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Abstract

Background Chronic obstructive pulmonary disease (COPD) remains an underestimated and underdiagnosed
condition due to low disease awareness. Generative Artificial Intelligence (Al) chatbots are convenient and accessible
sources of medical information, but evaluation of the quality of answers provided by patient-generated questions
about COPD has not been performed to date.

Objective To assess and compare accuracy, comprehensiveness, understandability and reliability of different Al
chatbots in response to patient-generated questions on the clinical management of COPD.

Methods A cross-sectional study was conducted in collaboration with the European Respiratory Society (ERS), the
European Lung Foundation (ELF), and the ERS CONNECT Clinical Research Collaboration (CRC). Fifteen real questions
formulated by ELF COPD patient representatives were divided into three difficulty tiers (easy, medium, difficult)

and submitted to ChatGPT (version 3.5), Bard, and Copilot. Experts assessed accuracy and comprehensiveness on a
0-10 scale; patients assessed understandability using the same scale. Reliability was assessed by two investigators.
Reviewers were blinded to which Al system generated the answers, and only those who completed all evaluations
were included in the analysis.

Results ChatGPT responses were the most reliable (14/15), followed by Copilot (12/15) and Bard (11/15). ChatGPT
scored higher for accuracy (8.0 [7.0 - 9.0]) and comprehensiveness (8.0 [6.8 — 9.0]) than Bard (6.0 [5.0 - 8.0l and 6.0 [5.0
- 7.0]) and Copilot (6.0 [5.0 - 7.3] and 6.0 [5.0 - 8.0]) (both P<0.001). Understandability was similar across all software
(ChatGPT: 8.0 [8.0-10.0]; Bard: 9.0 [8.0-10.0]; Copilot: 9.0 [8.0-10.0]) (P=0.53). No significant effect was detected
according to the difficulty of the question.

Conclusion Our findings suggest that Al chatbots, particularly ChatGPT, can provide accurate, comprehensive and
understandable answers to patients’ questions.
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Introduction

Chronic obstructive pulmonary disease (COPD) remains
an underestimated and underdiagnosed condition,
largely due to limited public and professional awareness,
under-recognition of symptoms and signs, and inade-
quate performance of appropriate functional testing [1].
Even after a correct diagnosis is established, disease man-
agement can be challenging because of the heterogene-
ity and complexity of COPD in terms of etiology, clinical
phenotypes and endotypes, and its frequent association
with extrapulmonary manifestations and comorbidities
[2, 3]. These diagnostic and therapeutic challenges pri-
marily stem from insufficient awareness of the disease,
including limited understanding of its causes, symptoms,
pathophysiology, natural history, treatment options, and
overall impact on patients' lives [4]. People living with
COPD urgently feel the need to better understand their
condition. Higher disease awareness and self-manage-
ment interventions have recently been associated with
improvements in health-related quality of life and a lower
chance of respiratory-related hospital admissions in
COPD [5]. Nonetheless, disease awareness remains gen-
erally low and poorly studied [6, 7]. This lack of aware-
ness is evident not only in high-income countries, but
also in low- and middle-income settings, where limited
recognition of COPD contributes to delayed diagno-
ses, suboptimal treatment, and poorer clinical outcomes
[8]. Therefore, patients may increasingly rely on online
resources to seek clinical information or supplementary
advice.

In recent years, large language models (LLMs) and gen-
erative artificial intelligence (AI) chatbots have emerged
as accessible and convenient sources of medical infor-
mation, particularly for individuals living with chronic
diseases [9, 10]. Recent studies have demonstrated prom-
ising user acceptance of Al chatbots for chronic disease
self-management, with positive feedback regarding their
perceived helpfulness, ease of use, and user satisfaction
[9]. Furthermore, AI chatbots have shown potential in
delivering accurate and comprehensive medical informa-
tion, with the overall quality of answers reported to be
relatively high across different question types and levels
of difficulty [11-14].

To date, no rigorous assessment has evaluated the qual-
ity of chatbot-generated responses to real patient-derived
questions on COPD. A recent study attempted to address
this issue but was limited by its use of pre-formulated
questions and subjective clinician ratings without stan-
dardized evaluation tools [15]. Moreover, it did not
account for the variability or complexity of actual patient

queries, nor did it stratify responses by clinical domain.
These limitations highlight the need for a more precise
and methodologically robust investigation.

The aim of this study was to fill this gap by systemati-
cally evaluating the reliability and quality of Al chatbot
responses to authentic questions about COPD manage-
ment from people living with the condition.

Materials and methods

Study design and study procedures

This was a cross-sectional study to evaluate the perfor-
mance of LLM-based chatbots in responding to patient-
formulated questions about COPD. Three LLM-based
chatbots were selected for this analysis, based on their
expected widespread use among the general population
at the time of study design: ChatGPT (version 3.5, Ope-
nAl), Bard (now Gemini, Google), and Copilot (Micro-
soft). The study was developed in collaboration with
the European Respiratory Society (ERS) Assemblies,
the European Lung Foundation (ELF) Patient Advisory
Group (PAG) for COPD, and the ERS CONNECT Clini-
cal Research Collaboration (CRC) [16].

In November 2023, ELF patient representatives liv-
ing with COPD were invited to formulate questions they
would have liked to ask their treating physicians. Ques-
tions were required to be syntactically simple, limited to a
maximum of two short sentences, and to focus on issues
considered relevant from the patient perspective. Two
investigators (MN and SA) categorized the submitted
questions into three equal-size tiers of difficulty (i.e., easy,
medium, and difficult) based on their clinical judgment.
Concurrently, a panel of international experts in COPD
clinical management—the AIR-COPD Task Force—was
assembled through outreach to the ERS Assemblies and
the ERS CONNECT CRC.

All questions were submitted to each of the three Al
tools on the same day (January 30th, 2024) from the same
location (Milan, Italy), using two distinct devices con-
nected to different internet networks and IP addresses.
Two investigators (MN and SA) independently assessed
the reliability of each Al tool, defined as the proportion
of responses that maintained a consistent core of infor-
mation when the same question was submitted simulta-
neously on the same software across different devices.
In cases of disagreement between the two investigators,
consensus was reached through a brief discussion.

Following reliability assessment, a random number
generator (RNG) sequence was used to select one of the
two response sets per software. The selected responses
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were exported to a spreadsheet and uploaded to Survey-
Monkey.com for blinded evaluation.
The following performance metrics were evaluated:

i) Accuracy, defined as the degree to which the
response conveyed correct and clinically appropriate
information, as rated by clinical experts on a
0-10 scale (0=not accurate at all; 10 = completely
accurate);

ii)  Comprehensiveness, defined as the extent to which
the response addressed all relevant aspects of the
question, also evaluated by experts on a 0—10 scale
(0=totally incomplete; 10 =fully complete);

ili)  Understandability, defined as the clarity and
accessibility of the response, as rated by patients
based on their lived experience with COPD,
on a 0—10 scale (0 =not understandable at all;

10 =completely understandable).

All evaluations were performed under blinded condi-
tions, and neither the experts nor the patient reviewers
were informed of which chatbot generated each response.
To prevent selection bias, only reviewers who completed
all evaluations across all questions and platforms were
included in the final analysis.

Table 1 Complete list of the 15 questions, categorized into
three levels of difficulty

Easy

1 Is COPD always caused by smoking or can you get it because
of other things?
Can | make the diagnosis of COPD through a chest CT scan?

3 What are the different phases/stages a COPD patient may go
through?

4 Is there an official/standard method of treating COPD patients?

5 What causes a COPD exacerbation and what exactly is hap-
pening when one happens?

Medium

6 Is the diagnosis of COPD always accurate and correct?

7 Is there a cure for COPD?

8 Is it possible to slow down the deterioration of breathing in
COPD?

9 You get COPD, so harm is already done, so does it matter if you
continue smoking?

10 Is it always possible to find the cause of an exacerbation for an
individual COPD patient?

Difficult

11 I have COPD, how long do | have to live?

12 What is the best climate to live in for someone with COPD?

13 Iam a COPD patient. Am | always supposed to use antibiotics
when | have a disease flare-up?

14 I'have asthma and | currently smoke. Do I also have COPD?

15 I have been diagnosed with COPD. How many times per year

am | supposed to undergo spirometry?
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Statistical analysis

Once evaluations were completed, results were exported
to an Excel spreadsheet for analysis. The three AI chat-
bots were compared in terms of reliability, accuracy,
comprehensiveness, and understandability. Categorical
variables were presented as proportions, and continu-
ous variables as medians with interquartile ranges [IQR].
Due to non-normal data distribution, the Kruskal-Wal-
lis H test was used for group comparisons of continu-
ous variables. Post-hoc pairwise comparisons were
conducted using Dunn’s test. All statistical analyses and
visualizations were performed using RStudio (version
2023.06.1 +524).

Results

The complete list of 15 questions, categorized into the
three difficulty levels, is presented in Table 1. A total of
20 clinical experts and 13 patient representatives from
various countries contributed to the evaluation. The full
list of reviewers is provided in the Acknowledgments
section.

Reliability

Reliability was assessed for all 15 questions submitted to
the three Al tools. Out of 45 different outcomes evalu-
ated (15 per software), 37 were deemed reliable, while 8
were regarded as unreliable. ChatGPT produced 14 reli-
able responses, Bard 11, and Copilot 12.

Accuracy

Accuracy was evaluated for all 15 questions adminis-
tered to the three analysed software tools. Box and whis-
ker plots depicting accuracy evaluations for all questions
are displayed in Fig. 1. Median accuracy scores ranged
between 6.5 (Question 3) and 9.0 (Question 5) for Chat-
GPT, between 5.5 (Question 3) and 7.0 (Questions 4, 5,
7,9, 10, 14 and 15) for Bard and between 4.0 (Question
6) and 7.0 (Questions 1, 9, 10, 12, 13 and 15) for Copi-
lot. Globally, accuracy scores of ChatGPT (median 8.0,
IQR [7.0-9.0]) were higher than those of Bard (median
6.0, IQR [5.0-8.0]) and Copilot (median 6.0, IQR [5.0—
7.3]) (P<0.0001). No differences were detected when
accuracy evaluations were compared according to the
difficulty tiers of questions (ChatGPT: easy 8.0 [7.0—
9.0] vs. medium 8.0 [7.0-9.0] vs. difficult 8.0 [6.0-9.0],
P=0.5642; Bard: easy 6.0 [5.0-8.0] vs. medium 7.0 [5.0—
8.0] vs. difficult 6.0 [5.75-8.0], P=0.6551; Copilot: easy
6.0 [5.0-8.0] vs. medium 6.0 [4.0-7.0] vs. difficult 6.50
[4.75-8.0], P=0.6814). In all three difficulty tiers, ChatG-
PT’s answers were more accurate than those of Bard and
Copilot ones (easy: 8.0 [7.0-9.0] vs. 6.0 [5.0-8.0] vs. 6.0
[5.0-8.0], P<0.0001; Medium: 8.0 [7.0-9.0] vs. 7.0 [5.0—
8.0] vs. 6.0 [4.0-7.0], P<0.0001; difficult: 8.0 [6.0-9.0] vs.
6.0 [5.75-8.0] vs. 6.50 [4.75-8.0], P<0.0001).
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Fig. 1 Box and whiskers plots depicting accuracy evaluations for all questions. Displayed values are the medians of each distribution. A Accuracy evalu-
ation for answers provided by ChatGPT; B Accuracy evaluation for answers provided by Bard; C Accuracy evaluation for answers provided by Copilot; D

Comparison of accuracy evaluations between the three software

Comprehensiveness

Comprehensiveness was evaluated for all 15 questions
administered to the three analysed software tools. Box
and whisker plots showing comprehensiveness evalu-
ations for all questions are displayed in Fig. 2. Median
comprehensiveness scores ranged between 7.0 (Ques-
tion 3) and 8.0 (Questions 1, 2, 4, 5, 6, 7, 9, 13 and 14)
for ChatGPT, between 6.0 (Questions 1, 2, 6 and 7) and
7.0 (Questions 9, 13, 14 and 15) for Bard, and between
3.0 (Question 6) and 7.5 (Question 1) for Copilot. Com-
prehensiveness scores for answers provided by ChatGPT
(8.0 [6.8—9.0]) were overall higher than the ones provided
by both Bard (6.0 [5.0-7.0]) and Copilot (6.0 [5.0-8.0])
(P<0.0001). No differences were detected when com-
prehensiveness evaluations were compared according
to the difficulty tiers of questions (ChatGPT: easy 8.0
[6.8—-9.0] vs. medium 8.0 [7.0-9.0] vs. difficult 8.0 [6.0—
9.0], P=0.9791; Bard: easy 6.0 [5.8-7.0] vs. medium 6.0
[5.0-7.25] vs. difficult 7.0 [5.8-8.0], P=0.6621; Copilot:

easy 6.0 [5.0-7.3] vs. medium 6.0 [5.0-7.3] vs. difficult 6.0
[5.0-8.0], P=0.4748). In all three difficult tiers, ChatGPT
answers were more comprehensive than those provided
by Bard and Copilot (easy: 8.0 [6.8-9.0] vs. 6.0 [5.8-7.0]
vs. 6.0 [5.0-7.3], P<0.0001; medium: 8.0 [7.0-9.0] vs. 6.0
[5.0-7.3] vs. 6.0 [5.0~7.3], P<0.0001; difficult: 8.0 [6.0—
9.0] vs. 7.0 [5.8-8.0] vs. 6.0 [5.0-8.0], P<0.0001).

Understandability

Understandability was evaluated for all 15 questions
administered to the three analysed software tools. Box
and whiskers plots displaying understandability evalu-
ations for all provided questions are depicted in Fig. 3.
Median understandability scores ranged between 8.0
(Questions 2, 3, 4, 10, 14 and 15) and 9.0 (all remaining
questions) for ChatGPT, between 7.0 (Questions 12 and
14) and 10.0 (Questions 8 and 13) for Bard, and between
8.0 (Questions 2, 4, 5, 6, 7, 13 and 14) and 10.0 (Ques-
tions 1 and 11) for Copilot. Understandability scores
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Fig. 2 Box and whiskers plots showing comprehensiveness evaluations for all questions. Displayed values are the medians of each distribution. A Com-
prehensiveness evaluations for answers provided by ChatGPT; B Comprehensiveness evaluations for answers provided by Bard; C Comprehensiveness
evaluations for answers provided by Copilot; D Comparison of comprehensiveness evaluations between the three software

for answers provided by all three software were similar
(ChatGPT: 8.0 [8.0-10.0]; Bard: 9.0 [8.0-10.0]; Copilot:
9.0 [8.0-10.0], overall P=0.5283). No differences were
detected when understandability evaluations were com-
pared according to the difficulty tiers of questions, except
for Bard (ChatGPT: easy 8.0 [7.0-10.0] vs. medium 9.0
[8.0-10.0] vs. difficult 9.0 [7.0-10.0], P=0.4351; Bard:
easy 9.0 [8.0-10.0] vs. medium 9.0 [8.0-10.0] vs. diffi-
cult 8.0 [7.0-10.0], P=0.01; Copilot: easy 9.0 [8.0-10.0]
vs. medium 9.0 [8.0-9.0] vs. difficult 9.0 [8.0-10.0],
P=0.7114). In all three difficulty tiers, understandability
was similar across all of the software responses (Easy:
ChatGPT 8.0 [7.0-10.0] vs. Bard 9.0 [8.0-10.0] vs. Copi-
lot 9.0 [8.0-10.0], P=0.3619; Medium: ChatGPT 9.0
[8.0-10.0] vs. Bard 9.0 [8.0-10.0] vs. Copilot 9.0 [8.0—
9.0], P=0.0376; Difficult: ChatGPT 9.0 [7.0-10.0] vs.
Bard 8.0 [7.0-10.0] vs. Copilot 9.0 [8.0-10.0], P=0.4126).

Discussion

Our findings demonstrate that ChatGPT, Bard, and
Copilot performed overall adequately in responding to
COPD-related questions formulated by patients. While
none of the tools can be considered fully reliable, Chat-
GPT showed greater reliability than both Bard and Copi-
lot. Moreover, ChatGPT consistently outperformed both
Bard and Copilot in terms of accuracy and comprehen-
siveness, with no significant differences observed in
terms of understandability. Notably, the performance of
all three Al tools remained consistent across varying lev-
els of question difficulty, suggesting independence from
question complexity.

Although the analysis was limited to the free-access
versions of the AI platforms, our results suggest that
ChatGPT may currently be the most effective tool for
generating clinically relevant, consistent, and detailed
content in response to COPD-related queries. The lack
of differences in understandability scores is particularly
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A Understandability evaluations for answers provided by ChatGPT; B Understandability evaluations for answers provided by Bard; C Understandability
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notable from a patient-centered perspective, indicating
that all three tools can produce content that is accessible
and comprehensible to COPD patients. However, some
concerns must be raised regarding reliability: although
high (14 out of 15 for ChatGPT), a less-than-perfect reli-
ability rate may be inadequate for patient-directed health
information, as even a single inaccurate response—espe-
cially when delivered with the same confidence as a cor-
rect one—can pose significant risks.

To date, very few studies have investigated the role of
Al in improving disease awareness, either as a direct-to-
patient tool or as a support for healthcare professionals
in educational settings. Jabeen and Saji found that edu-
cational materials generated by ChatGPT and DeepSeek
across several chronic diseases, including COPD, did not
meet recommended standards for readability, original-
ity, or actionability, underscoring the need for human
oversight [17]. Similarly, Yin et al. reported that although
ChatGPT’s responses to patient-centered COPD

questions were highly reproducible and free of inaccura-
cies, they were frequently only partially accurate due to
omissions and oversimplifications, supporting its use as
a supplementary rather than standalone tool; this study
did not include a direct comparison with other chatbots
[18]. Another study comparing ChatGPT, Gemini, and
DeepSeek showed that all three chatbots produced evi-
dence-based COPD information of similar overall qual-
ity in response to non—patient-generated questions, with
DeepSeek demonstrating better readability for several
items and Gemini providing more academically complex
content [19]. Our study expands this emerging literature
by evaluating these aspects using real-world, patient-gen-
erated questions assessed by blinded COPD experts.

To our knowledge, only one other study has assessed
ChatGPT 3.5 and Bing in the context of COPD clinical
management [15]. However, that analysis had several
limitations. First, the absence of patient involvement in
that study makes it difficult to frame it as an educational
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or disease awareness initiative, and the relevance of
questions selected by researchers may not reflect actual
patient concerns. Second, the formulations of questions
by clinicians may have influenced the results, as clini-
cal syntaxis may differ from patient language. Third, the
inclusion of only UK participants limits the generalizabil-
ity of the findings, as national or local healthcare issues
may influence both questions content and interpreta-
tion. Fourth, the assessment was limited to only two Al
chatbots, with no stratification for question difficulties.
Finally, the use of a 5-point evaluation scale, restricting
the granularity of the assessments, and the choice of sta-
tistical tests requiring normal distributions have poten-
tially impacted outcomes. In contrast, our results align
closely with those of a recent study conducted on asthma
employing the same methodology [14]. In that study,
ChatGPT also emerged as the most reliable, accurate and
comprehensive tool, with Bard rated highest in terms of
understandability. Furthermore, as in our analysis, no
effect of question difficulty on Al chatbots performances
was detected. This concordance strengthens the validity
of our findings and highlights the growing relevance of
Al tools in respiratory care.

From a clinical perspective, our results suggest that
generative Al models, particularly ChatGPT, may serve
as useful adjuncts in providing reliable health informa-
tion to patients with COPD. While these tools should
not be considered substitutes for medical advice, they
may help clarify key concepts and address patient con-
cerns, thereby indirectly supporting treatment adher-
ence through improved understanding and engagement.
This is especially relevant in contemporary healthcare
systems, where time and personnel constraints often
limit in-depth communication between clinicians and
patients. Improving disease awareness in COPD has the
potential to empower patients, promote earlier diagno-
sis, and support lifestyle changes and self-management
plans, all of which may contribute to improved health
outcomes. By providing trustworthy, patient-accessible
information, generative Al tools can help individuals rec-
ognize symptoms earlier, understand their disease better,
and take a more active role in disease management. In a
broader sense, this study serves as a foundational model
for evaluating the performance of LLM- based tools and
services in healthcare. Our results address a key gap in
the current literature and highlight the need for ongoing
research. Future studies should include larger and more
diverse question sets, involve broader patient popula-
tions, assess premium versions of LLM-based tools and
services, and employ longitudinal designs to monitor
evolving model performance. Additionally, investigations
should explore the real-world impact of Al-generated
information on patient behavior, clinical decision-mak-
ing, and health outcomes.
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This work has several strengths. First, it was conducted
as a collaborative international initiative involving two
prominent European institutions (ELF and ERS), pro-
viding methodological rigor and broad relevance. Sec-
ond, the study actively involved people with COPD in
developing the questions, ensuring that the evaluated
content was authentic, reflective of real-world concerns,
and aligned with actual patient information needs. The
questions were not edited or rephrased by the investi-
gators, preserving both the linguistic authenticity and
the patient voice. Third, we engaged a diverse group of
international COPD experts to assess accuracy and com-
prehensiveness, and experienced ELF patient represen-
tatives to evaluate understandability. This dual-review
process enabled a balanced, multidisciplinary, and user-
centered assessment of the responses. Fourth, the use of
multiple AI tools allowed for an expansive comparative
analysis, capturing variability in performance that may
not be detectable in single-model studies. The stratifica-
tion of questions by difficulty level further enhanced the
robustness of our design, enabling assessment of model
performance across a spectrum of complexity. Additional
methodological strengths included blinded evaluations
and the inclusion of only fully completed assessments,
which minimized potential biases and strengthened the
generalizability of our findings.

Nonetheless, several limitations must be acknowl-
edged. The cross-sectional design did not allow for
assessment of temporal performance variation, especially
considering that Al software may have increased their
performance with updates. Furthermore, we employed
the free version of ChatGPT, which may differ in capa-
bilities from its paid premium counterpart, which allows
user to exploit the most recent versions available. How-
ever, this choice reflects real-world usage patterns, as
most patients are unlikely to subscribe to paid versions
when free options are readily available and sufficiently
responsive. Another limitation was the relatively small
number of questions analyzed, which will not capture
the full range of patient information needs. Further-
more, question generation and understandability evalua-
tion was performed only by individuals with a confirmed
diagnosis of COPD, and it remains uncertain whether
our findings apply to people with compatible symptoms
but no diagnosis. Also, no comparison between Al-gen-
erated answers and the ones that experts would have
provided in similar circumstances has been performed.
Still, because the questions were collected from mem-
bers of the COPD PAG of the ELF, participants may have
had higher health literacy than the broader COPD popu-
lation, potentially introducing a selection bias in both
the formulation of questions and the understandability
assessment. Lastly, although the evaluation process was
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blinded, the classification of question difficulty was based
on investigator judgment and thus remains subjective.

In summary, our findings demonstrate that Al-based
tools, and particularly ChatGPT, can provide accurate,
comprehensive, and understandable answers to patient-
generated questions about COPD. While these tools
hold promise as user-friendly and scalable solutions
to support patient education, their artificial and non-
personalized nature, as well as their lack of empathetic
communication, highlight that they should be viewed as
adjuncts rather than substitutes for human interaction
within patient-centred care frameworks.
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