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Abstract

Purpose This study aimed to explore the capabilities of advanced large language models (LLMs), including OpenAl’s
GPT-4 variants, Google’s Gemini series, and Anthropic’s Claude series, in addressing highly specialized otolaryngology
board examination questions. Additionally, the study included a longitudinal assessment of GPT-3.5 Turbo, which was
evaluated using the same set of questions one year ago to identify changes in its performance over time.

Methods We utilized a question bank comprising 2,576 multiple-choice and single-choice questions from a German online
education platform tailored for otolaryngology board certification preparation. The questions were submitted to 11 different
LLMs, including GPT-3.5 Turbo, GPT-4 variants, Gemini models, and Claude models, through Application Programming
Interfaces (APIs) using Python scripts, facilitating efficient data collection and processing.

Results GPT-40 demonstrated the highest accuracy among all models, particularly excelling in categories such as allergol-
ogy and head and neck tumors. While the Claude models showed competitive performance, they generally lagged behind the
GPT-4 variants. A comparison of GPT-3.5 Turbo’s performance revealed a significant decline in accuracy over the past year.
Newer LLMs displayed varied performance levels, with single-choice questions consistently yielding higher accuracy than
multiple-choice questions across all models.

Conclusion While newer LLMs show strong potential in addressing specialized medical content, the observed decline in
GPT-3.5 Turbo’s performance over time underscores the necessity for continuous evaluation. This study highlights the criti-
cal need for ongoing optimization and efficient API usage to improve LLMs potential for applications in medical education
and certification.

Keywords Large language models - Otolaryngology education - Board examinations - APIs - Medical Al integration -
Python programming
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Introduction

The field of artificial intelligence (AI) has witnessed con-
siderable improvement, leading to the development of sys-
tems capable of addressing complex tasks across a range of
industries [1]. Among the most notable advancements in Al
are machine learning and large language models (LLMs),
which have enhanced the capabilities of automated systems
to process, comprehend, and generate human language [2].
These models leverage extensive datasets and algorithms
to generate human-like responses, demonstrating capabili-
ties previously associated with human cognition [3]. Key
players such as OpenAl’s generative pretrained transformer
(GPT) series, Google’s Gemini models, and Anthropic’s
Claude platforms represent the forefront of this technology
and are designed to not only generate text but to do so in a
manner that reflects a deep understanding of context, sub-
tlety, and even abstract concepts [4—6].

The implications of these advancements are far-reaching,
with applications spanning from customer service automa-
tion to creative writing and beyond [7]. In medical educa-
tion, LLMs have demonstrated the potential to generate
educational content, simulate patient interactions, and assess
medical knowledge through automated questioning systems
[8-10]. However, their application in highly specialized
fields like otolaryngology remains underexplored [11]. Oto-
laryngology encompasses a wide array of subspecialties,
including audiology, phoniatrics, rhinology, laryngology,
sleep medicine, and head and neck oncology, each requir-
ing a high degree of domain-specific expertise. Evaluating
LLMs on specialized medical content, such as otolaryngol-
ogy board questions, is critical for several reasons. Firstly,
it can inform the development of Al tools tailored to assist
trainees and professionals in mastering complex topics.
Secondly, successful integration of LLMs in such contexts
could improve access to high-quality educational resources,
especially in regions with limited specialist educators.
Finally, understanding the limitations of LLMs in this field
helps identify areas where human expertise remains indis-
pensable, thus ensuring patient safety and the reliability of
medical practice.

The primary objective of this study was to explore the
capabilities of multiple advanced LLMs, including mod-
els from OpenAl, Google’s Gemini series, and Anthropic’s
Claude series, in addressing highly specialized otolaryngol-
ogy board examination questions. Additionally, the study
included a longitudinal assessment of GPT-3.5 Turbo,
which was evaluated using the same set of questions one
year ago [12]. This comparison over time is critical for
understanding how updates to LLMs—such as changes to
their underlying architecture, algorithmic optimizations,
or expansions in training datasets—affect their ability to
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handle specialized medical content. Long-term evaluations
provide a unique perspective on the stability and reliabil-
ity of LLMs for high-stakes applications, helping to iden-
tify whether advancements in general capabilities come at
the expense of performance in niche domains. Through a
methodical approach that utilizes Python programming
and interactions with Application Programming Interfaces
(APIs), this study pioneers a novel strategy for assessing the
efficacy of Al in educational settings within the specialized
context of otolaryngology.

Methods
Study design

The study design facilitated the evaluation of multiple Al
models in ENT using a semi-automated process. Questions
from an otolaryngology-specific database were automati-
cally answered by each model and classified as correct or
incorrect. This approach mimics the manual process of que-
rying an LLM’s interface, allowing us to efficiently assess
the reliability of different LLMs for answering specialty-
specific questions.

Question database

The question bank, curated by Prof. Dr. med. Jan-Christof-
fer Liiers, mirrors real board exam scenarios and has been
validated by experts for accuracy and relevance. It forms
the basis of the German version of the ORL App (https://jj-s
olutions.de/), which uses gamification to enhance knowled
ge among aspiring ENT professionals through competitive
quizzes. Users, who are medical professionals, can submit
new questions, which undergo expert verification before
being added. The platform is funded by the German Soci-
ety of Oto-Rhino-Laryngology, Head and Neck Surgery,
and it covers a wide array of 15 otolaryngology subspecial-
ties. These include e.g. allergology, audiology, head and
neck tumors, face and neck, inner ear and skull base, lar-
ynx, middle ear, oral cavity and pharynx, nose and sinuses,
phoniatrics, salivary glands, sleep medicine, the vestibular
system, and legal aspects. To maintain the study’s integrity,
we omitted any questions that relied on images. The study
included a total of 2,576 questions, which were divided into
multiple-choice (479 questions) and single-choice (2,097
questions). Official permission was secured from the copy-
right owner before beginning the study to use the questions
for research purposes.
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Al models

The response-testing of the different AI models was con-
ducted by one author (P.F.F.) between August 27th and
September 4th, 2024, utilizing Python programming lan-
guage scripts to handle the vast number of 28,336 ques-
tions entered to all the Al models by interacting with the
APIs. We selected the 11 models based on their overall
performance and their comparability to existing data. Since
OpenAl released ChatGPT, only Anthropic’s Claude and
Google’s Gemini have been comparable and freely accessi-
ble. Each series includes versions differing in performance,
speed, and cost. Therefore, we included all current versions
of Claude and Gemini, along with the main GPT-4 mod-
els. GPT-3.5, used on the same database a year ago, was
included to assess performance changes over time, despite
being an older model. Facebook’s Llama was excluded as it
was unavailable in Germany at the study’s time. We utilized
the most recent stable versions of the following ChatGPT
models: GPT-3.5 Turbo, GPT-4, GPT-4 Turbo, GPT-4o,
and GPT-40 mini (https://platform.openai.com/docs/mod
els). We engaged the latest Gemini models from Google:
Gemini 1.0 Pro, Gemini 1.5 Flash, and Gemini 1.5 Pro (http
s://ai.google.dev/gemini-api/docs/models/gemini). Finally,
we incorporated the most recent Claude models: Claude 3
Haiku, Claude 3.5 Sonnet, and Claude 3 Opus (https://docs.
anthropic.com/en/docs/about-claude/models).

For each model the default API settings were maintained
throughout the study, with the exception of the Gemini
models. For these, we adjusted the safety settings to block
none for all four harm categories (Hate Speech, Harassment,
Sexually Explicit, and Dangerous Content). This adjust-
ment was necessary to ensure the models did not withhold
responses to medical questions that might be erroneously
classified as potentially harmful. It is important to note that,
to our knowledge, the APIs for ChatGPT and Claude do not
offer the option to modify harm categories.

API access and cost structure

To access the APIs, platform providers impose a fee struc-
tured as a cost per thousand tokens. These tokens, which are
the fundamental units used by LLM platforms, help quantify
the amount of text processed. A token typically represents a
word, punctuation mark, or character, with approximately
750 words corresponding to 1,000 tokens. In our study, we
consistently employed the most recent versions of each
model available.

The Claude and Gemini APIs are currently accessible
free of charge at the lowest rate limits, which range from
2 to 15 requests per minute depending on the model. Nota-
bly, the Gemini 1.5 models have tiered pricing, where costs

double for prompts exceeding 128 K tokens; however, this
scenario did not occur in our study. The paid usage tiers we
utilized offered rate limits that enabled us to complete data
collection from all 11 LLMs in less than two hours. This
efficiency was achieved by employing individual API keys
for each model, allowing us to make parallel requests to the
respective companies’ servers. To expedite data collection,
we incurred usage-based costs, spending approximately $23
on the GPT models and $9 on the Claude models. No costs
were incurred for the Gemini models, thanks to a Google-
provided three-month trial that included $300 in credits,
which covered our higher usage rates. API implementation
was straightforward due to comprehensive documentation.
Rate limits posed minor challenges: ChatGPT and Claude
initially required Python script timers until higher tier
access resolved the restrictions. Google’s Gemini, available
through a free trial, needed no timing adjustments. Aside
from Gemini’s harm categories, no other API challenges
were encountered.

Prompt design for LLM interaction

To facilitate a new analysis step using Python code, we
tailored the wording of our prompts to explicitly direct
the LLMs to refrain from offering additional explanations.
This modification was essential as the selected LLMs often
attempt to justify why alternative answers were not cho-
sen, which could have complicated our data extraction pro-
cess. The prompts underwent refinement through trial runs,
designed to elicit responses from LLMs with only the cor-
rect answer letter(s) A, B, C, D. Initial prompts were effec-
tive for all ChatGPT versions, but only Gemini 1.0-Pro,
Claude Opus, and Haiku initially met this criterion among
the other models. Adjustments were made to develop a
prompt version universally compatible across the models.
These prompts facilitated receiving the desired response
structure without altering question content, ensuring appli-
cability to all question types used in this study.

Each prompt, including one question, was submitted to
the API only once, without modification or translation. To
accommodate differences in question formats, we employed
two distinct prompts in German when soliciting responses
from the corresponding Al model to quiz-style questions
with four options. The original German prompts, along with
two examples each of multiple-choice and single-choice
questions, can be accessed in the Excel sheet or Jupyter
notebooks available on GitHub (https://github.com/pafu23
/hno-app-database-api-request).

When addressing single-choice questions, the following
prompt was utilized:
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(A) “Please answer the following question. Only one
answer option is correct. Enter only the correct answer let-
ter. Avoid additional explanations or information:

Single choice question.

(a) Option A.
(b) Option B.
(c) Option C.
(d) Option D”.

We used the following prompt for multiple-choice questions:

(B) “Please answer the following question. Several
answer options could be correct. Enter only the correct
answer letters. Avoid additional explanations or information:

Multiple choice question.

(a) Option A.
(b) Option B.
(c) Option C.
(d) Option D”.

Data collection and processing

Using Anaconda, a Python data science platform (Ana-
conda, Inc., Austin, Texas, USA), we executed our Python
code within a Jupyter notebook. Jupyter notebook is an
open-source web application that enables users to create and
share documents containing live code, equations, visualiza-
tions, and narrative text. We operated this application on a
Python 3 kernel, an execution environment that interprets
Python code. Our Python scripts (https://github.com/pafu
23/hno-app-database-api-request) performed the following
tasks sequentially:

i. Initially, the code imports the necessary Python librar-
ies, which are collections of modules that enhance
Python’s capabilities without requiring additional code.
For example, the library openpyx! allows for handling
Excel sheets.

ii. The script loads the prepared Excel table. Column B
indicates whether the entry is a multiple-choice ques-
tion; if not, it’s classified as a single-choice question.
Column C contains the question itself, while Columns
D through G list the possible answers. Columns H to
BU document the created prompt, the response received
from the LLM, and the analysis of the answer, as
detailed in steps v and vi.

iii. We defined a configuration variable (model config) in
the script to facilitate switching between different Al
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sub-models and to specify where data should be stored
in the Excel file based on the LLM used.

iv. The Jupyter notebook features a function that sends
prompts to the respective Al model’s API and receives
responses.

v. In our Python code, we used the update response
columns function along with a regular expression
(regex) pattern to identify which letters (A to D) the
LLMs selected as correct answers. A regex pattern is a
sequence of characters that forms a search pattern, often
used for string matching or manipulation. By crafting
prompts that elicited responses containing only the cor-
rect letters, our code could accurately detect and record
these responses as binary values (0 for incorrect, 1 for
correct).

vi. The code iterates through rows in the Excel sheet, each
representing a question. It determines whether the ques-
tion is multiple-choice or single-choice, selects the
appropriate prompt format, and combines it with the
question and answer options. This compiled prompt is
then logged in the Excel sheet to facilitate manual vali-
dation, sent to the LLM’s API, and the raw API response
is also stored for potential review.

vii. Additional functions, such as an API request counter
and intermediate data saving, are implemented to pre-
vent errors related to API rate limits and potential data
loss. Ultimately, the updated Excel file is saved by over-
writing the original file, thereby securing the collected
data.

Manual quality control in Excel involved visually check-
ing responses for excess information, feasible due to the
four-letter answer limit. Row sums verified that only one
answer was given for single-choice questions and that mul-
tiple-choice answers were correctly marked, essential for
subsequent SPSS analysis. Conditional formatting quickly
identified rare instances where LLMs provided no answers.

The performance of each LLM was evaluated based on
its accuracy, defined as the proportion of questions answered
correctly compared to the reference answers from the online
study platform. A higher accuracy corresponds to a greater
number of correct answers, serving as the primary perfor-
mance indicator in this study.

In multiple-choice questions, a response was deemed
correct only if the LLM identified all correct options, with
no partial credit awarded. For both single and multiple-
choice questions, responses were marked incorrect if no
answer letter was selected. In these rare instances, the mod-
els attempted to justify their inability to choose an answer.
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Statistical analysis

We utilized Pearson’s chi-square test to assess differences in
question format and categories. Due to the non-normal dis-
tribution of the data, Mann-Whitney-U test was employed
for the comparison of single-choice and multiple-choice
questions as well as for negated and non-negated questions.
To compare the current performance of GPT-3.5 Turbo
with previously reported results, we utilized the Wilcoxon
signed-rank test, given the non-parametric nature of the data.
The statistical analysis was carried out using SPSS Statistics
25 (IBM, Armonk, NY, USA), and a two-tailed p-value of
<0.05 was used to determine statistical significance.

Results
Longitudinal comparison of GPT-3.5 turbo

A comparison of current results with those previously
reported by our group, using the same set of questions,
revealed a statistically significant decline in performance
for GPT-3.5 Turbo [12]. The accuracy decreased from 57.3
to 52.6%, with a significance level of p<0.001. A statisti-
cally significant difference in the performance of the model

100%

70%

40%
30%
20%
10%

0%

Claude 3 Claude 3
Haiku Opus

F

Gemini 1.0
Pro

Gemini 1.5
Pro

Gemini 1.5
Flash

Fig. 1 Bar graph illustrating the overall accuracy of the different large
language models (LLMs) investigated in this study. Performance is
measured as the percentage of correctly answered otolaryngology
board examination questions out of a total of 2,576 questions. The
models compared include Claude 3 Haiku, Gemini 1.5 Flash, Gemini

Claude3.5 GPT-40 mini

was found in the following question categories with cur-
rent vs. previous performance, respectively: Oral cavity &
pharynx (55.1% vs. 33.1%; p<0.001), Allergology (62.2%
vs. 72.2%; p=0.003), Larynx (49.2% vs. 59.7%; p=0.028),
Face & neck (61.2% vs. 71.9%; p=0.002), Head and neck
tumors (56.8% vs. 65.0%; p=0.026), Inner ear & skull base
(46.4% vs. 56.4%; p=0.009), Vestibular system (52.0% vs.
62.5%; p=0.049), and Sleep medicine (52.1% vs. 64.8%;
p=0.039).

Overall LLM performance

The overall performance of the investigated LLM-chatbots,
assessed in terms of accuracy (the proportion of correctly
answered questions out of 2,576), was as follows: Gem-
ini 1.5 Flash achieved 46.8% (n=1,205), Gemini 1.5 Pro
48.3% (n=1,243), and Gemini 1.0 Pro 49.1% (n=1,266).
Claude 3.5 Sonnet scored 51.9% (n=1,337), Claude 3 Opus
49.1% (n=1,264), and Claude 3 Haiku 30.2% (n=779).
GPT-3.5 Turbo reached 52.6% (n=1,354), GPT-4 52.8%
(n=1,361), GPT-40 mini 52.5% (n=1,352), GPT-4 Turbo
54.0% (n=1,391), and GPT-40 55.6% (n=1,431). Figure 1
depicts the overall performance of the different LLMs that
were examined in this study.

GPT-3.5 GPT-4 GPT-4 Turbo GPT-40

Sonnet Turbo

1.5 Pro, Gemini 1.0 Pro, Claude 3 Opus, Claude 3.5 Sonnet, GPT-
40 mini, GPT-3.5 Turbo, GPT-4, GPT-4 Turbo, and GPT-40. Higher
accuracy rates indicate better performance, with GPT-40 achieving the
highest accuracy and Claude 3 Haiku the lowest
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Performance of single-choice versus multiple-choice
questions

Across all LLMs tested, performance on single-choice ques-
tions consistently outperformed that on multiple-choice
questions. The results were as follows: The Gemini 1.5
Flash model scored 50.7% on single-choice versus 29.9%
on multiple-choice (p<0.001), Gemini 1.5 Pro achieved
52.3% against 30.5% (p<0.001), and Gemini 1.0 Pro
recorded 53.7% versus 29.0% (p<0.001). For the Claude
series, the Claude 3.5 Sonnet scored 56.4% on single-
choice versus 32.2% on multiple-choice (p<0.001), Claude
3 Opus achieved 53.0% against 31.9% (p<0.001), while
Claude 3 Haiku had 30.6% versus 28.4% (p=0.199), indi-
cating no significant difference. The GPT-3.5 Turbo model
recorded 57.2% on single-choice compared to 32.2% on
multiple-choice (p<0.001). The scores for GPT-4 were
58.5% and 28.0% (p<0.001), for GPT-40 mini were 58.1%
and 28.2% (p<0.001), for GPT-4 Turbo were 59.5% and
29.9% (p<0.001), and for GPT-40 were 61.0% and 31.9%
(»<0.001). Figure 2 visualizes the performance of distinct
LLMs for single-choice and multiple-choice questions.

m Single-choice (%)
100%

70%

10%

Claude 3
Haiku

Gemini 1.5 Gemini 1.5
Flash Pro

Claude 3 Gemini 1.0
Opus Pro

Fig. 2 Paired bar graph comparing the performance of different large
language models (LLMs) on single-choice and multiple-choice otolar-
yngology board examination questions. Performance is measured as
the percentage of correctly answered questions out of a total of 2,576
questions, with single-choice question accuracy represented in orange
and multiple-choice question accuracy in blue. Models evaluated
include Claude 3 Haiku, Gemini 1.5 Flash, Gemini 1.5 Pro, Gemini 1.0
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Performance of negated versus non-negated
questions

In examining the performance differential between negated
and non-negated questions for each LLM, varied results
were observed. Notably, all versions of GPT-4 displayed
improved performance on negated questions compared to
their non-negated counterparts, with statistically signifi-
cant improvements noted in three instances: GPT-4 (58.4%
vs. 51.5%, p=0.005), GPT-40 mini (56.4% vs. 51.5%,
p=0.048), and GPT-40 (60.0% vs. 54.5%, p=0.026). For
the GPT-3.5 Turbo model, there was a small, non-signifi-
cant performance improvement noted on negated questions
(54.6% vs. 52.1%, p=0.297). The GPT-4 Turbo model simi-
larly showed little to no performance difference (55.0% vs.
53.7%, p=0.603). For the Gemini models, the performance
was similar between non-negated and negated questions,
though none reached statistical significance: Gemini 1.5
Flash (45.9% vs. 50.5%, p=0.061), Gemini 1.5 Pro (47.7%
vs. 50.5%, p=0.260), and Gemini 1.0 Pro (48.8% vs. 50.5%,
p=0.498). Claude models presented mixed results. Claude
3.5 Sonnet and Claude 3 Opus demonstrated a minor differ-
ence in performance with no significant difference (52.1%

m Multiple-choice (%)

0% |I ‘I |I |I |I || |I |I |I |I |I

Claude 3.5
Sonnet

GPT-3.5
Turbo

GPT-40 mini GPT-4 GPT-4 Turbo GPT-40

Pro, Claude 3 Opus, Claude 3.5 Sonnet, GPT-40 mini, GPT-3.5 Turbo,
GPT-4, GPT-4 Turbo, and GPT-40. Across all models, accuracy on
single-choice questions consistently exceeds that on multiple-choice
questions, highlighting a common challenge for LLMs in addressing
more complex question formats. GPT-40 demonstrates the highest
accuracy for both question types, while Claude 3 Haiku performs the
lowest overall
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Table 1 Performance of various large Language models (LLMs), stratified by otolaryngology question category. The table displays the accuracy

(%) of each model in answering otolaryngology board examination questions across 15 categories, including “middle ear,

2

oral cavity & phar-

ynx,” “head and neck tumors,” and others. Each category’s total number of questions is provided to indicate the weight of each domain. Models
evaluated include the gemini 1.5 flash, gemini 1.5 pro, gemini 1.0 pro, Claude 3.5 sonnet, Claude 3 opus, Claude 3 Haiku, GPT-3.5 turbo, GPT-
4, GPT-4 turbo, GPT-40 Mini, and GPT-40. GPT-40 achieved the highest overall accuracy, excelling particularly in allergology (66.5%), face
and neck (65.7%), and head and neck tumors (62.8%). Claude 3 Haiku showed the lowest overall accuracy, with notable underperformance in

several categories

Category Total | Gemini  Gemini Gemini | Claude Claude Claude | GPT-3.5 GPT-4 GPT-40 GPT-4 GPT-4o
1.5Flash 1.5Pro 1.0 Pro | 3.5 Sonnet 3 Opus 3 Haiku | Turbo mini Turbo
Middle ear 170 43.5% 44.7%  49.4% 46.5%  45.9% = 27.6% 44.7% 47.6%  50.0% 435%  51.8%
Oral cavity & pharynx | 127 51.2%  56.7%  53.5% 56.7%  49.6% | 26.0% 55.1% 60.6%  59.1% 53.5%  60.6%
Nose & sinuses 244 45.5%  45.5%  40.6% 504% 451%  31.6% 48.4% 47.5%  475% 50.0%  50.8%
Salivary glands 138 53.6%  435% 42.0% 449%  46.4% = 27.5% 58.7% 522%  514% 522% @ 54.3%
Allergology 209 55.5%  589%  61.2% 61.7% 54.5% = 292% 62.2% 699%  65.6% 64.6%  66.5%
Larynx 124 39.5% 452%  47.6% 50.0% 46.0% = 25.8% 49.2% 56.5%  51.6% 524% = 55.6%
Facts & history 304 40.1%  362%  45.4% 424% 41.1%  27.6% 477% 372%  46.4% 44.7%  44.4%
Face & neck 242 57.0%  59.5%  61.2% 653% 59.5%  322% 61.2% 60.3%  632% 665%  65.7%
Head and neck tumors | 234 52.1%  51.7%  53.8% 58.5% 585%  38.5% 56.8% 61.5%  585% 60.7%  62.8%
Inner ear & skull base 220 441% 482% 473% 477%  47.7% = 30.9% 46.4% 48.6%  47.7% 53.6%  53.6%
Legal aspects 91 319% 363% 33.0% 352% 385% | 23.1% 38.5% 28.6% 31.9% 363%  33.0%
Vestibular system 152 42.1%  52.0% 44.7% 513% 50.0% = 33.6% 52.0% 58.6%  46.7% 625%  61.2%
Sleep medicine 71 40.8%  45.1%  47.9% 52.1% 549%  32.4% 52.1% 592%  50.7% 53.5% @ 54.9%
Audiology 153 412%  46.4%  43.1% 51.0% 42.5% - 24.8% 542% 53.6%  503% 484%  53.6%
Phoniatrics 97 53.6%  50.5%  57.7% 57.7% 53.6%  392% 57.7% 51.5%  56.7% 598%  57.7%
Total 2,576 46.8%  483%  49.1% 51.9% 49.1% = 302% 52.6% 528%  525% 54.0%  55.6%

vs. 51.3%, p=0.755 and 49.7% vs. 46.4%, p=0.172, respec-
tively). Conversely, Claude 3 Haiku showed a significant
decrease in performance for negated questions (32.6% vs.
20.5%, p<0.001).

Performance by question length

Statistically significant influences of question length on
the performance were found for all models with Gemini
1.5 (rp = -0.109 and p<0.001), Gemini 1.5 Pro (rp=-0.152
and p<0.001), Gemini 1.0 Pro (rp=-0.136 and p<0.001),
Claude Sonnet 3.5 (rp=-0.093 and p<0.001), Claude Opus
3.0 (rp=-0.105 and p<0.001), Claude Haiku 3.0 (rp=-0.060
and p=0.002), ChatGPT 3.5 (rp=-0.043 and p=0.029),
ChatGPT 4 (rp = -0.133 and p<0.001), ChatGPT 40 mini
(rp=-0.085, p<0.001) and ChatGPT 4 turbo (rp=-0.121,
p<0.001).

Performance by otolaryngology subspecialty

GPT-40 demonstrated superior accuracy in several cat-
egories, particularly in allergology (66.5%), head and neck
tumors (62.8%), and the vestibular system (61.2%). It also
showed strong performance in sleep medicine (59.2%) and
the face & neck category (65.7%). Similarly, GPT-4 Turbo

excelled, especially in the face & neck category, where it
achieved the highest accuracy among all LLMs at 66.5%.
It also performed well in phoniatrics (59.8%) and salivary
glands (54.3%), along with a solid showing in the inner ear
& skull base (53.6%) and head and neck tumors (60.7%).
GPT-4 consistently ranked among the top performers, lead-
ing all models in allergology with an accuracy of 69.9%. It
also achieved strong results in the oral cavity & pharynx
(60.6%), face & neck (60.3%), salivary glands (54.3%),
and the vestibular system (58.6%). However, the category
of facts & history posed challenges across all LLMs, with
GPT-40 reaching the highest accuracy at 44.4%, which
was notably lower than its performance in other catego-
ries. Legal aspects also proved difficult, with GPT-4 Turbo
achieving the highest accuracy in this category at 38.6%.
Claude 3 Haiku consistently exhibited lower performance
across most categories, frequently achieving accuracies
below 40%. The performance of the LLMs across vari-
ous otolaryngology question categories is summarized in
Table 1.
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Discussion

The findings of this study provide a comprehensive evalua-
tion of the performance of various LLMs in addressing the
specialized domain of otolaryngology, particularly within
the context of board examination preparation. This study is
particularly valuable as it not only assesses the capabilities
of the latest models from OpenAl, Google, and Anthropic
but also revisits the performance of GPT-3.5 Turbo, offering
insights into the progress (or regression) of these models
over time.

The results of this study reveal a varied performance
landscape among the tested LLMs, with newer or more
advanced models, such as GPT-4 and its variants, consis-
tently outperforming their predecessors, including GPT-
3.5 Turbo. This trend aligns with findings from previous
research demonstrating the superior capabilities of GPT-4 in
educational otolaryngology applications. For instance, stud-
ies evaluating GPT-4’s performance in otolaryngology-spe-
cific tasks showed that GPT-4 achieved an accuracy of 86%
on rhinology standardized board questions, significantly
surpassing GPT-3.5, which only scored 45.2% [13]. Simi-
larly, GPT-4 achieved a passing rate of 75% on open-ended
Canadian Otolaryngology board examination questions,
emphasizing its capability in handling nuanced clinical
scenarios [14]. Moreover, GPT-4 demonstrated strong pro-
ficiency in otolaryngology-specific clinical knowledge, cor-
rectly answering 77.1% of 4,566 multiple-choice questions,
outperforming other LLMs like MedPaLM and GPT-3.5
[15]. Despite these promising results, our findings indicate
that GPT-40 and similar models achieved only 50-60%
accuracy across otolaryngology board questions. This dis-
parity with prior studies may be attributed to several factors.
First, the language of the questions (German in this study)
presents an additional complexity for LLMs, especially if
they were primarily trained on English-language datasets.
Translation or linguistic nuances in German medical termi-
nology may have contributed to errors in comprehension or
reasoning. Second, the question design used in this study—
derived from a German otolaryngology board preparation
platform—differs from standardized board exams in other
countries. Questions requiring knowledge of region-spe-
cific guidelines or clinical practices may not align with the
LLM’s training data. Third, the contextual depth and for-
matting of questions, particularly multiple-choice items,
likely impacted performance. It has been well-documented
that LLMs are sensitive to the structure and wording of mul-
tiple-choice questions [12, 16]. Questions that present subtle
distinctions between answer options or rely on higher-order
reasoning can disproportionately challenge models that
prioritize pattern recognition over true conceptual under-
standing. Fourth, training and fine-tuning variations across
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different studies may lead to performance disparities. For
example, prior studies may have included domain-specific
tuning of LLMs, whereas our evaluation used the general-
purpose versions of the models.

The performance of the Claude models, particularly
Claude 3.5 Sonnet and Claude 3 Opus, highlights their
potential competitiveness with the GPT series, although they
generally fall slightly behind in overall accuracy. Claude 3.5
Sonnet, with an accuracy of 51.9%, and Claude 3 Opus, at
49.1%, demonstrate a robust ability to handle specialized
tasks. However, they have not yet reached the top-tier per-
formance levels seen in the GPT-4 variants. Interestingly,
a recent study that evaluated the diagnostic performance
of GPT-40 and Claude 3 Opus using radiology quiz cases
found that Claude 3 Opus outperformed GPT-40, under-
scoring that performance can vary significantly depending
on the specific domain and task at hand [17]. Similarly,
Schmidl et al. demonstrated that Claude 3 Opus surpassed
GPT-4 in providing accurate information on the diagnos-
tic workup and treatment of patients with primary head and
neck squamous cell carcinoma [5]. The significantly lower
accuracy of Claude 3 Haiku, at 30.2%, further suggests that
not all versions within a model series are equally optimized
for complex tasks, indicating variability in performance
based on specific model iterations or intended use cases.

The Gemini models generally lag behind both the GPT
and Claude models in overall accuracy. The top-perform-
ing Gemini model, Gemini 1.0 Pro, achieved an accuracy
of 49.1%, which is comparable to Claude 3 Opus but still
falls short of the performance exhibited by the GPT vari-
ants. A study assessing the diagnostic capabilities of GPT-
40, Claude 3 Opus, and Gemini 1.5 Pro using radiology quiz
cases found that Claude 3 Opus outperformed both GPT-
40 and Gemini 1.5 Pro [17]. This aligns with our study’s
findings, where Gemini 1.5 Pro also demonstrated lower
accuracy compared to Claude 3 Opus, reinforcing the obser-
vation that while the Gemini models are capable, they tend
to underperform relative to their Claude counterparts in spe-
cialized tasks.

The decline in GPT-3.5 Turbo’s performance on oto-
laryngology board examination questions, with accuracy
dropping significantly from 57.3 to 52.6% (p<0.001), is
a noteworthy finding [12]. With the exception of the Oral
cavity & pharynx category, all other categories exhibited
a decline in performance. This deviation from the overall
trend may be attributed to the relatively smaller sample size
of 127 questions in this category, making it more susceptible
to skew. One plausible explanation for this decrease could
be changes in the underlying architecture or algorithms of
GPT-3.5 Turbo [18]. As OpenAl regularly updates its mod-
els, modifications intended to enhance general performance,
improve ethical alignment, or strengthen safety protocols
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might unintentionally impact the model’s ability to handle
highly specialized tasks, such as answering detailed medical
exam questions. Another important factor could be updates
or expansions in the training data over the past year [19].
While broader and more diverse datasets generally increase
amodel’s versatility, they can also introduce noise or reduce
the model’s focus on specific domains. If the newly incor-
porated data is more generalized and less specialized, this
might have led to a loss of precision in the model’s ability
to accurately address niche areas such as otolaryngology.
Additionally, the slight modification in prompt design for
this year’s analysis may have contributed to the observed
performance decline [20]. While the previous prompt was
incompatible with the Python script used in this study, the
new prompt might have inadvertently altered how GPT-3.5
Turbo interprets and responds to the questions.

Another critical observation from our study is the consis-
tent underperformance of LLMs on multiple-choice ques-
tions compared to single-choice questions, a trend that was
statistically significant across all models (p<0.001). This
aligns with findings from our previous work, as well as
other studies, which have shown that LLMs are highly sen-
sitive to the order of options in multiple-choice questions,
with performance varying —by as much as 13-75%—
depending on the sequence of answer choices [12, 21]. Fur-
thermore, despite ongoing advancements in model design,
LLMs continue to exhibit biases, such as a propensity to
select certain options like “Option A,” which further under-
mines their accuracy in multiple-choice contexts [22]. Even
models such as GPT-4, which outperform their predecessors
in many areas, still struggle with the higher-order reason-
ing required for complex multiple-choice questions [16].
These questions are often crafted to test deep understand-
ing and the ability to differentiate between closely related
concepts, making them particularly challenging for LLMs
that may rely more on pattern recognition than true compre-
hension. In contrast, single-choice formats, which typically
present clearer distinctions between correct and incorrect
answers, pose fewer difficulties for LLMs. This pattern of
underperformance suggests that while LLMs are becom-
ing increasingly adept at handling general knowledge tasks,
they continue to face significant challenges in scenarios that
require nuanced understanding and advanced reasoning
skills.

The analysis of LLM performance on negated versus
non-negated questions revealed mixed results across the
models. Negated questions, which often involve more com-
plex linguistic structures, present a significant challenge as
they require the model to correctly interpret and reverse the
meaning of statements, a task that goes beyond simple pat-
tern recognition. Notably, the GPT-4 models demonstrated
statistically significant improvements on negated questions

compared to non-negated ones. This suggests that the GPT-4
series may have been specifically fine-tuned or inherently
better equipped to process and correctly interpret negated
constructs, indicating an advanced level of comprehension
that is essential for tackling more sophisticated language
tasks. However, the poor performance of Claude 3 Haiku on
negated questions highlights that not all LLMs have equally
benefited from advancements in linguistic processing.

The variations in performance among the different oto-
laryngology categories highlight specific challenges and
advantages related to the structure and nature of the ques-
tions themselves, as well as the inherent capabilities and
limitations of the LLMs. For instance, the strong perfor-
mance of GPT-40 in categories such as allergology (66.5%),
head and neck tumors (62.8%), and the vestibular system
(61.2%) may be attributed to the more structured and fact-
based nature of the questions in these areas. Categories like
allergology and head and neck tumors often involve ques-
tions that rely on well-defined protocols, standardized treat-
ment guidelines, and diagnostic criteria, which LLMs can
more easily retrieve and process. Additionally, these fields
are more likely to be covered extensively in the diverse data-
sets used to train these models, allowing them to draw from
factual and straightforward information. On the other hand,
the face & neck category, where GPT-4 Turbo excelled with
an accuracy of 66.5%, may include questions that are more
contextually grounded, requiring the model to understand
and synthesize detailed clinical scenarios. The success in
this category could be due to the model’s ability to handle
questions that integrate multiple pieces of information,
such as patient history, symptomatology, and treatment out-
comes, which are commonly presented in structured and
logical sequences within the training data. Conversely, the
significantly lower performance across all models in catego-
ries like facts & history, where GPT-40 achieved a modest
44.4%, suggests that these questions might involve more
abstract or less standardized information. Historical and
fact-based questions often require contextual understand-
ing and may involve nuanced distinctions between similar
events or concepts, making them harder for LLMs to parse
accurately. Unlike clinical guidelines or textbook knowl-
edge, which follow clear patterns and standardized phrasing,
historical information is often fragmented, context-depen-
dent, and requires synthesis across disparate sources. LLMs,
being optimized for pattern recognition and probabilistic
text generation, struggle with historical reasoning due to
the need for chronological coherence and deeper contextual
interpretation, which are difficult to capture using training
data that lacks explicit historical narratives. The challenge
here could also stem from the less frequent and less system-
atic representation of historical medical information in the
datasets, which might lead to inconsistencies in the models’
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responses. The poor performance in the legal aspects cat-
egory, where GPT-4 Turbo’s best result was 38.6%, likely
reflects the inherent complexity and variability of legal
questions. Legal considerations in medicine are often con-
text-specific, involving intricate regulations that can vary
significantly between jurisdictions [23]. A major limitation
for LLMs in this domain is that legal frameworks require
not only recall of factual legal principles but also their logi-
cal application to highly specific case-based contexts. The
absence of structured legal reasoning pathways in LLMs,
along with the probabilistic nature of their responses, makes
it difficult for them to apply legal knowledge deterministi-
cally. Furthermore, legal data is often scarce, jurisdiction-
dependent, and not as extensively represented in publicly
available training corpora, limiting the models’ ability to
provide accurate, context-aware responses in this domain.
LLMs may struggle with these questions due to the scarcity
of consistent, high-quality legal data in their training sets,
combined with the need to apply general principles to highly
specific legal scenarios. Claude 3 Haiku’s overall lower per-
formance across most categories, frequently scoring below
40%, suggests that this model may struggle with the same
complexities and nuances that challenge other models, but
to a greater degree. Its lower accuracy might reflect a com-
bination of less effective parsing of complex, multi-step
questions and a possible focus on broader or more general-
ized knowledge in its training, which may not align well
with the specialized content of otolaryngology exams.

While these findings are specific to otolaryngology, the
observed performance trends likely extend to other medical
specialties. Similar studies evaluating LLMs in fields such
as internal medicine and radiology have reported compa-
rable patterns, where performance is strongest in domains
with well-structured, factual content and weakest in areas
requiring abstract reasoning, legal interpretation, or his-
torical knowledge [24, 25]. This suggests that the chal-
lenges faced by LLMs in otolaryngology are not unique
but rather reflect fundamental limitations in their ability to
handle complex, less standardized information across medi-
cal disciplines. However, specialty-specific variations may
still exist, influenced by differences in question complex-
ity, dataset representation, and the availability of structured
guidelines within each field. Comparing LLM performance
across multiple medical specialties could help clarify the
degree to which these trends hold universally.

The findings of this study highlight both educational and
clinical implications for the use of LLMs in specialized
medical domains. While the relatively low accuracy rates
of 50-60% indicate that LLMs, in their current form, are
not suitable as standalone tools for high-stakes applications
like board examination preparation or clinical decision-
making, they hold considerable promise as supplementary
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resources. In medical education, models like GPT-40 could
be employed to simulate board-style questions or provide
immediate feedback, fostering independent learning and
reinforcing knowledge acquisition. Moreover, by analyzing
incorrect responses, LLMs could help trainees identify and
address specific knowledge gaps, enabling targeted remedi-
ation. From a clinical perspective, LLMs have the potential
to serve as auxiliary tools for decision support, particularly
in areas where they demonstrated relatively higher accu-
racy, such as allergology and head and neck tumors. These
models could assist clinicians by providing quick access to
standardized guidelines, diagnostic criteria, or treatment
protocols, thereby streamlining the retrieval of critical infor-
mation during routine practice.

Future research should focus on fine-tuning LLMs with
domain-specific datasets that include standardized guide-
lines, region-specific protocols, and specialty-focused cases
to improve their precision in handling specialized content.
Enhancing multilingual training with diverse datasets is
also critical to address the challenges posed by non-English
medical terminology and improve performance in interna-
tional contexts. Moreover, incorporating additional perfor-
mance metrics—such as the quality of explanations, ability
to handle ambiguous reasoning, and responsiveness to user
feedback—will provide a more comprehensive understand-
ing of LLM utility. Expanding evaluations to include other
medical specialties, such as cardiology or neurology, could
further explore the generalizability of LLMs. Finally, longi-
tudinal studies tracking model performance over successive
updates will offer insights into their stability and adaptabil-
ity for high-stakes applications.

Limitations

Despite the comprehensive evaluation presented in this
study, several limitations should be acknowledged. First,
the reliance on a single set of board examination questions
in German may limit the generalizability of our findings.
Although this question bank is robust and covers a wide
array of otolaryngology subspecialties, its design reflects
region-specific clinical practices and educational standards,
which may introduce biases. For example, the phrasing of
questions, inclusion of regional guidelines, or emphasis on
certain subspecialties may influence the performance of
LLMs differently than questions from international or mul-
tidisciplinary contexts. Consequently, the findings may not
fully represent the LLMs’ capabilities across broader medi-
cal fields or when applied to other specialties with different
knowledge requirements or question styles.

Furthermore, the exclusive use of the German language
raises concerns about the transferability of our results to
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other linguistic contexts. LLMs are trained on multilingual
corpora, but their proficiency varies across languages due
to differences in data availability, linguistic complexity, and
syntactic structure. Certain languages, including English,
tend to be overrepresented in training datasets, leading to
potential disparities in model performance when handling
medical content in less prevalent languages like German.
Additionally, some LLMs may process medical terminol-
ogy differently in German than in English, which could
affect accuracy, particularly in cases involving compound
words, abbreviations, or context-specific meanings. Given
these challenges, future studies should incorporate multi-
lingual question sets to assess whether LLM performance
is consistent across languages or if linguistic biases impact
medical reasoning and response accuracy.

Second, the study’s design involved a one-time submis-
sion of questions to each LLM, which does not account for
potential variations in performance that could arise from
repeated queries or slight modifications to prompts. While
this approach ensured consistency in data collection, it may
overlook the models’ ability to learn or adapt over multiple
interactions. Additionally, the decision to use default API
settings, with the exception of adjusted safety settings for
the Gemini models, means that the results might differ if
alternative configurations were employed, particularly if
these settings could be fine-tuned to better suit the special-
ized nature of the questions.

Another limitation lies in the inherent variability of LLM
updates. The models evaluated in this study, particularly
those from OpenAl, Google, and Anthropic, are frequently
updated with new training data and algorithmic adjustments.
These updates, while aimed at improving overall perfor-
mance, may introduce changes that affect the models’ abili-
ties to handle specific, niche domains like otolaryngology.

Additionally, the study’s focus on accuracy as the pri-
mary metric of performance may not fully capture the
nuanced capabilities of these models. While accuracy is a
critical factor, other aspects such as the quality of explana-
tions provided, the ability to handle ambiguous or complex
questions, and the models’ responsiveness to user feedback
were not assessed in this study. These factors are particu-
larly relevant in educational contexts, where the ability to
facilitate learning through detailed, accurate explanations
is as important as providing the correct answers. Addition-
ally, an important aspect of model performance is the ability
to refrain from providing an answer when uncertain, par-
ticularly in the medical field, where critical decisions are
made. This self-assessment can prevent reliance on vague
responses. However, such instances were rare, and since the
primary focus of the study was correctly provided answers,
these instances were marked as incorrect. It would be valu-
able for future studies to investigate this behavior further

by examining when and how LLMs choose to refrain from
providing an answer.

Finally, the question set’s focus on otolaryngology-spe-
cific content inherently limits its applicability to other medi-
cal specializations. While the findings provide valuable
insights into LLM performance in otolaryngology, they do
not account for the broader diversity of medical knowledge
or the unique challenges posed by other specialties. For
example, domains such as cardiology or neurology, which
may have different linguistic demands or require more intri-
cate reasoning, could yield varying results. Future research
should explore the performance of LLMs using datasets
from multiple specialties to better understand their applica-
bility across the medical field.

Conclusion

This study provides a comprehensive evaluation of advanced
LLMs in addressing the specialized requirements of oto-
laryngology board examinations, offering critical insights
into their current capabilities and limitations. Our findings
reveal that while the GPT-4 series demonstrated superior
performance compared to earlier models, including GPT-
3.5 Turbo, its accuracy remains insufficient for standalone
use in high-stakes applications such as board examination
preparation or clinical decision-making. Notably, this study
uniquely highlights the performance variability of LLMs
when applied to German-language otolaryngology board
questions, revealing significant challenges posed by lin-
guistic and contextual nuances. Additionally, the observed
decline in GPT-3.5 Turbo’s accuracy over time underscores
the need for longitudinal assessments to monitor the impact
of updates on specialized knowledge domains. The perfor-
mance of Claude and Gemini models, although competitive,
further underscores the variability in effectiveness across
different LLM platforms. Despite these limitations, LLMs
show considerable promise as supplementary tools in medi-
cal education, particularly for enhancing independent learn-
ing, simulating board examination scenarios, and identifying
knowledge gaps. However, their potential can only be fully
realized through targeted fine-tuning with domain-specific
datasets, improved multilingual capabilities, and rigorous
testing in diverse medical contexts. Future advancements in
LLM technology must also address their current challenges,
such as inconsistencies in accuracy and reasoning, to ensure
their safe and effective integration into medical training and
practice. By bridging gaps in accessibility to specialized
knowledge and streamlining educational processes, LLMs
have the potential to revolutionize medical education and
support clinicians in their decision-making processes. How-
ever, achieving this vision will require a balanced approach
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that harnesses their strengths while addressing their limita-
tions through ongoing innovation and oversight.
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