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ABSTRACT

Background and Aim: Hypersensitivity pneumonitis (HP) is a complex, immine mediated interstitial lung disease in
which accurate diagnosis and long term management require integration of clinical, radiologic, and exposure-related
information. Patients increasingly use artificial intelligence (Al) based chatbots to obtain disease related information;
however, the quality, readability, and patient usability of such content remain unclear. This study aimed to evaluate
the quality, reliability, readability, and patient-centered usability of Al chatbot generated information on HP.

Materials and Methods: Using Google Trends, we identified four of the most frequently searched patient-oriented
questions regarding HP: (1) What is HP and what causes it? (2) What are the clinical features of HP? (3) How is
HP treated? (4) How is HP diagnosed? These questions were submitted verbatim to eight Al chatbots
(ChatGPT-5.1, Claude 3, Microsoft Copilot, DeepSeek V3, Gemini Pro, Grok 4, Kimi K2, Perplexity Al). A total of 32
responses were independently evaluated in a blinded fashion by four pulmonology professors specializing in inter-
stitial lung diseases. Content quality and reliability were assessed using DISCERN; understandability and
actionability with PEMAT-P; global written readability with the Written Readability Rating (WRR); and structural
readability with the Flesch—Kincaid Grade Level (FKGL).

Results: All chatbot outputs required advanced literacy, with FKGL scores ranging from 20.17 to 29.07 and a
mean of approximately 24-25, indicating college or postgraduate reading level. No chatbot produced content
within the recommended patient-appropriate range (FKGL < 8). WRR scores declined with increasing clinical com-
plexity, from 67.85 for definitional content (Q1) to 51.227 for diagnostic explanations (Q4). DISCERN scores varied
substantially across models (35.001-57.103), with most chatbots falling into the “fair—good” range, reflecting par-
tially reliable but incomplete information. PEMAT-P understandability scores were moderate (highest: 66.302% for
DeepSeek V3), whereas actionability was consistently low, indicating a lack of clear, concrete patient instructions.
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Conclusion: Al chatbots can generate clinically rich explanations of HP but currently produce content that is

too complex and insufficiently actionable for most patients. The observed “readability—quality gap” suggests that
chatbot-generated information should not yet replace professionally curated patient education materials. A hybrid
model in which Al-generated drafts are refined by clinical experts may represent the most appropriate strategy for
safe integration of Al tools into patient education on complex interstitial lung diseases such as HP.

Key words: Hypersensitivity pneumonitis, artificial intelligence, chatbots.

Introduction

Hypersensitivity pneumonitis (HP) is a complex,
immune-mediated interstitial lung disease resulting
from repeated inhalational exposure to a wide variety
of organic and inorganic antigens. The disease encom-
passes acute, subacute, and chronic phenotypes, each
influenced by antigen dose, exposure frequency, host
susceptibility, and immunologic reactivity(1). Recent
consensus classifications have further emphasized the
distinction between fibrotic and non-fibrotic HP, as
fibrosis represents the strongest predictor of disease
progression and mortality(1, 2). Despite advances in
diagnostic imaging and exposure assessment, HP re-
mains one of the most challenging interstitial lung
diseases (ILDs) to diagnose due to its broad clinical het-
erogeneity, overlapping features with other ILDs, and
the absence of a single definitive diagnostic marker(3).
Epidemiological data indicate that HP is underdi-
agnosed and frequently misclassified, especially in its
chronic fibrotic form, which can mimic idiopathic pul-
monary fibrosis both radiologically and clinically (4).
Exposure history remains central to diagnosis, yet pa-
tients are often unaware of environmental or occupa-
tional antigen sources, making accurate identification
difficult without structured clinician-guided assess-
ment. Imaging characteristics, including mosaic at-
tenuation, air-trapping, centrilobular nodules, and the
“three-density pattern,” provide valuable clues; however,
interpretation requires specialized radiologic expertise,
and variability across institutions further complicates
diagnostic pathways(3). In this context of clinical un-
certainty and diagnostic complexity, patients increas-
ingly turn to online health information to understand

their symptoms, potential exposures, diagnostic tests,
and treatment options. Studies have shown that up to
70% of individuals with chronic diseases search the
internet before or after medical visits, particularly for
rare or poorly understood conditions (5). However, the
quality and readability of web-based medical content
vary widely. Research evaluating online ILD-related
information has demonstrated significant deficiencies
in accuracy, completeness, and readability, with most
materials written far above recommended health lit-
eracy levels(6). This discrepancy is concerning because
limited health literacy is independently associated with
poorer disease understanding, reduced adherence, and
worse health outcomes. Meanwhile, AI powered chat-
bots and large language models (LLMs) have emerged
as prominent tools for generating on-demand medical
explanations. Their ability to synthesize large bodies of
biomedical text has accelerated their adoption in clini-
cal support, patient engagement, and public health
communication. Early evidence suggests that Al chat-
bots can provide medically relevant, cohesive explana-
tions; however, studies also reveal substantial variation
in accuracy, depth, and readability—particularly when
addressing nuanced or complex clinical topics(7). For
diseases such as HP, which require precise environ-
mental, imaging, and immunologic interpretation, the
reliability and patient-friendliness of Al-generated
responses remain insufficiently characterized. To en-
sure alignment with real-world informational needs,
the present study selected HP-related questions using
Google Trends, thereby capturing the most frequently
searched patient-oriented queries on hypersensitivity
pneumonitis. This method provides an ecologically
valid representation of public concerns and information
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gaps, allowing evaluation of Al performance on the
exact topics patients search most frequently online.
Accordingly, this study aims to conduct a descriptive,
comparative content analysis of responses generated
by eight widely used AI chatbots. Using validated in-
struments DISCERN, PEMAT-P, WRR, and FKGL
we evaluated the quality, reliability, comprehensibil-
ity, and readability of chatbot-generated information.
By systematically analyzing Al-produced answers to
patient-centered questions about HP, this work seeks
to elucidate the strengths and limitations of current Al
tools, inform their responsible integration into patient
education, and identify key areas for improvement in
future healthcare-oriented LLM development.

Material and method

Study design and question selection

Query selection was conducted systematically to
ensure that the evaluated questions accurately reflected
real-world patient information-seeking behavior while
maintaining clinical relevance. To identify the most
frequently searched patient-oriented questions re-
lated to HP, Google Trends data were analyzed over
a defined 12-month period (January 2023 to January
2024) using global search parameters. Google Trends
was selected as it captures large-scale, real-time pub-
lic search behavior and provides an ecologically valid
representation of the health-related topics most com-
monly sought by patients outside the clinical setting.
This approach has been widely used in prior studies to
approximate authentic patient concerns in the absence
of direct patient interviews. Based on relative search
interest and clinical relevance, four core questions were
selected for detailed evaluation: (1) What is hypersensi-
tivity pneumonitis and what causes it? (2) What are the
clinical features of hypersensitivity pneumonitis? (3) How
is hypersensitivity pneumonitis treated? and (4) How is
hypersensitivity pneumonitis diagnosed? These ques-
tions were intentionally chosen to represent a gradient
of informational complexity, ranging from basic dis-
ease definition to diagnostic reasoning. All questions
were used exactly as identified, without modification
or simplification, and were presented identically to all

evaluated Al chatbots to ensure standardization and
comparability across generated responses.

Expert evaluators

Four professors specializing in interstitial lung
diseases served as expert evaluators. Each expert in-
dependently reviewed and scored all chatbot responses
in a blinded manner. The evaluators were unaware of
which chatbot produced each response. Evaluation
Metrics, Chatbot-generated texts were assessed in
four main domains: Content Quality and Reliability;
Medical accuracy, completeness, scientific validity,
and evidence-based information were assessed us-
ing the DISCERN instrument: The DISCERN tool
consists of 16 items. Each item is scored from 1 to
5 (higher scores indicate higher quality). It evaluates
three core dimensions: Reliability of the publication,
quality of treatment information, overall quality rat-
ing. Understandability of Written Health Informa-
tion; Two validated international tools were used to
assess how understandable and patient-friendly the
texts were: PEMAT-P (Patient Education Materials
Assessment Tool — Printable); A 17-item tool assess-
ing understandability and actionability. Scored as yes/
no/not applicable. A percentage score is calculated.
WRR (Written Readability Rating); A global 1-5 rat-
ing assessing the clarity and simplicity of the writing.
Readability Analysis; Structural readability of the texts
was assessed using the Flesch—Kincaid Grade Level
(FKGL) formula, widely used for evaluating reading
difficulty:

total words
FKGL =039x| — |+
total sentences
1labl
11,8 oredsyllables | 1o g
total words

For each chatbot response, the following were
calculated using a Python-based linguistic analy-
sis script: total word count, total sentence count,
total syllable count. Data Collection and Analysis
Procedure; All chatbot responses were collected
manually and stored in structured text files. Ex-
pert reviewers independently scored each response
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using DISCERN, WRR, and PEMAT-P. FKGL
scores were calculated automatically using Python.
Aggregated data were analyzed descriptively, in-
cluding: means and medians, variation coeflicients,
inter-chatbot comparison. The performance of chat-
bots was compared with established health literacy
recommendations.

Data collection and statistical analysis

Aggregated data were summarized using descrip-
tive statistics. Continuous variables are presented as
means * standard deviations (SD) when normally
distributed and as medians with interquartile ranges
(IQR) when non-normally distributed. For chatbot-
level comparisons, mean scores were used to summa-
rize overall performance across evaluators, as reflected
in Tables 1-3. Variability across chatbot outputs was
assessed using standard deviation and range values. All
statistical summaries were generated following inspec-
tion of score distributions.

Ethical considerations

No human subjects were involved, and expert re-
viewers only provided professional scoring; therefore,
formal ethics committee approval was not required.
The study was conducted in accordance with the prin-
ciples of the Declaration of Helsinki.

Results

In this study, eight Al based chatbots were evalu-
ated for the accuracy, readability, and patient-centered
usability of their responses to four frequently searched
questionsregarding HP. A total of 32 chatbot-generated
outputs were assessed independently by four pulmo-
nology experts using the DISCERN, PEMAT-P,
WRR, and FKGL tools. Descriptive results are pre-
sented as means and, where appropriate, comple-
mented by measures of variability (e.g., standard
deviation), as summarized in Tables 1-3.

Inter-rater reliability (ICC)

To assess the robustness and reproducibility of
expert-based scoring, inter-rater reliability among the

four pulmonology evaluators was examined using intra-
class correlation coefficients (ICC; two-way random ef-
fects model, absolute agreement). For DISCERN total
scores, the single-measure ICC demonstrated moderate
agreement (ICC (2,1) =0.44), while the average-meas-
ures ICC based on the mean of four raters indicated
good reliability (ICC (2,4) =0.76). For PEMAT-P un-
derstandability scores, the single-measure ICC showed
low agreement (ICC (2,1) =0.23), which improved
to moderate reliability when averaged across raters
(ICC (2,4) =0.54). These findings support the methodo-
logical robustness of using mean expert ratings in the
comparative evaluation of chatbot performance. Explor-
atory Inferential Analysis (Kruskal-Wallis); In response
to reviewer recommendations, exploratory between-
chatbot comparisons were performed using the non-
parametric Kruskal-Wallis test. Statistically significant
differences were observed between chatbots in overall
information quality (DISCERN scores; p=0.030). In
contrast, chatbot differences in PEMAT-P understand-
ability did not reach statistical significance (p=0.142),
suggesting broadly similar limitations in patient-ori-
ented clarity across models despite variability in overall
content quality.

Readability analysis — FKGL

The Flesch—-Kincaid Grade Level (FKGL)
scores demonstrated that all chatbot responses

Table 1. Flesch—Kincaid Grade Level (FKGL) Scores for
All Chatbot Responses

Chatbot FKGL Score
Chatbot 1 27.09
Chatbot 2 26.68
Chatbot 3 23.72
Chatbot 4 20.17
Chatbot 5 23.26
Chatbot 6 25.04
Chatbot 7 29.07
Chatbot 8 (Perplexity Al) 22.20

Notes: FKGL: values represent mean grade-level scores calculated from
chatbot-generated responses using the Flesch-Kincaid formula. Higher
scores indicate increased reading difficulty. All values exceeded grade
level 20, indicating university- or postgraduate-level readability.
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required advanced literacy levels, substantially ex-
ceeding the recommended 5th—8th grade readability
range for patient education materials. As shown in
Table 1, FKGL values ranged from 20.17 to 29.07,
indicating that content generally required college-
level or postgraduate-level reading ability. The low-
est FKGL scores were observed in DeepSeek V3
(20.17) and Perplexity (22.20), suggesting relatively
simpler but still challenging language. In contrast,
Kimi K2 (29.07), ChatGPT-5.1 (27.09), and Claude
3 (26.68) produced the most complex and academi-
cally styled responses. Overall, the mean FKGL
score was approximately 2425, and no chatbot pro-
duced material within the ideal patient-appropriate
readability range (FKGL < 8). The extensive use of
HP-specific terminology including fibrosis, BAL,
precipitins, and HRCT pattern descriptions likely
contributed to elevated scores.

Table 2. Mean Writing Readability Rating (WRR) by Question

Question Mean
No. Question Content WRR
Q1 “What is HP and what are its causes?” | 67.85
Q2 “How does HP present clinically?” 58.125
Q3 “How is HP treated?” 57.928
Q4 “How is HP diagnosed?” 51.227

Notes: WRR scores declined as question complexity increased. The
highest readability was observed for definition-based content (Q1),
while diagnostic explanations (Q4) demonstrated the lowest readability.

Writing Readability Rating (WRR)

WRR scores exhibited a clear downward trend
across the four evaluated questions (Table 2). The
highest readability was found in responses to defi-
nitional content Q1: “What is HP and what are its
causes?” (WRR = 67.85), suggesting that chatbots
conveyed basic disease concepts more effectively.
Conversely, diagnostic explanations demonstrated
the lowest readability (Q4 WRR = 51.227). This is
consistent with clinical practice, where diagnosing
chronic HP may require multidisciplinary integra-
tion and, in selected cases, invasive procedures such
as transbronchial biopsy, adding further complexity
to patient-facing explanations(8). The reduction in
readability appears to be driven by: complex, mul-
tistep diagnostic pathways, dense clinical terminol-
ogy, explanations structured for clinicians rather than
patients.

The observed gradient Definition > Symptoms >
Treatment > Diagnosis suggests that as clinical com-
plexity increased, chatbot-generated text became less
accessible.

DISCERN assessment

Expert evaluation of response quality revealed
that chatbots delivered adequate information re-
garding disease definitions and general explanations.
However, several limitations were noted, including in-
sufficient discussion of:

Table 3. DISCERN and PEMAT-P Scores of Chatbot Responses (Mean + SD)

DISCERN PEMAT Understandability % PEMAT Actionability %
Chatbot (Mean = SD) (Mean = SD) (Mean = SD)
ChatGPT-5.1 44.06 + 8.16 70.50 + 3.00 43.00 + 11.43
Claude 3 5711 +7.67 65.75 + 6.50 39.50 + 7.00
Microsoft Copilot 41.25 £ 1.65 62.75 + 8.96 35.75 + 18.46
DeepSeek V3 53.05 +10.12 67.25 £ 11.84 64.00 = 8.08
Gemini Pro 51.25+£6.35 70.25 + 10.69 43.00 = 19.80
Grok 4 35.00 £ 5.35 51.75 £ 8.02 21.50 = 18.59
Kimi K2 49.22 + 3.87 64.25 +9.50 43.00 + 16.17
Perplexity Al 51.09 +10.21 60.75 £ 9.50 25.00 = 21.56

Notes: DISCERN and PEMAT-P scores are reported as mean * standard deviation (SD) across four expert evaluators. Higher DISCERN scores
indicate higher information quality. PEMAT-P scores are expressed as percentages; higher percentages indicate better understandability/actionability.
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Comparison of DISCERN, PEMAT-P, and FKGL Scores Across Al Chatbots
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Figure 1. Comparison of DISCERN, FKGL and PEMAT-P Scores Across Eight AT Chatbots Evaluating

Hypersensitivity Pneumonitis Information.

treatment risks and benefits,

- uncertainties and prognosis,
- alternative therapeutic options.

As shown in Table 3, DISCERN scores ranged
widely. Claude 3 achieved the highest quality rating
(57.103), while Grok 4 scored lowest (35.001), indi-
cating considerable variability in reliability and balance
of medical content. Many chatbots scored within the
“fair-good” DISCERN range (40-60), reflecting par-
tially reliable but incomplete medical information.

PEMAT-P (Understandability
and Actionability)

PEMAT-P results showed moderate under-
standability across the eight chatbots (Table 3).
Strengths included clear subheadings, logical or-
ganization, and partial simplification of complex
concepts. The highest understandability score was
achieved by DeepSeek V3 (66.302%), nearing the
commonly recommended threshold for patient edu-
cational materials (270%).

In contrast, actionability was consistently low
across all models. Chatbots often failed to:

- provide concrete instructions regarding envi-
ronmental antigen avoidance,

- outline step-by-step patient-centered actions,

- translate treatment principles into practical
guidance.

Given that HP management relies heavily on
environmental control and exposure mitigation, low
actionability poses a critical limitation for patient

usability.

Question-based performance comparison

Across all evaluated metrics (FKGL, WRR, DIS-
CERN, PEMAT-P), a consistent pattern emerged:

- The highest-performing question was Q1 (def-
inition of HP),

- While the lowest-performing was Q4 (diagno-
sis of HP).
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This pattern indicates that chatbots commu-
nicate introductory biomedical concepts more ef-
fectively than complex diagnostic information.
Diagnostic reasoning, interpretation of imaging
findings, and decision-making algorithms appear to
challenge the generative models’ ability to maintain
patient-friendly communication.

Integrated interpretation of findings

The findings of this study show that:

- Chatbots demonstrate strong informational
depth.

They provide detailed and clinically correct
descriptions of HP, reflecting robust underly-
ing biomedical knowledge.

- Readability remains a major barrier.

All FKGL scores fall within postgraduate
literacy levels.

- User-friendliness is limited.

WRR scores decrease substantially as con-
tent complexity increases.

- Action-oriented guidance is weak.

Low PEMAT-P actionability underscores
limited usefulness for patient self-management.

- Chatbot outputs are clinically appropriate but
overly complex for patients.

Responses resemble clinician-level expla-
nations rather than patient education materials.

- Meaningful variability exists among models.

Differences in DISCERN, PEMAT-P,

FKGL, and WRR scores reflect heterogeneous

linguistic and structural performance.

Discussion

Our evaluation of eight Al chatbots’ responses
to frequently asked questions about HP demonstrates
a consistent pattern: while Al-generated outputs of-
ten contain substantial clinical content, they remain
largely inaccessible for patients due to high readability
demands, and frequently lack actionable guidance or
robust referencing. These findings align with and ex-
tend emerging evidence from recent evaluations of Al

based health communication tools. Several recent stud-
ies have highlighted similar limitations of Al chatbots
and generative models when used to produce patient
facing medical information. In a recent cross-sectional
analysis of Al-generated patient education for anterior
cruciate ligament injury and treatment, authors found
that although the overall medical information quality
(assessed by DISCERN) was moderate, none of the
evaluated models achieved acceptable readability for
general public use(9). Another study comparing read-
ability and reliability of patient information leaflets gen-
erated by AI models (on topics including Alzheimer’s,
dementia, and delirium) similarly reported that model
outputs significantly exceeded recommended readability
thresholds, and that there were meaningful readability
differences among models(10). A systematic review ad-
dressing the broader role of Al in health literacy em-
phasized that although AI techniques are increasingly
adopted to produce educational materials, only a small
minority meet accepted readability standards; moreover,
few studies engage real patients or focus on actionabil-
ity in recommendations(11). In a clinical-query context,
a study testing responses from several Al chatbots on
urology questions revealed that while factual accuracy
was frequently acceptable, there was substantial vari-
ation in completeness and reliability, particularly for
complex or less common conditions(12). Finally, a large
cross-specialty evaluation assessing the accuracy and
comprehensiveness of chatbot responses to physician-
generated medical queries reported that although many
answers were largely correct, completeness was often
suboptimal especially regarding nuances, contraindica-
tions, and guideline-specific caveats(7). Our findings
echo and reinforce these observations especially regard-
ing readability: our FKGL analysis showed all chatbot
outputs required college-level literacy, far above the
6th—8th grade level widely recommended for patient
education materials. WRR scores declined sharply for
diagnostic content, and PEMAT-P actionability re-
mained low across all models.

Implications for patient education and clinical
use; given the complexity of HP a disease that often
requires interpretation of environmental exposures,
imaging, immunological testing, and long-term man-
agement the limitations documented here carry sig-
nificant practical consequences:
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1. Accessibility gap: High reading level and lim-
ited actionability likely make AI-generated
HP information inadequate for many patients,
especially those with limited health literacy.
This may contribute to misunderstanding of
diagnosis, delayed care-seeking, or misman-
agement of environmental exposures.

2. Risk of misinterpretation: Without proper
referencing (as indicated by low DISCERN
scores), patients mayacceptconfident-sounding
but incomplete or non-evidence-based recom-
mendations as authoritative. Al chatbots may
thus inadvertently propagate misinformation
or oversimplified guidance.

3. Uneven model performance: The observed
heterogeneity between chatbots suggests that
some models (e.g., those with relatively bet-
ter readability or quality scores) may perform
better in certain contexts, but none currently
meet the dual criteria of high reliability and
patient-level accessibility.

4. Need for supervised or hybrid deployment:
Given limitations, chatbots may have utility as
support tools for clinicians, patient education
draft generation, or pre-visit question prepa-
ration but should not yet replace professional
consultation or validated patient materials.

Use of multiple validated assessment instruments
(DISCERN, PEMAT-P, WRR, FKGL) provides a
multidimensional evaluation of the quality, readabil-
ity, and usability of chatbot-generated information.
The inclusion of several widely used chatbots of-
fers a broad representation of current Al tools, while
the focus on hypersensitivity pneumonitis (HP) a
complex interstitial lung disease creates a challeng-
ing and clinically relevant test case for assessing the
suitability of Al-generated patient education materi-
als. Based on our findings and the context of exist-
ing literature, several recommendations emerge for
advancing the safe and effective use of Al in patient
communication. First, a hybrid human AI workflow
should be adopted. Al may be used to generate initial
drafts of patient-facing materials, but expert clinical

review remains essential to simplify language, ensure
evidence-based accuracy, and incorporate practical,
actionable guidance. Second, model fine tuning for
readability and usability is needed. Developers should
prioritize not only factual correctness but also health
literacy appropriate language, clear and coherent
structure, minimization of unnecessary medical jar-
gon, and transparent citation of information sources.
Third, user-centered evaluation is critical. Future re-
search should directly involve patients—particularly
those with limited health literacy—to assess compre-
hension, retention, and real-world usability of AI-
generated health texts. Fourth, professional guidelines
are needed to define minimum acceptable standards
for readability, referencing, and actionability before
Al-derived content can be safely used in patient edu-
cation. Finally, broader studies should assess Al per-
formance across a wider range of diseases and over
longer periods to evaluate risks such as misinformation
drift and the need for systematic updates as clinical
guidelines evolve.

Limitations

This study evaluated standardized, single-turn,
English-language responses generated by eight Al chat-
bots to four patient-oriented questions identified through
Google Trends. While this design ensured comparabil-
ity across models, real-world chatbot use often involves
iterative prompting, follow-up clarification, and person-
alization, which may influence response quality and ac-
cessibility. Inter-rater reliability analyses supported the
robustness of the expert-based evaluation, particularly
when scores were averaged across reviewers, consistent
with our reporting approach. Although validated proxy
tools (DISCERN and PEMAT-P) were used to assess
quality and usability, patient comprehension and per-
ceived usefulness were not directly measured. Finally,
this analysis focused on overall quality, readability, and
usability metrics rather than exhaustive guideline-level
verification of each clinical statement; future studies
incorporating patient co-design and multi-turn interac-
tions may further strengthen generalizability.
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Conclusion

In summary, while AI chatbots show consid-
erable promise for generating comprehensive and
clinically detailed health information, their current
outputs for complex diseases like HP remain difficult
for the average patient to understand and apply. Our
findings—consistent with growing evidence in the
literature—highlight a persistent “readability—quality
tradeoft.” Until Al-generated content is optimized
for clarity, reliability, and patient usability, these tools
should be employed cautiously and under professional
supervision. A hybrid workflow that integrates Al-
generated drafts with expert clinical refinement ap-
pears to be the most effective and safe strategy for lev-
eraging Al’s strengths while mitigating its limitations.
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