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Abstract

Objective. To compare the clinical and pharmacovigilance

performance, stability, and correctability of 3 large language

models (LLMs) in otolaryngology outpatient care.

Study design. Prospective case series.

Setting. Multicenter University Hospitals.

Methods. Consecutive adults (August-October 2024)

with established primary diagnoses were entered into

ChatGPT-4o, Gemini-1.5-Pro, and Claude-3.5-Sonnet

using only history and physical examination findings (no

complementary tests) via standardized prompts. Two

blinded otolaryngologists rated clinical accuracy with the

Artificial Intelligence Performance Instrument (AIPI); 2

blinded pharmacists rated pharmacological information on

a 5-point Likert scale. Errors were fed back to models and

all cases were re-queried one month later. Interrater

reliability used ICC; stability used Cronbach's α. Group

differences used Kruskal-Wallis.

Results. Fifty-one patients with 60 diagnoses across

otolaryngology subspecialties were consecutively re-

cruited (38 females (74.5%); mean age of 42.4 ± 17.4 years).

All LLMs recommended significantly more additional

examinations than practitioners (P = .001), with a signifi-

cant increase of the number of recommended additional

examinations after regenerated inputs for ChatGPT-4o

and Claude-3.5-Sonnet, respectively. Claude-3.5-Sonnet

and ChatGPT-4o outperformed Gemini-1.5-Pro for AIPI-

clinical management (P = .001) and pharmacovigilance

findings (P = .001). The physicians (ICC = 0.853) and the

pharmacists (ICC = 0.991) demonstrated an almost perfect

interrater reliability. All LLMs demonstrated an almost

perfect clinical stability (α = 0.831-0.856), though human

feedback did not significantly reduce misdiagnosis rates in

subsequent interactions.

Conclusion. In outpatient ENT cases using clinical features

alone, ChatGPT-4o and Claude-3.5-Sonnet deliver higher

clinical and pharmacovigilance performance than Gemini-1.5-

Pro, with almost perfect interrater reliability and stable

outputs. Re-querying after feedback did not improve

accuracy, questioning short-term correctability.
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The development of artificial intelligence‐powered
large language models (LLMs) is emerging in
medicine and surgery with easy and full access to

populations.1 The accessibility and popularity of LLMs
may encourage patients to use them for education before
or after a medical consultation,2,3 while practitioners may
consider LLMs as an adjunctive clinical tool for the
management of complex clinical cases.4,5 Regarding the
widespread use of LLMs, it is important to evaluate their
performance in providing medical information to both
patient and physician, including diagnosis and treatment
accuracy and stability. The number of studies evaluating
the accuracy of LLMs is increasing in otolaryngology‐
head and neck surgery,6 but most of them focus on
ChatGPT,6 with a few studies7‐9 comparing ChatGPT to
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another LLM. In the same vein, studies rarely evaluated
the stability of LLM outputs over time,6 which is an
important parameter in determining the performance of
an LLM. The manufacturers of these models commonly
present the reinforcement learning from Human
Feedback as an important technique to align the
outputs of LLMs, which suggest potential correction of
LLM's mistakes after human feedback. However, to the
best of our knowledge, whether such mechanisms
translate into real‐time improvements at the user level
has never been investigated in otolaryngology‐head and
neck surgery.

The aim of this prospective longitudinal study was to
investigate the accuracy, stability, and correctability
properties of 3 widely used LLMs in the management of
cases in otolaryngology‐head and neck surgery.

Methods

Patients and Setting
Adult patients consulting in the departments of
Otolaryngology‐Head and Neck Surgery of the Dour
Medical Center (Dour, Belgium) and Saint‐Pierre
University Hospital (Brussels, Belgium) were consecu-
tively recruited from August 2024 to October 2024. All
patients were recruited in outpatient clinics during routine
ENT consultations. The following data were prospec-
tively collected by the senior otolaryngologist (JRL): age,
gender, clinical history, comorbidities, symptoms, clinical
examination findings, ongoing treatments, additional
examinations, primary diagnosis, and treatments (eg,
medication, doses, and duration). All patients underwent
a complete otolaryngological examination, including
otoscopy, nasolaryngoscopy, oral cavity examination,
and neck palpation. Only patients with complete in-
formation, including an established primary diagnosis,
were recruited. The exclusion criteria consisted of
incomplete data records (ongoing disease diagnosis
exploration), non‐native French‐speaking patients, and
those who declined to participate. We used consecutive
sampling to recruit patients across all ENT subspecialties
during a fixed recruitment window. No formal power
calculation was performed, given the exploratory design
of this study.

The study was approved by the institutional review board
of CHU Saint‐Pierre (CHUSP, n°BE0762023230708). All
participants prospectively enrolled were aged 18 years or
older and provided written informed consent.

This study adhered to the STROBE guidelines for
observational studies to ensure transparency and replic-
ability of our findings.10

Data Collection and Anonymization
Data from complete medical records were anonymized and
systematically entered into the Chatbot Generative Pre‐
trained Transformer (ChatGPT‐4o; OpenAI), Gemini‐1.5‐

Pro (Google) and Claude‐3.5‐Sonnet (Anthropic) interfaces
for primary and differential diagnoses, management plans,
and treatments. Based on the treatment findings, LLMs
were interrogated for drug posology (recommended doses
and duration), and the 5 most prevalent adverse events. The
primary researcher (FB) used the following standardized
sentences after the description of each case: What are your
primary and differential diagnoses?; What are your additional
examinations to find the diagnosis (management plan)?;
What are your treatment(s) for the primary diagnosis?;What
are the recommended drug doses and duration?; andWhat are
the 5 most common adverse events of this medication?. The
responses of the LLMs were collected in a database.

Large Language Model Performance Analysis
The database with the LLM outputs was submitted to 2
sets of judges (otolaryngologists and pharmacists).
Consistent with previous study,2 practitioner judges
used all possible national and international consensus
statements or guidelines to establish the appropriate
management. The performance of LLMs in the man-
agement of otolaryngological cases was assessed in a
blinded manner by 2 physicians using the Artificial
Intelligence Performance Instrument (AIPI), which is a
validated and reliable instrument used to assess the
performance and consistency of artificial intelligence
chatbots.11

AIPI consists of 9 items assessing the ability of LLMs
to consider medical and surgical history; symptoms;
physical examination; diagnosis; additional examinations;
management plan; and treatments in the overall manage-
ment of real clinical cases. AIPI is subdivided into the
following sub‐scores associating common items: patient
feature score (/6), diagnosis score (/7), additional exam-
ination score (/5), and treatment score (/3). The final AIPI
score ranges from 0 (inadequate management) to 20
(excellent management).11

Regarding the pharmacological analysis, the 2 phar-
macist judges independently assessed the LLM response
through a 5‐point Likert scale ranging from 1 (inconsistent
information) to 5 (perfectly consistent information). The
lists of the most prevalent adverse events of medications
were established with the Centre Belge d'Information
Pharmacothérapeutique (CBIP) database, which is the
national pharmacovigilance guide for all medications.

Stability and Correctability of Large Language Models
The errors of LLMs were systematically corrected
through explanations entered into the API with the
correct response. Each medical record data and informa-
tion were re‐entered into the APIs of the 3 LLMs
one month after the initial task, maintaining the same
sentences and information. A second analysis of accuracy
was performed by practitioner and pharmacist judges
using the same tools (AIPI and 5‐point Likert scale).

2 Otolaryngology–Head and Neck Surgery 00(00)
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Similar to the first round, the errors of LLMs were
collected.

Statistical Analyses
Statistical analyses were performed using the Statistical
Package for the Social Sciences for Windows (SPSS
version 29.0; IBM Corp.). To minimize selection bias, we
used consecutive sampling, where every presenting patient
meeting the inclusion criteria was invited to participate
until the predetermined sample size was reached.
Additional examinations indicated by otolaryngologists
and the 3 LLMs were coded with predefined numbers in a
matrix, which facilitated the evaluation of consistency
between the physician's findings versus those of the
LLMs. The mean numbers of additional examinations
per patient indicated by LLMs and practitioners were
compared with the Kruskal‐Wallis test.

The comparison of AIPI and 5‐point Likert scale
scores across LLMs was carried out with the Kruskal‐
Wallis test. The proportions of errors were compared
across LLMs with chi‐square tests. The expert interrater
reliability was assessed for the AIPI and 5‐point Likert
scale scores with the intraclass correlation coefficient

(ICC). The stability of LLM outputs was evaluated
through Cronbach‐α. The consistency was based on the
Landis and Koch classification: <0.20 slight agreement;
0.21 to 0.40 fair agreement; 0.41 to 0.60 moderate
agreement; 0.61 to 0.80 substantial agreement; 0.81 to
1.00 almost perfect agreement. This interpretation was
applied to interrater reliability for the AIPI (ICC) and to
stability analyses (Cohen's kappa values). A significance
level of P< .05 was used.

Results
Fifty‐one patients were consecutively recruited, including
38 (74.5%) females and 13 (25.5%) males (Figure 1). The
mean age was 42.4 ± 17.4 years. The primary diagnoses
are described in Table 1. Sixty diagnoses were made, with
9 patients reporting 2 disorders. There were 29 (48.3%)
laryngological or head and neck cases, 19 (31.7%)
rhinological cases, and 12 (20.0%) otological cases.

Clinical Performances of Large Language Models
At baseline, ChatGPT‐4o, Gemini‐1.5‐Pro, and Claude‐3.5‐
Sonnet recommended mean numbers of additional

Figure 1. Chart flow.
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examinations of 2.29 ± 1.38, 2.80 ± 1.39, and 2.53 ± 1.55 per
patient, respectively, all being significantly higher compared
to the mean number of additional examinations recom-
mended by practitioners (1.04± 1.13; P= .001). After
regenerated inputs, the mean number of additional examina-
tions recommended by ChatGPT‐4o significantly increased
to 2.80 ± 1.67 (P= .046). A similar observation was found for
Claude‐3.5‐Sonnet, with a significant increase in the mean
number of additional examinations per patient from
2.53± 1.55 to 3.37 ± 1.15 (P= .001).

The mean AIPI item, sub‐, and total scores of ChatGPT‐
4o, Claude‐3.5‐Sonnet, and Gemini‐1.5‐Pro are described
in Table 2. ChatGPT‐4o and Claude‐3.5‐Sonnet demon-
strated significantly higher performance scores for the
patient feature and treatment subscores, and the total
AIPI compared to Gemini‐1.5‐Pro. The 3 LLMs were
comparable for the differential and primary diagnosis scores
(Table 2). The 2 physicians demonstrated an almost perfect
interrater reliability for the AIPI analysis (ICC= 0.853; 95%
CI= 0.816‐0.885). The proportion of correct primary
diagnoses and plausible differential diagnoses are reported
in Table 3. In terms of proportions of adequate responses,
LLM demonstrated significant differences only for treat-
ment recommendations with Claude‐3.5‐Sonnet and
ChatGTP‐4o outperforming Gemini‐1.5‐Pro.

Pharmacovigilance Performances of Large Language
Models
The mean pharmacovigilance scores of ChatGPT‐4o, Claude‐
3.5‐Sonnet, and Gemini‐1.5‐Pro were 3.90± 0.49, 3.85± 0.61,
and 3.09± 0.71, respectively. ChatGPT‐4o and Claude‐3.5‐
Sonnet outperformed Gemini‐1.5‐Pro in terms of pharma-
covigilance findings (P= .001). The 2 pharmacists demon-
strated an almost perfect interrater reliability for the 5‐point
Likert scale score (ICC=0.991; 95% CI=0.987 to 0.993).

Stability of Large Language Models
The stability of LLMs through regenerated inputs is
reported in Table 3. Regarding clinical management
(AIPI scores), ChatGPT‐4o, Claude‐3.5‐Sonnet, and
Gemini‐1.5‐Pro demonstrated comparable almost perfect
stability through regenerated inputs with Cronbach's α
ranging from 0.831 to 0.856. The stability analysis of
regenerated inputs for pharmacovigilance demonstrated
high stability for ChatGPT‐4o and Claude‐3.5‐Sonnet
(Table 4). Gemini‐1.5‐Pro demonstrated stability of
outputs corresponding to slight agreement, which was
related to the high number of items scored as 0 by the
judges because Gemini‐1.5‐Pro provided no response to
the entered questions at some time points during the
analysis.

Errors, Human Feedback, and Reinforcement Learning
The detailed misdiagnoses at baseline and after human
feedback are described in Table 5. Gemini‐1.5‐Pro

Table 1. Demographic and Clinical Findings

Outcomes Patients (n = 51)

Age (mean, SD) 42.4 ± 17.4

Gender (N, %)

Female 38 (74.5)

Male 13 (25.5)

Primary and secondary diagnoses

Rhinology

Postviral olfactory dysfunction 4 (6.6)

Chronic rhinosinusitis without nasal

polyps

4 (6.6)

Allergic rhinitis 2 (3.3)

Acute rhinosinusitis 2 (3.3)

Odontogenic maxillary rhinosinusitis 2 (3.3)

Rhinitis medicamentosa 1 (1.6)

Vasomotor rhinitis 1 (1.6)

Nasal cavity foreign body 1 (1.6)

Recurrent anterior epistaxis 1 (1.6)

Nasopharyngeal reflux disease 1 (1.6)

Acute post-viral anosmia 1 (1.6)

Laryngology-head and neck

Laryngopharyngeal reflux disease 10 (19.6)

Laryngopharyngeal hypersensitivity

syndrome

2 (3.3)

Recurrent aphthous stomatitis 1 (1.6)

Lingual candidiasis 1 (1.6)

Viral pharyngitis 1 (1.6)

Gastroesophageal reflux disease 1 (1.6)

Salivary lithiasis 1 (1.6)

Chlamydia pneumoniae

tracheolaryngitis

1 (1.6)

Retrograde cricopharyngeal

dysfunction

1 (1.6)

Essential laryngeal tremor 1 (1.6)

Spasmodic dysphonia 1 (1.6)

Vocal cord granuloma 1 (1.6)

Asthmatic chronic cough 1 (1.6)

Hyperthyroidism 1 (1.6)

Secondary oropharyngeal syphilis 1 (1.6)

Vocal fold scars 1 (1.6)

Idiopathic bilateral vocal cord paralysis 1 (1.6)

Idiopathic left facial paresis 1 (1.6)

Otology

Eustachian tube dysfunction 2 (3.3)

Chronic otitis media 1 (1.6)

External otitis 1 (1.6)

Suppurative otitis media 1 (1.6)

Left tonsil abscess 1 (1.6)

Recurrent cholesteatoma 1 (1.6)

Fungal otitis externa 1 (1.6)

Cerumen impaction 1 (1.6)

Herpes zoster (external ear duct) 1 (1.6)

Refractory external otitis with stenosis 1 (1.6)

Sudden sensorineural hearing loss 1 (1.6)

Abbreviation: SD, standard deviation.

4 Otolaryngology–Head and Neck Surgery 00(00)
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made 27 primary misdiagnoses at baseline and 22 after
human feedback (regenerated inputs). ChatGPT‐4o
made 16 misdiagnoses at baseline and 13 after
regenerated inputs, while Claude‐3.5‐Sonnet made 14
misdiagnoses at both baseline and regenerated inputs.
The number of misdiagnoses by ChatGPT‐4o and

Claude‐3.5‐Sonnet was significantly lower compared
to Gemini‐1.5‐Pro (P = .001). Despite the human feed-
back, the number of misdiagnoses did not significantly
change across regenerated inputs. Some new misdiag-
noses appeared at the regenerated timepoint in all
LLMs (Table 5).

Table 2. Clinical Performances of Large Language Models

AIPI management outcomes ChatGPT-4.0 Gemini-1.5 Claude-3.5 P-value

1. Consideration of medical history (/2) 1.8 ± 0.4 1.6 ± 0.6 1.9 ± 0.3 .046

2. Consideration of symptoms (/2) 1.9 ± 0.3 1.7 ± 0.5 1.8 ± 0.3 .017

3. Consideration of physical examination findings (/2) 1.8 ± 0.4 1.7 ± 0.5 1.8 ± 0.3 NS

Patient feature score (/6) 5.5 ± 0.8 4.9 ± 1.3 5.5 ± 0.6 .036

4. Differential diagnosis (/3) 2.6 ± 0.5 2.3 ± 0.5 2.5 ± 0.6 NS

5. Primary diagnosis (/3) 2.7 ± 0.5 2.5 ± 0.7 2.70 ± 0.5 NS

6. Management plan (/1) 0.8 ± 0.4 0.7 ± 0.4 0.8 ± 0.3 NS

Diagnosis score (/7) 6.0 ± 1.0 5.5 ± 1.4 6.0 ± 1.0 NS

7. Additional examinations (/3) 1.9 ± 0.6 1.7 ± 0.6 1.8 ± 0.7 NS

8. The most relevant additional examination (/1) 0.4 ± 0.4 0.3 ± 0.4 0.3 ± 0.4 NS

Additional examination score (/4) 2.3 ± 0.9 1.9 ± 0.8 2.1 ± 1.0 NS

9. Treatment (/3) 2,0 ± 0.7 1.1 ± 0.4 1.9 ± 0.5 .001

AIPI total score (/20) 15.8 ± 2.5 13.5 ± 3.0 15.5 ± 2.4 .001

Abbreviations: AIPI, artificial intelligence performance instrument; NS, nonsignificant.

Table 3. Proportions of Correct or Adequate Clinical Responses

ChatGPT-4o Gemini-1.5 Claude-3.5

AIPI outcomes n = 51 n = 51 n = 51 P-value

Primary diagnosis (N (%))

Correct 36 (70.6) 32 (62.8) 41 (80.4)

Plausible 11 (21.6) 10 (19.6) 7 (13.7) NS

Not plausible 3 (5.9) 9 (17.6) 3 (5.9)

Absent 1 (2.0) 0 (0) 0 (0)

Differential diagnosis

Correct 28 (54.9) 20 (39.2) 33 (64.7)

Plausible 18 (35.3) 26 (51.0) 13 (25.5) NS

Not plausible 5 (9.8) 5 (9.8) 5 (9.8)

Absent 0 (0) 0 (0) 0 (0)

Relevant additional examination

Pertinent and necessary 11 (21.6) 4 (7.8) 8 (15.7)

Pertinent and not necessary 28 (54.9) 30 (58.8) 25 (49.0) NS

Pertinent, necessary and inadequate 11 (21.6) 15 (29.4) 16 (31.4)

Only inadequate examinations 1 (2.0) 2 (3.9) 2 (3.9)

Treatment

Pertinent and necessary 14 (27.5) 0 (0) 16 (31.4)

Pertinent and incomplete 26 (51.0) 13 (25.5) 20 (39.2) .001

Association of pertinent/necessary and inadequate 10 (19.6) 33 (64.7) 14 (27.5)

No adequate strategy 1 (2.0) 5 (9.8) 1 (2.0)

Management plant (0-1)

Pertinent 42 (82.4) 36 (70.6) 42 (82.4) NS

Not pertinent 9 (17.6) 15 (29.4) 9 (17.6)

Abbreviation: NS, nonsignificant.
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Discussion
The emergence of LLM chatbots has great promise for
enhancing healthcare practice and patient information.
However, many grey areas persist regarding their
accuracy, stability, and particularly their ability to
integrate corrective feedback over time (short‐term
correctability), which remains insufficiently explored in

otolaryngology‐head and neck surgery. To the best of our
knowledge, this study is the most comprehensive one
prospectively assessing the accuracy, stability, and cor-
rectability properties of 3 widely used LLMs, spanning
findings from practitioner consultation to the pharmacist
office.

The results of our analysis support the superiority of
ChatGPT‐4o and Claude‐3.5‐Sonnet over Gemini‐1.5‐Pro
in terms of clinical management of real cases and output
stability through regenerated inputs. Most studies avail-
able in the literature focused on ChatGPT‐3.5, 4.0, and 4o
for assessing accuracy of LLMs, which limits our
comparison with the literature.6,12 The accuracy rates of
ChatGPT for providing management plans, differential
diagnoses, and therapeutic regimens for real clinical cases
substantially varied across studies depending on input
features (clinical case descriptions, videos, clinical and
pathological images), and ChatGPT versions.12 The
ChatGPT differential diagnosis accuracy ranges from
28.3% to 90%, with the lowest accuracy (28.3%) found
when considering laryngology images,13 and the highest
rates for studies evaluating the differential diagnosis
accuracy in clinical cases without image interpretation
(63.5% to 90%).11,14 For additional examinations,

Table 4. Stability Analysis

95% CI

Stability outcomes Crohnbach Minimum Maximum

AIPI

ChatGPT-4o 0.831 0.754 0.892

Gemini-1.5-Pro 0.856 0.791 0.908

Claude-3.5-Sonnet 0.855 0.789 0.907

Pharmacovigilance (5-point Likert scale)

ChatGPT-4o 0.980 0.965 0.989

Gemini-1.5-Pro 0.100 −0.576 0.486

Claude-3.5-Sonnet 0.986 0.976 0.992

Abbreviations: AIPI, artificial intelligence performance instrument;

IC, confident intervalle.

Table 5. Misdiagnoses and Reinforcement Learning Property

Cohort
Misdiagnoses

Diagnosis findings Total number ChatGPT-4o re-ChatGPT-4o Gemini-1.5 re-Gemini-1.5 Claude-3.5 re-Claude-3.5

Rhinology

CRSNP 4 (6.6) 2 (12.5) 2 (15.4) 2 (7.4) 3 (13.6) 1 (7.1) 2 (14.3)

Nasopharyngeal reflux disease 1 (1.6) 1 (6.3) 1 (7.7) 1 (3.7) 1 (4.5) 1 (7.1) 1 (7.1)

Odontogenic maxillary rhinosinusitis 2 (3.3) 1 (6.3) 1 (7.7) 2 (7.4) 0 (0) 1 (7.1) 1 (7.1)

Postviral olfactory dysfunction 4 (6.6) 0 (0) 1 (7.7) 1 (3.7) 1 (4.5) 0 (0) 0 (0)

Acute rhinosinusitis 2 (3.3) 2 (12.5) 1 (7.7) 2 (7.4) 1 (4.5) 2 (14.3) 0 (0)

Recurrent anterior epistaxis 1 (1.6) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

Otology

Eustachian tube dysfunction 2 (3.3) 0 (0) 0 (0) 2 (7.4) 2 (9.1) 1 (7.1) 1 (7.1)

Refractory external otitis with stenosis 1 (1.6) 0 (0) 0 (0) 1 (3.7) 0 (0) 0 (0) 0 (0)

Chronic otitis media 1 (1.6) 1 (6.3) 1 (7.7) 0 (0) 1 (4.5) 0 (0) 1 (7.1)

External otitis 1 (1.6) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

Suppurative otitis media 1 (1.6) 1 (6.3) 1 (7.7) 1 (3.7) 1 (4.5) 1 (7.1) 1 (7.1)

Laryngology-Head and Neck

Laryngopharyngeal reflux disease 10 (19.6) 4 (25.0) 2 (15.4) 5 (18.5) 5 (22.7) 3 (21.4) 3 (21.4)

Viral pharyngitis 1 (1.6) 1 (6.3) 0 (0) 1 (3.7) 1 (4.5) 0 (0) 1 (7.1)

Gastroesophageal reflux disease 1 (1.6) 1 (6.3) 1 (7.7) 1 (3.7) 1 (4.5) 1 (7.1) 0 (0)

Chlamydia Pneumoniae tracheolaryngitis 1 (1.6) 1 (6.3) 0 (0) 1 (3.7) 1 (4.5) 1 (7.1) 1 (7.1)

Secondary oropharyngeal syphilis 1 (1.6) 0 (0) 0 (0) 1 (3.7) 0 (0) 0 (0) 0 (0)

Retrograde cricopharyngeal dysfunction 1 (1.6) 0 (0) 0 (0) 1 (3.7) 1 (4.5) 0 (0) 0 (0)

Spasmodic dysphonia 1 (1.6) 0 (0) 0 (0) 1 (3.7) 0 (0) 0 (0) 1 (7.1)

Laryngopharyngeal hypersensitivity

syndrome

2 (3.3) 0 (0) 1 (7.7) 2 1 (4.5) 1 (7.1) 0 (0)

Vocal cord granuloma 1 (1.6) 1 (6.3) 1 (7.7) 1 (3.7) 1 (4.5) 1 (7.1) 1 (7.1)

Asthmatic chronic cough 1 (1.6) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

Vocal fold scars 1 (1.6) 0 (0) 0 (0) 1 (3.7) 1 (4.5) 0 (0) 0 (0)

Total number of misdiagnoses 60 16 13 27 22 14 14

Abbreviations: CRSNP, Chronic Rhinosinusitis without Nasal Polyps; re, regenerated.

6 Otolaryngology–Head and Neck Surgery 00(00)
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ChatGPT‐3.5/4 recommended adequate additional exam-
inations in 10% to 29% of cases,6,12 which reflects a lower
capability of ChatGPT to provide additional examination
recommendation rather than primary and differential
diagnoses. This ChatGPT limitation may be related to its
inability to select the most appropriate examinations as
highlighted in 5 studies with a significantly higher number
of recommended additional examinations per patient
from ChatGPT versus otolaryngologists.13‐17 The treat-
ment recommendations of ChatGPT were consistent
with otolaryngologists in 16.7% to 60% of cases.12,15,16

Additional examination and treatment recommendations
were compared between ChatGPT‐4 and Claude‐3‐
and 3.5‐Sonnet in 2 studies.7,18 Schmidl et al showed
that ChatGPT‐4 and Claude‐3‐Sonnet reported compar-
able results for oncological treatment recommendations
and explanations, whereas Claude‐3‐Sonnet demon-
strated higher accuracy for diagnostic work‐up than
ChatGPT‐4.7 Interestingly, Claude‐3‐Sonnet more
effectively selected appropriate additional examinations
than ChatGPT‐4.7 In another study, ChatGPT‐4o and
Claude‐3.5‐Sonnet were challenged for primary and
differential diagnoses of rare conditions in otolaryn-
gology.18 Consistent with our results, both Claude‐3.5‐
Sonnet and ChatGPT‐4o recommended a significantly
higher number of additional examinations compared to
practitioners. Concerning the accuracy of the primary
diagnosis, Claude‐3.5‐Sonnet reported significantly higher
rates of correct diagnosis compared to ChatGPT‐4 (54.3%
versus 45.7%) in both rare and common otolaryngological
diseases,18 which does not corroborate our observation
highlighting similar performances.

The error analysis revealed that Claude‐3.5‐Sonnet
(n = 14) and ChatGPT‐4o (n = 16) made a significantly
lower rate of clinical mistakes compared to Gemini‐1.5‐
Pro (n = 27), which strengthens the superiority of both
LLMs over Gemini‐1.5‐Pro as clinical adjunctive tools.
Interestingly, while the errors of LLMs were corrected
through human feedback, the re‐generated inputs demon-
strated that none of the LLMs modified their outputs.
This suggests that single‐user corrective feedback is not
incorporated into subsequent outputs in public APIs. In
the deep learning field, reinforcement learning from
human feedback (RLHF) helps fine‐tune responses by
incorporating clinician inputs at scale, but such mechan-
isms are applied during model training, not at the level of
individual interactions.19 Despite its importance, RLHF
has been poorly investigated in medical and surgical
disciplines. O'Reilly et al evaluated an independent
cardiological deep neural network for detecting electro-
cardiogram abnormalities and reported a significant
improvement after human feedback.20 To the best of
our knowledge, whether RLHF mechanisms translate
into short‐term correctability of LLMs has never been
investigated in otolaryngology‐head and neck surgery.

The use of LLMs by patients cannot be limited to
medical consultation information, and it can extend to

pharmacological findings of prescribed treatments. In
pharmacology, medication‐related harm, also referred as
adverse drug events includes preventable or non‐
preventable harms caused by interventions related to
medication use.21 Preventable medication error can occur
at any step from the physician prescribing medications to
the patient receiving the medication from the pharmacist.
While it is common for patients to request additional
information from practitioners and pharmacists about
potential adverse events of drugs, they may also forget the
posology (doses and duration), which may encourage
some patients to use LLMs for obtaining this informa-
tion. The results of the present study suggest moderate‐to‐
high pharmacovigilance performances of ChatGPT‐4o
and Claude‐3.5‐Sonnet. In a recent systematic review of
30 medical studies, Ong et al reported that generative AI
and LLMs demonstrated high performance for listing and
detecting common adverse events, which corroborates our
observation.22 Although the current literature dedicated
to the performance of LLMs in clinical pharmacology
remains limited., Huang et al evaluated the performance
of ChatGPT in clinical pharmacy practice, especially
prescription review, patient medication education, and
adverse drug reaction recognition.23 While ChatGPT
reported excellent drug counselling for doses and intake
features, its performance for medication education and
adverse event information was significantly lower than
that of the pharmacists.23

The investigation of pharmacological accuracy and
reinforcement learning properties of LLMs are the
primary strengths of this study given the very limited
literature about these 2 important aspects. While judge
assessment can be subjective and influenced by clinical
experience, adherence to guidelines for evaluating the
accuracy of LLMs’ outputs is an additional strength,
supporting the almost perfect interrater reliability
between both practitioners and pharmacists.

A limitation of our design is that we did not stratify
model performance by information depth. Future studies
including complementary examinations could help deter-
mine whether diagnostic accuracy varies with increasing
levels of available clinical data.

We acknowledge that the number of recommended
ancillary tests cannot be considered a validated quality
metric, as the optimal diagnostic work‐up is disease‐
specific and varies among clinicians. In this exploratory
analysis, this metric was reported descriptively to
illustrate the tendency of LLMs to over‐recommend
investigations compared to practitioners, rather than as
a measure of diagnostic accuracy.

The small sample size and the lack of subspecialty
analysis (laryngology, head and neck, rhinology, and
otology) are the primary limitations of the present study.
Our sample included a disproportionately high number of
laryngology and head and neck cases and did not include
a range of cases that might be more commonly
encountered in various general otolaryngological practice

Bruno et al. 7
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settings. It limits the external validity of our findings. In
addition, although the AIPI provides a valuable frame-
work for evaluating LLM performance, this tool may not
fully consider the nuances of AI's role in clinical decision‐
making, particularly in reflecting the complex dynamics of
real‐world clinical scenarios.

Conclusion
Large language models showed variable accuracy and
stability, with ChatGPT‐4o and Claude‐3.5‐Sonnet out-
performing Gemini‐1.5‐Pro across clinical and pharma-
covigilance tasks. Although none of the models integrated
single‐user corrective feedback into subsequent outputs,
this likely reflects the limits of public APIs rather than an
absence of reinforcement learning.
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