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Background: Chronic obstructive pulmonary disease (COPD) management is complex and rapidly evolving. ChatGPT is a large 
language model (LLM) shown to generate treatment plans for chronic conditions, yet its accuracy, usefulness, and consistency for 
COPD remain poorly characterized. This study evaluated the accuracy, usefulness, and impact variability of simultaneous ChatGPT-4o 
responses to COPD medication management questions.

Methods: Five COPD treatment questions were simultaneously entered into 3 separate computers using ChatGPT-4o during a single 
session, generating 15 total responses. Three residency-trained, board-certified clinical pharmacists rated each response across 3 
domains—accuracy, usefulness, and impact variability—using a 3-point ordinal scale (0 to 2) via a 3-round modified Delphi process. 
Consensus was defined a priori as unanimous agreement among all 3 panelists.

Results: Of 45 response-domain ratings, consensus was achieved in 40 (88.9%). Accuracy ranged from poor (0) to good (2), 
usefulness from somewhat (1) to very useful (2), and impact variability from low (0) to high (2). For one question on stable COPD 
pharmacotherapy, all 3 simultaneous responses cited a retired clinical practice guideline, resulting in poor accuracy ratings. For 2 
questions—treating exacerbations and managing a complex case—one response per question was rated higher in usefulness than the 
others.

Conclusions: Simultaneous ChatGPT-4o responses to identical COPD prompts differed materially in accuracy and potential clinical 
impact. LLM outputs should augment rather than replace clinician judgment and must be deployed with current guideline grounding 
and appropriate local oversight.
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Chronic obstructive pulmonary disease (COPD) affects an 
estimated 392 million people, or 6% of all global deaths, 
with prevalence highest among adults greater than 40 years 
of age, particularly in low and middle income countries 
where exposure to tobacco smoke, biomass fuel, and air 
pollution is common.1-5 Large population-based analyses 
estimate global prevalence among individuals aged 30–79 
years at 10.3%, with substantial regional variation driven by 
differences in smoking rates, occupational exposures, and 
socioeconomic status.6,7 COPD prevalence and mortality 
are rising among women, particularly where smoking and 
household air pollution are prevalent.8 Projections suggest 
that, despite advances in prevention and treatment, COPD 
prevalence and mortality will continue to rise through 
2050, particularly in aging populations and regions with 
persistent exposure to modifiable risk factors.8 

In addition to rising prevalence, patients lack access 
to adequately trained health care professionals, particularly 
in rural and resource-limited settings.9 As a result, patients 
and providers lacking training and experience in COPD 
may resort to alternative resources for disease management 
support, including artificial intelligence (AI)-based tools 
such as large language models (LLMs) to obtain information 
and guidance outside of traditional clinical care pathways. 
Ultimately, AI may aid clinicians to deliver patient care 
by collecting vast and disparate data to support accurate 
disease diagnosis, clinical reasoning, and treatment 
decisions.10 AI could streamline clinicians’ workload and 
enable health care providers to dedicate more time to patient 
care responsibilities.11 Over the last decade, the U.S. Food 
and Drug Administration’s public list of AI and machine 
learning-enabled medical devices has grown rapidly, with 
over 1300 authorizations across specialties as of the latest 
update.10,12 Asian and European regulatory agencies have 
similarly convened focus groups, developed toolkits, and 
enhanced pharmacovigilance programs to facilitate patient 
safety, increase health care professional awareness, and 
minimize AI risks.12 

In controlled comparisons, AI software has outperformed 
pulmonologists in pulmonary function test interpretation 
accuracy and diagnostic assessment, underscoring both 
the promise and need for careful guardrails in respiratory 
decision support.13 ChatGPT (OpenAI; San Francisco, 
California) is an LLM AI that has demonstrated the potential 
to answer medical questions, including questions regarding 
COPD.14-16 In a study by Imtiaz et al, ChatGPT responses 
demonstrated high degrees of accuracy, completeness, 
clarity, and safety when prompted to 21 COPD questions, 
including 6 items addressing COPD medications.14 However, 
other studies have identified varying degrees of ChatGPT’s 
accuracy responding to complex medication-related 
questions and noted low inter-response agreement when 

Introduction the same prompts are administered over time.17,18 These 
aforementioned studies discuss single responses at one point 
in time or several responses over a period of time; however, 
limited data exist exploring differences between responses 
when the same question is simultaneously inputted across 
different devices using the same LLM AI (e.g., ChatGPT).14-16 
Given the prevalence and clinical burdens of COPD, further 
research on the accuracy, utility, and reliability of ChatGPT 
responding to COPD questions has been suggested.10,19,20 
These recent studies show mixed performance of LLMs on 
COPD tasks: in a clinician assessment of 21 COPD questions, 
ChatGPT provided detailed—but at times outdated—advice 
compared with Bing, while pharmacy-focused evaluations 
demonstrated limited accuracy and reproducibility on drug 
information queries, directly motivating ongoing needs to 
assess simultaneous LLM outputs. 

The purpose of this study was to evaluate the accuracy, 
usefulness, and impact variability of ChatGPT-4o across 3 
simultaneous responses across different computer devices 
and to describe reasons for differences in accuracy, 
usefulness, and impact variability performance.

This project used a 3-round modified Delphi approach with 
the purpose of forming consensus on ChatGPT’s accuracy, 
usefulness, and impact variability responding to questions on 
COPD treatment. Given the generative intent of this project, 
the Delphi method was used to derive consensus rather than 
use a nominal group technique.21 This is because the Delphi 
method explicitly forces convergence and ensures final 
ratings represent collective clinical judgement. Preliminary 
results were presented as a poster at the 2025 American 
College of Clinical Pharmacy Annual Meeting.22 Reporting 
adhered to the ACcurate COnsensus Reporting Document 
guideline.23 This study was exempt by the Institutional 
Review Board for Human Subjects at the University of 
Georgia, (in accordance with 45 CFR §46.104). We used 
ChatGPT-4o on 3 separate computers with distinct user 
accounts. Sessions occurred on May 6, 2025 with browsing 
enabled. Prompts were entered as the questions (verbatim) 
and are provided in the Appendix in the online supplement.

Five educational clinical questions were created by 
3 residency-trained, board-certified pharmacists whose 
primary employment was a faculty position at a college 
of pharmacy. The pharmacists graduated and completed 
2 years of postdoctoral training (postgraduate year-1 and 
-2 residency training) at different institutions, practiced in 
settings that differed in delivery of care (i.e., ambulatory 
care, inpatient), types of facilities (i.e., government, 
nonprofit), patient population (i.e., geriatrics, adults), and 
had a range of practice experience between 9 to 15 years; 
therefore, although the pharmacist panelists had similar 
expertise, they did not all practice at the same practice site 
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(i.e., 3 distinct locations in Georgia and Oklahoma). All 3 
pharmacists teach COPD pharmacotherapeutics within the 
didactic and experiential curriculum at their colleges. 

The pharmacists used COPD as the primary focus 
of the questions, addressing domains such as evidence-
based management, patient counseling considerations, 
and contraindications. The questions differed in format, 
ranging from well-defined structured questions to more 
open-ended ill-structured scenarios (Appendix in the online 
supplement). Well-structured questions typically provide 
key details explicitly and narrow the range of acceptable 
solutions, often mapping neatly onto established guidelines 
or a single best answer.24 By comparison, ill-structured 
questions usually demand more nuanced clinical reasoning, 
requiring clinicians to synthesize patient-specific variables 
and weigh trade-offs among multiple defensible options to 
arrive at a prioritized, context-dependent decision. Each 
question was entered concurrently into 3 separate computers 
using ChatGPT-4o to generate responses (output). Notably, 
ChatGPT-4o is a subscription-based program that had 
internet access and knowledge cutoffs18,25 ending in 2023. 

All generated responses were compiled and evaluated by 
(the same) 3 pharmacists using a modified Delphi process, 
as depicted in Figure 1.

Pharmacists independently assessed each response 
across 3 domains: accuracy, usefulness, and impact 
variability. Based on previous research on LLM, domains 
were separated on a 3-point Likert scale.26,27 Accuracy 
reflected the degree to which the response aligned with 
correct or accepted clinical information (e.g., published 
guidelines, randomized controlled trials) and was ordinal 
scale scored as 0 (poor), 1 (borderline), or 2 (good). 
Usefulness represented an overall judgment of whether the 
response met the intended goal of the prompt either from 
a clinician or patient perspective depending on the prompt 
and was ordinal scale scored as 0 (not useful), 1 (somewhat 
useful), or 2 (very useful). Impact variability (sometimes 
referred to as either consistency or reliability) captured the 
extent to which differences in responses could meaningfully 
influence patient outcomes (e.g., clinical targets) and 
was ordinal scale scored as 0 (low), 1 (moderate), or 2 
(high).26,27 For impact variability, panelists judged whether 
differences among the 3 simultaneous responses could 
change medication management (e.g., inhaled therapy 
class, corticosteroid exposure, antibiotic use) or key clinical 
targets (e.g., exacerbation risk reduction). Operational 
definitions and examples for each level were predistributed 
to panelists (Appendix in the online supplement). Individual 
ratings were subsequently aggregated, anonymized, and 
redistributed to the pharmacists to allow comparison with 
group responses and the opportunity to make revisions or 
share additional commentary with the group. The study 
moderator summarized feedback and convened one virtual 
consensus meeting with the 3 pharmacists to address items 

with discordant ratings. Consensus was defined as unanimous 
agreement among all 3 pharmacists for each response and 
domain (i.e., accuracy, usefulness, impact variability) and 
achieved through discussion and agreement. Discordant 
ratings were reviewed item-by-item and rating changes were 
not decided by a majority vote. In some instances, discussion 
led panelists who were initially in agreement to revise toward 
the discordant rating. Prior to the consensus meeting, Fleiss’ 
kappa was calculated for each domain across Delphi rounds 
1 and 2 with 95% confidence intervals via bootstrapping to 
understand the reliability of each assessment28,29; we also 
summarized domain-specific kappa by question. Descriptive 
statistics were used to summarize the findings. Data analysis 
was performed in SAS version 9.4 (SAS Institute; Cary, North 
Carolina).

Fleiss’ kappa for Delphi rounds 1 and 2 are presented30 
in Table 1. Interrater reliability among the 3 panelists 
evaluating ChatGPT-4o’s accuracy increased from slight 
agreement to fair agreement proceeding from Delphi 
round 1 to Delphi round 2. Poor agreement was observed 
regarding ChatGPT-4o’s usefulness and impact variability in 
both Delphi rounds 1 and 2.

Among 5 COPD-related questions simultaneously 
administered across 3 instances of ChatGPT-4o, consensus 
among 3 board-certified pharmacists was achieved on 
40 out of 45 responses (88.9% consensus agreement). 
Consensus was completely achieved regarding ChatGPT’s 
accuracy though not achieved regarding the usefulness of 
one question and the impact variability of another question. 
The accuracy, usefulness, and impact variability across 
questions and responses are presented in Table 2. 

ChatGPT-4o accuracy ranged from poor to good across 
the 5 questions. The consensus panelists agreed that ChatGPT-
4o was borderline accurate on staging COPD, recommending 
initial inhaled medications, and assessing and planning a 
COPD medication treatment plan for a complex patient case. 
The consensus panel also felt that ChatGPT was borderline 
accurate responding to a question regarding treatment of 
an exacerbation of COPD (ECOPD) though one response 
was scored as good (versus others scored as borderline). 
The consensus panel agreed that ChatGPT-4o demonstrated 
poor accuracy responding to a question on selecting and 
recommending medications to treat stable COPD because 
each ChatGPT-4o response referenced an outdated clinical 
practice guideline.

ChatGPT-4o usefulness ranged between somewhat 
useful to very useful; the consensus panel did not score 
ChatGPT-4o as not useful across any responses (i.e., 
ChatGPT-4o was at least somewhat useful). The consensus 
panel felt that ChatGPT-4o was somewhat useful at staging 
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COPD and initiating medications and selecting medications 
to treat stable COPD. Regarding treating an ECOPD and 
assessing and planning a complex case, the consensus panel 
scored ChatGPT-4o as somewhat useful though one response 
(in each question) was scored as very useful. Consensus 
was not achieved among the panelists regarding ChatGPT’s 

Figure 1. Methodology Flow Diagram for Modified Delphi Technique

Table 1. Fleiss’ Kappa by Delphi Round, Question, and Domain, with Bootstrapped 95% 
Confidence Intervals for Delphi Rounds 1 and 2

Accuracy к (95% CI) Usefulness к (95% CI) Impact Variability к (95% CI)
-0.02 (-0.27 to 0.16)

-0.13
-0.29
-0.38
-0.35
-0.04

-0.02 (-0.26 to 0.16)
-0.13
-0.29
-0.38
-0.35
-0.04

0.22 (-0.08 to 0.50)
0.10
1.00

-0.50
0.00

-0.35
0.43 (0.10 to 0.67)

0.10
1.00

-0.50
0.36

-0.13

-0.02 (-0.26 to 0.17)
-0.50
-0.29
-0.35
0.36
0.00

-0.02 (-0.26 to 0.20)
-0.50
-0.29
-0.35
0.36
0.00

Fleiss’ kappa was calculated across all responses within each Delphi round (N=15 responses per round, 3 panelists, 3-point ordinal scale). Each question-level kappa was calculated from 3 ChatGPT responses rated 
by 3 panelists on a 3-point ordinal scale. Due to the small number of participants per question (N=3), these estimates should be interpreted with caution.

CI=confidence interval

_______________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
________________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
________________________________________________________________________________________________________________________________________
________________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________

Delphi Round Question
Overall
1
2
3
4
5
Overall
1
2
3
4
5

1

2

usefulness to a question asking to identify medication-
related adverse events; herein, the consensus panel scored 
ChatGPT-4o somewhat to very useful.

ChatGPT-4o impact variability ranged between low to 
high. The consensus panel felt that ChatGPT-4o displayed high 
impact variability at staging COPD and initiating medication 
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Table 2. Accuracy, Usefulness, and Impact Variability of ChatGPT Simultaneous Responses to 
COPD Questions

Accuracya Usefulnessb Impact Variabilityc

Response 1: High
Response 2: High
Response 3: High
Response 1: High
Response 2: Moderate
Response 3: Moderate
Response 1: Moderated

Response 2: Low-to-Moderated

Response 3: Moderated

Response 1: Moderate
Response 2: Moderate
Response 3: Moderate
Response 1: Low
Response 2: Moderate
Response 3: Low

Response 1: Borderline
Response 2: Borderline
Response 3: Borderline
Response 1: Good
Response 2: Good
Response 3: Good
Response 1: Poor
Response 2: Poor
Response 3: Poor
Response 1: Borderline
Response 2: Good
Response 3: Borderline
Response 1: Borderline
Response 2: Borderline
Response 3: Borderline

Response 1: Somewhat 
Response 2: Somewhat
Response 3: Somewhat
Response 1: Very
Response 2: Somewhat-to-Veryd

Response 3: Somewhat-to-Veryd

Response 1: Somewhat
Response 2: Somewhat
Response 3: Somewhat
Response 1: Somewhat
Response 2: Very
Response 3: Somewhat
Response 1: Somewhat
Response 2: Somewhat
Response 3: Very

a Accuracy score scale: 0 (poor), 1 (borderline), 2 (good)
b Usefulness score scale: 0 (not useful), 1 (somewhat useful), 2 (very useful)
c Impact variability score scale: 0 (low), 1 (moderate), 2 (high)
d Did not reach consensus

COPD=chronic obstructive pulmonary disease; GOLD=Global initiative for chronic Obstructive Lung Disease; ECOPD=exacerbation of chronic obstructive pulmonary disease

_______________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
________________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
________________________________________________________________________________________________________________________________________
________________________________________________________________________________________________________________________________________
_______________________________________________________________________________________________________________________________________
________________________________________________________________________________________________________________________________________
________________________________________________________________________________________________________________________________________
________________________________________________________________________________________________________________________________________

Question, Structure, and Topic
1; ill-structured;
GOLD staging and initial medication treatment

2; structured;
Medication-related adverse events

3; ill-structured; 
Stable COPD medication treatment

4; ill-structured;
ECOPD medication treatment

5; structured;
Complex COPD case requiring assessment and plan

and displayed moderate impact variability at treating an 
ECOPD. Regarding medication-related adverse events and 
complex case assessment and planning, the consensus panel 
scored ChatGPT-4o as moderate to high and low to moderate 
impact variability, respectively. Consensus was not achieved 
among the panelists regarding ChatGPT’s impact variability 
to a question regarding selection of medications to treat 
stable COPD; notably, this was the same and only question 
for which the panelists agreed ChatGPT-4o displayed poor 
accuracy because it referenced an outdated clinical practice 
guideline.

This appears to be one of the first studies evaluating 
simultaneous responses to clinical questions across 3 
devices using the same LLM AI (i.e., ChatGPT-4o). Overall, 
some differences existed across accuracy, usefulness, 
and impact variability. Using a 3-round modified Delphi 
approach among residency-trained, board-certified 
pharmacist faculty, consensus was achieved on 89% of 
ChatGPT outputs following COPD prompts. The consensus 
panel of pharmacists agreed ChatGPT-4o accuracy ranged 
from poor to good, usefulness was at least somewhat useful 
and ranged between somewhat useful to very useful, and 
impact variability ranged between low and high. Though 
Fleiss’ kappa measures of inter-rater reliability ranged from 
poor to fair during Delphi rounds 1 and 2, the pattern of 
improving agreement and the formation of consensus 
over time was expected given the use of a modified Delphi 
approach. Despite having an answer key and instructions, 

Discussion

initial variability may reflect differences in the pharmacist 
panelists’ clinical interpretation and reasoning. However, 
subsequent rounds allowed the panelists to review their 
colleagues’ justification, promoting reflection and possible 
recalibration of their initial scores. The final consensus 
meeting provided an opportunity for structured discussion 
through the moderator to facilitate alignment. This is 
inherent to Delphi methods which typically results in 
improved inter-rater agreement over time.31 Based on the 
literature, presenting these data are needed, since some 
studies propose that Delphi studies lack defining inter-rater 
reliability and should be included when possible.32,33 

Though AI offers the promise of optimizing clinicians’ 
workflow and addressing patients’ clinical questions, 
concerns about AI’s static knowledge base have been raised, 
particularly concerning medications.11,17,18 A study by 
Imtiaz et al compared 2 LLM AIs, ChatGPT-3.5 and Bing, 
and scored ChatGPT-3.5 higher than Bing across accuracy, 
completeness, clarity, and safety domains among 21 COPD 
prompts.14 Though question-level data were not provided, 
the authors noted that ChatGPT-3.5 referenced outdated 
clinical practice guidelines and provided incomplete 
responses with respect to inhaled medications including 
corticosteroids, long-acting beta2-agonists, and long-acting 
muscarinic antagonists. Results from our study identified 
similar accuracy concerns, with one response displaying 
poor accuracy concerning medication treatment for stable 
COPD because ChatGPT-4o referenced a retired copy of 
the Global initiative for chronic Obstructive Lung Disease 
(GOLD) Report.34 These findings are consequential to health 
care providers and patients alike because international 
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evidence-based guidelines for asthma and COPD, the Global 
Initiative for Asthma (GINA) and GOLD Reports, are updated 
annually.35 ChatGPT’s and other chatbots', including Bing 
and Claude, inability to capture, assess, and respond to 
contemporary and dynamic updates in pulmonary medicine 
are consequential and may lead to patients being either 
undertreated or overtreated with inhaled medications. 
Patients who are undertreated are at increased risk for a life-
threatening ECOPD whereas patients who are overtreated 
are at increased risk for preventable adverse drug events. 
A plausible remedy to this problem includes routinely 
incorporating (uploading) clinical practice guidelines and 
landmark clinical trials into LLMs in real-time.14 Future 
studies should evaluate if prompting, such as asking the 
model to use only guidelines published within a specified 
time-bound window, reduces outdated recommendations.36

Previous reports have criticized ChatGPT’s ability to 
assess complex clinical cases.17,25 In our project, ChatGPT’s 
responses to a complex COPD case demonstrated borderline 
accuracy, somewhat usefulness, and moderate impact 
variability. The 2026 GOLD report strengthened its emphasis 
on avoiding unnecessary inhaled corticosteroid exposure 
(i.e., favoring dual inhaled long-acting bronchodilators 
unless there is clear eosinophilia or exacerbation-prone 
phenotype present) and clarified pharmacotherapy 
escalation after one ECOPD.35 Despite moving away from 
the recommendation of using a combination of a long-acting 
beta2-agonist with an inhaled corticosteroid, without a long-
acting muscarinic antagonist several years ago, clinicians 
continue to prescribe this combination inappropriately. A 
study conducted in Australia found that more than 50% 
of patients included were inappropriately prescribed an 
inhaled corticosteroid.37 A cross-sectional study conducted 
within the U.S. Department of Veteran’s Affairs, found that 
23.9% of Veterans were prescribed an inhaled corticosteroid 
without an identifiable indication.38 Even with guideline 
guidance on appropriate inhaled corticosteroid use and 
algorithms for transitioning patients from long-acting beta2-
agonist/inhaled corticosteroid combination therapy to other 
more effective regimens, these errors persist.

Inappropriate COPD treatment extends beyond 
inhaled corticosteroids, too. A study conducted in the 
United States found that 45.3% of patients did not receive 
general guideline recommended inhaler treatment, further 
highlighting inappropriate use of medications in COPD.39 
Another facet to COPD management extends beyond stable 
patients to those presenting with exacerbations. A study of 
intensivists in France found that adherence to guidelines 
regarding the use of laboratory biomarkers and short-acting 
beta2-agonist medications were moderate and antibiotic 
prescribing was poor.40 

Variability in acute COPD management is well-
documented, with international guidelines from the 

European Respiratory Society and the American Thoracic 
Society highlighting strong recommendations and conditional 
areas precisely where LLM outputs must be cross-checked 
against current evidence-based guidance.41 Our data, when 
combined with existing literature and clinical practice 
guidelines, shows that COPD management, specifically 
with inhaled corticosteroids, is complex and requires 
individualized patient assessment and clinical judgement. 
Because of this, LLM-generated recommendations with 
variable accuracy and usefulness can have a large impact 
on patient care. Prior to implementing these models for the 
management of COPD, the model should be trained by field 
experts, validated with updated clinical recommendations, 
and integrated with adequate safeguards to mitigate 
potentiation of medication errors. While this may be ideal, 
many clinicians using LLMs have not received formal 
training in prompt design, which may limit their ability 
to elicit accurate, clinically relevant, and appropriately 
tailored responses.42,43 Therefore, our results may reflect 
the types of responses likely to occur during real-world use, 
where prompts are often developed without specialized 
prompt-engineering expertise. Collectively, results from our 
work and existing projects illustrate how either outdated or 
ambiguous advice, whether human or LLM-generated, can 
propagate COPD over- and undertreatment risks.

This project possesses limitations warranting discussion. 
Our data, when combined with existing literature, shows 
COPD management, specifically with inhaled corticosteroids, 
is complex and requires individualized patient assessment and 
clinical judgement. Clear guidance on Delphi panel composition 
is lacking; though only 3 board-certified pharmacists holding 
faculty appointments served as experts, increasing the panel 
size to include between 5 and 15 participants may have added 
robustness.44 The small panel size also limited how much 
blinding could be preserved across multiple rounds. To mitigate 
this risk, discordant ratings were reviewed against operational 
definitions, and consensus was not treated as an issue of majority 
vote. Careful, moderated, item-level discussion allowed panelists 
to reconsider discordant ratings as systematically as possible 
though panel convergence towards consensus may have been 
susceptible to some degree of the bandwagon effect.45,46 
The use of a 3-point ordinal scale (0, 1, 2) to rate accuracy, 
usefulness, and impact variability may have centered consensus 
panelists towards the median response (1); rather, a 4-point 
ordinal scale (1, 2, 3, 4) could have been considered.47 At 
the time of this project, ChatGPT-4o, only available via a paid 
subscription, was utilized; patients and providers using open-
access (free) ChatGPT-3.5 may obtain different outputs, which 
have been shown to be less accurate than subscription-based 
versions.18 Finally, we did not experimentally control computer 
temperature, a factor that plausibly influences inter-response 
variability and merits formal study.
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In this modified Delphi evaluation of simultaneous 
ChatGPT-4o responses to COPD medication management 
questions, variability was observed in accuracy and 
usefulness across responses generated at the same time 
using identical questions, and the differences identified may 
possess clinical implications. Although most responses were 
at least somewhat useful, the presence of outdated guideline 
references and differences in impact variability highlight 
important limitations for clinical applications. These findings 
suggest, at this time, LLMs should be considered supportive 
informational tools rather than stand-alone clinical 
decision-making resources. Given the evolving nature 
of evidence-based resources, careful clinician oversight 
remains essential to ensure safe, contemporary, and patient-
centered care. Continued evaluation of AI performance, 
integration of updated clinical standards, and development 
of responsible implementation frameworks will be critical 
as AI is incorporated into health care delivery. Safe clinical 
use of LLMs in COPD care requires transparent grounding 
in current GOLD Report guidance, local oversight, and 
deployment patterns minimizing risks of outdated or 
inconsistent recommendations.
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