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ABSTRACT

GPT-4 demonstrates high accuracy in medical QA tasks, leading
with an accuracy of 86.70%, followed by Med-PaLM 2 at 86.50%.
However, around 14% of errors remain. Additionally, current works
use GPT-4 to only predict the correct option without providing any
explanation and thus do not provide any insight into the thinking
process and reasoning used by GPT-4 or other LLMs. Therefore, we
introduce a new domain-specific error taxonomy derived from col-
laboration with medical students. Our GPT-4 USMLE Error (G4UE)
dataset comprises 4153 GPT-4 correct responses and 919 incor-
rect responses to the United States Medical Licensing Examination
(USMLE) respectively. These responses are quite long (258 words
on average), containing detailed explanations from GPT-4 justify-
ing the selected option. We then launch a large-scale annotation
study using the Potato annotation platform and recruit 44 medical
experts through Prolific, a well-known crowdsourcing platform.
We annotated 300 out of these 919 incorrect data points at a gran-
ular level for different classes and created a multi-label span to
identify the reasons behind the error. In our annotated dataset, a
substantial portion of GPT-4’s incorrect responses is categorized
as a “Reasonable response by GPT-4," by annotators. This sheds
light on the challenge of discerning explanations that may lead to
incorrect options, even among trained medical professionals. We
also provide medical concepts and medical semantic predications
extracted using the SemRep tool for every data point. We believe
that it will aid in evaluating the ability of LLMs to answer com-
plex medical questions. We make the resources available at https:
//github.com/roysoumya/usmle-gpt4-error-taxonomy.
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1 INTRODUCTION

Recent Large Language Models (LLMs) such as Med-PaLM 2 [36],
GPT-3.5, and GPT-4 [25] achieve promising performance in medical
language processing applications such asmedical fact-checking [40],
medical summarization [45, 46], radiology report generation [16],
and medical training tool in learning health systems [3]. Especially
GPT-4 demonstrates remarkable improvement compared to its pre-
decessors [24]. However, this enhancement has given rise to hallu-
cination [12] in text generation. To quantify this problem, recent
studies have investigated errors generated by LLMs in various do-
mains, e.g. in answering questions from software engineering [6, 17]
or the medical [7, 21, 43] domain.

Here, we aim to develop an evaluation resource for the task of
answering complex medical questions. We focus on the popular
medical board exam dataset, MedQA-USMLE [13] in this work.
The USMLE is a multiple-choice-based examination for medical
professionals seeking a license in the United States. Recent LLMs
such as Med-PaLM 2 and GPT-4 achieve passing performance
in terms of accuracy with 86.5% and 86.7% respectively on the
USMLE-MedQA [13] dataset. Simply evaluating accuracy on large
QA datasets like USMLE is not enough to understand errors, as
no insights into the types of errors can be gained and the types of
errors as well as their sources can vary across domains [6, 17, 21].

To delve deeper into these errors, we request longer responses
from GPT-4 by prompting it to explain why it chose a particular
option and why it rejected the other four options. This approach
helps us understand the reasoning behind the model’s decision-
making process more comprehensively. We obtain responses from
GPT-4 to 5072 USMLE questions, taken from the training set of
the USMLE-MedQA dataset [13]. The responses are significantly
longer (averaging 260 words) compared to prior works that only
focus on predicting the correct option, then measuring accuracy [4].
Additionally, the GPT-4 response contains an explanation of why it
does not select the other options. Thismay help us in gaining precise
insights and a rigorous understanding of the model’s workings. To
the best of our knowledge, this is the first work that explores this
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Figure 1: Resources overview of the proposed GPT-4 USMLE

Error (G4UE) Dataset

essential research direction. Figure 1 describes the collection of
resources developed in this study for the same purpose.

We observe that GPT-4 selects the incorrect option in 919 out
of 5072 cases (18.12%); this subset will be the focus of the study.
We propose an error taxonomy comprising seven error and

two non-error categories, with the active involvement of med-
ical professionals in the design process. We observe that GPT-4
mostly makes reasoning mistakes leading to selection of an incor-
rect option. The same behavior was observed in the case of GPT-3.5
on the same MedQA-USMLE dataset where incorrect reasoning
errors were the most frequent [21]. However, our proposed error
taxonomy is much more fine-grained as we introduce three new
reasoning error sub-classes (where Sticking with the wrong diagno-
sis and Incorrect or vague conclusion are the most frequent) among
other more detailed error classes.

We develop the annotation setup using the open-source Potato [27]
annotation platform and then recruit 44 medical annotators from
the Prolific platform. We maintain strict criteria for choosing med-
ical annotators and maintain proper attention checks to remove
insincere annotations. We randomly select 300 of the 919 incorrect
responses and meticulously annotate them at a granular level, cate-
gorizing them into the seven error types. Additionally, we identify
the specific spans responsible for the errors, presenting a multi-
label span dataset. This dataset, along with the introduction of
an error-type classification task, will be made publicly available,
contributing to advancements in understanding and addressing
inaccuracies in language models in the medical domain.

Generating this resource in an academic setting proved to be
quite costly, resulting in a total expenditure of approximately GBP
1700 throughout the process. The pay-as-you-go GPT-4 subscrip-
tion model calculates its usage based on the number of input and
output (generated) tokens and leads to a cost of GBP 112 in our case.
This is because our input (USMLE question, options, and prompt)
is quite long (median length of 125 words) whereas the output of
GPT-4 is almost double the length (256 words). The highest cost
of GBP 1467 was incurred during the annotation process involv-
ing 44 medical experts to spend sufficient time to understand the
annotation guidelines as well as annotate as a span-labeling task.

GPT-4 accuracy on the USMLE dataset dropped from 86.6% to
82.1% on the dates of March 2023 and June 2023 respectively [4];
this behavior is formally known as performance drift. Therefore,

to verify the robustness of the proposed error categories based
on GPT-4 responses on August 31, 2023, we again ask GPT-4 to
respond to the 919 USMLE questions on January 28, 2024, which
were previously answered incorrectly. We observe that GPT-4 still
makes mistakes in 76.7% of the 919 cases, highlighting that there
is a lot of scope for improvement in answering complex medical
questions. Additionally, this forms a useful resource for studying
the performance drift of GPT-4 in complex medical questions. As an
additional resource, we also provide standardized medical concepts
and semantic predications, extracted using SemRep [19, 32]. We
make the dataset and associated resources publicly available at
https://github.com/roysoumya/usmle-gpt4-error-taxonomy.

2 RELATEDWORK

Here, we discuss recent works on LLMs for medical applications,
LLM evaluation of USMLE questions, and comparison with prior
error analysis works.
Existing error analysis works in non-medical domains. An
analysis of 517 Stack Overflow questions found that 52% of Chat-
GPT’s responses contained inaccuracies, with 77% being verbose.
Errors include Conceptual (54%), Factual (36%), Code (28%), and
Terminology (12%) issues, highlighting the need for meticulous
error correction and user awareness [17]. The FacTool framework,
developed by Chern et al. [6] for detecting factual errors in texts
generated by LLMs, identifies three specific types of errors, partic-
ularly in knowledge-based question-answering (QA). These errors
include Reasoning error, Conflicting evidence, and Ambiguity in the
claim. A study evaluates how well LLMs perform on the Graduate
Management Admission Test (GMAT), a crucial exam for graduate
management programs. By classifying errors, researchers identify
specific mathematical areas where LLMs struggle, providing in-
sights for targeted improvements. Hence, it’s crucial to categorize
errors for better model understanding, especially when dealing
with different domains. However, generic error categorization may
not suffice in addressing all nuances. Therefore, we’ve developed
more precise error categorizations tailored for the medical domain,
specifically for a task like option-based question answering. This
domain-specific approach helps us gain a deeper understanding
of the model’s capabilities and limitations, enabling us to leverage
this insight for continued development and improvement.
LLM evaluation with medical question-answering (QA). Re-
cent works [35, 44] on evaluating LLMs in medical domain rely on
popular QA datasets such as MedQA-USMLE [13], PubMedQA [15],
MedMCQA [26] and MMLU-Medical [11]. We focus on the MedQA-
USMLE dataset for this study. The performance of state-of-the-art
models on MedQA-USMLE [13] are as follows: Galactica [37] -
44.60%, PMC-LLaMA [44] - 44.70%, GatorTronGPT [29] - 42.90%,
DoctorGLM [48] - 67.60%, MedAlpaca [9] - 60.20%, Codex [5] -
60.20%, Med-PaLM [35] - 67.60%, Med-PaLM 2 [36] - 86.50%, and
GPT-4 [25] - 86.7%. In this work, we focus on GPT-4 as it is the
best-performing model, which is closed-source and is costly to
reproduce the results.
LLM evaluation on medical tasks apart from QA. GPT-4 pro-
vided correct diagnoses with the final diagnosis included in its
differential in 64% of cases, thereby demonstrating its potential in
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USMLE question: A 29-year-old woman, gravida 1, para 0 at 11 weeks’ gesta-
tion comes to the physician because of a 2-day history of left lower extremity
pain and swelling. Her temperature is 37.9°C (100.2°F). Physical examination
shows a tender, palpable cord on the lateral aspect of the left lower leg. The
overlying skin is erythematous and indurated. Duplex ultrasound shows vas-
cular wall thickening and subcutaneous edema. Which of the following is the
most likely diagnosis?
Options: ‘A’. ‘Deep vein thrombosis’, ‘B’. ‘Erysipelas’, ‘C’. ‘Erythema nodosum’,
‘D’. ‘Varicose vein’, ‘E’. ‘Superficial thrombophlebitis’
Please explain your answer and why the other options are wrong
Correct Answer: E. Superficial thrombophlebitis
GPT-4 Predicted Answer: A. Deep vein thrombosis
ChatGPT Predicted Answer: A. Deep vein thrombosis

Table 1: An example of a multiple-choice question of USMLE

where both GPT-4 and ChatGPT (accessed on January 28,

2024) select the incorrect option.

clinical decision support [18]. Previous research has shown the util-
ity of LLMs in aiding generalist doctors with Differential Diagnosis
(DDx) creation. However, further investigation is needed to assess
their suitability for clinical settings, particularly in distinguishing
specific autoimmune disorders like DIRA and FMF [22].

3 RESEARCH BACKGROUND

3.1 USMLE Background and Question Format

The USMLE [39] is a three-step examination for medical licensure
in the United States. It assesses a physician’s ability to apply medi-
cal knowledge, concepts, and principles to patient care, ensuring
that medical professionals meet the standards necessary to practice
medicine in the U.S. It comprises three levels - (i) Step 1: This is usu-
ally taken after the second year of medical school and is designed to
test how well an examinee applies basic, integral science concepts
to clinical scenarios, (ii) Step 2: This is a more advanced level where
the examinee’s understanding of clinical science is considered es-
sential for the provision of patient care under supervision, (iii) Step
3: This is the most advanced level of USMLE where the examinee’s
medical knowledge and understanding of the basic mechanisms
of disease pathogenesis is evaluated, along with treatment knowl-
edge essential for the unsupervised practice of medicine, with the
emphasis on patient management in ambulatory settings1. In this
work, we also have Step information, with two categories of USMLE
questions - (i) Step 1, and (ii) Steps 2 and 3 combined.

3.2 Error Taxonomies in Medical Domain

Wellbery [43] is the closest work from the medical diagnostics do-
main where it provides an error taxonomy based on diagnostic
errors — Anchoring, Availability, Confirmation, Framing, and Pre-
mature closure. These diagnostic errors may seriously impact the
decision-making ability of physicians by anchoring them to a par-
ticular diagnosis. The chain of arriving at a wrong diagnosis may
involve poor intermediate reasoning steps such as relying on easily
accessible information, favoring findings that confirm a diagno-
sis, assembling information to support a particular diagnosis, or
prematurely closing the diagnostic process.

1https://www.kaptest.com/study/usmle/all-about-the-usmle-step-1/

Except forWellbery [43], all the remaining works [1, 7, 21, 23, 47]
on developing error taxonomies for answering complex medical
questions are developed quite recently in the context of LLMs like
GPT-3.5 and GPT-4. Liévin et al. [21] investigated various chain-
of-thought prompting techniques on GPT-3.5, and observed that
most of the errors are due to the Incorrect reasoning step (86% of
cases), followed by Incorrect or insufficient knowledge (74%), and a
deficiency in knowledge or incorrect reading comprehension (50%). In
this work, we also observe the same trend where reasoning-based
errors are the most frequent, with the most frequent sub-class being
‘sticking with the wrong diagnosis’, followed by ‘incorrect or vague
conclusion’.

Dash et al. [7] investigate the extent of potential harm present in
the output of GPT-3.5 and GPT-4. They divided the LLM responses
into three distinct groups based on likelihood of patient harm and
concordance, and then used 12 physicians to evaluate the LLM re-
sponses. Although GPT-4 performed better than GPT-3.5 overall,
there is a notable absence of clear majority agreement in classify-
ing the responses as either ‘Agree’, ‘Disagree’ or ‘Unable to assess’
for both GPT-3.5 and GPT-4 in their study. However, we observe
that the mean and median inter-annotator agreement statistics,
computed based on Jaccard similarity, are quite high, with values
of 66 ± 14% and 64% respectively, for our multi-label dataset (see
Section 4.5 for further details).

Errors may be classified into two error classes from a faithfulness
perspective [47] — (i) Intrinsic Error : it occurs when the generated
output contradicts existing knowledge, references, or data, (ii) Ex-
trinsic Error : it cannot be confirmed by existing knowledge or refer-
ences. In our proposed error taxonomy, the knowledge-based error
classes of non-medical factual error and unsupported medical claim
are based on similar principles and thus show that our proposed
error taxonomy covers such faithfulness-based errors.

4 DATASET PREPARATION

Here, we first describe the construction of GPT-4 responses to
USMLE questions in Section 4.1 and then describe the complete
annotation setup using Potato [27] in Section 4.2. Section 4.3 then
describes the proposed error taxonomy of GPT-4 responses to com-
plex medical questions and its development process, followed by
the annotator details recruited through Prolific in Section 4.4. We
describe the procedure of combining labels from multiple anno-
tators in Section 4.5. Section 4.6 details the associated resources
that we develop for a more comprehensive evaluation of GPT-4
performance in answering complex medical board exam questions.

4.1 GPT-4 Insights: Tailored Responses for

USMLE Questions

We start with the MedQA paper [13] which provided a large dataset
of 12723 questions of the USMLE. We consider only the training
data split in this study that consists of 10178 data points. We run
GPT-4 on all these data points by using the GPT-4 Chat Completions
API with a temperature of 0.8. During the experiment, two pri-
mary versions of OpenAI’s API, namely GPT-4 and GPT-3.5, were
available. For our assessments conducted on 31st August 2023, we
exclusively utilized GPT-4. To streamline the process, we interacted

https://www.kaptest.com/study/usmle/all-about-the-usmle-step-1/
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with these services using a straightforward prompt. We provide an
example of such a prompt in Table 1.

4.1.1 Prompt selection and justification. We give the following
prompt: ‘USMLE question:’ [question with answer options] ‘Please
explain your answer and why the other options are wrong’. We choose
this prompt not only to improve performance through chain-of-
thought reasoning but also to elicit the model to not only choose a
single answer but also explain its reasoning in opting for or against
each of the options. This allows for a more rigorous understanding
of the model’s decision process and, therefore, more insight into
why errors are made.

4.1.2 Analysis of GPT-4 responses. We received GPT-4 responses
in 49.8% cases (5072 out of 10178 training data points). The GPT-4
generates responses presented as comprehensive paragraphs, each
averaging 257.9±45.5words in length, with themedian at 256words.
The mean and median values of sentence count are 10.9 ± 2.4 and
11 respectively. It contained 2771 Step 1 and 2301 Step 2 and 3
questions. We thus observe that the GPT-4 responses are almost
double the length of USMLE questions in terms of median word
count. The average and median word count of USMLE questions is
131.0 ± 51.2 and 125 words respectively, while the same amounts
to 8.0 ± 3.2 and 8 sentences respectively.

4.1.3 Construction of GPT-4 Response Dataset that selects the incor-
rect option. Given that the GPT-4 response is a paragraph of con-
tinuous text, extracting the correct option is accomplished through
meticulous scrutiny of string patterns using regular expressions
as well as manually. First, we extract the sentence containing the
correct option by using the following list of phrases: correct answer,
best answer, best answer is, answer is, therefore, answer, answer would
be, most appropriate, answer: , most likely finding, most likely answer,
most appropriate treatment, most likely cause, most likely diagnosis,
most likely diagnosis is, most likely diagnosis would be. Given the
extracted sentence containing the predicted answer, we use the
following patterns to extract the predicted option: correct answer is
_, best answer is _, (choice _, (option _ . However, this only covers
around 80% of all data points. For the remaining 20%, we manually
extract the predicted option from the response.

4.1.4 Analysis of GPT-4 Responses that select the wrong option.
Notably, our analysis reveals that among 5072 data points, 919
instances (18.1%) exist where GPT-4 selects the inaccurate option
(wrong answer). These data points form the focus of this study and
comprise 462 Step 1 and 457 Step 2 and 3 USMLE questions. We
observe that GPT-4 has a higher percentage of incorrect responses
(19.9% versus 16.7%) in the case of Steps 2 and 3, as compared to
Step 1. This indicates the nature of human difficulty is also reflected
in the machine-perceived notion of difficulty in answering USMLE
questions. We observe that the mean and median length of this
subset of GPT-4 responses is 268.2±47.0 and 266 words respectively.
These responses are much longer (median and 75 percentile word
count increases by 3.82% and 4.2% respectively) than the responses
from the full dataset (5072). We observe that the mean and median
length of this subset of USMLE Questions is 136.0 ± 53.6 and 128
words respectively. These USMLE questions are marginally longer
than the questions from the complete set of 5072 data points.

4.2 Annotation Setup

For error-type annotation, we randomly select 300 data points out
of 919 data points where GPT-4 selects the incorrect option. We
develop the annotation platform using Potato [27], an open-source
annotation software, and obtain the medical experts through the
Prolific [31] crowd-sourcing platform.

4.2.1 Methodology for developing annotation guidelines. Given the
emerging and expert domain nature of annotating GPT-4 responses,
we involve two recently graduated medical students in designing
our annotation guidelines and also refining the error categories.
After multiple iterations and updating the guidelines accordingly,
we finalize it. We next conduct a pilot study on Prolific, where we
ask participants from medical backgrounds to annotate the error
categories. We also ask them to give feedback on the error cate-
gories, which we then utilize to further refine our annotation setup
and flag any gross errors or error categorization issues. We again
utilize the same two recent medical graduates to better understand
the feedback and confirm whether the issues raised are appropri-
ately addressed from the medical expert knowledge perspective.
This multi-stage guideline development makes us confident that
no gross errors or gross response incorrectness exists.

4.2.2 Annotation Setup. We added more study-specific questions
based on the feedback from medical collaborators and the pilot
study about the highly interdisciplinary nature of the annotation
(medical experts evaluated AI-generated medical responses to com-
plex USMLE questions). This is aimed at deeply inspecting the
medical expertise of the annotators as well as the relevant clinical
background required to evaluate responses to USMLE questions.
We believe such detailed reporting on annotators (mostly missing
in recent works) is essential to judge the veracity of the annota-
tions. The questions are as follows: (i) Have you taken and passed
the USMLE or a similar medical licensing examination? (ii)Were you
already familiar with the format and content of the USMLE exam-
ination before joining this study? (iii) Have you worked with AI or
natural language processing technologies in a medical context before?
(iv) Are you currently practicing medicine, or have you previously
practiced in a clinical setting?

4.2.3 Annotation Process. The task entails understanding the rea-
son for the incorrect GPT-4 response and assigning the response to
one or more of the seven error categories. There is also the option
to choose from two non-error categories. However, once a non-
error category is selected, annotators cannot opt for any other error
category. The annotation guidelines document furnishes a formal
definition to represent an error category and provides one or more
positive examples for each category, along with an explanation.
Each data point is annotated by three annotators. Each annotator
is assigned to annotate 20 data points in 100 minutes and is com-
pensated at a rate of 13.20 UK pounds per hour. We used the Potato
annotation platform, and the question order was randomly shuffled
to avoid position bias.

We design the annotation as a span-labeling task on the Potato
annotation platform where the annotator is asked to select any
span of text in the GPT-4 response and assign any of the error types.
Multiple textual spans with different error types can be labeled
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in a single GPT-4 response. This results in a multi-label classifica-
tion dataset. Table 3 shows an example of such a multi-label span
annotation for a GPT-4 generated response. This table offers an
illustration of how various labels are assigned to different spans
within the generated long response. The annotator is provided with
a USMLE question along with multiple-choice options, prompt,
and correct answer that is given as input to GPT-4, as well as the
response from GPT-4.

4.3 Proposed Error Taxonomy

We propose seven error and two non-error types that the annota-
tors may utilize if the identified error cannot be assigned to our
seven error categories. In Table 2, we elucidate each error category
along with its respective explanations for the response generated
by GPT-4. This presentation aims to offer a clearer and more de-
tailed understanding of the various types of errors encountered in
the generated text. We assign these (non-)error types to four main
groups and define them as follows:

4.3.1 Reasoning-based Error. These errors refer to mistakes that
arise mainly due to a flawed application of logic, including flawed
or inconclusive reasoning processes as well as inconsistent or con-
tradictory reasoning. We propose the following three error types:
Error 1: Sticking with the wrong diagnosis. The model confi-
dently states its (wrong) answer early in the response. It’s reasoning
when explaining this choice and the other options are sound and
factual concerning the diagnosis, but the model still chooses the
wrong answer it has given before (instead of correcting it based on
the explanations it has given afterward).
Error 2: Incorrect or Vague conclusion. The explanations given
by the model are factually correct and support the proposed answer,
but the statements concluding the correctness of option(s) are not
definitive. Instead, vague terms are used (e.g. usually, most of the
time) and the model prioritizes only a few symptoms, leading to
the wrong conclusion. Another scenario is that the difference in
reasoning in the response between the GPT-4 chosen option and
the ground-truth reference answer is not clearly mentioned and
sufficient explanation is not provided in this context.
Error 3: Ignore missing information. The model recognizes that
a critical piece of information is missing that would be needed to
answer the question (e.g. a missing CT scan) and states so. Never-
theless, it continues to try and answer the question with incomplete
information. Another scenario is when it does not recognize (men-
tion) that a resource mentioned in the question is missing.

4.3.2 Knowledge-based error. In contrast to the previously pre-
sented error types, knowledge-based errors arise due to inaccurate
factual knowledge or incomplete understanding of the context. We
split such errors based on the underlying domain:
Error 4: Non-medical factual error. A statement in the explana-
tions of the answer is factually wrong (e.g. 1+ 1 = 3). These involve
non-medical facts including computational errors and terminology
errors and can be reliably annotated by a non-medical expert.
Error 5: Unsupported medical claim. One or multiple medical
claims in the model’s answer are wrong, i.e. not supported by
proper evidence from textbooks or other online knowledge sources.
One scenario might be that the model states a symptom from the

USMLE question is not typically associated with a certain illness or
diagnosis, while in reality, it would be.

4.3.3 Reading comprehension error. This error type is characterized
by the model being unable to take account of all information that
was given in the question or of all the tasks it was given. Here,
we include the model making up information, but not ignoring
information (if it recognizes information was missing, as stated
before), and propose two error types:
Error 6: Incorrect understanding of the task. The model did
not choose a single option as the correct answer. Instead, it either
considers multiple answers to be correct (or most likely), states all
options are wrong or does not decide overall. Another scenario
is when the response does not explain why the other options are
wrong, as it was tasked to do so through our prompt.
Error 7: Hallucination of information. In the model’s argumen-
tation for or against different options, it fabricates some information
that was not included in the question to justify why an option is or
is not correct. For example, GPT-4 introduces a new symptom that
is not present in the USMLE question.

4.3.4 Non-error types. We further define two categories that can be
chosen if the annotator feels that none of the previously described
error types are applicable:
Non-error 1: Reasonable response by GPT-4. This option can be
selected if the explanation provided by GPT-4 is found reasonable,
and the explanation does not contain incorrect facts or flawed
reasoning. Given that the incorrect option is chosen by GPT-4, the
response is still considered a medically reasonable answer.
Non-error 2: Cannot pick any category. This option can be
chosen when certain flaws in the facts or reasoning of GPT-4 are
identified, and when one is not fully convinced with the GPT-4
response. However, the ability to assign the GPT-4 response to any
of the error categories is also not possible.

4.4 Annotator Details

According to previous research, a majority vote among annotators
is commonly employed to establish ground truth labels in NLP
tasks. However, discrepancies in labels, particularly in tasks like
hate speech detection, may indicate systematic variations in opinion
due to differences in annotators’ beliefs [8, 28, 41]. These systematic
differences become even more crucial in the medical domain, given
the divergent training and study approaches influenced by country-
specific guidelines and medical practices [10]. To delve into this
distribution, we conducted an exploratory study of annotators,
considering their demographic profiles.

4.4.1 Demographics. We gathered annotations from 44 partici-
pants (28 female) of 17 nationalities, living in 11 countries, with
most (n=26) living in the USA or UK. The participants were be-
tween 24 and 71 years of age, with 75% of participants aged 35 or
younger. All were required to speak English fluently and have com-
pleted a graduate degree (n=38) or higher in Biomedical Science,
Medicine, or Health and Medicine. Of these, 10 participants stated
they were students pursuing another degree, 33 were employed
and one participant was self-employed. The participants are highly
experienced with a mean of 553 approved submissions on Prolific.
We further analyze the medical expertise of the annotators and
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Error Type GPT-4 Response Explanation of GPT-4 Response

Error 1:

Sticking

with Wrong

Diagnosis

Question ID:
78, Correct
Answer: (A)
Decreased
total body
potassium

The boy’s polyuria (as evidenced by bedwetting), polydipsia (increased water drinking), and unexplained weight loss, along with the presence of glucose
and ketones in the urine, suggests new-onset type 1 diabetes mellitus (DM1). Prolonged hyperglycemia leads to osmotic diuresis, dehydration, and
eventually diabetic ketoacidosis (DKA) if not treated. DKA is characterized by hyperglycemia (serum glucose >250 mg/dL), ketosis, and metabolic acidosis.
The clinical features of DKA include polyuria, polydipsia, nausea/vomiting, abdominal pain, Kussmaul respirations (ie, rapid, deep breathing), and lethargy
to coma. The diagnosis of DKA is confirmed by arterial blood gas (ABG) analysis showing a low pH (acidemia) and low bicarbonate concentration due to
the metabolic acidosis. Option E, ’Serum glucose concentration > 600 mg/dL’, is the correct answer. Options A, B, D could be seen in different conditions
but not in DKA. Option A: Total body potassium is usually high in DKA as a result of the acidosis, not decreased. Option B: Total body sodium can be
low, normal, or slightly high during DKA, but not significantly increased. Option D: Hypervolemia is not a feature of DKA which usually present with
dehydration due to osmotic diuresis. Option C, ’Increased arterial pCO2’, is incorrect because the body would be compensating for the metabolic acidosis
by hyperventilating (Kussmaul respirations) in an attempt to lower the CO2 level, not increase it. Hence the pCO2 would be expected to be low, not high.

GPT-4 identifies factually correct disease symp-
toms but introduces the new (noisy) idea of pro-
longed hyperglycemia, i.e., if the symptoms are
allowed to persist for a long time, the patient
may eventually develop diabetic ketoacidosis
(DKA) in the future. However, the reasoning
provided by GPT-4 is entirely (overly) centered
around DKA, and ignores important parts of the
USMLE questions.

Error 2:

Incorrect

or Vague

Conclusion

Question ID:
25, Correct
Answer: (B)
Urinary pH:
4.7

This patient’s severe, colicky, right-sided flank pain that radiates to his right groin is characteristic of nephrolithiasis (kidney stones). His history of being
treated with naproxen for swelling and pain in his right toe indicates gout, which often is associated with uric acid nephrolithiasis, as both conditions are
due to overproduction or underexcretion of uric acid. However, the most common type of nephrolithiasis is calcium oxalate, which can occur in patients
with hypercalciuria from any cause. Uric acid stones are radiolucent and may not be seen on an x-ray, as in this patient. Calcium oxalate stones are more
likely to be seen on x-ray, but a negative x-ray does not rule out the presence of a stone, as shown in this patient’s CT scan. Patients with uric acid stones
often have acidic urine (pH < 5.5). In contrast, calcium oxalate stones are more likely to form in alkaline urine (pH > 7.0). Option B: Urinary pH: 4.7 is
incorrect because it is associated with uric acid stones, which are less likely given this patient’s history and CT findings. Option C: Hexagon shaped
crystals are associated with cystinuria, a genetic disorder that results in defective renal tubular transport of cystine, leading to recurrent nephrolithiasis.
This patient has no history of recurrent stones, making this option less likely. Option D: Positive nitrites test indicates a urinary tract infection, which
typically presents with dysuria, urgency, and frequency, symptoms that this patient does not have. Option E: Largely positive urinary protein can be seen
in nephrotic syndrome, which typically presents with edema and hyperlipidemia, signs absent in this patient.

Here, GPT-4 (correctly) identifies kidney stones
as the underlying condition of the patient, and
the history indicates gout, which results from
an imbalance in uric acid production. “No ab-
normalities are shown in the x-ray", as stated in
the question, GPT-4 states that calcium oxalate
stones are more likely to be seen in an x-ray as
compared to uric acid stones; thus suggestive
that uric acid stones are more likely. However,
a CT scan of the abdomen and pelvis shows
the presence of stones. Here, GPT-4 vaguely
concludes without clear justification as to why
calcium oxalate stones are more likely in this
case.

Error 3:

Ignore

Missing In-

formation

Question ID:
19, Correct
Answer:
(B) Bullous
changes of
the lung
bases on
chest CT

Without the actual image of the liver biopsy and further clinical information, it is challenging to definitively answer this question. However, basing the
answer on the given details and the options provided, the most likely answer would be ’E’: ’Dark corneal ring on slit-lamp examination The patient’s age,
his symptoms (jaundice, dark urine), his lab findings (elevated ALT and AST), and the use of periodic acid-Schiff-staining in his liver biopsy suggest liver
disease, possibly due to a metabolic disorder such as Wilson’s disease. Wilson’s disease is a rare autosomal recessive disorder characterized by defective
copper transport, leading to copper accumulation in various tissues, including the liver, brain, and cornea. The dark corneal ring (Kayser-Fleischer ring)
is a classic ocular manifestation of this disease. Now, let’s discuss why the other choices are unlikely: Option ’A’ refers to Whipple disease, a systemic
disorder caused by the bacterium Tropheryma whipplei. While it can cause malabsorption and weight loss, it is not typically associated with liver disease
or the findings described. Option ’B’ refers to conditions such as COPD or Alpha-1 Antitrypsin Deficiency, which would typically present with respiratory
symptoms, not just liver disease. Option ’C’ describes a cholangiogram seen in primary sclerosing cholangitis (PSC), a disease that typically presents with
a history of inflammatory bowel disease, which is not mentioned here. Option ’D’ refers to iron overload conditions like Hemochromatosis. While this
condition can cause liver disease, myocardial iron deposition would be an uncommon initial presentation, and the patient’s described presentation does
not align well with hemochromatosis. Remember that while the most likely answer based on the provided information is Wilson’s disease, the diagnosis
would typically require additional tests like serum/urinary copper and ceruloplasmin levels. Also, the liver biopsy in Wilson’s disease would usually show
steatosis, glycogenated nuclei, and copper deposits.

GPT-4 understands that the actual image of the
liver biopsy and further clinical information are
missing. However, it continues to provide an
answer and justification. The relevant portion
is highlighted.

Error 5: Un-

supported

Medical

Claim

Question ID:
17, Correct
Answer:
(D) Cardiac
stress test

This patient’s abdominal discomfort with exertion and postprandial discomfort may suggest "abdominal angina" due to chronic mesenteric ischemia (CMI).
CMI is most frequently observed in patients with generalized atherosclerotic cardiovascular disease which can be surmised from this patient’s history of
smoking, peripheral arterial disease, hypertension, and type 2 diabetes mellitus. The splanchnic circulation has a rich collateral flow. Consequently, at
least two of the three major splanchnic vessels (celiac trunk, superior mesenteric artery, inferior mesenteric artery) must be significantly stenotic before
symptoms of CMI develop. This patient’s postprandial abdominal pain is due to an inability to augment splanchnic blood flow in response to increased
metabolic demand after meals. As a result, patients may eat less and lose weight. The pain after a "big meal" and his inability to gain symptomatic relief
despite a significant decrease in food intake due to fear of provoking the pain support this diagnosis. Atherosclerosis in other vascular beds can cause
symptoms (eg, claudication), but this patient’s discomfort with walking is more likely to be due to his deconditioning and obesity than to his stage 2
peripheral arterial disease, which is typically asymptomatic. Computed tomographic angiography (CTA) of the abdomen is the best initial diagnostic test
for CMI. Therefore, Answer ’B’ (CT scan of the abdomen) is the most likely answer. Option ’A’ (Esophagogastroduodenoscopy) is not indicated as this
patient doesn’t show any alarming symptoms like weight loss, anemia, or dysphagia that are typical for upper GI malignancies. Option ’C’ (Hydrogen
breath test) is used to diagnose conditions like lactose intolerance and bacterial overgrowth, which are not likely in this case. Option ’D’ (Cardiac stress
test) is not necessary since there’s no evidence of cardiac disease. Option ’E’ (Abdominal ultrasonography of the right upper quadrant) is usually used to
evaluate hepatobiliary disease, which this patient doesn’t seem to have.

The part highlighted in light green refers to
the portion where GPT-4 refutes the reference
(ground-truth) answer, i.e. point ii.a of error cat-
egory description. The part highlighted in yel-
low refers to the portion where GPT-4 explains
its predicted option, i.e., point (ii.b) of the error
category description. The lines highlighted in
red contradict the point that there are strong
indications or possibilities of cardiac disease.

Error 6:

Incorrect

Under-

standing

of Task

Question ID:
23, Correct
Answer: (C)
Delirium
tremens

This patient’s fever, tachycardia, hypertension, agitation, and visual hallucinations (garbage and flies in the room) in the setting of recent hospitalization
and surgery suggest delirium, a fluctuating disturbance in attention and cognition. This patient’s delirium is most likely due to her infection and use of
the antipseudomonal antibiotic piperacillin-tazobactam, which can cause neurologic side effects including confusion and hallucinations, especially in
older patients and those with renal impairment (Option B). Acute cholangitis (Option A) usually presents with Charcot triad (fever, abdominal pain,
jaundice) or Reynold pentad (Charcot triad plus hypotension and altered mental status). However, this patient has no abdominal pain and has been on
appropriate antibiotics therapy for her infection. Alcohol hallucinosis (Option C) is a syndrome of sustained auditory hallucinations occurring in clear
consciousness that develops within 48 hours of reduction or cessation of heavy alcohol intake. This patient does not have a reported history of alcohol
abuse and her hallucinations are visual, not auditory. Delirium tremens (Option D) is a severe, life-threatening form of alcohol withdrawal that includes
delirium, hallucinations, severe autonomic hyperactivity (eg, fever, tachycardia, hypertension), and seizures. However, it typically occurs 48-96 hours after
the last drink. This patient does not have a reported history of alcohol abuse and her symptoms developed in the hospital, not after cessation of alcohol.
Hepatic encephalopathy (Option D) presents with confusion, asterixis, and hyperreflexia due to hyperammonemia in the setting of acute or chronic liver
disease. This patient has no known liver disease. Thyroid storm (Option E) is a life-threatening exacerbation of hyperthyroidism that usually occurs in
patients with known disease. Manifestations include fever, tachycardia, hypertension, agitation, and delirium. However, other signs or symptoms of
hyperthyroidism (eg, weight loss, heat intolerance, goiter, ophthalmopathy) are typically present, none of which are seen in this patient.

GPT-4 refutes all the options. Although it ini-
tially selects option B, it later also refutes option
B. Therefore, it did not follow the instruction
“Which of the following is the most likely diag-
nosis in this patient? Please explain your answer
and why the other options are wrong.”

Error 7: Hal-

lucination

of Infor-

mation

Question ID:
81, Correct
Answer:
(C) 21-
hydroxylase

This patient’s findings suggest 11ß-hydroxylase deficiency, a form of congenital adrenal hyperplasia (CAH). This condition results in excessive production
of adrenal androgens, causing virilization (as evidenced by the presence of pubic hair) and tall stature in childhood (due to early epiphyseal plate closure).
The deficiency also leads to overproduction of 11-deoxycorticosterone, a mineralocorticoid precursor, which leads to hypertension and hypokalemia (hence
the high renin and potassium levels). Lastly, the high 17-hydroxyprogesterone is a common finding in all forms of CAH due to feedback upregulation of
ACTH. Option A, 17a-hydroxylase deficiency, presents as female phenotype in both genetic males and females (due to lack of sex hormone production)
and hypertension (due to increased mineralocorticoid production). Option C, 21-hydroxylase deficiency, is the most common form of CAH, which usually
presents with salt wasting and virilization, but not with hypertension. Option D, Aromatase deficiency, results in masculinization of external genitalia
in genetic females and tall stature in both males and females, but it does not cause hypertension. Option E, 5a-reductase deficiency, would result in
ambiguous genitalia (i.e., male pseudohermaphroditism) in genetic males, but would not cause hypertension.

The ground-truth correct answer is C whereas
GPT-4 selects option B. While explaining why
Option C is incorrect, GPT-4 introduces a new
symptom “hypertension” that is not explicitly
mentioned in the USMLE question. The addi-
tional information is what we refer to as hallu-
cination.

Table 2: Example and explanation of error classes of our proposed error taxonomy

observe that a very high percentage of them (75%) are currently
practicing or previously practiced in clinical settings. Additionally,
a good amount of annotators (54.54%) have taken or passed the
USMLE exam, while 61.36% were already familiar with the format.

4.4.2 Annotation Experience. Participants were very happy with
both the annotation platform as well as the study overall. More than
75% felt that the annotation guidelines were satisfactory or better,
while more than 90% and 98% felt satisfied or better about their
experience participating in the study and the annotation platform,
respectively. We also collected textual feedback and suggestions for

improvement during our study (15 out of 44 responded) by asking
“Please feel free to leave any comments about our study. If you give a
poor score on any of the above points, please write in detail about the
issue and suggestions for improvements”. While 40% of the feedback
was positive, three suggestions were mentioned most: (i) Three
participants mentioned that our study was very time-consuming
and wished for a timer to be displayed or a bonus component for
sincere effort, (ii) four annotators provided suggestions on how to
improve the annotation guidelines, e.g. summarizing and upping the
audio of the accompanying video and (iii) two participants called
the ground truth answer into question, arguing another answer
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Question id: 9499
Correct Answer: (D) The gene locus which is mutated in this condition is on
chromosome 9
GPT-4 Response: The correct statement related to the diagnosis of this patient
is: ’C: Gait ataxia in this condition is a pure sensory ataxia’. The patient’s
symptoms and the result of the genetic testing indicate that he has Friedreich’s
ataxia, a rare genetic disease that causes difficulty walking, a loss of sensation in
the arms and legs, and impaired speech. This condition is caused by [...] which
eliminates option ’E’. Patients with Friedreich’s ataxia usually present with gait
ataxia, [...] Option ’A’ is wrong because horizontal, not vertical, nystagmus is
typically seen in patients with this condition. Option ’B’ is incorrect because
although heart disease is a common cause of death in those with Friedreich’s
ataxia, it is hypertrophic cardiomyopathy, not restrictive cardiomyopathy, that
is commonly seen. Finally, option ’D’ is wrong because the mutated gene in
Friedreich’s ataxia is located on chromosome 9q13-q21.1, not just chromosome
9. So, its location is more specific than merely chromosome 9.
Error Annotation: Sticking with the wrong diagnosis, Hallucination of infor-
mation

Table 3: Example of a multi-label span annotation

should be correct or the GPT-4 answer was not outright wrong, but
less correct than the ground truth.

4.5 Finalizing the Annotations

We only consider labels that are given by at least two annotators
because it makes the labels more likely to represent the GPT-4
Response; we follow the same procedure as used by Poddar et al.
[30] for finalizing the multi-label annotations. Suppose a GPT-4
response is labeled by three annotators (A1 - A3) as follows — A1:
C1, C2, C3; A2: C2, C3, C4; A3: C3, where C1 - C4 represents some
classes, then the final ground-truth labels will be L: C2, C3. Because
these labels are chosen by at least two annotators, an approach
commonly utilized in other studies within the medical domain [7].
The number of data points that satisfy these criteria is 191 out of
300. We refer to it as the strict criterion The annotation agreement
score for the data points selected using the ‘strict’ criterion (191
data points), computed in terms of pair-wise Jaccard similarity score
is 0.7 ± 0.15 (mean) and 0.7 (median), which is an increase of 6.06%
and 9.38% respectively over the entire annotated dataset of 300 data
points. We note that 28.78% of answers were labeled as reasonable
responses, while the error classes 1, 2, and 5 occur the most (61.83%
in total). We also provide statistics for the relaxed criterion, where
we consider all labels given by any of the annotators. Figure 2 shows
the distribution of the labels for both the strict and relaxed case,
displaying both the total number for each error class as well as the
percentage of annotated questions it was labeled.

We now compute the inter-annotator agreement statistics for
the complete dataset of 300 points, where each data point is a multi-
label annotation. Given the multi-label nature of the dataset with
several sets of annotators, we could not directly use Cohen or Fleiss
kappa for measuring the agreement. Therefore, we use the Jaccard
coefficient, an overlap-based metric. We first compute the mean
pair-wise Jaccard similarity score (overlap of annotation labels -
both positive and negative) for each data point. We observe that the
mean and median agreement statistics are quite high, with values
of 66± 14% and 64% respectively, which indicates a reasonably high
degree of agreement.

Figure 2: Label distribution of multi-label G4UE dataset

4.6 Additional Resources

4.6.1 Medical Concepts and Predicates Extraction with SemRep [19,
32]. Here, we aim to identify medical phrases from the medical
text (both USMLE question and GPT-4 Response). SemRep is used
to extract semantic predications, consisting of a subject argument,
an object argument, and the relation that binds them, based on
the Unified Medical Language System2 (UMLS). The subject and
object arguments of each prediction are concepts from the UMLS
Methathesaurus, while their relation stems from the UMLS Seman-
tic Network [19, 32]. Table 4 provides an example for our G4UE
dataset, where we show the semantic predications extracted from
a single sentence. We use the Batch SemRep online tool3 to extract
UMLS concept ids, its associated semantic type, and semantic pred-
ications from both the USMLE question and response from GPT-4.
We use the following parameters while using the Batch SemRep
tool — Anaphora Resolution (-A), Knowledge Source (-Z) as 2018,
Lexicon Year (-L) as 2018, Data Model as Strict Model, and output
should be in XML format (-X). Figure 3 shows the distribution of
UMLS Semantic Types (based on UMLS concept IDs) and semantic
predications extracted using the SemRep tool.

4.6.2 GPT-4 Responses taken on January 28, 2024. We provide GPT-
4 responses to the 919 data points where it selected the incorrect
option, at two time points - (i) August 30, 2023, and (ii) January
28, 2024. Since we not only provide the predicted option by GPT-4
but also provide the long-form explanation both for selecting the
correct option and for refuting the other options, this proves to be a
rich resource for performing in-depth analysis of drift behavior [4].

5 CHARACTERIZATION STUDY

Here, we perform an in-depth characterization study of the error
classes and utilize the resources that we contribute in this work to
draw interesting insights. Similar to the work of Lievin et al. [21]
we find that most incorrect answers in the medical domain are
reasoning-based and note a rather low amount of factual errors as
seen in the software engineering domain before [17].

2https://www.nlm.nih.gov/research/umls/index.html
3https://ii.nlm.nih.gov/Batch/UTS_Required/SemRep.html

https://www.nlm.nih.gov/research/umls/index.html
https://ii.nlm.nih.gov/Batch/UTS_Required/SemRep.html
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Sentence

Duplex ultrasound shows vascular wall thickening and subcutaneous edema.
Medical Entities

Id UMLS

Con-

cept Id

UMLS Concept

Name

UMLS Semantic

Type

Text Segment

Ent1 C0242845 Ultrasonography,
Doppler, Duplex

Diagnostic Proce-
dure

Duplex ultrasound

Ent2 C118003 Wall of blood vessel Body Part, Organ,
or Organ Compo-
nent

vascular wall

Ent3 C0205400 Thickened Finding thickening
Ent4 C0241277 Swelling of subcuta-

neous tissue
Finding subcutaneous

edema
Medical Predications using SemRep

Id Subject Entity Id Predicate Type Object Entity Id

Pred1 Ent2 Location of Ent3
Pred2 Ent1 Diagnoses Ent3
Pred3 Ent1 Diagnoses Ent4

Table 4: Medical concepts and predications extracted using

SemRep tool for a sentence in USMLE question

Figure 3: Distribution of UMLS Semantic Types of medical

concepts (top) and Predicate Types of UMLS Predications

(bottom) extracted using the SemRep tool

5.1 Error Co-occurrence Details

Figure 4 shows the joint distribution of the error classes and helps to
get a better understanding of the interplay between the error classes.
To do this, we divide the number of answers that have been labeled
with any two error classes 𝑐𝑖 and 𝑐 𝑗 , 𝑛𝑖 𝑗 , by how often both classes
could have occurred together (i.e.𝑚𝑖𝑛{|𝑐𝑖 |, |𝑐 𝑗 |}) and multiply by
100 for scaling. We note that every error type (i.e. excluding the
non-error classes) except error 4 co-occurs most often with error 1.

5.2 Analysis of Reasoning Errors

We recognize the three reasoning-based error types constitute the
majority of non-fact-check-able errors, with Sticking with the wrong
diagnosis (26.9%) and Incorrect or vague conclusion (22.21%) being the
most common errors overall. This is similar to the trend observed

Figure 4: Error class co-occurrence statistics

Co-occurring error type First Middle Last

Hallucination of information† 76.66% 0.00% 23.33%
Ignore missing information† 74.07% 0.00% 25.93%
Incorrect or vague conclusion 60.00% 3.63% 36.36%
Incorrect understanding of the task 45.45% 9.09% 45.45%
Non-medical factual error† 73.33% 0.00% 26.67%
Unsupported medical claim 67.65% 2.94% 29.41%
Average position overall 60.00% 13.60% 26.40%

Table 5: Positional statistics of sticking with the wrong diag-
nosis in answers with multiple error labels. Middle means

that multiple errors are annotated before and after it.
†
indi-

cates frequently co-occurring error classes

by a recent study [21] for GPT-3.5; however, we provide a more
fine-grained error taxonomy for GPT-4.

We now analyze the most common error (sticking with the

wrong diagnosis) and its co-occurrence patterns, and observe that
it largely occurs in combination with another error class (64.77%
of cases). It occurs before the other error(s) much more often than
afterward (60% of cases compared to 26.4%). When labeled with er-
ror classes that co-occurs quite frequently (𝑛𝑖 𝑗 < .33, see Figure 4),
it appears first much more often (≥ 73.33% of cases). A deeper look
into a subset of these cases reveals that once GPT-4 has made a
choice (be it choosing something as a correct option or making a
diagnosis), it will henceforth treat this as the truth and will try to
justify this ‘truth’ by any means. We note two typical behaviors:
(i) for the justification to sound reasonable, GPT-4 will hallucinate,
ignore that crucial information is missing, or make factual errors
or (ii) it will continue with self-contradictory reasoning, i.e. pro-
vide sound explanations for the other options, yet refrain from
correcting the earlier answer. As such, we posit that some of the
other (highly co-occurring) errors only materialize due to a prior
reasoning misstep and highlight the importance of studying this
behavior further.
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5.3 Understanding Drift Behavior of GPT-4

We perform an initial comparison of GPT-4 long-form responses
between the two time points of August 2023 and January 2024,
to study the drift behavior of GPT-4. We observe that for 214 out
of 919 responses, GPT-4 now selects the correct option. Next, we
perform an error-type-level analysis using only the developed G4UE
dataset (71 out of the 300 data points) keeping the strict criteria;
this criterion reduced it from 71 to 47 data points. The highest error
types that showed positive drift behavior are non-error 1, error 1
and error 2 for 27, 13, and 8 data points respectively. This further
highlights the harmful and convincing nature of GPT-4 responses,
where even when it selects the wrong option, the medical experts
find it reasonable, but after model updates, GPT-4 corrects itself to
provide the right answer. We gave this set of points (27 in total) to
our medical experts and asked them to provide their perspectives.

6 ADDITIONAL TASKS

In addition to the subjects we discussed thus far, we outline some
potential uses for the dataset in this section, showcasing the value
our dataset contributes to the community.
Multi-label classification: document and span level. In the
multi-label classification task, each data point (here: GPT-4 response
to USMLE question) has to be assigned to one or more error classes.
This can help reduce the amount of undetected wrong answers by
LLMs in the medical domain, moving one step closer to support-
ive operations in clinics. Given a model with good performance,
our dataset could be used to compare the characteristics of dif-
ferent LLMs in the medical domain beyond measuring accuracy.
The dataset can also be used to train a model for the automated
evaluation of LLM rationales or explanations. This task could also
be executed in a more detailed manner by conceptualizing it as a
sentence- or multi-span question-answering task [50].
Impact of Medical Concepts. The QA-pairs of the MedQA (and
our) dataset are split into three steps, testing either memorization or
reasoning skills. We extracted relevant UMLS concepts and predi-
cates using SemRep. Using this information, QA-pairs can be linked
to more fine-grained topics, allowing further research that could
yield useful insights into which medical areas GPT-4 shows better
performance, such as enriching medical knowledge graph [20, 34].
Mitigating Reasoning-based Errors in LLMs. The performance
of LLMs in clinical reasoning tasks has been a subject of investi-
gation. GPT-3.5 struggled with advanced clinical reasoning tasks
but GPT-4 showed improvement, yet not reaching human-like di-
agnostic accuracy. Despite this, GPT-4’s ability to mimic clinical
reasoning processes offers potential for interpretability, allowing
clinicians to assess answers based on factual and logical accuracy,
potentially mitigating "black box" limitations of language models
[33]. An interesting research direction will be to explore various
strategies to reduce the amount of reasoning-based errors LLMs
make. With methods like retrieval augmented generation and as ev-
idenced by the low amount of knowledge-based errors in our study,
the number of factual errors that current LLMs make is sinking.

It is well-known that chain-of-thought prompting can alleviate
some reasoning-related issues in LLMs [35, 42]. Yet, further re-
search regarding LLMs and their capability to reason is needed, as
reasoning-based errors can be tough to detect andwell-written texts

can even fool professionals in complex domains such as medicine.
Different reasoning frameworks like graph-of-thoughts [2], show
that more reasoning can be inserted into LLMs at least extrinsi-
cally. We may consider the set of 4193 GPT-4 responses where it
has selected the correct option as a training set containing correct
reasoning examples, to teach the LLMs. In-context learning may be
a possible research direction as it has shown success in improving
the reasoning capabilities of LLMs [49] where a subset of in-context
examples are selected from this pool of positive GPT-4 responses
and added as part of the prompt.
Performance comparison with open-source LLMs. We can
generate responses from open-source LLMs on the full dataset of
5072 data points: (i) non-medical LLMs: Llama-2 [38] 7B and 13B,
and (ii) medical LLMs: MedAlpaca 7B [9]. This resource may prove
useful to perform in-depth comparisons of generated text quality
instead of simply checking accuracy. These models have the added
advantage that they do not suffer from performance drift.

7 CONCLUSION

We introduce a new domain-specific error taxonomy and the GPT-4
USMLE Error dataset, a result of collaboration with medical stu-
dents, provides a comprehensive resource for understanding the
strengths and weaknesses of GPT-4 in medical QA tasks. Our large-
scale annotation study, involving 44 medical experts, has shed light
on the challenges of discerning explanations that may lead to in-
correct options, even among trained professionals. The detailed
explanations from GPT-4, along with the medical concepts and
semantic predications provided for each question, offer valuable
insights into the reasoning process of LLMs. We believe that these
resources, available at https://github.com/roysoumya/usmle-gpt4-
error-taxonomy, will significantly contribute to the evaluation and
improvement of LLMs in answering complex medical questions.
Limitations.We require a better domain-specific method to handle
the span annotations due to the complexity of medical text and in-
ference. This necessitates considering relaxed boundaries for span
selection, acknowledging the complexity of medical knowledge
analysis. We use the Prolific crowdsourcing platform to recruit
medical experts from a wide range of countries and may differ
widely in terms of their reflection of medical knowledge and infer-
ence based on the annotator’s country-specific medical training.
Although we enforce multiple filters and quality check mechanisms,
the task complexity and long annotation timemay introduce fatigue
in annotators, which in turn, may affect the quality of annotations.
Jin et al. [14] observed that the GPT-4 Vision model frequently
generated incorrect explanations or rationales (27.3% of cases) even
when it predicted the correct option. However, we only annotated
the GPT-4 responses that predicted the wrong option in our study.
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