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INTRODUCTION
Large language models (LLMs) have been applied to 

multiple use cases relevant to plastic and reconstructive 
surgery (PRS) and other fields of medicine.1–12 Recently, 
the Plastic Surgery In-service Examination (PSISE) was 
taken by ChatGPT (GPT-3.5).13,14 It scored in the 49th per-
centile compared with first-year integrated residents based 

on the analysis by Humar et al13. GPT-4 is an improved 
version from OpenAI that is trained on more expansive 
data.15 The PSISE is challenging and assesses trainee’s 
knowledge objectively in 5 core competency areas.16

To measure the degree of potential improvement from 
the previous iteration of OpenAI’s chatbot (GPT-3.5 → GPT-
4) with respect to plastic surgery, we sought to challenge it 
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Background: ChatGPT-3.5 scored in the 52nd percentile of the Plastic Surgery 
In-service Examination, making its knowledge equivalent to a first-year integrated 
resident. The updated GPT-4 may have improved performance given its more 
expansive training set. We hypothesized that GPT-4 would outperform its prede-
cessor, making it a more valuable potential asset to surgical education.
Methods: Questions from the 2022 Plastic Surgery In-service Examination were 
given to GPT-4 and GPT-3.5. Both were prompted using 3 different structures. The 
2022 American Society of Plastic Surgeons Norm Tables were used to compare the 
performance of the chatbot to national metrics from plastic surgery residents.
Results: GPT-4 answered a total of 237 questions with an overall accuracy of 63% 
across all 3 strategies. The accuracy was as follows for the prompting schemes: 54% 
for open ended, 67% for multiple choice (MC), and 68% for MC with explanation. 
The section with the highest accuracy (74%) among all strategies was Section 4: 
Breast and Cosmetic. GPT-4’s highest scoring methodology (MC with explanation, 
68%) placed it in the following national integrated percentiles: 93rd percentile 
for the first year, 76th percentile for the second year, 52nd percentile for the third 
year, 34th percentile for the fourth year, 17th percentile for the fifth year, and 15th 
percentile for the sixth year. GPT-3.5 scored 58% overall.
Conclusions: GPT-4 outperformed its predecessor but only scored in the 15th 
percentile compared with postgraduate year-6 residents. More refinement is 
needed to achieve performance metrics equivalent to an attending plastic sur-
geon and become a valuable tool for surgical education. (Plast Reconstr Surg Glob 
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with the PSISE. To clarify the relevance of chatbot perfor-
mance on the PSISE for practicing surgeons, we emphasize 
that understanding its potential and limitations in enhanc-
ing clinical decision-making support, providing continuing 
medical education, and ultimately assisting patients with their 
questions will promote more informed use of this dynamic 
technology. This study aims to measure GPT-4’s and GPT-3.5’s 
performance metrics on the PSISE and compare them with 
national resident metrics. We hypothesized that GPT-4 would 
outperform its predecessor GPT-3.5 on the PSISE, making it a 
more valuable potential asset to surgical education.

METHODS

Natural Language Processing Artificial Intelligence
GPT-4 and -3.5 Architecture

GPT-4 (OpenAI, San Francisco, CA) was released on 
March 13, 2023. It is an update to the GPT-3.5 architec-
ture, which has been used in multiple applications. The 
second LLM utilized in this study was OpenAI’s 2023 
ChatGPT 3.5 February release.

Plastic Surgery Examination
The 2022 American Society of Plastic Surgeons (ASPS) 

PSISE was used. The questions that were excluded by the 
test writing committee were also excluded in this study, 
along with other questions that could not be prompted 
based on structure. This study received approval from 
ASPS Education leadership, and institutional review board 
approval was not required.

Prompting Strategies
The questions were prompted in 3 ways similar to the 

methodology by Kung et al17. The method of prompting 
GPT-3.5 and GPT-4 was as follows: (1) open-ended (OE) 
format that removed all answer choices, (2) multiple 
choice (MC) format with answer choices after the phrase 
“please select the correct answer,” and (3) MC format with 
answer choices and prompted reasoning (MC with expla-
nation [MCE]) after the phrase “please select the correct 
answer and provide an explanation.”

Each question was asked in a new chat. The 2022 
PSISE had 5 sections which consisted of Section 1: 
Comprehensive; Section 2: Hand and Lower Extremity; 
Section 3: Craniomaxillofacial; Section 4: Breast and 
Cosmetic; and Section 5: Core Surgical Principles.

Performance Evaluation and Grading of Responses for 
Accuracy

For the OE, MC, and MCE strategies, a standardized 
rubric similar to Kung et al was used with correct, incorrect, 
and indeterminate answers tabulated for each methodol-
ogy. (See figure, Supplemental Digital Content 1, which 
displays the rubric for grading adapted from Kung et al, 
http://links.lww.com/PRSGO/D935).17 Accuracy was 
defined by a correct answer. Concordance was determined 
by reviewers by examining the explanation of the chatbot 
for its chosen answer, similar to Kung et al. GPT-3.5 was 
found to have very high answer-explanation concordance 
for the United States Medical Licensing Examinations by 

Kung et al. Chatbot performance was stratified by exami-
nation section. ASPS Norm Tables were used to determine 
the performance metrics on a national level. Analysis 
included metrics on accuracy, concordance, and insight, 
which were assessed by 2 independent reviewers and tabu-
lated. Interrater agreement was measured using weighted 
Kappa scores and demonstrated excellent agreement 
among our team (scores between 0.81 and 1.00).

Statistical Analysis
Data were collected using a standardized Microsoft 

Excel spreadsheet (Microsoft Corp., Redmond, WA). 
Descriptive statistics were captured with mean (± SD), 
median (interquartile range), or frequency (percent-
age). Normality was determined using the Shapiro–Wilk 
test. Variables continuous in nature were compared via a 
Student t test or via a Mann-Whitney U test as appropri-
ate. Chi-square test with Yates correction or Fisher exact 
test was used for categorical variables. All statistical analy-
sis was performed in the R (version 4.1.0) software in the 
RStudio (version 1.4.1717) environment. Statistical signif-
icance was met via 2-sided P values less than 0.05.

RESULTS

GPT-4
From the initial questions (N = 250), 7 questions were 

removed by the examination committee due to ambiguity 
or poor statistical performance (N = 243). Another 6 ques-
tions were removed (N = 237), 5 of which pertained to 
graphics and 1 that had multiple columns that needed to 
be evaluated in the answer. A total of 237 questions were 
analyzed using GPT-4. Table 1 summarizes the perfor-
mance of GPT-4 in comparison to GPT-3.5 stratified by 
residency training type and year. GPT-4’s highest scoring 
methodology (MCE, 68%) placed it in the following 
national percentiles compared with plastic surgery 

Takeaways
Question: How does GPT-4 compare with its predecessor, 
GPT-3.5, with respect to plastic and reconstructive surgery 
questions?

Findings: Utilizing a variety of prompting strategies and 
comparing the performances of GPT-3.5 and GPT-4 on 
the Plastic Surgery In-service Examination, the study 
found GPT-4 outperformed its predecessor.

Meaning: GPT-4 can be a valuable educational tool for 
plastic surgery residents but still requires additional 
refinement.

Disclosure statements are at the end of this article, 
following the correspondence information.

Related Digital Media are available in the full-text 
version of the article on www.PRSGlobalOpen.com.

http://links.lww.com/PRSGO/D935
www.PRSGlobalOpen.com


 Najafali et al • GPT-4 and GPT-3.5 on Plastic Surgery Examination

3

integrated residents who took the examination: 93% for 
the first year, 76% for the second year, 52% for the third 
year, 34% for the fourth year, 17% for the fifth year, and 
15% for the sixth year. GPT-3.5 scored 58% overall. Table 2 
summarizes accuracy and concordance for each section of 

the examination. Accuracy for GPT-4 based on OE ques-
tions was 54%, MC was 67%, and MCE was 68% (Fig. 1). 
Accuracy was highest using the MCE method. A total of 4 
questions were indeterminate (3 OE and 1 MC). The 
method of prompting GPT-4 demonstrated that answer 

Table 1. Norm Table Corresponding to the Highest Accuracy Achieved by GPT-4 (68%) and GPT-3.5 (58%)

Chatbot
Total Test 
% Correct

Independent Program Integrated Program

All First Year Second Year Third Year First Year Second Year Third Year Fourth Year Fifth Year Sixth Year

GPT-4 68% 52 89 67 48 93 76 52 34 17 15
GPT-3.5 58% 14 29 11 10 52 16 7 4 0 0

Table 2. Performance Metrics of GPT-4 Stratified by PSISE Section

Variables
Section 1:  

Comprehensive
Section 2: Hand and 

Lower Extremity
Section 3:  

Craniomaxillofacial
Section 4: Breast  

and Cosmetic
Section 5: Core  

Surgical Principles P

Accuracy OE, (%)
 � Inaccurate 32.7 51.0 47.9 41.3 53.3 0.28
 � Accurate 63.3 49.0 50.0 58.7 46.7
 � Indeterminate 4.1 0.0 2.1 0.0 0.0
Concordance OE, (%) 100.0 98.0 100.0 97.8 100.0 0.55
Accuracy MC, (%)
 � Inaccurate 32.7 42.9 31.2 26.1 28.9 0.49
 � Accurate 65.3 57.1 68.8 73.9 71.1
 � Indeterminate 2.0 0.0 0.0 0.0 0.0
Concordance MC, (%) 100.0 100.0 100.0 97.8 97.8 0.52
Accuracy MCE, (%)
 � Inaccurate 34.7 32.7 27.1 34.8 33.3 0.93
 � Accurate 65.3 67.3 72.9 65.2  66.7
 � Indeterminate 0.0 0.0 0.0 0.0 0.0
Concordance MCE, (%) 98.0 100.0 100.0 93.5 95.6 0.52

Fig. 1. Performance based on input strategy presented to the chatbots for the 2022 PSISE. *OE had 14 
questions and MC had 3 questions that were indeterminate and were not included in the final accu-
racy calculation. **OE had 3 questions and MC had 1 question that were indeterminate and were not 
included in the final accuracy calculation.



PRS Global Open • 2025

4

responses for the MCE method did not yield any indeter-
minate responses. Figure 2A depicts performance of each 
strategy based on the section of the examination and strat-
egy used. Section 4: Breast and Cosmetic had the best per-
formance using the MC strategy (74%).

GPT-3.5
A total of 237 questions were included in the final anal-

ysis of GPT-3.5 (Table 1). The performance metrics 

stratified by the ASPS In-service Examination sections are 
reported in Table 3. Accuracy for OE questions, MC, and 
MCE were 57.8%, 55.0%, and 56.5%, respectively (Fig. 1). 
The OE approach was the most accurate for GPT-3.5. A 
total of 17 (7%) questions were indeterminate amongst all 
strategies used (14 OE and 3 MC). Output and concor-
dance were highest for OE questions at 100%, followed by 
97.5% for MCE and 96.6% for MC. GPT-3.5 was insightful 
on 82.7% (196 of 237) of questions across all structured 

Fig. 2. Input strategy-related performance metrics. A, Performance based on input strategy presented to GPT-4 for the 2022 PSISE strati-
fied by section. B, Performance based on input strategy presented to GPT-3.5 for the 2022 PSISE stratified by section.
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formats. When faced with a question relating to graphics 
or images GPT-3.5 was most accurate for images using an 
MCE approach 59.4%.

The method of prompting GPT-3.5 demonstrated that 
answer responses for the MCE method did not yield any 
indeterminate responses. Performance metrics of each 
input method stratified by each of the examination sec-
tion are depicted in Figure 2B. Core surgical principles 
had the highest accuracy for the OE and MCE method 
across all sections. The OE strategy was lowest for the cra-
niomaxillofacial section. The worst performing strategy 
across all sections was the MC approach for breast and 
cosmetic.

Based on the 2022 ASPS Norm Table and the high-
est scoring method of input (OE, 57.8%, ~58%), GPT-3.5 
performed at the 52nd percentile compared with first-year 
residents from integrated programs (N = 185).

DISCUSSION
This study measured the performance of OpenAI’s lat-

est chatbot, GPT-4, on the PSISE and compared it with 

its predecessor GPT-3.5. GPT-4 outperformed GPT-3.5 on 
overall performance on the PSISE. The metrics for GPT-4 
also corresponded to a higher percentile than GPT-3.5 
across all residency training years when looking at the 
national trends for the examination. Its performance met-
rics are at a level equivalent to the 93rd percentile for first-
year integrated plastic surgery residents.

The most plausible explanation for GPT-4’s superior 
performance in comparison to GPT-3.5 is its advanced rea-
soning capabilities.18 Other studies evaluating the GPT-3.5 
architecture on important medical examinations such as 
the United States Medical Licensing Examination, neuro-
surgical boards, and the PSISE found that the platform was 
capable of generating outputs with correct answers to these 
complex multidisciplinary questions.13,14,17,19,20 The afore-
mentioned article evaluating the neurosurgical oral boards 
found that GPT-4 outperformed Google’s Bard. PRS litera-
ture has also investigated Google’s Bard, prompting it with 
PSISE questions and measuring its performance.21

A major limitation of previous studies on PSISE is 
that the chatbot performed decently compared with first-
year integrated residents, but in some cases scored in 

Table 3. Performance Metrics of GPT-3.5 Stratified by PSISE Section

Variables
Section 1:  

Comprehensive
Section 2: Hand and 

Lower Extremity
Section 3:  

Craniomaxillofacial
Section 4: Breast  

and Cosmetic
Section 5: Core  

Surgical Principles P

Images, (%) 12.2  24.5 27.7 2.2 0.0 <0.001
Accuracy OE, (%)
 � Inaccurate  30.6 32.7 56.2 50.0 28.9 0.007
 � Accurate 61.2 53.1 41.7 50.0 66.7
 � Indeterminate 8.2 14.3 2.1 0.0 4.4
Concordance  

OE, (%)
100.0 100.0 100.0 100.0 100.0 0.43

Insight OE, (%) 98.0 100.0 93.8 97.8 97.8 0.40
OE character count, 

median [IQR]
365.00 [299.0–

405.00]
305.00 [191.00–

381.00]
264.00 [196.25–

337.00]
320.00 [247.75-

429.00]
384.00 [241.00–

541.00]
<0.001

OE word count, 
median [IQR]

56.00 [45.00–65.00] 46.00 [30.00–59.00] 39.50 [29.75–52.00] 48.50 [36.75–61.00] 58.00 [37.00–81.00] <0.001

Accuracy MC, (%)
 � Inaccurate 42.9 40.8 39.6 54.3 44.4 0.43
 � Accurate 57.1 55.1 60.4 43.5 55.6
 � Indeterminate 0.0 4.1 0.0 2.2 0.0
Concordance  

MC, (%)
98.0 100.0 97.9 87.0 100.0 0.002

Insight MC, (%) 93.9 91.8 72.9 84.8 84.4 0.031
MC character count, 

median [IQR]
544.00 [473.00–

647.00]
481.00 [377.00–

592.00]
445.00 [391.00–

544.50]
500.00 [419.00–

621.50]
617.00 [441.00–

701.00]
0.002

MC word count, 
median [IQR]

86.00 [71.00–95.00] 76.00 [59.00–91.00] 66.00 [57.75–80.25] 76.00 [63.25–95.00] 92.00 [68.00–108.00] 0.001

Accuracy MCE, (%)
 � Inaccurate 42.9 41.0 42.0 52.0 40.0 0.76
 � Accurate 57.1 59.2 58.3 47.8 60.0
 � Indeterminate 0.0 0.0 0.0 0.0 0.0
Concordance  

MCE, (%)
98.0 100.0 100.0  93.5 95.6 0.19

Insight MCE, (%) 98.0 100.0 81.2 95.7 97.8 <0.001
MCE character 

count, median 
[IQR]

586.00 [500.00–
694.00]

508.00 [404.00–
619.00]

472.00 [418.00–
571.50]

527.00 [446.00–
648.50]

644.00 [468.00–
728.00]

0.002

MCE word count, 
median [IQR]

90.00 [75.00–
100.00]

80.00 [63.00–95.00] 70.00 [61.75–84.25] 80.00 [67.25–99.00] 96.00 [72.00–112.00] 0.001

IQR, interquartile range.
Bold values indicate statistical significance (P < 0.05).
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the lowest percentile (0%) when compared with metrics 
of more senior residents. Humar et al13 concluded that 
ChatGPT did not have the complex ability to drive context- 
dependent medical decision-making required through-
out a surgical residency. The overall “performance” of the 
LLM is influenced by its training architecture and design 
to predict the next word in a document using publicly 
available data (eg, internet data, licensed data) combined 
with reinforcement learning with human feedback.15 
Evaluating national performance and placing the percen-
tile of GPT-4 into the context of resident metrics, its 68% 
correct with MCE makes it similar to the median of third-
year residents. Given the percentile similarity to residents 
in their third year and the fashion of OpenAI’s training, 
this may reflect that residents at this level of training have a 
broad understanding of the specialty with a vast amount of 
knowledge found across the internet (eg, journal articles, 
reports from national societies) or could be explained 
by other factors such as increased experience with the 
expectations of the in-service examination, more effective 
learning strategies, or other factors beyond their fund of 
knowledge. It is important to compare GPT-4’s perfor-
mance to residents in their later years of training too. The 
highest score was observed with MCE prompting. Based 
on our study’s findings, we found that GPT-4 scored in the 
15th percentile compared with the most senior residents 
(postgraduate year 6). This places GPT-4’s performance 
below the thresholds determined by Girotto et al22 when 
evaluating all available in-service examination scores (cut-
off percentile for all residents = 24th; area under the curve 
= 81.4%) and when evaluating in-service examination 
scores taken in the final year of training (cutoff percentile 
for all residents = 31st; area under the curve = 84.6%). 
GPT-4 and other LLMs will likely continue to face scrutiny, 
particularly when their overall score on such standardized 
examinations falls in a lower percentile compared with 
humans. Although current capabilities of chatbots are 
impressive, these technologies and LLMs will likely con-
tinue to remain as adjuncts to human expertise. Serving 
alongside trainees and physicians with a supportive role in 
patient care is a more probable function for LLMs, rather 
than functioning as autonomous replacements. Their 
performance can certainly be augmented with greater 
specificity and tailored training that is supplemented with 
more robust medical data. Applying chatbots to the PRS 
written boards and observing their “performance” will be 
a possible next step.23 Generating LLMs that are trained 
on medical data, literature, and relevant examinations to 
a specialty could be the path forward in improving these 
technologies for medical applications.

Recently, ChatGPT was found in a cross-sectional 
study to exhibit empathy at a higher degree than humans: 
“…evaluators preferred chatbot responses to physician 
responses in 78.6% of the 585 evaluations.”24 Chatbots 
such as GPT-4 and its predecessor, GPT-3.5, demonstrate 
remarkable abilities; however, it should be noted that the 
perspective of evaluating humans versus chatbots (eg, in 
this case plastic surgery residents versus GPT-4) is poten-
tially a flawed perspective. Chatbots should be seen as a 
tool that can potentially improve resident education and 

the quality of care for our patients. Being able to seam-
lessly integrate chatbots into medicine to make us more 
efficient, decrease resource utilization, and increase 
access to care could be a tremendous benefit.

The role of LLMs in education naturally extends from 
the convenience of their question-and-answer format 
from the prompting environment that handles queries 
followed by a generated output. These virtual interactions 
can take the form of a conversation. Huang et al evalu-
ated the performance of chatbots on a family medicine 
test, which led them to propose potential applications for 
medical education such as generating examination ques-
tions and scenarios, and serving as a resource for medi-
cal information.25 Grigorian et al26 evaluated GPT-4 in 
answering surgery shelf questions and determined that 
chatbots can empower surgical educators by generating 
high-quality MC questions that encompass a range of dif-
ficulties. Moreover, they suggest, with additional refine-
ments to the model, that trainees may use GPT-4 to create 
questions that reinforce their learning instead of seeking 
additional resources. Mohapatra et al27 evaluated the role 
that LLMs could have in PRS residency training by play-
ing the role of a “teaching assistant.” However despite the 
multiple applications and ease of use, trainees and educa-
tors must be cautious as chatbots have limitations. Users 
should be aware of the possibility of inaccurate informa-
tion, incorrect references, and “hallucinations” of chat-
bots that are not typically associated with traditional vetted 
resources. An area that has been less explored is the ability 
of LLMs and generative artificial intelligence to generate 
anatomically relevant images with appropriate descrip-
tions for applications in medical education. Midjourney 
was investigated for medical anatomy by Buzzaccarini et 
al,28 with the conclusion that their lack of accuracy ren-
ders them ineffective for medical education and can lead 
to potential misconceptions. In a response to the article, 
Ozmen et al29 suggested that it is too premature to write 
off generative artificial intelligence and its utility in medi-
cal illustrations based on a single tool like Midjourney 
that was not designed for the specific purpose of medi-
cal imagery, but for artistic purposes. We agree that these 
tools are powerful, and with refinement towards medical 
applications, they can be valuable assets. GPT-4 can be 
leveraged to develop highly specific prompts for artificial 
intelligence-based image generators. OpenAI’s DALL·E 
text-to-image models along with other ones on the market 
such as Stable Diffusion may become more geared toward 
medical imagery in the future. Knoedler et al30 demon-
strated the power of a generative adversarial network that 
is trained with preoperative and postoperative images for 
rhinoplasty outcomes. Tailoring text-to-image generators, 
generative adversarial networks, and chatbots with PRS-
specific features could drastically improve these models in 
the future.31 “Synthetic” data may also be augmented with 
real data to produce additional data frames that can be 
leveraged for medical education and applications.

For artificial intelligence to reach a state where it 
assists plastic surgeons in decision-making, it must dem-
onstrate that its predictability capacity is at or beyond that 
of board-certified clinicians. A plastic surgery resident is 
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knowledgeable in a wide array of domains beyond writ-
ten examination skills, including technical skills (eg, intri-
cate flap techniques, anatomy) and nontechnical skills 
(eg, developing rapport with patients). Clinical decision-
making is multifaceted and needs to consider the patient’s 
wishes. With the advancement of artificial intelligence and 
the introduction of new chatbots strictly focused on medi-
cal applications, the performance and improvements of 
these systems should open the doors to a reality where 
chatbots are integrated to improve medical care but not 
designed to replace the surgeon. A blend of artificial intel-
ligence and the surgeon is possible, as demonstrated by 
the da Vinci Surgical System, improving surgical maneu-
vers with surgeon direction.32 There are also ethical con-
cerns that trouble the medical community that need to be 
further explored with proper safeguards if chatbots are to 
be widely adopted.33,34

Chatbots and similar artificial intelligence should be 
leveraged to increase the quality of education for plastic 
surgery residents and integrated into medicine to assist 
healthcare delivery, quality, and access. Chatbots have many 
possibilities to improve plastic surgery trainee education via 
studying, question generation, and evaluation of the avail-
able literature. Trainees use a variety of resources when 
studying for the PSISE, and no single resource is ideal. The 
ability to combine multiple resources through chatbot tech-
nology could create a valuable educational tool.

Several recent studies have elucidated the benefit of 
integrating chatbots into medical education. Li et al35 
created a custom artificial intelligence–powered chatbot 
that aided medical students in learning anatomy. Students 
reported feeling more comfortable making mistakes 
conversing with the artificial intelligence compared with 
conversations with human instructors.35 Furthermore, 
chatbots have been recently utilized to improve patient 
medical education. Gortz et al36 designed a user-friendly 
chatbot trained on evidence-based content to accompany 
prostate cancer patients through their diagnosis and treat-
ment decision process. The study revealed that despite 
being comprised of older patients (mean age = 68 y), 
participants managed to utilize the chatbot without much 
assistance and expressed the desire to increase the use of 
chatbots in healthcare.36 Regardless of a desire to adopt 
the use of chatbots and artificial intelligence in healthcare 
for both patients and healthcare professionals, medical 
students currently still lack educational opportunities to 
increase their knowledge in this evolving field.37,38

Another intriguing application of chatbot technology 
would be to improve standardized examination question 
writing. Reevaluating questions to which the chatbot can-
not find answers and determining the reason the answer is 
not correct or available may help eliminate ambiguous or 
unclear questions.

Chatbot Limitations
There are also limitations to the chatbot’s answers, 

which tend to defer some aspects of offering a treatment or 
diagnosis. Inherently, GPT-4 is limited by its training data. 
PRS literature, like other fields of medicine, has a con-
siderable number of high-quality articles as subscription 

based and not open access. Textbooks and their chapters 
are also likely to be behind paywalls, which may not have 
been available to LLMs such as GPT-3.5 and GPT-4 dur-
ing their training period. Democratizing such data with 
collaboration among software engineers and stakeholders 
(eg, journal editorial boards, authors, domain experts) 
may increase the overall quality of these platforms and 
the available parameters of the model used. The com-
plexity behind the task of answering these questions high-
lights that perhaps the parameters it has been trained on, 
despite being extensive, is a limitation for this use case.

Study Limitations
This study is limited by the ability to prompt certain 

PSISE questions based on their style and by the number 
of prompts given to the chatbot. One year of the PSISE 
was used, but this was the most recent examination avail-
able, and the number of prompts was a sufficient sample 
size to observe a difference in performance between the 
2 chatbots. Future studies should investigate the answers 
that the chatbot incorrectly provided to determine its rea-
soning for selecting those answer choices. This study did 
not evaluate persona-based prompting (eg, respond like 
a board-certified plastic surgeon) which should also be 
investigated.39,40

CONCLUSIONS
GPT-4 outperformed its predecessor but only scored 

in the 15th percentile compared with postgraduate year-6- 
integrated plastic surgery residents. Increased refinement 
is needed to allow chatbots to become a more powerful 
tool that truly enhances patient care. Surgical educators 
should continue to explore chatbots to determine if they 
can improve resident education through collation of edu-
cational materials and quality question generation for 
assessment of knowledge acquisition and retention.
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