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Purpose: The advent of large language models (LLMs) like ChatGPT has introduced notable advance-
ments in various surgical disciplines. These developments have led to an increased interest in the use of
LLMs for Current Procedural Terminology (CPT) coding in surgery. With CPT coding being a complex and
time-consuming process, often exacerbated by the scarcity of professional coders, there is a pressing
need for innovative solutions to enhance coding efficiency and accuracy.

Methods: This observational study evaluated the effectiveness of five publicly available large language
models—Perplexity.Al, Bard, BingAl, ChatGPT 3.5, and ChatGPT 4.0—in accurately identifying CPT codes
for hand surgery procedures. A consistent query format was employed to test each model, ensuring the
inclusion of detailed procedure components where necessary. The responses were classified as correct,
partially correct, or incorrect based on their alignment with established CPT coding for the specified
procedures.

Results: In the evaluation of artificial intelligence (Al) model performance on simple procedures, Per-
plexity.Al achieved the highest number of correct outcomes (15), followed by Bard and Bing Al (14 each).
ChatGPT 4 and ChatGPT 3.5 yielded 8 and 7 correct outcomes, respectively. For complex procedures,
Perplexity.Al and Bard each had three correct outcomes, whereas ChatGPT models had none. Bing Al had
the highest number of partially correct outcomes (5). There were significant associations between Al
models and performance outcomes for both simple and complex procedures.

Conclusions: This study highlights the feasibility and potential benefits of integrating LLMs into the CPT
coding process for hand surgery. The findings advocate for further refinement and training of Al models
to improve their accuracy and practicality, suggesting a future where Al-assisted coding could become a
standard component of surgical workflows, aligning with the ongoing digital transformation in health
care.

Type of study/level of evidence: Observational, IlIb.

Copyright © 2024, THE AUTHORS. Published by Elsevier Inc. on behalf of The American Society for Surgery of the Hand.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Since their inception, large language models (LLMs) like

educational frameworks, focusing on disseminating patient infor-

ChatGPT have emerged as invaluable tools across various surgical
disciplines, encompassing hand surgery, otolaryngology, and neu-
rosurgery. © Existing research has explored LLMs within
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mation and augmenting surgical training.”® LLMs hold the poten-
tial to fundamentally transform the landscape of medicine,
facilitating the generation of predictive text for physician notes,
streamlining order completion, and aiding in the accurate selection
of International Classification of Disease and Current Procedural
Terminology (CPT) codes.’

Accurate CPT coding can be arduous and time-intensive and
requires specialized training, which has now been further hindered
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by the widespread shortage of professional coders for surgical
specialties.” The efficacy of machine learning in predictive coding
has been substantiated in non-surgical domains, with machine
learning models demonstrating reasonable accuracy in predicting
CPT codes from processed pathology reports.'” In surgical sub-
specialties such as neurosurgery, the use of LLMs for accurately
coding diverse procedures has garnered attention, paralleling the
competencies of specialized natural language processing (NLP)
models.!' 13

Hand surgery involves a broad range of procedures performed
on patients of all ages and remains the domain of several surgical
specialties including hand surgery, trauma surgery, and general
surgery. Unsurprisingly, there is substantial variation in CPT coding
within hand surgery, and these discrepancies persist even after
considering factors such as the experience level of the surgeon,
practice environment, and educational background.' Leveraging
pre-trained and standardized artificial intelligence (Al) models
presents a promising solution to mitigating this problem.

The purpose of this study was to explore and quantify the ability
of these LLM services to correctly identify CPT codes of operative
hand procedures. We hypothesized that there would be variability
in accuracy between the different LLM services but that Al would
achieve accurate CPT coding for a subset of hand procedures.

Materials and Methods
Study design

This study employed a quantitative approach to evaluate the
capacity of publicly accessible LLMs in identifying the appropriate
CPT code(s) for a given hand procedure. The research aims to assess
the efficacy of these models in automating the process of CPT code
assignment.

Ethical considerations

It is important to emphasize that this research does not meet the
criteria for human subject research, as it involves the analysis of
publicly available textual data without direct involvement or
impact on human subjects. Consequently, the need for local insti-
tutional review board approval was deemed unnecessary for this
study.

Data collection

For this study, five prominent large language model platforms
were evaluated: Perplexity.Al, Bard (developed by Google), BingAl
(developed by Microsoft), ChatGPT 3.5 (developed by OpenAl), and
ChatGPT 4.0 (also developed by OpenAl). All data collection and
analysis were conducted from March to June 2024.

Query formulation

A standardized method was employed to assess the ability of
these LLMs to determine the appropriate CPT codes for hand pro-
cedures. Each language model was presented with a standardized
query, which commenced with the question: “What are the
appropriate CPT codes for...?” This initial question was followed by
the specific name of the procedure under consideration. For the five
complex cases in which the procedure involved multiple distinct
procedures, they were provided in sequence with the word “AND”
between.

Table 1

%2 Test Results for Simple Procedures
Al Model Correct Incorrect Total
Perplexity.Al 15 0 15
Bard 14 1 15
Bing Al 14 1 15
ChatGPT 3.5 7 8 15
ChatGPT 4.0 8 7 15
Total 58 17 75

Test statistic: 21.75
P value: .000224

Procedure selection

Twenty of the most common hand procedures performed at our
tertiary care academic institution were selected, as determined by
the senior authors, hand surgery attending surgeons whom have
undergone hand surgery training. Fifteen were simple, single-code
procedures, and five were complex multicode procedures.

Response recording

The responses generated by each large language model were
recorded for subsequent evaluation. To determine the accuracy of
the responses, a predefined classification system was applied as
follows.

Correct: Responses were designated as “correct” if it provided
either all of the accurate CPT codes for procedures with multiple
applicable codes or the sole correct CPT code for procedures with a
single applicable code. Additionally, if a response presented mul-
tiple CPT codes but identified the first code as the most accurate, it
was also classified as “correct.” The reference standard for CPT
codes was determined by two senior plastic surgeons with over 15
years of experience in hand surgery. Each case was independently
reviewed, and discrepancies were resolved with discussions with
our billing department.

Partially Correct: Responses were designated as “partially cor-
rect” if they provided some, but not all, of the accurate CPT codes for
procedures with multiple codes.

Incorrect: Responses were designated as “incorrect” if it failed to
include any of the accurate CPT codes for the given procedure.

Results

The data set comprises performance outcomes of Al models on
both simple and complex procedures. For simple procedures, Al
model was asked to evaluate 15 separate procedures, while for
complex procedures, each model was asked to evaluate 5 distinct
surgical procedures which each code for two distinct CPT codes. For
simple procedures, Perplexity.Al achieved 15 correct outcomes
(100%), Bard and BingAl each achieved 14 correct outcomes (93.3%),
whereas ChatGPT 4.0 and 3.5 achieved 8 (53.3%) and 7 (46.7%)
correct outcomes, respectively. For complex procedures, Perplex-
ity.Al and Bard achieved 3 correct outcomes each (60%), and Bing Al
demonstrated five partially correct outcomes (100%). In contrast,
both ChatGPT models achieved no correct outcomes (0%).

To evaluate the association between Al models and their
performance outcomes, XZ tests were conducted (Tables 1 and 2).
For simple procedures, the %2 test yielded a statistic of 21.75 with a
P value of .000224, signifying a statistically significant association
between Al models and performance outcomes. A significance
threshold of 0.05 was employed. In contrast, the  test for complex
procedures resulted in a statistic of 25.95 with a P value of .001071,
also indicating a statistically significant association.
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Table 2
2 Test Results for Complex Procedures
Al Model Correct Partially Correct Incorrect Total
Perplexity.Al 3 1 1 5
Bard 3 0 2 5
Bing Al 0 5 0 5
ChatGPT 3.5 0 0 5 5
ChatGPT 4.0 0 1 0 5
Total 6 7 8 25
Test Statistic: 25.95
P value: .001071
Table 3

Mean Accuracy and Standard Error by Al Model and Complexity

Al Model Complexity Mean Accuracy Standard Error
Perplexity.Al Simple 1 0.1127
Perplexity.Al Complex 0.6 0.147
Bard Simple 0.933 0.1127
Bard Complex 0.6 0.147
Bing Al Simple 0.933 0.1127
Bing Al Complex 0 0.147
ChatGPT 3.5 Simple 0.467 0.1127
ChatGPT 3.5 Complex 0 0.147
ChatGPT 4 Simple 0.533 0.1127
ChatGPT 4 Complex 0 0.147

Table 3 and the Figure illustrate the mean accuracy and standard
error of each Al model for simple and complex hand surgery pro-
cedures. Perplexity.Al demonstrated the highest mean accuracy for
simple procedures at 1.0, with a standard error of 0.1127, indicating
perfect accuracy in identifying the correct CPT codes. Bard and Bing
Al also performed well in simple procedures, each achieving a
mean accuracy of 0.933, with a standard error of 0.1127, showing a
minor deviation from Perplexity.Al. For complex procedures, Per-
plexity.Al and Bard both achieved a mean accuracy of 0.6 with a
standard error of 0.147, signifying a drop in performance compared
to simpler tasks. Bing Al, despite performing well in simple pro-
cedures, recorded a mean accuracy of zero for complex cases,
further emphasizing the challenges faced by the models in accu-
rately identifying CPT codes for more intricate surgeries. ChatGPT
3.5 and ChatGPT 4.0 displayed notably lower mean accuracies,
particularly for complex procedures, in which both models ach-
ieved a mean accuracy of 0, underscoring their limited capability in
handling complex surgical coding tasks. Figure 1 visually corrobo-
rates these findings, illustrating the clear performance gap between
Perplexity.Al and Bard compared to the ChatGPT models, especially
as task complexity increases.

Discussion

This study provides a critical evaluation of the efficacy of various
LLMs in accurately identifying CPT codes for hand surgery pro-
cedures. The results reveal a considerable variation in performance
among the models, with Perplexity.Al and Bard demonstrating
higher accuracy and reliability compared to others in simple pro-
cedures. These findings are indicative of the current capabilities
and limitations of Al-assisted coding in surgical disciplines.

Key findings

The study's results underscore the effectiveness of Perplexity.Al
and Bard, which outperformed other models in both simple and
complex hand surgery procedures. For simple procedures, Per-
plexity.Al achieved a perfect score, correctly identifying all CPT

codes, whereas Bard and Bing Al also performed commendably
with only minor inaccuracies. These results are encouraging, as
they suggest that certain LLMs have reached a level of maturity that
allows them to handle straightforward coding tasks with high
precision. The consistency in their performance across simple tasks
highlights their potential as reliable tools in clinical settings, where
efficiency and accuracy are paramount.

In contrast, the performance of ChatGPT models (3.5 and 4.0)
was notably inferior, especially for complex procedures. These
models struggled to accurately identify CPT codes for more intricate
surgeries, failing to achieve correct outcomes in any of the complex
cases. The high rate of partially correct responses by Bing Al for
complex tasks suggests that although some models may grasp the
overall context of a procedure, they lack the nuanced understand-
ing necessary for precise coding.

Regardless, this limitation is particularly concerning given the
critical role that accurate CPT coding plays in health care. CPT codes
are critical in accurate billing, reimbursement, and clinical docu-
mentation. Thus, inaccurate CPT coding through LLMs can harm
rather than help physicians, as it would require constant moni-
toring by a physician for potential errors. With the current system,
physicians use nearly 12% of their net patient service revenue to
cover the costs of excessive administrative complexity.'”> Although
LLMs certainly have the potential to drastically get rid of this
burden, it is easy to see how much harm they can do if their ac-
curacy is not ensured.

The %2 analysis further substantiated the observed discrep-
ancies, with statistically significant associations between the Al
models and their performance outcomes for both simple (P =
.000224) and complex procedures (P = .001071). This statistical
significance not only validates the findings but also underscores the
importance of model selection in clinical practice. The variability in
performance across different LLMs suggests that health care pro-
viders should exercise caution when integrating these tools into
their workflows, particularly for complex cases that demand a
higher level of coding accuracy.

In this study, no a priori sample size estimation was performed
given its exploratory nature. A post hoc power analysis was con-
ducted to evaluate the adequacy of the sample size for detecting
differences among Al models. The analysis revealed a statistical po-
wer of approximately 29.1% for detecting the observed effect size
(0.533) between the best-performing model (Perplexity.Al) and the
lowest-performing model (ChatGPT 3.5). This falls below the con-
ventional 80% threshold for sufficient power, indicating that the study
may be underpowered to confidently detect significant differences.
As such, P values are presented with caution, and findings are inter-
preted as exploratory. This limitation underscores the need for future
studies with larger sample sizes to validate and extend these findings.

Implications for Clinical Practice

The findings of this study have important implications for the
future integration of Al in surgical coding. The high accuracy of
models like Perplexity.Al and Bard in simple procedures suggests
that these tools could be effectively employed to automate routine
coding tasks, thereby reducing the burden on human coders and
minimizing the risk of errors. This could lead to more efficient
processing of surgical cases, faster billing cycles, and potentially
improved financial outcomes for health care institutions. This may
imply saving up to several billion-dollars each year—the current
cost spent in the identification of proper CPT billing, decreasing
excessive costs for both physicians and patients."®

However, the challenges faced by all models, particularly in
complex procedures, highlight the current limitations of Al in fully
replacing human coders. The inability of the ChatGPT models to
accurately code complex surgeries indicates that although LLMs can
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Accuracy of Al Models for Simple and Complex Procedures
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Figure 1. Accuracy of Al models for simple and complex procedures

assist in the coding process, they are not yet capable of indepen-
dently managing the intricacies of surgical coding. These models
should be viewed as supplementary tools rather than replacements
for human expertise, particularly in cases where coding accuracy is
critical.

Future directions

The study also points to several avenues for future research and
development. First, further refinement of LLMs, particularly models
like ChatGPT 3.5 and 4.0, is necessary to enhance their performance
in complex coding tasks. This could involve additional training with
more specialized medical data sets, as well as the development of
algorithms that can better interpret the multifaceted nature of
surgical procedures. The improvement of performance with pre-
training has been well-established; previous study by Zaidat
et al'® found an improvement in ChatGPT 4.0’s accuracy from 63
percent to 73 percent when it was primed with three operative
notes and associated spinal CPT codes, and to 76% when it was
exposed to a list of every possible CPT code. XLNet, a NLP algorithm,
increased in accuracy from 71% to 88% when a “generalized
autoregressive pre-training method” was given.'? Although it may
require an extra step, an improvement in a LLM’s accuracy is
promising as well given that they get preemptive training by a
physician to introduce sample CPT codes.

Moreover, expanding the data set to include a broader range of
surgical specialties and procedures would help validate the
generalizability of the findings and ensure that the models can
perform reliably across different contexts. The applicability of LLMs
has already been studied in various surgical fields including hand
surgery, otolaryngology, craniofacial surgery, and neurosurgery; it
is only a matter of time LLMs primed with various surgical data
emerge. Future studies should thus explore the integration of Al-
assisted coding with existing clinical documentation systems to
streamline workflows and enhance interoperability.

Finally, there is a need to investigate the underlying factors
contributing to the performance discrepancies among different
LLMs. Understanding the specific strengths and weaknesses of
each model will allow for more targeted improvements and ensure
that Al tools are optimized for the unique demands of surgical
coding.

The findings highlight the variability in Al model performance
based on task complexity. Perplexity.Al and Bard consistently per-
formed better, suggesting their robustness and reliability for both
simple and complex procedures. Conversely, the performance of
ChatGPT models indicates the need for further refinement and
training, especially for complex tasks. These insights are crucial for
health care providers and decision-makers when selecting Al tools
for clinical applications. The study underscores the importance of
evaluating Al models not just broadly, but in the context of specific
task complexities to ensure optimal outcomes.

Future research should explore the underlying reasons for per-
formance discrepancies among Al models. It should investigate the
potential for model improvement, particularly for those like
ChatGPT 3.5 and ChatGPT 4.0, in handling complex tasks. Addi-
tionally, expanding the data set and including more Al models
would help validate and extend the findings. By continuing to
refine and evaluate Al models, the health care industry can leverage
these tools more effectively, ultimately improving patient out-
comes and operational efficiency.
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