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This study aims to evaluate the capability of Large Language Models (LLMs) in responding to 
questions related to tuberculosis. Three large language models (ChatGPT, Gemini, and Copilot) 
were selected based on public accessibility criteria and their ability to respond to medical questions. 
Questions were designed across four main domains (diagnosis, treatment, prevention and control, 
and disease management). The responses were subsequently evaluated using DISCERN-AI and NLAT-
AI assessment tools. ChatGPT achieved higher scores (4 out of 5) across all domains, while Gemini 
demonstrated superior performance in specific areas such as prevention and control with a score 
of 4.4. Copilot showed the weakest performance in disease management with a score of 3.6. In the 
diagnosis domain, all three models demonstrated equivalent performance (4 out of 5). According to the 
DISCERN-AI criteria, ChatGPT excelled in information relevance but showed deficiencies in providing 
sources and information production dates. All three models exhibited similar performance in balance 
and objectivity indicators. While all three models demonstrate acceptable capabilities in responding to 
medical questions related to tuberculosis, they share common limitations such as insufficient source 
citation and failure to acknowledge response uncertainties. Enhancement of these models could 
strengthen their role in providing medical information.
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Large Language Models (LLMs) have made remarkable progress in artificial intelligence and natural language 
processing in recent years. These models, utilizing deep neural networks and learning from extensive textual 
data, have acquired the ability to comprehend and generate human-like text. Key capabilities of LLMs include 
question answering, translation, summarization, and text generation1. Consequently, the use of LLMs is rapidly 
increasing, with tools like Bard, Bing, and ChatGPT (OpenAI) providing users access to extensive services2,3. 
Some experts believe these models could soon replace search engines and play crucial roles in various software 
domains4. Initial evaluations indicate that LLMs possess strong semantic and syntactic understanding across 
many natural languages5,6 and can effectively perform natural language processing operations. These models 
also demonstrate proficiency in answering questions related to mathematics, science, programming, logical 
reasoning, and humanities7,8. LLMs have captured public attention due to their potential to improve traditional 
approaches across various fields9.

In healthcare, ChatGPT stands out as a notable example, showing promising features in generating human-
like textual communications10. These capabilities have led to exploratory applications of ChatGPT in tasks such 
as answering medical questions and creating accurate medical content. Additionally, ChatGPT has demonstrated 
successful potential in various aspects including diagnosis11, treatment recommendations12, patient education13, 
and medical image interpretation1. LLMs like GPT-3.5 and GPT-4 can process and synthesize vast amounts 
of medical texts and patient data, potentially reducing the information burden on healthcare professionals14. 
This capability becomes particularly relevant during periods of medical specialist shortages and increasing wait 
times, potentially leading to a preference for LLM-based chatbots like ChatGPT over consultation with trained 
specialists15,16. However, significant challenges remain regarding the use of LLMs in sensitive healthcare domains, 
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including ethical concerns, patient privacy, and information security, as well as worries about perpetuating 
existing biases or causing unintended harm through these models17–19.

Previous studies have extensively evaluated the comprehensiveness of LLMs responses. For instance, Shao 
et al. (2023) demonstrated that ChatGPT performed successfully in providing comprehensive and appropriate 
responses to chest surgery-related questions, with over 92% of responses being validated. This study also noted 
the model’s significant role in improving patient satisfaction and reducing anxiety20. Lahat et al. (2023) examined 
ChatGPT’s application in answering gastrointestinal health questions, finding that response accuracy varied by 
question type, with treatment-related questions showing higher accuracy than diagnostic ones21. Furthermore, 
Yeo et al. (2023) evaluated ChatGPT’s performance in responding to questions about liver cirrhosis and 
hepatocellular carcinoma. Results indicated that while the model provides appropriate information, weaknesses 
were observed in diagnostic and preventive domains11. Moreover, Sarangi et al. (2023) evaluated the performance 
of four large language models in providing clinical decision support for imaging in cases suspected of pulmonary 
embolism. The results demonstrated variable accuracy in their responses: Perplexity excelled in open-ended 
questions, while Bing showed superior performance in multiple-choice questions22.

Additionally, a systematic review by Omar et al. (2023) examining language models’ performance in 
managing infectious diseases showed that while these tools succeed in diagnosing certain diseases, they still 
require improvement23. Response quality heavily depends on the quality of available online data, which can lead 
to errors11,21. The benefits of chatbots include improved patient access to information, facilitated therapeutic 
communications, and increased efficiency in disease diagnosis. For example, Zhang and Song (2023) achieved 
97.50% accuracy in chronic disease diagnosis using a GPT-2-based system24. Likewise, Mondal et al. (2023) 
demonstrated that ChatGPT could provide accurate information about lifestyle-related diseases and serve as a 
preliminary tool for patient consultation25.

Despite significant advances in large language models, accurately evaluating their performance in specialized 
fields like medicine remains challenging. Specifically, these models’ ability to answer medical questions related 
to particular diseases like tuberculosis requires careful examination. Tuberculosis is one of the world’s most 
significant infectious diseases, affecting millions annually and requiring accurate, up-to-date information for 
diagnosis and treatment. TB represents a major global health concern requiring serious attention, where early 
diagnosis and appropriate treatment can aid in disease control26. Given these considerations, this study aims 
to evaluate the performance of LLMs like ChatGPT in answering medical questions related to tuberculosis. 
Considering the importance of access to accurate and comprehensive information, increasing drug resistance, 
and high economic costs for health ministries and families, this study examines the accuracy and efficiency of 
responses generated by LLMs in various tuberculosis-related areas. Additionally, this research aims to identify 
these models’ limitations and strengths in providing medical information and examine potential risks that might 
arise from incorrect or incomplete information. The study’s results could contribute to improving the use of 
LLMs in healthcare and provide strategies for optimizing their performance in dealing with infectious diseases 
like tuberculosis.

Methods
In this research, the study population comprised publicly available LLMs. The inclusion criteria were defined as 
public accessibility to these models and their capability to respond to research questions. Based on these criteria, 
three large language models—ChatGPT, Gemini, and Copilot—were selected as samples. These models were 
chosen due to their easy accessibility and ability to provide textual responses.

Question design and categorization
The medical questions were designed based on study objectives across four main domains in the field of 
tuberculosis:

•	 Disease Diagnosis
•	 Disease Treatment
•	 Disease Prevention and Control
•	 Disease Management

Additionally, a segment of questions was dedicated to topics related to children and vulnerable populations 
affected by tuberculosis. These questions were developed in consultation with infectious disease specialists to 
ensure comprehensive coverage of tuberculosis-related information needs. The resulting checklist comprised 23 
questions, distributed as follows:

•	 Five questions related to diagnosis
•	 Five questions related to treatment
•	 Five questions related to prevention and control
•	 Five questions related to disease management
•	 Three questions related to children and vulnerable people

Data collection
The designed questions were posed separately to each language model (ChatGPT, Gemini, and Copilot) in 
English on December 23, 2024, following the Meskó 2023 prompt engineering guidelines27. All responses were 
systematically recorded and stored for subsequent analysis.
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Evaluation process
The DISCERN-AI Tool and the Natural Language Assessment Tool for AI [NLAT-AI] were used to assess the 
data. These tools, previously validated in language model evaluation studies, demonstrate acceptable validity 
and reliability. The assessment checklists evaluate various criteria including accuracy, transparency, and 
comprehensiveness of the models’ responses28. The DISCERN-AI tool is a modified version of the validated 
DISCERN instrument, which is used to assess the quality of health care treatment information. In this study, 
seven questions from the original DISCERN were selected and adapted to a 3-point scale for evaluating the 
responses generated by language models. Based on the total scores, the quality of the generated content was 
categorized into five levels: very poor, poor, moderate, good, and excellent29. The NLAT-AI tool comprises five 
key components—accuracy, safety, appropriateness, actionability, and effectiveness—each of which is assessed 
using a 5-point Likert scale28. The questions and answers generated by each chatbot under study (ChatGPT, 
Gemini, and Copilot), along with the evaluation tools DISCERN-AI and NLAT-AI and explanatory information 
regarding each chatbot and tool, were provided to a subject-matter expert. The expert selected to evaluate 
the responses in this study met the following criteria: (a) not a member of the research team; (b) a qualified 
physician, and (c) possessing a scientific and research background with experience in the field of infectious 
diseases. After thorough review and completion of the questionnaires, the collected data were analyzed and 
reported using descriptive statistics.

Results
Table 1 presents the mean scores for responses to medical questions related to tuberculosis based on the NLAT-AI 
criteria across different categories for each chatbot: ChatGPT, Copilot, and Gemini. Additionally, Fig. 1 displays 

Fig. 1.  Heatmap of mean scores across different categories for each chatbot based on NLAT-AI criteria.

 

ChatGPT Copilot Gemini

Diagnostic 4 4 3.6

Disease Management 4 3.6 4

Prevention and control 4 3.6 4.4

Treatment 4 4 3.8

Table 1.  Mean scores across different categories for each chatbot based on NLAT-AI criteria.
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a heatmap showing the average performance of the three chatbot models (ChatGPT, Copilot, and Gemini) across 
the four main categories (Diagnostic, Treatment, Prevention & Control, and Disease Management).

The data from Table 1 and Fig. 1 demonstrate that in the Diagnostic category, all three chatbots achieved an 
identical score of 4.0, indicating comparable and effective performance. This suggests equivalent competency in 
diagnostic capabilities across all three models, with no significant variations observed. In the Treatment category, 
Gemini showed slightly lower performance (3.8) compared to ChatGPT and Copilot (both 4.0). This discrepancy 
may be attributed to Gemini’s relative limitations in certain domain indicators, warranting further investigation. 
In the Prevention & Control category, Copilot demonstrated the lowest performance with a score of 3.6, while 
Gemini excelled with 4.4, suggesting superior capabilities in prevention and control-related queries. Regarding 
Disease Management, ChatGPT and Gemini showed equivalent performance (4.0), while Copilot scored lower 
(3.6), indicating relatively weaker performance in disease management compared to the other models.

Table 2 presents mean scores for diagnostic indicators across all three platforms.
The data presented in Table 2 illustrates the performance of chatbots in responding to queries related to 

the diagnosis of brucellosis. ​The chatbots Gemini, Copilot, and ChatGPT exhibited comparable performance, 
scoring 4 across most indices.​ However, the Gemini chatbot demonstrated slightly weaker performance in the 
indices of Appropriateness and Effectiveness, with a score of 3.

Table 3 presents the scores for the chatbots in the Treatment domain, as evaluated by the NLAT-AI criteria.
Data from Table 3, assessing chatbot performance in answering questions pertaining to brucellosis treatment, 

reveals that ChatGPT achieved a higher score in the Accuracy metric (5 out of 5) compared to both Copilot and 
Gemini.​ However, in the Appropriateness metric, the scores for Gemini and ChatGPT were lower than that of 
Copilot.

Table 4 presents the scores for the chatbots in the domains of Prevention and Control, as evaluated by the 
NLAT-AI criteria.

The data presented in Table 4 indicates that Gemini demonstrated superior performance in the domains of 
Prevention & Control. Specifically, Gemini achieved the highest scores in the Safety (5 out of 5) and Actionability 
(5 out of 5) metrics.​

Table 5 presents the scores for the chatbots in the Disease Management domain, as evaluated by the NLAT-
AI criteria.

The evaluation results of the data presented in Table 5 indicate a similar performance among ChatGPT, 
Copilot, and Gemini. All three chatbots achieved high scores (4 out of 5) on most accuracy metrics. However, 
Copilot’s performance was lower (3 out of 5) than ChatGPT and Gemini specifically in the Accuracy and 
Effectiveness indices.

ChatGPT Copilot Gemini

Accuracy 4 3 4

Safety 4 4 5

Appropriateness 3 4 4

Actionability 4 4 5

Effectiveness 4 3 4

Table 4.  Chatbot scores in prevention and control based on NLAT-AI criteria.

 

ChatGPT Copilot Gemini

Accuracy 5 4 4

Safety 4 4 4

Appropriateness 3 4 3

Actionability 4 4 4

Effectiveness 4 4 3

Table 3.  Chatbot scores on treatment domain indices based on the NLAT-AI criteria.

 

ChatGPT Copilot Gemini

Accuracy 4 4 4

Safety 4 4 4

Appropriateness 4 4 3

Actionability 4 4 4

Effectiveness 4 4 3

Table 2.  Chatbot scores on diagnostic domain indices based on the NLAT-AI criteria.
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The results of evaluating the three chatbots, ChatGPT, Copilot, and Gemini, in response to medical inquiries 
related to brucellosis, based on the DISCERN-AI criteria, are shown in Table 6.

The data presented in Table 6 indicate that ChatGPT performed better in the information relevance index, 
providing more relevant responses, while Copilot and Gemini provided responses that were only partially 
relevant.​ Regarding information sources, ChatGPT did not provide any sources, whereas Copilot and Gemini 
partially cited information along with sources. This could positively impact the transparency of information 
from these two models. In the information production date index, none of the three models provided a date, 
which could limit the assessment of the responses’ timeliness. Additionally, all three models performed similarly 
in the balance and impartiality index, providing completely neutral and balanced information, indicating their 
accuracy in presenting information without bias. In the additional sources index, ChatGPT did not provide 
any additional resources, while Copilot provided limited details of additional resources, and Gemini included 
incomplete details of additional resources or related references. This indicates that all three models have 
shortcomings in providing additional sources. In the uncertainty indication index, none of the models referred 
to uncertainty in the responses, which can be considered a common weakness. Finally, the overall quality of all 
three models was evaluated as average, indicating that although the responses provided are acceptable in some 
cases, there is still a need for improvement in certain aspects. Therefore, while ChatGPT excelled in information 
relevance, Copilot and Gemini compensated through partial source provision. However, all three models 
showed limitations in dating information, acknowledging uncertainty, and providing comprehensive references, 
indicating areas for potential improvement.

Discussion
The findings of the present study indicate that LLMs-based chatbots—ChatGPT, Copilot, and Gemini—
demonstrate comparable performance across various domains in responding to medical questions related to 
tuberculosis. However, certain language models exhibited higher or lower performance on specific indicators. 
Results revealed that ChatGPT generally outperformed Gemini and Copilot. This model achieved high 
scores across all main categories (Diagnostic, Treatment, Prevention & Control, and Disease Management), 
demonstrating its consistency and capability in providing accurate and reliable responses. In contrast, Gemini 
and Copilot showed weaker performance in certain areas, with Copilot particularly showing the lowest 
performance in Prevention & Control and Disease Management categories. These results suggest that ChatGPT, 
as a large language model, demonstrates relative superiority in terms of comprehensiveness and accuracy in 
responding to medical questions.

Recent studies evaluating the performance of LLMs-based chatbots in healthcare applications have identified 
distinct strengths and weaknesses in these systems. For instance, Huo et al. examined the performance of chatbots 
including ChatGPT-4, Copilot, Google Bard, and Perplexity AI in providing recommendations for surgical 
management of Gastroesophageal Reflux Disease (GERD). Results indicated that Google Bard provided the most 
accurate recommendations for both physicians and patients, with ChatGPT-4 ranking second, while Copilot and 
Perplexity AI demonstrated lower accuracy30. Another study by Masalkhi et al. compared the capabilities of large 
language models, particularly Gemini AI and ChatGPT, in healthcare applications. Gemini AI showed superior 
performance in language comprehension and multimodal processing, while ChatGPT demonstrated stronger 
capabilities in medical knowledge, visual analysis, and providing personalized guidance31.

Criteria ChatGPT Copilot Gemini

Relevance of information Relevant Partially relevant Partially relevant

Information sources Not mentioned Partially specified Partially specified

Date of information production Not provided Not provided Not provided

Balance and impartiality Completely neutral and balanced Completely neutral and balanced Completely neutral and balanced

Additional sources Not provided Limited details on additional sources Incomplete details on additional sources

Indication of uncertainty Not indicated Not indicated Not indicated

Overall quality Average Average Average

Table 6.  Evaluation of chatbots in responding to medical questions related to brucellosis based on the 
DISCERN-AI criteria.

 

ChatGPT Copilot Gemini

Accuracy 4 3 4

Safety 4 4 4

Appropriateness 4 4 4

Actionability 4 4 4

Effectiveness 4 3 4

Table 5.  Chatbot scores in disease management based on NLAT-AI criteria.
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Duran et al. evaluated the performance of various models including ChatGPT-4, Gemini, and Copilot based 
on readability, clarity, and accuracy of their responses to questions related to cosmetic surgeries. Results showed 
that ChatGPT-4 excelled in producing accurate and comprehensive medical content for patients, highlighting 
the distinct strengths of different models in medical communications32. The study by Reyhan et al. revealed 
that in evaluating chatbot responses to medical questions related to keratoconus, Gemini and Copilot models 
demonstrated better performance in terms of reliability and overall quality compared to other models, including 
ChatGPT. However, ChatGPT-3.5 and ChatGPT-4.0 also showed acceptable performance, though scoring lower 
than Gemini and Copilot in some indicators such as readability and overall quality33. Shanmugam & Browning’s 
comparative study on the performance of LLMs in analyzing and managing complex ophthalmological cases 
showed that ChatGPT-3.5, Claude Pro, and Copilot Pro demonstrated higher performance compared to other 
models34.

The evaluation of ChatGPT, Gemini, and Copilot’s performance in responding to medical questions based 
on the Discern-AI criteria revealed that ChatGPT performed better in the Relevance of information index and 
provided more relevant responses. However, this model showed weaknesses in providing information sources 
and production dates. Conversely, Copilot and Gemini partially compensated for this weakness by providing 
limited details from information sources. Overall, all three models demonstrated similar performance in 
indicators such as balance and impartiality, providing unbiased and balanced information. This demonstrates 
their accuracy and impartiality in information delivery. However, a common weakness across all models was 
their failure to address uncertainty and provide information production dates, which could be considered a 
serious challenge. These weaknesses might negatively impact users’ trust in the provided responses.

Accordingly, despite the generally acceptable performance of the models on many metrics, common 
weaknesses—such as their inability to provide the date of information generation or precise sources—can 
have significant implications for patient care and public health. Incomplete or incorrect information may lead 
to inappropriate treatment decisions35 or alter user or patient behavior regarding disease management and 
treatment36. This is especially concerning in areas like tuberculosis control and prevention, where precise health 
strategies are required. Such shortcomings may reduce patients’ trust in AI systems, and—if users or patients 
rely on inaccurate information and neglect professional medical advice—they could even result in dangerous 
consequences. Therefore, enhancing the ability of these models to provide reliable sources, up-to-date dates, 
and clarity in cases of uncertainty is a necessary step to ensure the safety and effectiveness of their use in public 
health.

Specific recommendations for improving these models include developing mechanisms for regularly updating 
medical information from trustworthy sources, strengthening their ability to accurately and transparently 
reference scientific sources, and designing protocols to explicitly indicate uncertainty in their responses. 
In particular, models such as ChatGPT and Gemini could improve their evidence-based content delivery 
by integrating structured data from reputable medical databases (such as UpToDate or the WHO). Adding 
functionalities to report the date of information and specify the confidence level in responses could further aid 
users in making informed decisions and increase trust in these tools. Gibson et al.'s study demonstrated that 
ChatGPT-4 performs well in answering common questions about prostate cancer and can serve as a useful tool 
in patient education. Based on quality assessment tools, this model’s outputs were generally deemed reliable, 
safe, and appropriate, with PEMAT-AI comprehensibility scores being very good and DISCERN-AI ratings 
categorized as “good quality”28. Additionally, Hancı et al.'s study, aimed at evaluating the quality, reliability, and 
readability of responses from Bard, Copilot, Perplexity, ChatGPT, and Gemini chatbots to patient questions 
about "palliative care," showed that responses from all five chatbots had readability levels higher than the 
recommended level for patient educational materials, though the quality and readability of responses related to 
palliative care were insufficient across all chatbots37.

Conclusion
The present study demonstrates that large language models such as ChatGPT, Gemini, and Copilot possess 
significant potential in providing accurate and practical medical responses, although their performance varies 
across different domains and evaluation metrics. ChatGPT generally exhibited superior performance in 
delivering comprehensive and precise responses, while Gemini and Copilot showed certain limitations in areas 
such as disease prevention, control, and management. Nevertheless, all three models demonstrated comparable 
performance in metrics such as information impartiality and balance, indicating their capability to provide 
unbiased and balanced information. However, common challenges persist, including the failure to acknowledge 
uncertainties, lack of information generation dates, and inadequate citation of credible sources, highlighting the 
need for further development and enhancement of these technologies.

The findings of this study also emphasize that the selection of an appropriate model for medical applications 
depends on specific user requirements and targeted domains. For instance, ChatGPT may be the preferred 
option for diagnostic and therapeutic inquiries, while Gemini demonstrates acceptable performance in areas 
related to disease prevention and control. However, to enhance user confidence and improve response quality, 
developers must focus on improving transparency, incorporating credible source citations, and providing up-to-
date information. These advancements could facilitate the safe and effective expansion of these technologies in 
healthcare, strengthening their role as auxiliary tools in patient education and medical decision-making.

Finally, the findings of this study indicate that AI tools based on large language models can play a significant 
role in supporting decision-making for both health professionals and patients. In clinical settings, chatbots 
capable of providing accurate, balanced, and comprehensible responses can serve as valuable adjuncts for 
patient education, strengthening clinical decision-making, and promoting patient self-management. Therefore, 
choosing an appropriate model is crucial, as relying on a poorly performing model may result in incomplete, 
incorrect, or misleading information. This not only reduces the quality of care but may also pose risks to patient 
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safety. For this reason, specialized users (such as physicians) and health organizations should carefully evaluate 
the performance of these models in specific domains, consider their informational limitations, and take into 
account the intended application—such as education, consultation, or clinical decision support—when selecting 
and implementing such tools.

Data availability
“The datasets generated and/or analyzed during the current study are available from the corresponding author 
upon reasonable request.”
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