score of 5.0 (IQR 4.0–5.0; 95% CI 4.5–5.0). Top diagnosis accuracy was 27% 
(13/48; 95% CI 0.146–0.396) in the non-AI-assisted physician group versus 58% (28/48; 95% CI 0.438–0.729) in the AI-
assisted physician group. Median differential quality scores were 3.0 (IQR 0–5.0; 95% CI 2.0–4.0) without and 5.0 (IQR 
3.0–5.0; 95% CI 3.0–5.0) with AI assistance. The AI model showed higher diagnostic accuracy than residents, and AI 
assistance significantly improved residents’ accuracy. The residents’ diagnostic time significantly decreased with AI 
assistance (median, 972 s; IQR 570–1320; 95% CI 675–1200) versus without (median, 1920 s; IQR 1320–2640; 95% CI 
1710–2370).

Conclusions  For diagnostically difficult critical illness cases, DeepSeek-R1 generates high-quality information, 
achieves reasonable diagnostic accuracy, and significantly improves residents’ diagnostic accuracy and efficiency. 
Reasoning models are suggested to be promising diagnostic adjuncts in intensive care units.

Keywords  Generative artificial intelligence, Reasoning models, Critical care, Diagnostic dilemmas

Introduction
Large language models (LLMs), a subclass of artificial 
intelligence (AI), have become increasingly prevalent in 
healthcare applications, including medical education, 
research, and clinical care [1, 2]. Healthcare profession-
als have shown increasing interest in assessing the role 
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of LLM chatbots in clinical practice [1, 2]. Recent stud-
ies demonstrated that LLMs without specialized training 
could pass all three stages of the United States Medical 
Licensing Exam (USMLE) [3]. Furthermore, LLMs have 
demonstrated the capacity to generate high-quality, 
empathetic, and readable responses to patient questions 
compared to physicians [4–6], and can generate largely 
accurate information for diverse medical queries devel-
oped by physicians across multiple specialties [7, 8]. 
These findings suggest LLMs may assist physicians with 
more complex clinical decision-making, such as differen-
tial diagnosis in challenging cases.

Diagnostic dilemmas commonly occur in critically ill 
patients due to the complexity and diversity of clinical pres-
entations, making differential diagnosis particularly chal-
lenging as it requires comprehensive knowledge and the 
ability to integrate complex information [9]. In intensive 
care units (ICUs), rapid and accurate diagnosis is crucial for 
making timely, effective decisions to improve patient out-
comes [9]. A recent study demonstrated that LLMs such as 
ChatGPT-4o and ChatGPT-4o-mini achieved high accuracy 
and consistency in answering critical care medicine ques-
tions at a European examination level [10]. However, this 
study focused on examination-level questions which might 
not fully reflect the complexity and depth of understand-
ing required in real-world clinical practice. Another study 
found that both ChatGPT-3.5 and ChatGPT-4.0 generated 
hallucinations (misinformation delivered with high confi-
dence) and lacked consistency when asked the same ques-
tion multiple times across 50 core critical care topics [11]. 
Therefore, a knowledge gap exists regarding the effective-
ness of such LLMs in aiding differential diagnosis for com-
plex ICU cases.

Reasoning models represent a significant evolution of 
traditional LLMs, standing out for their ability to address 
complex problems through structured, sequential think-
ing processes [12]. DeepSeek-R1, a reasoning model 
released in January 2025 by DeepSeek, is an open-source 
model based on reinforcement learning techniques [13]. 
It has become the fastest-growing consumer application 
and demonstrates potential for greater utility in complex 
critical care scenarios compared to traditional LLMs. In 
the present study, we evaluated the diagnostic perfor-
mance of DeepSeek-R1 on complex critical illness cases, 
compared the diagnostic accuracy and efficiency of criti-
cal care physicians with and without DeepSeek-R1 assis-
tance for these cases, to assess the reasoning model’s 
potential benefits in these scenarios.

Methods
We conducted this prospective comparative study in 
March 2025. As this study was based on published case 
reports from medical journals, ethics board approval was 

not required due to the lack of involvement of patient 
data. We followed the TRIPOD-LLM guideline for 
reporting [14].

Case selection
We searched for cases of critical illness published after 
December 2023 (the date of DeepSeek-R1’s training) 
using the following method: We conducted a compre-
hensive literature search in PubMed using the combi-
nation of the keywords “case report,” “case,” “diagnosis,” 
“differential diagnosis,” “diagnostic challenge,” “intensive 
care units,” “critical illness,” “multiple organ failure,” “res-
piratory failure,” “shock,” “hypoxia,” “respiratory insuf-
ficiency,” “renal insufficiency,” “dyspnea,” “critical illness,” 
and “clinical reasoning.” We also reviewed similar arti-
cles from relevant journals or publications. Cases that 
were challenging to diagnose and involved a complexity 
of manifestations and processes were included. In the 
absence of objective criteria to define case complex-
ity in the relevant literature, the eligibility of cases was 
determined by consensus between two authors (XW and 
YH). Typical cases that met the eligibility criteria were 
case challenges  from the New England Journal of Medi-
cine  (NEJM). These cases are diagnostic dilemmas and 
have been used for medical education of complex diag-
nostic reasoning. We included recent published cases to 
ensure that the AI model had not been trained on these 
cases beforehand. We excluded cases on management 
reasoning, non-critical cases, and cases without final 
diagnoses, as determined by consensus between two 
authors (XW and YH).

AI model and prompting
We selected DeepSeek-R1, a reasoning model released in 
January 2025 and last trained in December 2023, for the 
present study. The website version was used, with a total 
params of 671B, a maximal token length of 128 K and a 
default temperature of 0.6. Each case’s clinical summary, 
including the patient’s history, physical examination find-
ings, relevant investigation results and clinical course, 
was iteratively transformed into a standard prompt: “Act 
as an attending physician. A summary of the patient’s 
clinical information will be presented, and you will use 
this information to predict the diagnosis. Describe the 
differential diagnoses and the rationale for each, listing 
the most likely diagnosis at the top: [case information].” 
Each case was run in an independent chat session to pre-
vent the model from applying any “learning” to subse-
quent cases. No retrieval-augmented generation (RAG) 
was incorporated in the model search. The prompt was 
developed to encourage the AI model to generate con-
sistent and inclusive responses, using another dataset of 
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cases that were published in 2023 and met our inclusion 
criteria.

Participants and study groups
As residents are most likely to require external diagnostic 
assistance, we recruited critical care medicine residents 
from six tertiary teaching hospitals. All residents were 
blinded to the study design and were unaware that their 
responses would be compared to AI models’ responses. 
They were randomly assigned to either non-AI-assisted 
physician or AI-assisted physician group using stratified 
randomization based on years of critical care experience. 
All participants confirmed no prior exposure to the study 
cases. In the non-AI-assisted physician group, cases were 
randomly allocated to residents who were allowed to use 
traditional resources (PubMed, UpToDate, Medscape, 
etc.). The residents were provided the same descriptions 
that were input into the AI model and were asked to make 
a differential diagnosis list with the most likely diagno-
sis at the top for each case. In the AI-assisted physician 
group, the same cases were allocated randomly to the 
residents, and the residents received both case descrip-
tions and corresponding AI model outputs. Traditional 
resources were also allowed in the AI-assisted physician 
group. Search results were limited to pre-December 2023 
publications when traditional resources were used.

Outcomes
We evaluated the diagnostic accuracy according to top 
diagnosis accuracy and differential quality score (a pre-
viously published ordinal 5-point rating system based on 
accuracy and usefulness. A score of 5 is given for a dif-
ferential including the exact diagnosis; 4: the suggestions 
included something very close, but not exact; 3: the sug-
gestions included something closely related that might 
have been helpful; 2: the suggestions included some-
thing related, but unlikely to be helpful; 0: no suggestions 
were close to the target diagnosis) [15]. DeepSeek-R1’s 
response quality was further evaluated in terms of com-
pleteness (the degree to which the information was 
medically comprehensive and offered broad diagnostic 
possibilities and additional details: 1 = very incomplete; 
2 = incomplete; 3 = moderately complete; 4 = complete; 
5 = very complete), clarity (conciseness of presenta-
tion and overall legibility: 1 = very unclear; 2 = unclear; 
3 = somewhat clear; 4 = clear; 5 = very clear), and useful-
ness (the degree to which the response provided helpful 
and effective decision-critical information: 1 = not use-
ful; 2 = slightly useful; 3 = moderately useful; 4 = useful; 
5 = highly useful) using 5-point Likert scales. The out-
comes were independently assessed by two authors (XW 
and YH), with disagreements resolved by a third author 
(QH). In the assessment of each outcome, a consensus 

score was determined for each case in each condition (AI 
model, non-AI-assisted physicians, and AI-assisted phy-
sicians). Diagnostic time was recorded and analyzed for 
the evaluation of diagnostic efficiency.

We performed a consistency check to assess the relia-
bility of DeepSeek-R1. To assess, 16 cases were randomly 
selected from the included cases and were presented to 
the AI model 3 times in independent conversations. The 
model’s response was considered consistent if it provided 
the same top diagnosis and a similar differential diagno-
sis list for 3 repetitions, while did not introduce or omit 
major information that would affect the response quality. 
The response for each case was assessed by two authors 
(XW and YH) independently, and was considered con-
sistent if both the two authors scored consistent.

Statistical analysis
The top diagnosis accuracy was reported as percent-
ages and analyzed using χ2 test with Bonferroni correc-
tion. Differential quality scores and Likert scores were 
reported using medians and interquartile ranges (IQR). 
Kruskal–Wallis H test was used to determine differences 
in differential quality scores between groups with Dunn’ 
s post-hoc pairwise comparison, and Mann–Whitney 
U test was used to identify difference in diagnostic time 
between groups. The 95% confidence intervals (CI) for 
the top diagnosis accuracy, differential quality scores, 
Likert scores and diagnostic time were calculated. Inter-
rater reliability was evaluated using intraclass correlation 
coefficient (ICC) calculated by a mean-rating, absolute 
agreement, two-way mixed-effects model. A p value 
of < 0.05 was considered statistically significant. Analyses 
and visualizations used Python 3.12 (SciPy 1.13.0, numpy 
2.1.3, pandas 2.2.1, matplotlib 3.8.3, seaborn 0.13.2, 
pingouin 0.5.4).

Results
A total of 48 cases were included in the study, the final 
included cases were published in the NEJM, Mayo Clinic 
Proceedings, CHEST, Neurology et  al. These selected 
cases were characterized by their diagnostic complexity 
and clinical relevance. Thirty-two critical care residents 
were recruited, with 16 residents assigned to each group. 
Each resident handled an average of 3 cases, with a maxi-
mum of 5 and minimum of 1. Participants’ critical care 
experience (beyond trainee) ranged from 1 to 3 years.

A representative example of AI-generated response 
and differential diagnoses from each group is shown in 
Table 1. DeepSeek-R1 demonstrated strong performance 
across completeness, clarity, and usefulness, with median 
Likert scores of 4.0 (IQR 4.0–5.0; 95% CI 4.0–4.5), 5.0 
(IQR 4.0–5.0; 95% CI 4.5–5.0), and 5.0 (IQR 4.0–5.0; 95% 
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CI 4.0–5.0), respectively (Fig. 1). The AI model’s median 
response time was 48 s (IQR 39–57; 95% CI 45–50).

DeepSeek-R1 achieved 60% (29/48; 95% CI 0.456–
0.729) top diagnosis accuracy, including the final diag-
nosis in its differential for 68% (33/48) of cases, and the 
median differential quality score was 5.0 (IQR 4.0–5.0; 
95% CI 4.5–5.0) (Table  2). Without AI assistance, the 
residents’ top diagnoses agreed with final diagnoses 
in 27% (13/48; 95% CI 0.146–0.396) of cases, and the 
median differential quality score was 3.0 (IQR 0–5.0; 
95% CI 2.0–4.0) (Table 2). DeepSeek-R1 demonstrated 
a significantly higher diagnostic accuracy compared 
with the residents. With AI assistance, the residents’ 
top diagnosis accuracy improved to 58% (28/48; 95% 
CI 0.438–0.729), while their median differential qual-
ity score improved to 5.0 (IQR 3.0–5.0; 95% CI 3.0–5.0), 
showing the AI model’s significant enhancement of the 
residents’ diagnostic accuracy (Table 2). No significant 

difference was found in diagnostic accuracy between 
DeepSeek-R1 and AI-assisted residents (Table  2). 
The two primary scorers (XW and YH) demonstrated 
excellent interrater reliability for differential quality 
scores (ICC, 0.960; 95% CI 0.946–0.971), and moder-
ate reliability for Likert scores of completeness (ICC, 
0.679; 95% CI 0.496–0.804), clarity (ICC, 0.640; 95% 
CI 0.442–0.778) and usefulness (ICC, 0.565; 95% CI 
0.343–0.728), respectively. In the assessment of consist-
ency of the DeepSeek-R1, 13 out of 16 responses were 
graded consistent, demonstrating the reliability of the 
AI model with the standard prompt.

Furthermore, the residents’ median diagnostic time 
decreased significantly from 1920  s (IQR 1320–2640; 
95% CI 1710–2370) to 972  s (IQR 570–1320; 95% CI 
675–1200) with AI assistance (p = 0.000001).

Fig. 1  Completeness, clarity, usefulness ratings for DeepSeek-R1’s responses to cases. Bar charts were shown for the final consensus ratings by 3 
evaluators using 5-point Likert scores. A The completeness rating was shown. B The clarity rating was shown. C The usefulness rating was shown

Table 2  Comparisons of top diagnostic accuracy and differential quality score between groups

AI Artificial intelligence, IQR Interquartile ranges, CI Confidence interval
a p values for top diagnosis accuracy were calculated using Chi-square test, with Bonferroni-corrected pairwise comparisons, p values for differential quality score were 
obtained from Kruskal–Wallis H test, followed by Dunn’ s post-hoc tests with Bonferroni adjustment
b This refers to comparisons among the three groups

DeepSeek-R1 Non-AI-assisted 
physicians

AI-assisted 
physicians

p valuea

Overallb DeepSeek-R1 versus 
non-AI-assisted 
physicians

Non-AI-assisted 
physicians versus 
AI-assisted physicians

Top diagnosis 
accuracy (% 
(n/N, 95% CI))

60 (29/48, 0.456–0.729) 27 (13/48, 0.146–
0.396)

58 (28/48, 0.438–
0.729)

0.001 0.003 0.006

Differential 
quality score 
(median (IQR, 
95% CI))

5.0 (4.0–5.0, 4.5–5.0) 3.0 (0–5.0, 2.0–4.0) 5.0 (3.0–5.0, 3.0–5.0) 0.004 0.005 0.036
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Discussion
In the present study, we assessed the diagnostic perfor-
mance of a reasoning model, DeepSeek-R1, on challeng-
ing diagnostic dilemmas in critical illness. Furthermore, 
we prospectively evaluated the effects of DeepSeek-R1’s 
assistance on improving the diagnostic accuracy and effi-
ciency of critical care residents in such complex cases 
using a randomized design. Our findings demonstrate 
that for differential diagnosis of complex cases in criti-
cal care, DeepSeek-R1 can generate complete, clear, and 
clinically useful information, achieve reasonable accu-
racy, and improve critical care residents’ diagnostic accu-
racy and efficiency.

Recent cross-sectional studies have shown that LLMs 
such as ChatGPT-4 and Google Bard could generate 
quality and empathetic responses to patient questions 
from either public online resources or physician-devel-
oped medical queries in various specialties such as oph-
thalmology, oncology and anesthesia, with performance 
comparable to physician responses [4–6, 16]. In the con-
text of diagnostic tasks, recent studies have demonstrated 
comparable diagnostic performance for LLMs in cases 
involving retina, glaucoma, neurodegenerative disorders 
and general internal medicine [6, 17–19]. In the context 
of treatment tasks, a recent study has demonstrated the 
potential of AI models, including ChatGPT-4o, Gemini 
2.0 and DeepSeek V3, to align with expert surgical rec-
ommendations for surgical diseases [20]. However, the 
urgency and complexity in these settings are far from 
comparable to clinical practice in ICUs. To the best of 
our knowledge, no prospective studies evaluating the 
effects of LLM assistance on diagnostic accuracy and effi-
ciency have been reported in the literature. In the present 
study, all included cases represented challenging diag-
nostic dilemmas in ICUs, and the recruited physicians 
were critical care residents who face critically ill patients 
upon ICU admission and manage these particularly com-
plex challenges initially without multidisciplinary team 
consultation. These study settings are more likely to cap-
ture the complexity of real-world critical care scenarios. 
Moreover, our randomized design enabled direct com-
parison of residents’ diagnostic performance with versus 
without AI assistance under identical conditions. There-
fore, our findings provide evidence with higher qual-
ity for the potential benefits of reasoning AI models as 
promising tools to assist critical care residents in making 
accurate and efficient diagnoses for complex critical ill-
ness cases.

In the present study, traditional online resources such 
as PubMed and UpToDate were permitted in both non-
AI-assisted physician and AI-assisted physician groups. 
When comparing AI performance with that of human 

physicians, prior studies often allowed physicians to 
obtain answers without using references. However, in 
contemporary practice, traditional online tools have 
become basic daily adjuncts [21]. Therefore, evaluat-
ing the AI model’s benefits under these conditions is 
warranted. Our study demonstrated that when tradi-
tional tools were available to both groups, the AI model 
improved diagnostic accuracy and significantly reduced 
diagnostic time, suggesting that reasoning AI models 
may serve as highly beneficial tools beyond traditional 
resources for differential diagnosis of complex cases.

In this study, the AI model outperformed human phy-
sicians in diagnostic accuracy. In addition to generating 
accurate differential diagnoses, the AI model provided 
comprehensive, clear, and clinically useful responses. 
DeepSeek-R1, a recently released advanced reasoning 
LLM, was selected for this study. Recent studies have 
shown a growing interest in leveraging LLM tools in 
clinical settings. ChatGPT, Google Bard/Gemini and 
Meta Llama accounted for the majority of the evalua-
tions, however, studies evaluating the performance of 
reasoning models in clinical medicine are lacking [22]. 
In the present study, DeepSeek-R1 demonstrated diag-
nostic capabilities superior to those of AI models (e.g., 
ChatGPT-3.5, ChatGPT-4, and Google Bard) in prior 
studies that also evaluated LLMs’ accuracy in complex 
diagnostic challenges [17, 20]. DeepSeek-R1 employs 
a reinforcement learning-based pretraining approach, 
enabling advanced reasoning development, including its 
self-reflection capability, which enables autonomous veri-
fication and optimization of logical reasoning, thereby 
enhancing performance on complex tasks [13]. These 
features may prove particularly valuable for complex clin-
ical queries. Similarly, a recently developed phenotype-
based natural language-processing model was shown to 
be more accurate in the diagnosis of rare diseases than 
physician experts [23]. Furthermore, as an entirely open-
source model, DeepSeek-R1 is particularly advantageous 
for resource-limited healthcare settings, including ICUs, 
where free and adaptable solutions are required.

A key challenge in applying LLMs to healthcare is their 
tendency to generate “hallucinations” [24, 25]. LLMs may 
confidently produce misinformation or exhibit cognitive 
biases, underscoring the risks of unsupervised reliance 
on these tools [11, 26, 27]. In our study, we employed 
the AI model as an adjunct for critical care residents. 
Although the AI model achieved higher diagnostic accu-
racy than clinicians in this study, its role as an assistive 
tool—rather than a standalone decision-maker—may 
help mitigate hallucination-related risks in clinical prac-
tice. However, this approach also introduces its own chal-
lenge. When human physicians apply the model’s output 
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as one cue within their broader judgment processes 
and identify too many exceptions to the model’s output, 
human-AI collaboration can sometimes result in subop-
timal outcomes [28]. A recent study highlighted the het-
erogeneity of the effects of human-AI collaboration, the 
performance of human-AI collaboration loss when AI 
outperformed humans alone, and in tasks that involved 
making decisions [29]. These scenarios resembled those 
in the present study, wherein the AI model showed a 
higher top diagnosis accuracy compared to AI-assisted 
physicians (no significant difference) when outperformed 
standalone human physicians. Thus, future researches 
are recommended to explore for promising ways for 
improving human-AI collaboration.

Our study has several limitations. First, diagnostic 
accuracy heavily depends on the quality and specific-
ity of clinical information [30], and all clinical data were 
provided by researchers. Potential subjectivity in out-
come measures and the exclusion of certain diagnostic 
data (e.g., medical images) may lead to inconsistency to 
clinical practice. Additionally, in the present study, the 
completeness and accuracy of information entered into 
the AI chatbot serves as the basis of what the AI chat-
bot would use to assist with diagnosis. However, in 
clinical practice, case information gathered from his-
tory taking, physical examination, or other activities 
might be incomplete or incorrect. Second, AI responses 
were generated using standardized prompts and deliv-
ered by researchers, diverging from real-world scenarios 
where physicians interact dynamically with AI via per-
sonal devices. Third, all participants were critical care 
residents; no participants with differing training levels 
(e.g., attending physicians) were included. Diagnostic 
performance with AI assistance may vary across train-
ing levels. Fourth, we did not evaluate other reasoning 
models (e.g., ChatGPT-4, ChatGPT-o1 and DeepSeek 
V3), which may differ in accuracy and clinical utility 
compared to DeepSeek-R1. Noteworthy, the findings of 
recent benchmark studies evaluating the diagnostic per-
formance of LLMs demonstrated that reasoning models 
such as DeepSeek-R1 and ChatGPT-o1 exhibited clearly 
superior performance compared to GPT-4 and GPT-3.5, 
and DeepSeek-R1 performed non-inferiorly compared to 
proprietary reasoning models such as ChatGPT-o1 and 
superiorly compared to another proprietary reasoning 
model, Gem2FTE [31, 32]. These findings highlight the 
potential of DeepSeek-R1 in clinical decision-making in 
the diagnostic context. Finally, assuming a power of 0.8 
and an alpha of 0.05, a sample size of 35 was required for 
the comparisons of diagnostic performance between AI 
model and non-AI-assisted physicians and between AI-
assisted physicians and non-AI-assisted physicians. How-
ever, in order to draw meaningful comparisons between 

AI model and AI-assisted physicians, a sample size of 227 
was required for appropriateness. The sample size of this 
study is rather small for comparing diagnostic perfor-
mance between AI model and AI-assisted physicians.

Conclusions
Above all, our findings suggest that reasoning mod-
els, such as DeepSeek-R1, are promising assistive tools 
for critical care residents facing challenging differen-
tial diagnoses. These findings warrant further research 
with larger sample sizes to evaluate the clinical adoption 
potential of reasoning models in real-world critical care 
decision-making.
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