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Abstract
Introduction: Hereditary angioedema (HAE) is a rare but potentially life-threatening disorder 
characterized by recurrent swelling episodes. Adherence to clinical guidelines, such as the 
World Allergy Organization/European Academy of Allergy & Clinical Immunology (WAO/EAACI) 
guidelines, is crucial for effective management. With the increasing role of artificial intelli-
gence in medicine, large language models (LLMs) offer potential for clinical decision support. 
This study evaluates the performance of ChatGPT, Gemini, Perplexity, and Copilot in provid-
ing guideline-adherent responses for HAE management.
Methods: Twenty-eight key recommendations from the WAO/EAACI HAE guidelines were 
reformulated into interrogative formats and posed to the selected LLMs. Two independent 
clinicians assessed responses based on accuracy, adequacy, clarity, and citation reliability 
using a five-point Likert scale. References were categorized as guideline-based, trustworthy, 
or untrustworthy. A reevaluation with explicit citation instructions was conducted, with dis-
crepancies resolved by a third reviewer.
Results: ChatGPT and Gemini outperformed Perplexity and Copilot, achieving median accu-
racy and adequacy scores of 5.0 versus 3.0, respectively. ChatGPT had the lowest rate of 
unreliable references, whereas Gemini showed inconsistency in citation behavior. Significant 
differences in response quality were observed among models (p < 0.001). Providing explicit 
sourcing instructions improved performance consistency, particularly for Gemini.
Conclusion: ChatGPT and Gemini demonstrated superior adherence to WAO/EAACI guidelines, 
suggesting that LLMs can support clinical decision-making in rare diseases. However, incon-
sistencies in citation practices highlight the need for further validation and optimization to 
enhance reliability in medical applications.
© 2025 Codon Publications. Published by Codon Publications.
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Introduction

Integrating artificial intelligence (AI) into healthcare 
has markedly improved the accessibility, precision, and 
efficiency of medical decision-making. Among recent 
advances, large language models (LLMs) such as ChatGPT, 
Perplexity, Gemini, and Copilot have garnered consider-
able attention for their potential in clinical applications, 
ranging from patient education to treatment planning.1,2 By 
bridging extensive medical knowledge with practical clini-
cal insights, these models show promise for addressing rare 
and complex medical conditions.

AI chatbots have demonstrated significant proficiency 
in providing individualized patient information. Research 
indicates that LLMs are capable of tackling inquiries con-
cerning disease management, including keratoconus and 
urolithiasis while adhering to recognized clinical guidelines 
across multiple disciplines.3,4 ChatGPT has consistently 
demonstrated accuracy in line with validated guidelines, 
achieving correct or highly accurate responses in up to 
97% of instances when evaluated against the recommen-
dations of the European Association of Urology (EAU).3 
Nonetheless, inconsistencies in reference attribution and 
sporadic dependence on unverified sources continue to 
pose substantial challenges.1,5

Although LLMs are widely used, they differ markedly 
in architecture, data sources, and response generation 
strategies. For instance, ChatGPT relies on an extensive 
training dataset that includes peer-reviewed medical lit-
erature but lacks real-time internet access, limiting its 
ability to provide up-to-date citations. Gemini, developed 
by Google, integrates real-time web searches but has been 
noted for inconsistent citation practices. Perplexity AI 
emphasizes reference-based responses and transparency 
in its citations, making it particularly relevant for clini-
cal guideline adherence. In contrast, Copilot, developed 
by Microsoft, is integrated into productivity software and 
designed for general information retrieval rather than spe-
cialized medical queries. These inherent differences con-
tribute to variability in their performance across different 
medical domains, including hereditary angioedema (HAE) 
management.

HAE is a rare, potentially fatal condition marked by 
recurrent episodes of significant swelling in multiple regions 
of the body. Effective management of this condition relies 
on compliance with established protocols, such as the 
International WAO/EAACI Guideline for the Management 
of Hereditary Angioedema—The 2021 Revision and Update. 
These guidelines offer a systematic diagnosis, treatment, 
and long-term care framework, highlighting evidence-based 
methodologies to enhance patient outcomes.2,3

Despite the availability of these evidence-based rec-
ommendations, real-world adherence remains subopti-
mal, particularly in centers with limited HAE expertise 
or emergency settings where rapid, guideline-concordant 
decisions are critical.6 Moreover, a recent multinational 
survey reported that fewer than half of the physicians 
managing rare angioedema cases feel fully confident in 
applying the 2021 World Allergy Organization/European 
Academy of Allergy & Clinical Immunology (WAO/EAACI) 
update, citing time constraints and unfamiliarity with 
specialized treatments as the key barriers.7 Scalable 

digital tools capable of instantly translating guideline 
knowledge into clear clinical answers could therefore 
narrow the expertise gap, reduce diagnostic delays, and 
ultimately improve patient outcomes. However, no study 
has systematically examined whether state-of-the-art 
LLMs can deliver HAE recommendations that mirror WAO/
EAACI guidance. Addressing this question is pivotal before 
such models can be considered for decision support or 
patient-facing applications.

Although guideline adherence is of paramount impor-
tance, further research is required to evaluate LLMs’ effi-
cacy in implementing condition-specific recommendations, 
such as those pertaining to HAE. Prior assessments have 
underscored the capacity of AI to assist healthcare prac-
titioners in making evidence-based decisions. A study 
assessing LLMs in breast cancer screening indicated that 
they could equal or surpass the diagnostic accuracy of 
radiologists in identifying malignancies, highlighting their 
potential in clinical practice.8 However, the study also high-
lighted the inconsistency in model performance, stressing 
the necessity for thorough validation.9

Moreover, reference attribution is crucial in assess-
ing the reliability of LLM-generated information. Previous 
studies on the efficacy of LLM-based chatbots in medical 
educational resources for conditions such as epilepsy and 
cardiac catheterization have demonstrated disparate levels 
of reliability in the sources referenced by these models.10,11 
The findings indicate that although LLM-powered chatbots 
offer potential across various fields, their dependence on 
unverified sources may compromise their credibility and 
relevance in clinical decision-making.

This study seeks to assess the capacity of ChatGPT-4o, 
Gemini 2.0, Perplexity, and Copilot to deliver responses 
that align with the WAO/EAACI guidelines for HAE man-
agement.12 This research also aimed to address essential 
inquiries regarding the clinical applicability of LLMs in 
specialized medical fields by transforming 28 guideline 
recommendations into interrogative formats and system-
atically evaluating the accuracy, adequacy, and clarity of 
their responses. The findings are anticipated to clarify the 
advantages and drawbacks of LLMs, enhancing the overar-
ching discourse on their function in evidence-based medi-
cine and patient care.

Materials and Methods

This study evaluated the adherence of four LLMs—
ChatGPT-4o, Gemini 2.0, Perplexity, and Copilot—to the 
International WAO/EAACI Guideline for the Management of 
Hereditary Angioedema—The 2021 Revision and Update. A 
structured methodology assessed LLM-generated responses, 
accuracy, adequacy, clarity, and citation reliability.

Question formulation

All 28 evidence-based recommendations from the WAO/
EAACI guideline were converted into closed-ended inter-
rogative formats (yes/no or specific-choice questions) to 
strictly evaluate guideline adherence. The transformation 
adhered to the following protocol.
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Direct rephrasing
Recommendations were rephrased verbatim without alter-
ing their clinical intent.

For example:

•	 Guideline: We recommend C1 [a protein found in the 
fluid part of the blood] inhibitor or icatibant be used for 
the treatment of attacks in children under 12.

•	 Question: Is it recommended to use C1 inhibitor or icati-
bant for the treatment of attacks in HAE-diagnosed chil-
dren under the age of 12?

Full question list:
The complete set of 28 questions is provided in the 

supplementary file.

Model interaction protocol

Prompt design:
Questions were posed directly without additional context 
(e.g., no guideline-specific prompts). 

For example:

•	 Should all patients suspected of having HAE be assessed 
for blood levels of [C1 esterase inhibitor]C1-INH function, 
C1-INH protein, and C4?

Model parameters: 
All LLMs were used with their default settings to ensure 
consistency in response generation. No adjustments were 
made to parameters such as temperature or token limits. 
Model versions included ChatGPT-4o (latest as of December 
2024), Gemini 2.0 (December 2024), Perplexity (December 
2024), and Copilot (Bing, December 2024).

•	 Session management: 
•	 Prior interactions were cleared before each query to 

prevent bias from previous conversations.

Evaluation process

Blinded assessment by clinicians
Two independent clinicians with expertise in HAE man-
agement evaluated the responses. To ensure objectivity, 
observers were blinded to the LLM source of each response 
and evaluators were active in HAE diagnosis, treatment, 
and guideline implementation in clinical practice.

Each response was evaluated based on the following 
four criteria:

•	 Accuracy: How well does the response align with the 
guideline?

•	 Adequacy: Whether the response provides sufficient 
information to address the question.

•	 Clarity: The level of comprehensibility and coherence of 
the response.

•	 Citation Use: Whether the response includes a reference 
and the trustworthiness of the cited source.

A five-point Likert scale was utilized to evaluate 
responses based on their accuracy, adequacy, clarity, and 

citation reliability, in accordance with the International 
WAO/EAACI Guideline for the Management of Hereditary 
Angioedema—The 2021 Revision and Update. The scale was 
defined as:3

1.	 Incorrect: The response contradicts the International 
WAO/EAACI Guideline or contains factual inaccuracies.

2.	 Insufficient: The response is partially correct but lacks 
critical details or omits essential information.

3.	 Sufficient: The response demonstrates basic alignment 
with the International WAO/EAACI Guideline, yet lacks 
specificity or depth.

4.	 Accurate: The response adheres to the International 
WAO/EAACI Guideline, but lacks comprehensive detail 
or nuanced interpretation.

5.	 Very Accurate: The response fully complies with the 
International WAO/EAACI Guideline, providing detailed, 
precise, and guideline-consistent information.

Third reviewer for discrepancies
In cases of disagreement (> 1-point score difference), an 
independent HAE specialist with peer-reviewed publica-
tions in the field resolved all conflicts. This reviewer had 
extensive experience in HAE research and clinical care, 
ensuring consensus-based final scores.

Reference classification
Reference reliability was a critical aspect of the evaluation 
process. The LLMs were explicitly instructed to prioritize 
peer-reviewed and evidence-based references to ensure a 
rigorous assessment of citation quality. Each question was 
also evaluated for reference attribution, and references 
were classified into three categories:

Category 1: References to The International WAO/
EAACI Guideline for the Management of Hereditary 
Angioedema—The 2021 Revision and Update.
Category 2: References to trustworthy sources, such as 
peer-reviewed scientific publications and the websites 
of international disease associations managed by clini-
cians specializing in HAE, referencing peer-reviewed 
publications.
Category 3: References to untrustworthy sources, includ-
ing nonpeer-reviewed publications, patient communica-
tion communities, websites not managed by specialized 
clinicians or those lacking references to peer-reviewed 
materials, and promotional content lacking independent 
validation.

Re-evaluation of contextual information
To examine the effect of contextual prompting, the entire 
28-question evaluation was repeated, informing the LLMs 
of the user’s medical background and instructing them 
to use trustworthy sources. Blinded assessment proto-
cols were maintained; the same clinicians scored both 
responses and discrepancies were again resolved by the 
same independent HAE specialist.

Ensuring impartiality
To minimize bias, each LLM’s history was cleared before 
every session, and observers were blinded to the source of 
each response. Standardized prompts were applied uniformly. 
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Comparison of first and second responses of LLMs

A significant improvement was observed only for Gemini 
2.0 between its first and second responses (Wilcoxon 
Z = −2.539, p = 0.011) (Table 2). In contrast, ChatGPT, 
Perplexity, and Copilot showed no statistically significant 
changes. This suggests that contextual prompting (e.g., 
specifying the user’s medical background) selectively 
enhanced Gemini’s adherence to guidelines.

Comparison between LLMs for first and  
second responses

First response comparison
Kruskal-Wallis analysis indicated significant disparities in 
initial responses (χ² = 30.012, p < 0.001). ChatGPT and 
Gemini outperformed Perplexity and Copilot, achieving 
median accuracy and adequacy scores of 5.0 versus 3.0, 
respectively. Post hoc tests revealed that Copilot scored 
significantly lower than ChatGPT and Perplexity (p < 0.001), 
whereas the latter two performed comparably.

Each model was tested independently to avoid cross-
contamination, aligning with best practices in AI evaluation 
and enhancing the validity of between-model comparisons.

Statistical analysis

Data was analyzed using IBM SPSS (Statistical Package for 
the Social Sciences) Statistics version 22.0. Descriptive sta-
tistics are presented as frequencies (n) and percentages (%)  
for categorical variables and as medians and interquar-
tile ranges (IQR) for numerical variables. The Pearson 
chi-square and Fisher’s exact tests were used for categor-
ical comparisons, with Dunn-Bonferroni adjustments for 
post hoc analyses. Normality of numerical variables was 
assessed with the Shapiro-Wilk test. Non-normally distrib-
uted data were analyzed using nonparametric tests (Mann-
Whitney U, Kruskal-Wallis), with pairwise Dunn-Bonferroni 
corrections for multiple comparisons. Cohen’s kappa statis-
tic measured interobserver agreement, interpreted as < 0 
(poor), 0.01–0.20 (slight), 0.21–0.40 (fair), 0.41–0.60 (mod-
erate), 0.61–0.80 (substantial), and 0.81–1.00 (almost per-
fect). Statistical significance was set at p < 0.05.

Results

Interrater and RATER model agreement analysis

Cohen’s Kappa analysis revealed variability in agreement 
levels across observers and models (Table 1). The highest 
interobserver agreement was observed for ChatGPT-1 (κ = 
0.418, moderate), whereas ChatGPT-2 achieved the stron-
gest agreement between the first observer and the rater 
(κ = 0.795, substantial). Perplexity-2 showed the highest 
concordance between the second observer and the rater 
(κ = 0.761, substantial). These results underscore that while 
interobserver agreement was generally moderate, RATER 
(reliability, assurance, tangibles, empathy, and responsive-
ness) model agreement varied significantly, with ChatGPT 
and Perplexity demonstrating the most consistency.

Table 1  Cohen’s kappa analysis of inter-observer and 
observer-rater agreement.

Observer 1— 
Observer 2

Observer 1— 
Rater

Observer 2— 
Rater

ChatGPT-1st 0.418 0.702 0.524
ChatGPT-2nd 0.278 0.795 0.489
Perplexity-1st 0.300 0.537 0.067
Perplexity-2nd 0.080 0.272 0.761
Gemini-1st 0.128 0.653 0.203
Gemini-2nd 0.397 0.691 0.608
Copilot-1st 0.225 0.417 0.694
Copilot-2nd 0.359 0.632 0.661

Kappa values represent the level of agreement: 0–0.20 
(slight), 0.21–0.40 (fair), 0.41–0.60 (moderate), 0.61–0.80 
(substantial), and 0.81–1.00 (almost perfect).

Table 2  Comparison of first- and second-round responses of large language models (LLMs) and their Intercomparisons.

First Response Second Response z p

Median (IQR) Mean Rank Median (IQR) Mean Rank

ChatGPTa 5.0 (4.0–5.0) 69.77 5.0 (4.0–5.0) 62.84 0.957 0.338
Perplexityb 5.0 (4.0–5.0) 70.32 5.0 (4.0–5.0) 65.59 0.378 0.705
Geminic 5.0 (1.75–5.0) 54.27 5.0 (5.0–5.0) 69.16 2.539 0.011
Copilotd 3.0 (2.0–4.0) 31.64 3.0 (2.0–4.0) 28.41 0.773 0.773

X2 = 30.0123
*p < 0.001

p(a–d) = < 0.001
p(b–d) = < 0.001

X2 = 34.6709
*p < 0.001

p(a–d) = < 0.001
p(b–d) = < 0.001
p(c–d) = < 0.001

a: ChatGPT; b: Perplexity; c: Gemini; d: Copilot.
Z: Wilcoxon Test Value.
χ²: Kruskal-Wallis Test.
*: Mann-Whitney U Test.
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Second response comparison
For the second evaluation, Copilot remained the lowest 
performer (χ² = 34.671, p < 0.001), whereas Gemini 2.0 
showed marked improvement, aligning more closely with 
WAO/EAACI guidelines (p < 0.001).

Reference attribution analysis

Overall reference rates
No significant changes were observed between attempts 
for individual models. However, in the first attempt, 
ChatGPT-4o and Gemini 2.0 cited fewer references than 
Perplexity and Copilot (χ² = 98.215, p < 0.001). In the sec-
ond attempt, Gemini 2.0 referenced fewer sources than all 
other models (p < 0.001), highlighting inconsistent citation 
behavior.

Unreliable references
ChatGPT-4o consistently provided the most reliable refer-
ences (0% unreliable citations in both attempts), whereas 
Perplexity and Copilot frequently cited unverified sources 
(50–53.6% unreliable citations, p < 0.001) (Table 3).

EAACI-compliant versus noncompliant references

Compliance with guidelines
Perplexity and Copilot prioritized EAACI-compliant refer-
ences (78.6–100% compliance), whereas ChatGPT-4o and 
Gemini 2.0 exhibited variability (p < 0.001) (Table 4).

Noncompliant references
ChatGPT-4o’s second attempt showed a surge in noncom-
pliant references (71.4% noncompliant vs. 0% initially,  

Table 3  Comparison of references cited by LLMs in the first- and second-round responses.

References Unreliable References

First Second p First Second p

ChatGPTa 0 (0.0) 20 (71.4) - 0 (0.0) 0 (0.0) -
Perplexityb 28 (100.0) 28 (100.0) - 14 (50.0) 15 (53.6) 1.000*
Geminic 4 (14.3) 8 (28.6) 0.344** 0 (0.0) 5 (17.9) 0.063**
Copilotd 28 (100.0) 28 (100.0) - 13 (46.4) 14 (50.0) 1.000*

χ2 = 98.215
*p < 0.001

**p(a–b) < 0.001
**p(a–d) < 0.001
**p(b–c) < 0.001
**p(c–d) < 0.001

χ2 = 51.048
*p < 0.001

*p(a–b) = 0.024
*p (a–c) = 0.018
*p(a–d) = 0.024
*p(b–c) < 0.001
*p(c–d) < 0.001

χ2 = 35.674
*p < 0.001

**p(a–b) < 0.001
**p(a–d) < 0.001
**p(b–c) < 0.001
**p(c–d) < 0.001

χ2 = 26.522
*p < 0.001

**p (a–b) < 0.001
**p(a–d) < 0.001

a: ChatGPT; b: Perplexity; c: Gemini; d: Copilot.
X²: Chi-Square Test Statistic *: Pearson Chi-Square Test **: Fisher’s Exact Test.

Table 4  EAACI-compliant versus noncompliant references across first- and second-round responses.

WAO/EAACI-Compliant References WAO/EAACI Noncompliant Reliable References

First Second p First Second p

ChatGPTa 0 (0.0) 0 (0.0) - 0 (0.0) 20 (71.4) < 0.001**
Perplexityb 22 (78.6) 18 (64.3) 0.344* 28 (100.0) 28 (100.0) -
Geminic 3 (10.7) 3 (10.7) 1.000** 2 (7.1) 4 (14.3) 0.625**
Copilotd 22 (78.6) 20 (71.4) 0.625* 19 (67.9) 20 (71.4) 1.000*

χ2 = 62.287
*p < 0.001

**p(a–b) < 0.001
**p(a–d) < 0.001
** p(b–c) < 0.001
**p(c–d) < 0.001

χ2 = 48.132
*p < 0.001

**p(a–b) < 0.001
**p(a–d) < 0.001
**p(b–c) < 0.001
**p(c–d) < 0.001

χ2 = 79.637
*p < 0.001

**p(a–b) < 0.001
**p(a–d) < 0.001
**p(b–c) < 0.001
*p(b–d) = 0.012
**p(c–d) < 0.001

χ2 = 47.289
*p < 0.001

*p(a–b) = 0.024
**p(a–c) < 0.001
**p(b–c) < 0.001
*p(b–d) = 0.024
**p(c–d) < 0.001

a: ChatGPT; b: Perplexity; c: Gemini; d: Copilot.
*: Pearson Chi-Square Test **: Fisher’s Exact Test.
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similar finding, noting that some models delivered accurate 
information, whereas, in contrast, others generated poten-
tially harmful advice, underscoring the importance of veri-
fying AI outputs before clinical use.15

These findings are clinically meaningful for at least 
two reasons. First, HAE is a rare disorder in which many 
frontline providers lack day-to-day experience; even mod-
est improvements in guideline adherence can therefore 
translate into tangible reductions in diagnostic delay and 
attack-related morbidity. Second, to our knowledge, this is 
the first head-to-head assessment of multiple cutting-edge 
LLMs against the 2021 WAO/EAACI recommendations, pro-
viding an empirical benchmark for future model devel-
opment. By demonstrating both the strengths and the 
current shortcomings of LLM outputs, our study offers a 
roadmap for how AI tools might be fine-tuned or regulated 
before they can be safely integrated into specialist allergy-
immunology workflows.

In most of the questions posed here, ChatGPT-4o and 
Gemini 2.0 accurately identified first-line therapies such as 
C1 inhibitor or icatibant for pediatric HAE attacks, demon-
strating a strong capacity to interpret nuanced guideline 
recommendations.12 In contrast, Copilot and Perplexity 
frequently omitted prophylaxis protocols, highlighting 
that general-purpose models may underperform in rare 
or complex diseases. A study examining older versions of 
ChatGPT in oncology similarly reported that complicated 
treatment algorithms exposed the model’s limitations, 
emphasizing the iterative nature of AI improvement and 
the potential need for ongoing model refinement.13 The 
reliability of AI-generated content appears closely related 
to the credibility of referenced sources, as ChatGPT-4o and 
Gemini 2.0 predominantly relied on peer-reviewed journals 
or official guidelines. In contrast, Copilot and Perplexity 
often cited less reliable sources. An investigation focusing 
on epilepsy management observed that LLMs struggle to 
discern high-quality references, especially for conditions 

p < 0.001), whereas Gemini 2.0 maintained lower rates 
compared to others (p < 0.001).

Correlation between agreement and response 
quality

Spearman correlation analysis (Table 5) revealed distinct 
patterns in the relationship between interrater agreement 
and response accuracy. For the first responses, Gemini 
2.0 exhibited a positive correlation between accuracy and 
observer agreement (ρ = 0.503, p = 0.006), suggesting its 
performance improved with higher consensus among eval-
uators. In the second evaluation round, all models demon-
strated strong correlations between agreement levels and 
response scores, with ChatGPT-4o (ρ = 0.573, p = 0.001) 
and Copilot (ρ = 0.498, p = 0.007) showing particularly 
robust associations. These findings underscore the critical 
role of observer consensus in enhancing the reliability of 
LLM-generated responses, particularly when contextual 
instructions are provided.

Discussion

This study evaluated four LLMs—ChatGPT-4o, Gemini 2.0, 
Copilot, and Perplexity—for their adherence to the WAO/
EAACI guidelines in HAE management. The results indicate 
that ChatGPT-4o and Gemini 2.0 generally provided more 
guideline-concordant and clinically actionable recommen-
dations, whereas Copilot and Perplexity often produced 
incomplete or inconsistent responses. These observations 
are compatible with other investigations suggesting that 
specific LLMs can offer high compliance with medical guide-
lines; however, performance varies considerably based on 
the model’s training data and disease-specific expertise.13,14 
One publication on resuscitation protocols described a 

Table 5  Relationship between response categories and EAACI compliance, reliability, agreement, and evidence levels.

Median 
(IQR)

Mean 
Rank

WAO/
EAACI-

Compliant 
References

p* WAO/
EAACI Non-
Compliant 
Reliable 

References

p* Unreliable 
References

p* Agreement 
Correlation

p** Evidence 
Correlation

p**

First Responses
ChatGPT 5 (4–5) 69.77 0 (0.0) - 0 (0.0) - 0 (0.0) - 0.343762 0.073 -0.406739 0.032
Perplexity 5 (4–5) 70.32 22 (78.6) 0.920 28 (100.0) - 14 (50.0) 0.112 0.339506 0.077 -0.291819 0.132
Gemini 5 (1.75–5) 54.27 3 (10.7) 0.900 2 (7.1) 0.248 0 (0.0) - 0.502559 0.006 -0.001550 0.993
Copilot 3.0 (2–4) 31.64 22 (78.6) 0.565 19 (67.9) 0.136 13 (46.4) 0.204 0.200544 0.306 -0.317180 0.100
Second Responses
ChatGPT 5 (4–5) 62.84 0 (0.0) - 20 (71.4) 0.559 0 (0.0) - 0.572871 0.001 -0.145880 0.459
Perplexity 5 (4–5) 65.59 18 (64.3) 0.841 28 (100.0) - 15 (53.6) 0.881 0.615775 <0.001 -0.232615 0.234
Gemini 5 (5–5) 69.16 3 (10.7) 0.203 4 (14.3) 0.897 5 (17.9) 0.563 0.571649 0.001 -0.185529 0.345
Copilot 3 (2–4) 28.41 20 (71.4) 0.045 20 (71.4) 0.439 14 (50.0) 0.895 0.498282 0.007 -0.252668 0.195

*: Mann-Whitney U Test.
**: Spearman Correlation Analysis.
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to help clinicians critically evaluate AI-generated outputs, 
ensuring that clinical expertise remains the primary deter-
minant of patient care.20 Sustained regulatory oversight is 
also essential to address biases, safeguard data privacy, 
and manage unpredictable shifts in model capabilities that 
can occur with frequent updates. By incorporating these 
elements, LLMs could evolve into reliable adjuncts that 
complement rather than supplant the nuanced judgment of 
healthcare professionals in HAE management and beyond.

Conclusion

This study underscores the potential of LLMs in clinical 
practice, with ChatGPT and Gemini demonstrating stronger 
adherence to WAO/EAACI guidelines compared to Perplexity 
and Copilot. However, variability in citation reliability and 
reference quality highlights the need for continued refine-
ment to ensure trustworthiness. While LLMs assures in 
disseminating guideline-aligned medical knowledge, their 
integration into healthcare requires targeted adaptations 
to address disease-specific complexities and rigorous vali-
dation protocols. Crucially, AI-generated recommendations 
must complement rather than replace clinician judgment 
to safeguard patient care. Future efforts should prioritize 
optimizing model accuracy, mitigating biases, and estab-
lishing standardized regulatory frameworks to expand their 
utility in rare disease management responsibly.
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Full Question List

1.	 Should all patients suspected of having HAE be assessed for blood levels of C1-INH function, C1-INH protein, and C4?
2.	 Should testing for C1-INH function, C1-INH protein, and C4 be repeated in patients who test positive to confirm the 

diagnosis of HAE-1/2?
3.	 Should patients suspected of having HAE and exhibiting normal C1-INH levels and function be assessed for known 

mutations underlying HAE-nC1-IN?
4.	 Should on-demand treatment be considered for all HAE attacks?
5.	 Should any HAE attack affecting or potentially affecting the upper airway be treated?
6.	 Is it recommended to treat HAE attacks as early as possible?
7.	 Should HAE attacks be treated with either intravenous C1 inhibitor, ecallantide, or icatibant?
8.	 Is it recommended to consider early intubation or surgical airway intervention in cases of progressive upper airway 

edema for HAE patients?
9.	 Is it necessary that all patients with HAE carry a sufficient number of on-demand medications at all times?

10.	 Is it recommended for HAE patients to consider short-term prophylaxis before medical, surgical, or dental procedures 
as well as exposure to other angioedema attack-inducing events?

11.	 Is the use of intravenous plasma-derived C1 inhibitor recommended as the first-line short-term prophylaxis for HAE 
patients?

12.	 Is it suggested for HAE patients to consider prophylaxis prior to exposure to patient-specific angioedema-inducing 
situations?

13.	 Are the goals of treatment recommended to be achieving total control of the disease and normalizing patients’ lives 
for HAE patients?

14.	 Is it recommended for HAE patients to evaluate patients for long-term prophylaxis at every visit, considering disease 
activity, burden, and control as well as patient preference?

15.	 Is the use of plasma-derived C1 inhibitor recommended as the first-line long-term prophylaxis for HAE patients?
16.	 Is the use of lanadelumab recommended as the first-line long-term prophylaxis for HAE patients?
17.	 Is the use of berotralstat recommended as the first-line long-term prophylaxis for HAE patients?
18.	 Is the use of androgens recommended only as second-line long-term prophylaxis for HAE patients?
19.	 Is it suggested that all HAE patients using long-term prophylaxis be routinely monitored for disease activity, impact, 

and control to inform the optimization of treatment dosages and outcomes?
20.	 Is it recommended to carry out testing for children from HAE-affected families as soon as possible and to test all off-

spring of an affected parent?
21.	 Is it recommended to use C1 inhibitor or icatibant for the treatment of attacks in HAE diagnosed children under the 

age of 12?
22.	 Is it recommended to use plasma-derived C1 inhibitors as the preferred therapy during pregnancy and lactation for 

HAE patients?
23.	 Is it recommended for all HAE patients to have an action plan and treatment plan?
24.	 Is it recommended to have HAE-specific comprehensive, integrated care available for all HAE patients?
25.	 Is it recommended for HAE patients to be treated by a specialist with specific expertise in managing HAE?
26.	 Is it recommended that all HAE patients provided with on-demand treatment licensed for self-administration should be 

taught to self-administer?
27.	 Is it recommended that all HAE patients be educated about triggers that may induce attacks?
28.	 Is it recommended to screen family members of HAE patients for HAE?


