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Large language model chatbots such as ChatGPT have shown the potential in assisting health 
professionals in emergency departments (EDs). However, the diagnostic accuracy of newer ChatGPT 
models remains unclear. This retrospective study evaluated the diagnostic performance of various 
ChatGPT models—including GPT-3.5, GPT-4, GPT-4o, and o1 series—in predicting diagnoses for ED 
patients (n = 30) and examined the impact of explicitly invoking reasoning (thoughts). Earlier models, 
such as GPT-3.5, demonstrated high accuracy for top-three differential diagnoses (80.0% in accuracy) 
but underperformed in identifying leading diagnoses (47.8%) compared to newer models such as 
chatgpt-4o-latest (60%, p < 0.01) and o1-preview (60%, p < 0.01). Asking for thoughts to be provided 
significantly enhanced the performance on predicting leading diagnosis for 4o models such as 4o-
2024-0513 (from 45.6 to 56.7%; p = 0.03) and 4o-mini-2024-07-18 (from 54.4 to 60.0%; p = 0.04) but had 
minimal impact on o1-mini and o1-preview. In challenging cases, such as pneumonia without fever, all 
models generally failed to predict the correct diagnosis, indicating atypical presentations as a major 
limitation for ED application of current ChatGPT models.
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Application of AI in medicine has shown great promise in advancing healthcare outcomes. As of Feb 2025, the 
United States Food and Drug Administration has approved 1,016 artificial intelligence and machine learning-
enabled medical devices spanning 17 specialties, including cardiovascular, gastroenterology and radiology1. 
Moreover, a recent review of randomized controlled trials on AI interventions found that 81% of the trials reported 
positive improvements in their primary endpoints2. Along with these encouraging advancements, the recent 
emergence of generative AI models, including large language models (LLMs), has created new opportunities 
to enhance patient care particularly in high-pressure environments such as emergency departments (EDs). On 
one hand, generative AI models enhanced with domain-specific knowledge excel in various medical tasks, as 
seen with PathChat for pathology analysis3, Flamingo-CXR for chest radiographs4, and Med-Gemini for general 
medical inquiries5. On the other hand, LLMs trained without discipline-specific restrictions also demonstrate 
strong performance in handling specialized tasks, including those commonly encountered in emergency 
medicine. For instance, ChatGPT achieves diagnostic performance comparable to healthcare professionals6,7. 
This chatbot, along with its competitor Gemini (formerly known as Bard), also demonstrates modest accuracy 
in triaging patients based on severity8–14. Similarly, case studies highlight ChatGPT’s ability to guide patients 
in determining whether to seek urgent care based on symptoms15. However, ChatGPT often errs on the side 
of caution, over-recommending emergent care visits16 and over-prescribing interventions17. All the studies 
demonstrate the promise of ChatGPT in facilitating patient care in EDs yet also underscore limitations and 
challenges for future model refinements.

The field of LLM-based chatbots is evolving rapidly18. Since its launch in December 2022, ChatGPT has 
undergone multiple significant updates, including the GPT-3.5, GPT-4, GPT-4o, and o1 models. Much of 
the existing research on chatbots in EDs is based on earlier iterations, such as GPT-3.5 and GPT-4. Beyond 
architectural improvements, updates to training datasets also influence model performance. These developments 
raise critical questions about how successive model iterations influence diagnostic accuracy, a topic not yet 
explored in ED visits. This retrospective study addressed these gaps by evaluating the diagnostic performance of 
various ChatGPT models on ED diagnostic tasks, using a previously published dataset derived from real-word, 
de-identified patient data6.
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Materials and methods
Benchmark dataset
The dataset from Ten Berg et al.6, comprising 30 patient cases, was utilized to evaluate the diagnostic performance 
of different ChatGPT models in ED settings. Each patient case included a single confirmed discharge diagnosis, 
which served as the ground truth for evaluation. The input to the ChatGPT models consisted of physician note, 
which captures information typically available at the time of initial ED presentation. These notes included 
details such as signs and symptoms, medical history, and physical examination findings. To reflect data typically 
available at the time of initial presentation, laboratory results were excluded. The cases were indexed as case 1 to 
case 30 the same as in the previous publication6.

GPT models and testing protocol
We included all GPT models where Application Programming Interface (API) access was available at the time 
of experiments (September 2024). The GPT-3.5 series included gpt_3.5_turbo_1106 and gpt_3.5_turbo_0125, 
though their web versions are no longer accessible. The GPT-4 series included gpt_4_0314, gpt_4_0613, 
gpt_4_1106_preview, gpt_4_0125_preview, and gpt_4_turbo_2024_04_09. The 4o series included 4o_
mini_2024_07_18, 4o_2024_05_13, 4o_2024_08_06, and chatgpt_4o_latest. The o1 series included o1-mini and 
o1-preview. A summary of all the models is shown in Table 1. All models were accessed through the API, with 
the temperature parameter set at 0.7 to mimic web-based usage condition, which balances reproducibility (lower 
temperature) and exploratory reasoning (higher temperature).

Two testing modes were implemented. In mode 1, GPT models were prompted to generate and rank the top 
three differential diagnoses without disclosing reasoning process. In mode 2, the GPT models were prompted 
to provide both differential diagnoses and thoughts for the reasoning. The performance of the models in these 
two modes was compared to assess whether asking for thoughts improved diagnostic accuracy or not. Each 
patient case was presented to each model three times via API. Diagnostic performance was measured based on 
two metrics: (1) the % of inclusion of the correct diagnosis within the top-three differential diagnoses (cases 
with correct diagnosis in top three / total cases) and (2) the % of identification of the correct diagnosis as the 
leading diagnosis (cases with correct diagnosis ranked first / total cases). Detailed prompts used for these tests 
are provided in Supplementary Table S1.

To determine accuracy, we used keyword matching while also considering synonyms. For example, if the 
correct diagnosis is renal colic, responses such as ureterolithiasis or renal stone were also considered correct. 
Due to the binary nature of keyword matching, multiple raters were not required. This approach aligns with the 
previous work6, where we sourced the dataset.

Ablation test
During the evaluation, GPT models generally failed to include pneumonia as a diagnosis for three specific cases 
(case 1, case 26, and case 28; Supplementary Table S2). Further inspection revealed that the corresponding 
physician notes stated no fever and no chills, whereas pneumonia typically presents with a high fever. To 
determine whether the lack of high fever influences GPT’s pneumonia diagnosis and to assess whether 
modifying these inputs could improve diagnostic outcomes, an ablation test was conducted. Specifically, we 
removed phrases such as “no fever” and “no chills” from the three physician notes and instead included a body 
temperature of 39 °C. The modified physician notes were re-evaluated using chatgpt_4o_latest, following the 
same prompt structure as the original cases asking for top three diagnosis.

Statistics
Pairwise comparisons of GPT models were conducted using pairwise.t.test from the R Stats Package with 
Bonferroni corrections, which controlled for Type I errors in multiple testing by adjusting the raw p-values 
based on the number of comparisons. For accuracy comparisons between the two testing modes—mode 2 

Model Family
Model
Description

Model
Name

Training 
Data 
Cut-off

GPT-3.5
The GPT-3.5 Turbo family offers fast and accurate models optimized for 
chat and text generation, with support for large context windows and 
various tasks.

gpt-3.5-turbo-1106
gpt-3.5-turbo-0125

Sep 2021
Sep 2021

GPT-4 The GPT-4 family consists of advanced multimodal models capable of 
processing text and image inputs with text outputs.

gpt-4–0314
gpt-4–0613
gpt-4–1106-preview
gpt-4–0125-preview
gpt-4-turbo-2024-04-09

Sep 2021
Sep 2021
Apr 2023
Dec 2023
Dec 2023

GPT-4o The GPT-4o family includes OpenAI’s most advanced and efficient 
multimodal models, supporting text and image inputs with text outputs.

4o-mini-2024-07-18
4o-2024-05-13
4o-2024-08-06
chatgpt-4o-latest

Oct 2023
Oct 2023
Oct 2023
Oct 2023

o1
The o1 family features advanced reasoning models trained with 
reinforcement learning to solve complex problems through internal chains 
of thought.

o1-mini-2024-09-12
o1-preview-2024-09-12

Oct 2023
Oct 2023

Model information is referred from: https://platform.openai.com/docs/models

Table 1.  Overview of ChatGPT models evaluated in the study.
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(with reasoning) vs. mode 1 (without reasoning)—within each GPT model, a single comparison was conducted 
per model, making adjustment for multiple comparisons unnecessary. Thus, a plain student t-test was used to 
calculate p-values.

Results
Case overview
Our study evaluated GPT models on 30 ED cases sourced from a previous study6, which did not provide 
demographics information. Respiratory and gastrointestinal conditions compromised 36.7% and 23.3% of the 
patient cohort, respectively, with pneumonia, exacerbation of COPD/asthma, and pancreatitis being the most 
frequently observed diseases (Table 2). A total of 13 cases were identified where healthcare professionals from 
the original study misidentified the leading diagnosis6. These cases were categorized as “difficulty cases” here 
(Table 2).

Performance on top three diagnoses
We first evaluated the accuracy of each model in including the correct diagnosis within the top three differential 
diagnoses. Notably, the early GPT-3.5 model with an updated training dataset, gpt_3.5_turbo_1106, achieved the 
highest accuracy at 80.0%. In contrast, more recent models demonstrated slightly lower accuracies: chatgpt_4o_
latest (78.9%) and o1_preview (74.4%) (Fig. 1a).

Next, we examined whether requesting explanations alongside diagnoses would enhance accuracy. 
For models developed before the 4o series, the addition of asking for thoughts did not improve diagnostic 
performance (Fig.  1b). However, newer 4o models showed improvements with reasoning. For instance, the 
accuracy of 4o_2024_05_13 increased from 76.7 to 83.3%, achieving the highest accuracy among all models. 
Similarly, o1_preview improved from 74.4 to 78.9%.

Performance on leading diagnosis
We also assessed the accuracy of each model in identifying the correct leading diagnosis. Models released 
after July 2024 generally outperformed earlier versions in this metric. The highest accuracies were achieved by 
chatgpt_4o_latest (60.0%) and o1_preview (60.0%), showing substantial improvements over gpt3.5-turbo-0125 
(47.8%) (adjusted p < 0.01 for both comparisons) (Fig. 2a). Consistent with the findings for top-three differential 
diagnoses, requesting thoughts generally improved the accuracy of the 4o models. Specifically, 4o_2024_05_13 
increased from 45.6 to 56.7% (p = 0.03; t-test), 4o_mini_2024_07_18 improved from 54.4 to 60.0% (p = 0.04), 
4o_2024_08_06 increased from 56.7 to 62.2% (p = 0.14), and chatgpt_4o_latest improved from 60.0 to 67.8% 
(p = 0.07) (Fig. 2b). Interestingly, the o1 models (o1-mini and o1-preview) showed no improvement when asking 
for thoughts. As an example, Supplementary Table S3 presents diagnostic reasoning from chatgpt_4o_latest 
and o1-preview for a patient with diverticulitis (case 3 from Ten Berg et al.6).

Performance on cases stratified by difficulty
The original study by Ten Berg et al.6 includes 13 cases in which health professionals misidentified the leading 
diagnoses, which we categorized as “difficult cases” (Table 2). We evaluated the performance of the GPT models 
specifically for these challenging cases. Overall, model performance remained limited, with the best model—
chatgpt_4o_latest—achieving an accuracy of only 38.5% for leading diagnosis (Fig. 3a). Later versions of the 4o 
models tended to outperform GPT-3.5 and early GPT-4 models in identifying the leading diagnosis for difficult 
cases. However, this trend did not extend to the performance on the top three differential diagnoses (Fig. 3b).

To better understand factors contributing to the models’ failures on “difficult cases”, we focused on three 
pneumonia cases (cases 1, 26, and 28) where physician notes explicitly stated no fever. Nearly all models 
consistently excluded pneumonia from their differential diagnoses. To investigate the impact of body temperature 
on diagnostic outcomes, we modified the physician notes to indicate a body temperature of 39 °C. Under these 
revised conditions, chatgpt_4o_latest successfully included pneumonia in its differential diagnoses for all three 
cases (Supplementary Table S2). This finding suggests that the absence of fever was a critical factor contributing 
to the models’ failure to diagnose atypical pneumonia accurately.

Category Diagnoses Count(%)

Respiratory Pneumonia (1*, 18, 26*, 28*, 30), Exacerbation COPD/asthma (6, 14, 19, 21, 23*, 24) 11 (36.7%)

Gastrointestinal Diverticular bleeding (2), diverticulitis (3*), pancreatitis (4*, 12, 25), gastroenteritis (15*), Biliary colic (10*) 7 (23.3%)

Infectious Urosepsis/UTI (5, 22*), cholangitis (9*) 3 (10.0%)

Cardiovascular Acute/chronic heart failure (8, 16), AAA (11*) 3 (10.0%)

Urogenital Renal colic (2) 2 (6.7%)

Critical/Surgical Ovarian torsion (13), inguinal hernia (7*) 2 (6.7%)

Other Decompensated liver cirrhosis (17), vasculitis (20*) 2 (6.7%)

In paratheses are case ID cited from the original study[6]. *: difficult case.

Table 2.  Summary of cases.
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Power analysis
Since this study utilized public data, which means that the sample size is pre-determined, a post-hoc power 
analysis was conducted to estimate its ability to detect meaningful differences in diagnostic accuracy. Given 
30 cases per group and independent triplicate experiments, the analysis indicated ~ 80% power to detect a 20% 
absolute difference in accuracy at α = 0.05, assuming a baseline accuracy of 45%, which corresponded to GPT-
3.5 models and early GPT4 models. These results suggest that the current sample size is sufficient to support a 
20% accuracy difference observed in model comparisons—for instance, chatgpt-4o-latest vs. gpt-3.5-turbo-0125 
in predicting leading diagnosis when prompted for reasoning (Fig. 2b). However, a larger sample size will be 
required to consolidate smaller differences between models.

Fig. 1.  Accuracy based on the top three differential diagnoses across ChatGPT models for ED cases. (a) 
Accuracy of various ChatGPT models in including the correct diagnosis within the top three differential 
diagnoses, evaluated without providing thoughts. (b) Comparison of average accuracy across models when 
generating top-three differential diagnoses without (blue bars) versus with asking for thoughts (orange bars). 
Error bars represent the standard deviation (n = 3).
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Discussion
Since its introduction in December 2022, numerous studies have evaluated ChatGPT’s performance across 
various medical domains19–21. As the model continue to evolve, research has expanded to assess its performance 
across model iterations in areas such as medical examinations22,23, patient record documentation24, disease 
diagnosis25,26, ECG analysis27, and medical image interpretation28. Building on the work of Ten Berg et al.6, 
our study focused specifically on diagnostic tasks in emergency departments by comparing the performance of 
various GPT model iterations. Additionally, we explored the extent to which explicitly asking for thoughts could 
enhance diagnostic accuracy.

Our findings indicate that accuracy in including the correct diagnosis among the top-three differential 
diagnoses did not consistently improve with newer model iterations. However, accuracy in prioritizing the 
correct diagnosis as the leading diagnosis showed notable improvement. This suggests that while newer models, 
particularly GPT-4o and o1, better suited for tasks requiring focused prioritization of diagnoses, older models 
like GPT-3.5 still hold value in scenarios that demand broader diagnostic coverage.

Fig. 2.  Accuracy based on the leading diagnosis across ChatGPT models for ED patients. (a) Accuracy of 
various ChatGPT models in predicting the correct leading diagnosis, evaluated without providing thoughts. 
(b) Comparison of average accuracy in identifying the leading diagnosis across models when generating 
top-three differential diagnoses without (blue bars) versus with asking for thoughts (orange bars). Error bars 
represent the standard deviation (n = 3).
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Explicitly requesting output of thoughts leading to the diagnoses significantly improved the performance 
of the GPT-4o models but did not enhance the accuracy of the o1 models. This discrepancy may stem from 
differences in model architecture and training focus. Since a key update in the o1 models compared to the 
GPT-4o models is the integration of advanced reasoning capabilities in the structure, requesting reasoning in 
the prompts may not offer additional benefits for the o1 models. Future research on ChatGPT in EDs should 
investigate whether requesting explanations can enhance performance in other applications, such as triage and 
decision-making support.

While we observed a general improvement in the 4o models over earlier versions when predicting the leading 
diagnosis with reasoning, the lack of improvement in the o1 models was unexpected. This may stem from 
their architectural incompatibilities with the study’s structured diagnostic tasks. Specifically, o1’s native chain-
of-thought reasoning is optimized for open-ended problem-solving, which may conflict with the structured, 
diagnosis-constrained prompts used in this study. Additionally, previous research29,30 has shown that rigid 
prompting strategies can degrade the performance of self-guided reasoning models like o1, potentially by 
disrupting their intrinsic decision-making workflows.

Fig. 3.  Diagnosis accuracy across ChatGPT models for “difficult cases”. (a) Accuracy of various ChatGPT 
models in predicting the correct leading diagnosis for difficult cases, evaluated with asking for explanations. 
(b) Accuracy of various ChatGPT models in including the correct diagnosis within the top three differential 
diagnoses for difficult cases, evaluated with asking for explanations. Experiments were conducted in triplicate.
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The results from the ablation test on body temperature for the three challenging pneumonia cases 
highlighted the significant role of fever absence in the models’ diagnostic inaccuracies. However, alternative 
explanations should also be considered. For instance, certain populations—such as older adults, infants, and 
immunocompromised individuals—may not exhibit fever as a symptom of pneumonia31. Additionally, prior 
use of medications such as nonsteroidal anti-inflammatory drugs (also known as painkillers or NSAIDS) 
before ED visits could suppress fever. These findings emphasize the importance of accounting for atypical ED 
presentations and external factors, which may not be adequately represented in the training data. Enhancing 
model performance in addressing such ED tasks may benefit from approaches such as retrieval-augmented 
generation32. Another potential direction is the integration of additional data modalities, such as laboratory 
results and imaging findings, to improve the model’s diagnostic performance. Nevertheless, the current low 
performance on complex and atypical cases highlights the necessity of human oversight to ensure high-quality, 
patient-centered care when leveraging LLMs as assistive tools.

As future model iterations are expected to bring further performance improvements, ethical considerations 
for integrating GPT into clinical settings become pivotal. These include but are not limited to training data bias, 
data privacy concerns, and security vulnerabilities33–35. To address these challenges, integration should align 
with evolving regulatory frameworks, such as the European Artificial Intelligence Act, which mandates rigorous 
risk assessments, transparency, and accountability—particularly for high-stakes applications like emergency 
diagnostics36. Additionally, physicians’ satisfaction on their interactions with ChatGPT—including both its 
diagnostic capabilities and explanatory reasoning—plays a crucial role in its potential adoption in ED settings. 
Conducting a survey on physician satisfaction could help identify areas for improvement in this direction, as 
having been recently indicated from other specialties37.

This study has several limitations. Firstly, the small sample size (n = 30) may restrict the generalizability of the 
findings. Incorporating a broader and more diverse dataset that captures a wide range of disease presentations 
should be considered in future studies to validate the generalizability of the current findings. Secondly, restricting 
the analysis to the top three diagnoses may have narrowed the models’ ability to demonstrate diagnostic breadth. 
Thirdly, all cases in the dataset show a single diagnosis at discharge, whereas many patients may present with 
multiple concurrent diagnoses. Fourthly, the ground truth relies on discharge diagnosis, which may not always 
be accurate6. Lastly, model overfitting is a valid concern. However, this is unlikely for the GPT models evaluated 
in our study. The cases analyzed were sourced from a subscription-based journal that is not freely accessible6. 
Furthermore, the consistently poor performance of GPT models on “difficult cases,” regardless of version, 
suggests that this data is not likely included in the training of recent GPT models.

In summary, our evaluation of various ChatGPT models for ED diagnostic tasks yielded the following key 
findings: (1) Earlier models, such as GPT-3.5, exhibited high accuracy in identifying the top three differential 
diagnoses but underperformed in recognizing the leading diagnosis compared to newer models like ChatGPT-
4o-latest and o1-preview; (2) the latest GPT-4o models—but not the o1 models—demonstrated improved 
performance in identifying the leading diagnosis when explicitly prompted to provide reasoning; and (3) 
all ChatGPT models showed limitations in diagnosing patients with atypical disease presentations. Further 
improvements could be achieved by integrating additional patient data modalities, such as imaging results and 
laboratory test findings. Additionally, new strategies, such as the development of domain-adapted GPT-based 
models32,38 should be considered to address more complex clinical scenarios, including cases involving atypical 
presentations and multiple concurrent conditions. Moreover, randomized controlled trials will be necessary to 
assess the extent to which GPT can enhance physicians’ diagnostic accuracy and efficiency.

Data availability
Python code for API access to different ChatGPT models are accessible at GitHub: ​h​t​t​p​s​:​​/​/​g​i​t​h​​u​b​.​c​o​m​​/​J​i​n​g​​e​W​/​
G​P​T​-​E​m​e​r​g​e​n​c​y​-​D​e​p​a​r​t​m​e​n​t​-​D​i​a​g​n​o​s​i​s​-​E​v​a​l​u​a​t​i​o​n​. Responses to all the 30 cases from all models under Mode 
1 (diagnoses only) and Mode 2 (diagnoses with thoughts) are accessible at Mendeley: ​h​t​t​p​s​:​/​/​d​a​t​a​.​m​e​n​d​e​l​e​y​.​c​o​
m​/​d​a​t​a​s​e​t​s​/​v​f​6​4​z​j​8​9​x​9​/​1​.​​
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