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Purpose: Timely identification of comorbidities is critical in sleep medicine, where large language models (LLMs) like ChatGPT are 
currently emerging as transformative tools. Here, we investigate whether the novel LLM ChatGPT o1 preview can identify individual 
health risks or potentially existing comorbidities from the medical data of fictitious sleep medicine patients.
Methods: We conducted a simulation-based study using 30 fictitious patients, designed to represent realistic variations in demo-
graphic and clinical parameters commonly seen in sleep medicine. Each profile included personal data (eg, body mass index, smoking 
status, drinking habits), blood pressure, and routine blood test results, along with a predefined sleep medicine diagnosis. Each patient 
profile was evaluated independently by the LLM and a sleep medicine specialist (SMS) for identification of potential comorbidities or 
individual health risks. Their recommendations were compared for concordance across lifestyle changes and further medical measures.
Results: The LLM achieved high concordance with the SMS for lifestyle modification recommendations, including 100% concor-
dance on smoking cessation (κ = 1; p < 0.001), 97% on alcohol reduction (κ = 0.92; p < 0.001) and endocrinological examination (κ = 
0.92; p < 0.001) or 93% on weight loss (κ = 0.86; p < 0.001). However, it exhibited a tendency to over-recommend further medical 
measures (particularly 57% concordance for cardiological examination (κ = 0.08; p = 0.28) and 33% for gastrointestinal examination 
(κ = 0.1; p = 0.22)) compared to the SMS.
Conclusion: Despite the obvious limitation of using fictitious data, the findings suggest that LLMs like ChatGPT have the potential to 
complement clinical workflows in sleep medicine by identifying individual health risks and comorbidities. As LLMs continue to 
evolve, their integration into healthcare could redefine the approach to patient evaluation and risk stratification. Future research should 
contextualize the findings within broader clinical applications ideally testing locally run LLMs meeting data protection requirements.
Keywords: ChatGPT, large language model, obstructive sleep apnea, comorbidities, health risk

Introduction
The rising prevalence of sleep-related breathing disorders, such as obstructive sleep apnea, and their strong association with 
serious comorbidities necessitate innovative diagnostic tools to support timely diagnosis and risk assessment. Obstructive sleep 
apnea is the most common type of sleep-related breathing disorder with its characteristic collapses of the upper airways during 
sleep, which usually lead to daytime sleepiness and fatigue.1 Obesity, especially an elevated body mass index, is the strongest risk 
factor for obstructive sleep apnea.2 Regardless of body habitus, adverse lifestyle habits such as smoking and alcohol consumption 
have also been associated with heightened risk for obstructive sleep apnea.3,4 Conversely, the presence of obstructive sleep apnea 
has been linked to several serious and clinically relevant comorbidities: not only is there an association with an increased risk of 
hypertension,5 but patients with obstructive sleep apnea are also at risk for coronary heart disease,6,7 impaired glycemic control 
and type 2 diabetes,8,9 as well as dyslipidemia10 and non-alcoholic fatty liver disease.11,12 Therefore, obstructive sleep apnea and 
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its many adverse associated comorbidities have been recognized as a significant public health concern making early identification 
and intervention crucial for improving patient outcomes and reducing healthcare costs.

The increasing adoption of electronic patient records (EPRs) has fundamentally changed the availability and 
accessibility of patient data.13 This influx of detailed patient information, while valuable, can overwhelm 
healthcare providers and contribute to the demand for medical evaluations as more patients present with flagged 
conditions or detailed histories. In this context, large language models (LLMs) like ChatGPT have garnered 
significant attention for their potential to transform clinical workflows through rapid and reliable data 
interpretation.14 Their ability to process vast amounts of data and generate human-like responses presents 
opportunities for applications in sleep medicine.15 However, these models are not without limitations. One 
major concern is their tendency to “hallucinate”-confidently presenting misinformation in areas where they lack 
adequate knowledge. To address this limitation, a new form of ChatGPT called “o1 preview” provides a reasoning 
mechanism for more reliable responses.16 Moreover, LLMs providing medical device like output need to meet 
subsequent regulations.17 The Medical Device Regulation (MDR) (EU) 2017/745 defines requirements for risk 
classification, clinical evaluation, and post-market surveillance for technologies that influence patient management 
or outcome in the European Union.18 At the same time, the Food and Drug Administration (FDA) applies its own 
framework for software as a medical device, requiring premarket submissions, ongoing monitoring, and labeling 
requirements for software performing clinical decision support in the United States (FDA 2022).19 Further 
legislation as the recently passed EU AI Act considers healthcare settings as high-risk scenarios (EU AI Act).20 

Despite these challenges, the use of LLMs in medical practice has expanded rapidly, with over 4700 ChatGPT- 
related publications on PubMed since its launch in late 2022. Notably, their role in sleep medicine, particularly for 
identifying comorbidities and health risks, remains un (der) explored.

Evaluating LLMs as a diagnostic tool coincides with the urgent need for innovative approaches in sleep 
medicine, particularly as the global prevalence of sleep-related breathing disorders, such as obstructive sleep 
apnea, continues to rise.21,22 Especially in areas where medical professionals (eg sleep medicine specialists, 
SMS) are scarce, LLMs have the potential to perform preliminary evaluation of polysomnographic results.15 The 
application of artificial intelligence (AI) in the field of sleep medicine is not entirely new as automate sleep 
study scoring was one of the earliest and most promising use cases.23 Beyond that, the potential applications of 
AI in the field of sleep medicine are versatile, primarily due to the wealth of structured digital polysomnographic 
data: AI has been proposed to enable early detection, personalized treatment and improved management of sleep 
disorders, AI provides opportunities for advanced research using big data, and AI offers potential to detect early 
markers of neurodegenerative disorders linked to sleep abnormalities.24 In this context, LLMs like ChatGPT 
enhance these capabilities further through complex algorithms that learn and improve from the provided data 
over time.

Due to the high incidence of obstructive sleep apnea with serious comorbidities, SMSs screen for these and other 
individual health risks, usually at the time of first polysomnography. This approach is considered complex, as it 
requires multidisciplinary clinical expertise (eg a fundamental knowledge of obstructive sleep apnea-associated 
comorbidities) and the necessity to appropriately assess personalized data based on an individual patient (risk) 
profile. As a support, SMSs most commonly use standardized questionnaires, the results of routine blood tests and 
clinical measurements (eg blood pressure values) besides polysomnographic results to complete this important but 
time-consuming task. At the time of this study, the potential of LLMs to support SMSs in this context remained 
uncertain. Consequently, this gap was addressed in this study by systematically evaluating the ChatGPT o1 
preview’s ability to detect comorbidities and health risks from fictitious patient data. Due to the obvious data 
protection constraints of web-based LLMs, the use of real-world patient data was not an option, possibly limiting the 
generalizability of the study. By using a simulation-based approach with fictitious patient profiles, we compare 
ChatGPT o1 preview’s performance with that of an SMS, offering insights into its potential and limitations as 
a diagnostic support tool in sleep medicine.

https://doi.org/10.2147/NSS.S510254                                                                                                                                                                                                                                                                                                                                                                                                                                                                  Nature and Science of Sleep 2025:17 678

Seifen et al                                                                                                                                                                    

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Materials and Methods
Patient Profile Creation
To address the objective of this study, a broad spectrum of fictitious profiles of patients (N = 30), who presented to a sleep 
laboratory for the first-time polysomnography, were constructed by experienced sleep medicine specialists. In an initial 
step, the following personal data were defined for each of the 30 fictitious sleep medicine patients:

● age,
● sex,
● weight,
● height,
● body mass index,
● waist circumference,
● smoking status,
● alcohol consumption,
● blood pressure,
● GPT (glutamate pyruvate transaminase) level,
● GOT (glutamate oxaloacetate transaminase) level,
● GGT (gamma-glutamyl transferase) level,
● triglyceride level,
● total cholesterol level,
● HDL (high-density lipoprotein) level,
● LDL (low-density lipoprotein) level,
● hemoglobin A1c (HbA1c),
● apnea hypopnea index, and
● sleep medicine diagnosis.

The parameters listed above correspond to the standard clinical practice of the institute’s own sleep medicine center, 
applicable to all individual patients at the time of their first polysomnography. The interested reader is referred to a more 
profound review of this topic as further details are beyond the scope of this article.25 Since a previous study showed that 
ChatGPT-4o enables the evaluation of polysomnographic data to make a correct sleep medicine diagnosis and suggest 
a therapy,15 we did not list further detailed polysomnographic parameters in the present study. Instead, we provided the 
final sleep medicine diagnosis (no/mild/moderate/severe obstructive sleep apnea) for all patients. Figure 1 shows the 
template we used to create all fictitious patient profiles.

In a next step, we defined the following general assumptions for all patients to minimize important confounders and 
ensure better comparability in the evaluation:

● the admission to a sleep laboratory was for first-time polysomnography due to clinical symptoms typical of 
obstructive sleep apnea,

● the polysomnography was performed technically correct in an accredited sleep laboratory under the supervision of 
a licensed technician,

● the polysomnography was performed without technical problems and the recording was not interrupted,
● the polysomnography was interpreted by an SMS according to standard guidelines of the American Academy of 

Sleep Medicine (AASM),26

● the patient slept in all positions, with at least 60 minutes of total sleep time in supine position,
● the diagnosis of obstructive sleep apnea was made or the presence of a sleep-related breathing disorder was ruled out,
● a sleep-related breathing disorder other than obstructive sleep apnea was not present (eg central sleep apnea, obesity 

hypoventilation syndrome),
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● personal data (age, sex, weight, height, body mass index, waist circumference, smoking status, alcohol consump-
tion, blood pressure) were collected on the day of admission prior to polysomnography or briefly (<3 months) 
during consultation hour,

● a routine blood sample was taken around 8 AM on an empty stomach the morning after the polysomnography was 
performed,

● there were no known/diagnosed/treated comorbidities in the individual medical history of the patient, and
● no permanent medication was taken.

Then, we predefined a pattern to identify an individual health risk or a potentially existing comorbidity from each of the 
fictitious patient profiles. The predefined pattern consisted of the decision for (“yes”) or against (“no”) the following 
lifestyle changes and further medical measures:

● weight loss,
● quit smoking,
● reduce alcohol consumption,
● cardiological examination (eg by primary care physician or cardiologist) due to one or the combination of the 

following: elevated blood pressure, elevated triglyceride level, elevated total cholesterol level, abnormal associated 
lipoprotein levels,

Figure 1 The template used to create fictitious patient profiles.
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● endocrinological examination (eg by primary care physician or endocrinologist) due to elevated HbA1c, and
● gastroenterological examination (eg by primary care physician, gastroenterologist or hepatologist) due to abnormal 

liver enzyme levels.

Figure 2 shows the template we used to display the predefined pattern for the decision for or against a measure.

Evaluation Process
Subsequently, each fictitious patient profile was interpreted by an SMS according to the above-mentioned general 
assumptions. For every profile, the predefined pattern for the decision for or against a measure in order to identify an 
individual health risk or a potentially existing comorbidity was fully processed.

Then, each fictitious patient profile was passed to the LLM (ChatGPT o1 preview) in order to do the same 
interpretation. Therefore, the prompt as shown in Figure 3 was passed to the LLM together with the patient’s personal 
data, blood sample results, polysomnography results (selection) as shown in Figure 1 and the empty result template as 
shown in Figure 2. In order to avoid bias, the same prompt was used for each patient and the SMSs’ interpretation was 
withheld from the LLM.

Outcome Measures
Concordance between ChatGPT and SMSs was assessed across six predefined measures, including recommendations for 
lifestyle modifications and further medical measures. Agreement was quantified using percentage concordance and 
analyzed for trends in LLM decision-making compared to SMS decision-making. Interrater reliability (ChatGPT vs 
SMS) was proved by Cohen’s Kappa (κ) with p < 0.05 being statistically significant.27 Figure 4 provides a brief summary 
of the study workflow.

All patient profiles with corresponding recommendations as stated by the SMS and the LLM are provided within the 
Supplementary Material.

Figure 2 The template used to display the predefined pattern for the decision for or against a measure in order to identify an individual health risk or a potentially existing 
comorbidity. 
Abbreviations: SMS, sleep medicine specialist; LLM, large language model (ChatGPT o1 preview).
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All fictitious patient profiles were designed using Microsoft Word (Microsoft, Redmond, WA, USA). Graphical 
illustration was performed using Microsoft PowerPoint and Microsoft Excel (Microsoft, Redmond, WA, USA). Statistical 
analysis was performed using SPSS 27 (IBM, Armonk, NY, USA).

Ethical Statement
There is no need for any specific ethical approval in this kind of studies not involving patients, animals or cells. All 
patient data used in this study are fictitious. They do not correspond to the actual patient data of our or any third-party 
clinic. All right, title, and interest, if any, in and to output are assigned to the customer by ChatGPT (Open AI, San 
Francisco, United States) (see terms of use: ownership of content: https://openai.com/policies/row-terms-of-use/). All 
involved sleep medicine specialists are mentioned authors.

Figure 3 Prompt was passed to the large language model (LLM) ChatGPT o1 preview.

Figure 4 A brief summary of the study workflow.
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Results
The study evaluated concordance between the LLM and the SMS in identifying comorbidities and recommending further 
medical measures across 30 fictitious patient profiles. Overall, the LLM and the SMS showed 39.7% agreement (143/360 
recommendations) in their evaluations.

Lifestyle Modifications
The LLM demonstrated high concordance with the SMS for lifestyle modification recommendations, achieving 100% 
agreement for smoking cessation (30/30 cases; κ = 1; p < 0.001) and 96.7% for alcohol reduction (29/30 cases; κ = 0.92; 
p < 0.001). Concordance for weight loss recommendations was similarly high at 93.3% (28/30 cases; κ = 0.86; p < 0.001).

Further Medical Examinations
Discrepancies were more pronounced in recommendations for further medical measures. The LLM recommended further 
cardiological examination in 96.7% (29/30 cases) compared to 53.3% by the SMS (16/30 cases). Similarly, further 
gastroenterological examination was suggested in 83.3% by the LLM (25/30 cases) versus 20.0% by the SMS (6/30 
cases). Despite these differences, there was 96.7% agreement for further endocrinological examination (29/30 cases; κ = 
0.93; p < 0.01), 56.7% agreement for further cardiological examination (17/30 cases; κ = 0.08; p = 0.28) and 33.3% for 
further gastroenterological examination (10/30 cases; κ = 0.1; p = 0.22). All individual recommendations provided for 
each of the 30 fictitious patients by the SMS and the LLM are shown in Figure 5.

Trends in Large Language Model Recommendations
The LLM tended to adopt a more conservative approach, frequently recommending a further medical measure even when 
the SMS deemed them unnecessary. This over-recommendation was observed in 35 instances (9.7%), particularly for 

Figure 5 Recommendations as stated by the sleep medicine specialists (SMS) and the large language model (LLM) ChatGPT o1 preview for each of the 30 fictitious sleep 
medicine patients.
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cardiological and gastroenterological referrals. Conversely, there was only one instance where the SMS recommended 
a further medical measure but the LLM did not (endocrinological examination for patient 5). The concordance in 
recommendations for each patient between SMS and LLM is visualized in Figure 6.

Discussion
Studies addressing the use of LLMs as a tool to help identify individual health risks or potentially existing comorbidities in 
sleep medicine patients have been lacking. This study demonstrates the potential of the LLM ChatGPT o1 preview as 
a complementary tool for identifying comorbidities and health risks in sleep medicine patients. The model exhibited high 
concordance with sleep medicine specialists (SMSs) for lifestyle modification recommendations, including smoking cessation 
and alcohol reduction. However, its tendency to over-recommend further medical evaluations, particularly cardiological and 
gastroenterological examinations, highlights both opportunities and challenges for its integration into clinical workflows.

The present data show a high agreement between the tested LLM and the SMS with the highest concordance for the 
recommendation to quit smoking and to lose weight. In contrast, the lowest level of agreement was detected for the 
recommendation for further cardiological examination and gastroenterological examination. This disagreement results 
from the fact that the LLM recommended further examination much more frequently than the SMS. For example, the 

Figure 6 Concordance between the recommendations of the sleep medicine specialist (SMS) and the large language model (LLM) ChatGPT o1 preview for further medical 
measures in each of the 30 fictitious sleep medicine patients.
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LLM advised further cardiological examination in 96.7% (29/30 cases) and gastroenterological examination in 83.3% 
(25/30 cases), while the SMS recommended these measures in 53.3% (16/30 cases) and 20.0% (6/30 cases), respectively. 
Furthermore, we found 35 (35/360=9.7%) constellations of disagreement in which the LLM recommended an additional 
measure, and the SMS did not. Yet, there was only one (1/360=0.3%) constellation in which the SMS recommended an 
additional measure, but the LLM did not. We initially assumed that this might be explained by different norm values used 
by the SMS and the LLM. Therefore, we added internal normal values to the prompt and repeated the entire interpreta-
tion for each patient. However, this procedure showed little impact on the results (data not shown). Thus, it can be 
assumed that the LLM does tend to be more conservative than the SMS in recommending more investigations. This 
might have been further reinforced by the “reasoning” function of the latest version of ChatGPT. The LLM therefore 
demonstrates significant limitations in this study due to their inherently protective and data-restricted nature. For both the 
patient and the healthcare system, over-treatment is a relevant burden. While unnecessary examinations may cause stress 
and set patients at undue risk, they are also expensive. However, more advanced and precise reasoning mechanisms 
might reduce LLMs’ tendency to “over-recommend” in the future.

Despite the proneness of ChatGPT o1 preview to be conservative, the level of agreement still points to it being 
a useful tool in the assessment of patients. Growing evidence supports an independent association of obstructive sleep 
apnea with a wide range of comorbidities, including cardiovascular and metabolic.28,29 Therefore, SMSs are faced with 
the complex task of correctly identifying individual health risks or undiagnosed comorbidities, naming them as such, 
communicating them and advising patients accordingly, where LLMs could assist. More specifically, special attention 
needs to be paid to those patients who are considered healthy or where no comorbidities are known until their first 
polysomnography. For the individual patient, the timely screening for sleep-related breathing disorders, such as 
obstructive sleep apnea, and associated comorbidities helps to improve and, in some cases, slow the progression of 
these disorders.30 In addition to individual health benefits, it is in the economic interest of healthcare systems worldwide 
to diagnose and treat sleep-related breathing disorders and its associated comorbidities in a timely manner.31

There are several limitations to this study. First, the presented results are based on fictitious (and not real-world) patient 
data. This measure could have influenced the presented results individually but was necessary due to (local) data protection 
aspects to protect patient rights. Second, strict general assumptions were defined to enable the stringent interpretation by the 
LLM establishing the comparability of the results to those of the SMS. We recognize that such general assumptions only apply 
to a fraction of sleep medicine patients. Third, one of the general assumptions was that only a diagnosis of obstructive sleep 
apnea was considered unless a sleep-related breathing disorder has been ruled out. This neglects the relevant patient group 
with central sleep apnea, which also often has its own characteristic comorbidity profile.32 Fourth, we considered only 
a predefined pattern for the decision for or against a further medical measure to identify an individual health risk or 
a potentially existing comorbidity. With no room for comments, the advising of individual patients is limited. Fifth, the 
data within this study was made available to the LLM in a pre-sorted format. In everyday clinical practice, LLMs could face 
the challenge of filtering appropriate data from a larger amount. This could limit the transfer of the results of this study to 
clinical reality. Sixth, as a rule, comorbidity profiles in sleep medicine patients are less “black or white” as presented in this 
study but typically with higher complexity. Seventh, while LLMs can access and process medical information, they 
fundamentally lack the capacity for direct personal interaction and nuanced clinical judgment. The experience-based, 
interpersonal interpretation by SMSs, which involves assessing individual health risks and potential comorbidities beyond 
raw data, currently remains irreplaceable by LLM technologies. Eighth, no subgroup analysis was conducted in order to 
enhance the understanding of the LLMs’ generalizability. In addition, the current study did not apply interpretive methods 
such as SHAP (Shapley Additive Explanations) or LIME (Local Interpretable Model-Agnostic Explanations) to shed light into 
understanding the decision-making of ChatGPT.33

Accepting these limitations, this is the first study that demonstrates the potential use of the LLM ChatGPT o1 preview 
as a helpful tool in the identification of health risks and potential existing comorbidities in sleep medicine patients. In the 
field of sleep medicine, the use of LLMs has significant potential for organizing and evaluating large amounts of data. 
LLMs show particular promise in addressing serious comorbidities associated with sleep-related breathing disorders. By 
systematically identifying and flagging individual health risks, early detection of unrecognized comorbidities and 
appropriate additional medical evaluations can be recommended.
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As AI applications in sleep medicine evolve, it is critical to consider ethical and legal considerations, particularly to 
prevent the accentuation of inequalities in healthcare such as sex disparities in evaluating sleep disorders.24 The AASM 
emphasizes the need for diverse training datasets, transparency from manufacturers and thorough testing of AI tools to ensure 
they are effective and equitable.23 In addition, there is a need to establish robust guidelines for machine learning methods to 
ensure reliability and facilitate the responsible integration of AI into clinical practice for the management of sleep disorders.

Legal and safety aspects of AI are increasingly discussed.17 New legislation and guidelines such as the EU AI Act or 
the FDAs “Policy for Device Software Functions and Mobile Medical Applications” show the legislator’s efforts to 
regulate risks and liability issues in AI.19,20 Beyond regulatory and security concerns ethical considerations mainly 
include patients’ perception of AI in healthcare. Here, recent studies showed patients reservation towards AI in medical 
applications even when AI-generated content is medically supervised.34,35 From our perspective, deploying AI technol-
ogies such as LLMs in medical practice necessitates patients’ acceptance in the first place. In our view, the best way to 
encounter skepticism is through education and training. Therefore, a profound AI education and training for both medical 
staff and patients is crucial for clinical implementation. Understanding the capabilities, but also the limitations of AI, can 
promote critical questioning among medical staff, thereby enhancing safety and ultimately increasing acceptance among 
patients.36 This aspect underscores the importance of the presented data providing a better understanding of LLMs 
potential for clinical application as well as the ultimate need for further investigation of LLMs performance and security.

Future studies should aim to confirm/validate the presented results, at best with real-world patient data from routine 
sleep medicine practice in larger collectives while respecting the confidentiality of personal data and taking into account 
the limitations mentioned above. In addition, an interesting prospective research approach would be to find out whether 
the recommendation for a further medical measure by the SMS or the LLM was correct. Further, detailed subgroup 
analysis across diverse patient characteristics should be a matter of future approaches to enhance the understanding of the 
LLMs’ generalizability, ideally including interpretability methods such as SHAP or LIME.

Conclusion
In the interpretation of sleep medicine data, there is a high level of agreement between the LLM ChatGPT o1 preview 
and the SMS regarding the identification of individual health risks and potentially existing comorbidities. Despite the 
reliance on fictitious data and the lack of external validation within this pilot study, LLMs could offer potential as 
a useful tool in daily sleep medicine practice to prevent or recognize unknown comorbidities. However, its tendency to 
over-recommend evaluations highlights the need for further validation with real-world data and clinician oversight to 
improve generalizability before clinical integration. As LLMs continue to evolve, their clinical integration into healthcare 
could redefine the approach to patient evaluation and risk stratification.
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