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Abstract

Purpose

In late 2022 and early 2023,

reports that ChatGPT could pass the
United States Medical Licensing
Examination (USMLE) generated
considerable excitement, and media
response suggested ChatGPT has
credible medical knowledge.

This report analyzes the extent to
which an artificial intelligence (Al)
agent’s performance on these sample
items can generalize to performance
on an actual USMLE examination
and an illustration is given using
ChatGPT.

Method

As with earlier investigations, analyses
were based on publicly available USMLE
sample items. Each item was submitted to
ChatGPT (version 3.5) 3 times to evaluate

stability. Responses were scored following
rules that match operational practice,
and a preliminary analysis explored the
characteristics of items that ChatGPT
answered correctly. The study was
conducted between February and

March 2023.

Results

For the full sample of items,

ChatGPT scored above 60% correct
except for one replication for Step 3.
Response success varied across
replications for 76 items (20%). There
was a modest correspondence

with item difficulty wherein ChatGPT
was more likely to respond correctly to
items found easier by examinees.
ChatGPT performed significantly
worse (P < .001) on items

relating to practice-based learning.

Conclusions

Achieving 60% accuracy is an
approximate indicator of meeting the
passing standard, requiring statistical
adjustments for comparison. Hence, this
assessment can only suggest consistency
with the passing standards for Steps 1 and
2 Clinical Knowledge, with further
limitations in extrapolating this inference
to Step 3. These limitations are due to
variances in item difficulty and exclusion
of the simulation component of Step 3
from the evaluation—limitations that
would apply to any Al system evaluated
on the Step 3 sample items. It is crucial to
note that responses from large language
models exhibit notable variations when
faced with repeated inquiries,
underscoring the need for expert
validation to ensure their utility as a
learning tool.

During recent months, a great deal of
attention has been given to ChatGPT!
and other advanced applications of
artificial intelligence (AI). In medical
contexts, these applications include
medical note taking, consultation,
diagnosis, and education—and research
into these and other areas is growing (e.g.,
the New England Journal of Medicine has
announced a new journal focusing on
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these applications to begin publication in
2024).2-4 One measure of the capabilities
of Al systems is their success at answering
medical test questions, and several claims
have been made about these systems
passing the United States Medical
Licensing Examination (USMLE). A
January 2023 headline in MedPage Today
announced, “Al passes U.S. Medical
Licensing Exam—two papers show that
large language models, including
ChatGPT, can pass the USMLE.”>
Medscape followed with “AI Bot
ChatGPT Passes U.S. Medical Licensing
Exams without cramming—unlike
students.”® The careful reader of the
original publications upon which these
subsequent write-ups are based will
notice that the claims made by journalists
are not always well aligned with those
results reported by researchers—and even
that some of the conclusions stated in the
original research are inconsistent with the
reported data analysis. Furthermore, the
findings reported in the original research
are inconsistent across studies. In this
article, we attempt to clarify what has
been asserted in previous research. We

follow this by replicating and extending
previous work, and then examine the
extent to which previous findings (as well
as our own) can be meaningfully
compared to the passing scores for the 3
USMLE Step exams. Finally, we reflect on
the implications of these collective
findings for the future of medical
education and assessment.

There are at least 4 publications that have
been referenced as evidence with respect
to claims about Al systems passing
different Steps of the USMLE.7-10 It is
crucial to note that none of these Al
systems have interacted with an actual
USMLE examination—that material is
secure and not available to external
researchers. The claims about
performance are based on responses to
other sets of items that at best
approximate USMLE examinations. For
some studies, the test material comprises
large sets of multiple-choice questions
(MCQs) assessing medical knowledge
that have little if any actual USMLE
content.®10 In other instances, the
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analyses have been based on sample items
made available by the USMLE
program.”-8

The study by Singhal and colleagues!®
applies a relatively new Al system (Flan-
PaLM) to different data sets including one
referred to as MedQA. While the authors
state that MedQA is a “dataset
comprising USMLE questions,”
elsewhere, they describe it more
accurately as principally containing only
USMLE “style” questions. MedQA does
include publicly available USMLE sample
items, but the vast majority of items were
scraped from other sites offering test
preparation for the USMLE rather than
USMLE items.!! Nonetheless, Singhal
and colleagues reported a 67.6%
accuracy level for Flan-PaLM, which

is impressive regardless of the source of
the questions.

Likewise, research by Liévin and
colleagues® also refers to USMLE items
but appears to have used the same
MedQA data set. The performance they
report is more than 6 percentage points
below that for Flan-PaLM; however,
comparisons across studies can be
difficult even when researchers use the
same data set. Most researchers in the
aforementioned studies’-1? excluded
items that include nontext components
(e.g., graphs, images), while others
additionally excluded items for which the
Al system did not provide an
unambiguous answer. Some have also
limited their sample to questions with 4
answer options.

In addition to the Singhal and Liévin
groups, other researchers have tested
systems using the MedQA data set.!213
Those systems do not appear to have
performed as well as those described by
Singhal and colleagues!® or Liévin and
colleagues®—but taken together, these
studies show substantial progress in the
accuracy with which Al systems can
answer MCQs with medical content.
Nonetheless, they do not provide a
basis for comparing that level of
performance to the level required to
pass USMLE examinations, because the
difficulty of the MedQA items may not be
similar to that for items from a USMLE
test form.

In contrast, there are 2 studies based on
publicly available items that were
previously used on USMLE.”8 We give

these studies particular attention.
Research by Kung and colleagues® began
with a sample of 376 publicly available
test questions downloaded from the
USMLE website. After excluding items
with nontext components, 305 (81%)
items remained (93 Step 1 items, 99 Step 2
Clinical Knowledge (CK) items, and 113
Step 3 items). Each of these 305 items was
presented in 3 ways: as an open-ended
item, an MCQ, and an MCQ with a
justification requested from ChatGPT,
version 3.5 (powered by OpenAlI Global
LLC, San Francisco, CA). Because only
the second of these approaches is directly
relevant to the USMLE (and can be scored
objectively), we focus on those results.
Kung and colleagues present 2 sets of
results: one with “indeterminate”
responses censored and one with these
responses included, stating that the
censored/included accuracy for ChatGPT
“for USMLE Steps 1, 2 CK, and 3 was
55.1%/36.1%, 59.1%/56.9%, and 60.9%/
54.9%, respectively.”

Gilson and colleagues” also examined the
performance of ChatGPT 3.5 on USMLE
sample items, although they limited their
evaluation to Step 1 and Step 2 CK items.
The authors state that before excluding
items with a nontext component, they
had a sample of 120 items for each Step
examination. After excluding these items,
they report findings for 87 Step 1 items
(73%) and 102 Step 2 CK items (85%)
with an accuracy level of 64.4% and
57.8%, respectively.

Although it appears that the studies by
the Kung and Gilson groups accessed the
same publicly available USMLE items,
their studies were based on different
numbers of items and findings were
substantially different. Kung and
colleagues® found that ChatGPT provided
an “indeterminate” response for
approximately one-third of the Step 1
items in the sample and provided a
correct response to only 36.1% of the 93
items presented. In contrast, Gilson and
colleagues” reported a correct response to
64.4% of the 87 items presented. Findings
from both were much more similar for
the Step 2 CK items.

The inconsistency between studies creates
uncertainty about the findings, which is
exacerbated by the claims made about
how ChatGPT’s performance compares
to the passing score for the USMLE.
Having stated that the USMLE passing
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score is approximately 60%, Kung and
colleagues® then claim: “ChatGPT is now
comfortably within the passing range.”
However, when USMLE examinees fail to
respond to a question, it is scored as
incorrect. Applying that scoring rule in
this study, ChatGPT scored at 36.1%,
56.9%, and 54.9% on Steps 1, 2 CK, and 3,
respectively. None of these values is above
the approximate passing standard.
(Typically, examinees must answer
approximately 60% of items correctly to
pass the Step examinations. This value is
an approximation because the score scale
and passing standard are not based on
percent correct.)

The purpose of this study is therefore to
provide clarity on the extent to which an
Al agent’s performance on these sample
items could be indicative of its
performance on the USMLE. To that end,
we present a case study using ChatGPT
(version 3.5). We begin by replicating
these previous studies by presenting the
publicly available USMLE items to
ChatGPT; however, unlike previous
studies, we present each item to ChatGPT
3 times, which allows us to examine the
consistency of ChatGPT’s performance.
We also separately evaluate the text-only
items (examined in previous
publications”:8) as well as the items that
included nontext elements (e.g., images).
We conduct preliminary analyses to
identify the characteristics of items that
ChatGPT answered correctly and
compare its performance with proportion
correct responses from USMLE
examinees. Additionally, we addressed
the extent to which the publicly available
USMLE items can be considered
equivalent to a full examination and the
limitations of generalizing the passing
score to other item sets.

Method

As the Kung® and Gilson” research
groups did, we used the USMLE items
available from the USMLE website in
early 2023.14 This sample comprised 120
Step 1 items, 120 Step 2 CK items, and
137 Step 3 items. (Three items appeared
in both the Step 2 CK and Step 3 sample
item sets.) These sets of sample items are
substantially smaller than operational
USMLE test forms (Step 1 forms have
approximately 280 items; Step 2,
approximately 318 items; and Step 3,
approximately 503 items). Moreover,
operational forms are built to conform to
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a complex set of content and statistical
specifications that (among other
objectives) minimize differences in
difficulty between forms. In contrast, the
publicly available sample USMLE item
sets are built to condensed versions of the
content blueprint, with less rigorous
control of overall difficulty.
Consequently, while the Step 1 and Step 2
CK sample forms were generally
comparable to the operational USMLE
form difficulties, the Step 3 items were
notably less difficult.

As Kung and colleagues® noted, the
sample items were made public in 2022,
after ChatGPT 3.5 was trained, providing
strong evidence that ChatGPT could not
have “memorized” the answers during
training. While ChatGPT accepts a wide
range of special characters and symbols,
approximately 14% of the sample items
contain nontext features (e.g., images,
graphs), which ChatGPT cannot
interpret. Nevertheless, for completeness,
we presented the text for every item

to ChatGPT. We separately analyzed

the accuracy for items that were entirely
text based and items that originally
included a nontext component. A new
session was initiated for each item. We
collected the responses from ChatGPT
3.5 between February 20, 2023, and
March 19, 2023.

Replications

Consistent with the approach used in
previous studies, we presented each item
to ChatGPT verbatim as it would be
presented to examinees, including
presenting each option on a separate line
and without providing additional
instructions. We repeated this process 3
times for each item (replications) to
evaluate the intra-item consistency of the
responses.

Scoring ChatGPT responses

Each of the 3 responses to each item was
then independently scored by 2 raters
using a rubric specifying that a response
was to be scored as correct only if
ChatGPT identified the keyed answer as
the only correct response. We scored all
other variations of responses as incorrect,
including occasions when an incorrect
option was indicated, no answer was
indicated, an answer was indicated that
was not among the options, or more than
one option was indicated as correct. This
ensured that the scoring matched
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operational practice, where, for example,
selecting 2 options is not permitted.
Scoring disagreements between the 2
raters were reviewed by the first author
(V.Y.) who made the final scoring
decision.

In addition to evaluating the overall
performance for ChatGPT, we conducted
preliminary analyses to identify the
characteristics of items that ChatGPT
answered correctly. Because all items had,
at one time, appeared on actual USMLE
tests, we first compared ChatGPT’s
performance with the proportion of
correct responses (P values) calculated
using examinee responses to these items
from first-time examinees from Liaison
Committee on Medical Education
(LCME) accredited medical schools. This
was accomplished by examining the
correlations between these P values and
the 0/1 (incorrect/correct) scores from
ChatGPT to determine the extent to
which items that were more difficult for
examinees were also more difficult for
ChatGPT. We also considered the
variability of ChatGPT’s performance
across one of the major USMLE content
coding schemes, physician task
competency, which is a framework for
assigning each item to a distinct physician
competency such as foundational science
or diagnosis.!> To evaluate the statistical
significance of differences of performance
across content, we tested each content
area separately using a permutation test
(100,000 permutations, 2-tailed). A
Holm-Bonferroni correction was made
for multiple comparisons to reduce Type
1 error. A permutation test is a form of
proof by contradiction: the proposition
that ChatGPT’s success is affected by the
task membership of an item is first
assumed to be false, and then, if a
contradiction arises (in this case, an
observed difference that would be highly
unlikely were the proposition false), this
is interpreted as evidence that the
proposition is true. In other words, if a
highly unlikely difference is observed, this
is evidence that ChatGPT performs
differently on this content.

Results

Table 1 presents the percentage of items
answered correctly by ChatGPT on the
sample material for each of the 3 Steps’
sample item sets across the 3 separate
replications. Results are provided
separately for the full sample of items, the

items with text only, and the items with a
nontext component.

Based on the full sample of items,
ChatGPT scored above 60% correct in all
cases except for one Step 3 replication,
with a higher percentage of correct
responses for text-only items.

Variability in the percentage of correct
responses across the 3 replications is also
shown in Table 1. An example of this
variation is reported in Chart 1, which
shows both a correct and incorrect
response that ChatGPT produced for a
single item. Such inconsistencies were
observed for 76 (20%) of the 377 sample
items (26 items for Step 1, 23 for Step 2
CK, and 27 for Step 3).

The relationship between item difficulty
(measured by P values based on examinee
responses collected when these items
were used on operational Step
examinations) and the responses from
ChatGPT showed a modest
correspondence, at best. The mean
correlation across the 3 replications was
0.22 for Step 1, 0.23 for Step 2 CK, and
0.03 for Step 3 based on the full item
sample. These correlations are similar for
the text-only items (0.15, 0.20, and 0.07,
respectively). Although some of the
correlations for individual replications
were significant (P < .05), none suggested
a strong relationship.

Table 2 presents the proportion of items
answered correctly by ChatGPT within
each physician task competency assessed
on the sample material. The observed
difference between performance within
and outside each task is also reported,
along with the probability that each
difference (or greater) would arise due to
chance were the true difference zero.
ChatGPT performed significantly worse
(P <.001) on items relating to
practice-based learning (which cover the
topics of biostatistics, epidemiology,
research ethics, and regulatory issues)
than it did on other items. Items
belonging to different content areas were
not necessarily equally difficult; the data
reported in Table 2 do not account for
this possibility.

Discussion

Although it is impossible to make a
precise and definitive statement about
“passing” based on our findings
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translate to a score below 60% correct on

Table 1 the operational exam for at least 2 of the 3
Percentage of USMLE Sample Items Answered Correctly by ChatGPT Across 3 replications. Moreover, an operational
Replications, From a Study of ChatGPT Response Accuracy and Characteristics, Step 3 exam contains an interactive
20232

computer-based simulation component
that contributes to the overall score,
which we did not assess in this study.
Note that while these findings are
generally consistent with those presented
......................................................................................................... in earlier publications,”® they reflect

Complete sample 377

_______ Stp2CK ... Mo 708 6750 7167 uniformly higher performance for

Step 3 137 59.12 58.39 63.50 ChatGPT on the text-only items than was
Text-only items 325 reported by Kung and colleagues® or

Step 1 93 66.67 69.89 67.74 Gilson and colleagues.”

Step 2 CK 108 70.37 67.59 72.22 )

Step 3 194 60.48 2968 6537 The data reported in Tal?le 1 are

- noteworthy in that they include

Items with nontext 52 ChatGPT’ p i .
component a s performance on all items in

the sample set, including those that
contained nontext elements. Perhaps not
surprisingly, performance was lower on
these items because ChatGPT can only
Abbreviations: USMLE, United States Medical Licensing Examination; CK, clinical knowledge. interpret text. Nevertheless, ChatGPT’s
2ChatGPT version 3.5 (powered by OpenAl Global LLC, San Francisco, CA). performance on items that originally
included a nontext component far
exceeded what would be expected by

(see Table 1), taken on average across the Step 3 sample were easier to answer chance alone.

replications, ChatGPT’s performance correctly than those on a typical Step 3

appears consistent with “passing” for Step test form, ChatGPT’s performance on the ChatGPT performed near or above the

1 and Step 2 CK. Given that the items in Step 3 sample item set would likely level associated with passing on the
Table 2

Proportion Correct for ChatGPT Responses to USMLE Sample Items Within USMLE
Physician Tasks/Competencies, From a Study of ChatGPT Response Accuracy and
Characteristics, 20232

Includes items Communication¢© 32 345 .76 .63 13 .06
gzr?]gr?tztext Founda‘uonal .................................. g e o i e
=377 SO e e et e
Diagnosis 125 252 69 62 08 06
Management ................................ o o Ly
B S G o g ST
learning
R F B g T TR s
\é\?ietr?]gr?tztext Founda‘uonal .................................. g B T o R e
(n = 325) science

Practice-based 24 301 .33 .69 -.36 <.001
learning

Abbreviation: USMLE, United States Medical Licensing Examination.

2ChatGPT version 3.5 (powered by OpenAl Global LLC, San Francisco, CA).

5P value significant at alpha = .05 (2-tailed). A correction for multiple comparisons was made using the Holm-
Bonferroni method.

“The full name of the communication category is “communication/professionalism/systems-based practice and
patient safety.”
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multiple-choice component for Steps 1
and 2 CK. Inferences for passing Step 3
are limited, both because the exam
contains a simulation component
unassessed in this study and because of
the comparative easiness of the sample
items noted earlier. That said, it is worth
emphasizing that ChatGPT performed
well below a typical USMLE examinee. In
contrast, average scores for first-time
examinees from LCME-accredited
schools are approximately 2 standard
deviations above the passing standard.!®
Moreover, although AI systems will
certainly improve over time, there is an
important distinction between
performing well on these multiple-choice
questions and being licensed to practice
medicine. In addition to passing the
USMLE sequence, a physician must
successfully complete medical school and
residency, which requires demonstrating
a range of competencies not assessed by
USMLE test material but critical to the
provision of safe and effective patient
care.

Because much of the attention given to
ChatGPT has focused on performance
relative to the USMLE passing standards,
it is useful to consider the limitations of
such interpretations. Answering 60% of
items correctly is an approximation of the
passing standard. Additionally, multiple
forms of any Step examination can only
be compared to a common cut score
because they have been built to the same
statistical and content specifications and
have been statistically adjusted (equated)
to place scores from different forms on
the same scale.!” As noted, the publicly
available study items were assembled with
less rigorous constraints, introducing
differences in content representation and
difficulty compared to an operational test
form. As such, any comparisons made
based on publicly available USMLE items
will be approximate and, as appears to be
the case for Step 3, may be an imprecise
approximation. This limitation is a
particularly important consideration
when interpreting results based solely on
text-based items. Materials representing
evidence-based medicine, biostatistics,
radiology, dermatology, and cardiology,
which typically incorporate a higher
proportion of nontext elements, will
likely be underrepresented when items
with nontext components are excluded.

Our findings also raise questions in
several areas related to medical education
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and assessment. Others have suggested
that AI will have an important role in
these areas going forward?3—which
seems like a safe prediction. At present,
however, there are limitations to the
usefulness of ChatGPT for medical
students. ChatGPT appears equally
confident whether or not its answer is
correct. Promoting the use of these tools
as learning aides for medical students
should be avoided without first
emphasizing the need for expert review of
the output. Whether AI systems can be
useful aids to experts writing response
rationales remains an open question that
needs empirical investigation. For the
time being, learning and assessment will
be better supported by materials that have
been more rigorously vetted.

Another issue worth examining is what
these findings suggest about the cognitive
processes required for examinees to
respond to USMLE items. Although
ChatGPT claims that it “is not capable of
reasoning in the same way that humans
do,” as per its own response, many of its
responses closely resemble human
responses, despite being generated
probabilistically based on word
cooccurrences in a large corpus of
human-generated text—raising the
question of whether this form of
probabilistic prediction is (or should be)
included in a definition of “clinical
reasoning.” Yet such a question
presupposes overlap between ChatGPT’s
response processes and examinees’
response processes, which has not been
demonstrated.

In a survey overview of automated
question-answering systems, Rogers and
colleagues!® write, “It is increasingly clear
that humans and machines do not
necessarily find the same things difficult,
which complicates direct comparisons of
their performance.” This view is
consistent with the modest, and
frequently nonsignificant, correlations we
observed between the difficulty of items
for examinees and the performance of
ChatGPT on those items.

The question of the cognitive processes
required to answer these questions is also
brought into focus when we consider the
items with images and other nontext
components. Previous researchers have
removed these items from their study
sample—presumably under the
assumption that ChatGPT would be

unable to respond. This is clearly not the
case, however, as we found that ChatGPT
provided detailed descriptions of
“imagined” graphs in its responses to
items with nontext components, even
though no graphs were included in the
input. Without additional study in this
area, it is not possible to disentangle
whether ChatGPT was able to answer
these questions because the image is not
required to arrive at the correct answer, or
because it was able to draw parallels
between the text and image descriptions
from its training data. An interesting
avenue for future research would be

to investigate whether examinees

would be as successful in answering
these items without access to the nontext
component.

What, then, are the implications of Al
systems successfully answering test items?
It seems clear that recent advances
represent a trend that is likely to
continue. Although this general trend has
substantial significance for the
performance of the model itself (mainly
related to how useful it may be for other
tasks from that domain), the implications
are more modest regarding education and
assessment. If improved large language
models were to answer more items
correctly, educators and patients would
still want physicians to be familiar with
foundational concepts in medicine and
able to use that knowledge to build
advanced skills and experience. That said,
if the question is whether we should
embrace innovations with Al that
physicians can use to improve the quality
of care, our answer is a most enthusiastic
yes. Any prediction of how this may
happen is premature at this stage, but it is
safe to assume that as the use of Al in
medical practice continues to grow, its
reach will extend to how we assess
medical knowledge and skills.

In conclusion, it seems appropriate that
we comment on how advances in AT will
impact the responsibility that assessment
organizations and examinees have to the
public. Medical licensing examinations
are explicitly intended to protect the
health of the public. Both the form and
content of these tests are intended to
support inferences about specific
proficiencies required for the safe and
effective practice of medicine.!® When
new technologies change the way
medicine is practiced or the way medical
students learn, testing organizations must
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reevaluate the alignment between the
form and content of their tests and the
function of those tests in protecting the
public. This reevaluation is an essential
and ongoing part of a testing
organization’s responsibility to evaluate
the validity of the inferences and uses that
are made based on the test scores they
produce. Studies such as this represent a
first step in that process of reevaluation.
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