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Abstract

Background: Refractive surgery research aims to optimally precategorize patients by their suitability for various types of
surgery. Recent advances have led to the development of artificial intelligence–powered algorithms, including machine learning
approaches, to assess risks and enhance workflow. Large language models (LLMs) like ChatGPT-4 (OpenAI LP) have emerged
as potential general artificial intelligence tools that can assist across various disciplines, possibly including refractive surgery
decision-making. However, their actual capabilities in precategorizing refractive surgery patients based on real-world parameters
remain unexplored.

Objective: This exploratory study aimed to validate ChatGPT-4’s capabilities in precategorizing refractive surgery patients
based on commonly used clinical parameters. The goal was to assess whether ChatGPT-4’s performance when categorizing batch
inputs is comparable to those made by a refractive surgeon. A simple binary set of categories (patient suitable for laser refractive
surgery or not) as well as a more detailed set were compared.

Methods: Data from 100 consecutive patients from a refractive clinic were anonymized and analyzed. Parameters included age,
sex, manifest refraction, visual acuity, and various corneal measurements and indices from Scheimpflug imaging. This study
compared ChatGPT-4’s performance with a clinician’s categorizations using Cohen κ coefficient, a chi-square test, a confusion
matrix, accuracy, precision, recall, F1-score, and receiver operating characteristic area under the curve.

Results: A statistically significant noncoincidental accordance was found between ChatGPT-4 and the clinician’s categorizations
with a Cohen κ coefficient of 0.399 for 6 categories (95% CI 0.256-0.537) and 0.610 for binary categorization (95% CI 0.372-0.792).
The model showed temporal instability and response variability, however. The chi-square test on 6 categories indicated an
association between the 2 raters’ distributions (χ²5=94.7, P<.001). Here, the accuracy was 0.68, precision 0.75, recall 0.68, and
F1-score 0.70. For 2 categories, the accuracy was 0.88, precision 0.88, recall 0.88, F1-score 0.88, and area under the curve 0.79.

Conclusions: This study revealed that ChatGPT-4 exhibits potential as a precategorization tool in refractive surgery, showing
promising agreement with clinician categorizations. However, its main limitations include, among others, dependency on solely
one human rater, small sample size, the instability and variability of ChatGPT’s (OpenAI LP) output between iterations and
nontransparency of the underlying models. The results encourage further exploration into the application of LLMs like ChatGPT-4
in health care, particularly in decision-making processes that require understanding vast clinical data. Future research should
focus on defining the model’s accuracy with prompt and vignette standardization, detecting confounding factors, and comparing
to other versions of ChatGPT-4 and other LLMs to pave the way for larger-scale validation and real-world implementation.
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Introduction

Background
Refractive surgery research has long strived to optimally
precategorize patients to their respective ideal procedures, with
the aim of minimizing the risk of complications like corneal
ectasia based on initial measurements and findings while
simultaneously maximizing refractive and subjective outcomes.
Past advances in measurement data acquisition through modern
examination techniques have led to the development of
algorithms and indices that help in assessing risks and enhancing
the workflow for refractive surgeons [1]. In particular, artificial
intelligence (AI)–powered algorithms, such as machine learning
approaches, have demonstrated promising results when applied
to vast data sets generated by contemporary corneal
examinations [2]. However, the selection of the most appropriate
indices and algorithms from the broad spectrum of potential
candidates and their optimal weighing of them with other clinical
findings and one’s own past experience is still a matter of
discussion and research. More recently, the emergence of large
language models (LLMs) within the AI algorithms group,
exemplified by Generative Pre-trained Transformer Version 4
and publicly accessible via the ChatGPT-4 chatbot (OpenAI
LP) [3,4], has generated interest in their potential to serve as
general AI, with the potential to assist across various disciplines
[5-9]. Such models are not modeled to particular use-cases, but
rather adapt to the current world knowledge database by using
an enormous number of nodes and layers to process vast
amounts of coherent texts, and as such can understand and
answer to an exceptionally broad spectrum of instructions and
questions, whose limits are yet to be explored [10]. Their
potential lies within their worldwide low obstacle accessibility
and generality, which enables them to assist in clinical or
research data analysis by supporting the analysts as algorithm
coders or as direct data analysts or decision-making supporters,
addressing either laypersons or clinical assistant personnel
[11,12]. Similar tests on patient vignettes have recently been
performed in other domains of health care and other
chatbot-accessible LLMs [13-16]. A preprint of a triage study
on 10 vignettes containing patient complaints from the realm
of ophthalmology without any further data to process showed
promising, but also partially vague results [17]. Another
diagnostic triage study found a worse performance of
ChatGPT-4 as compared to ChatGPT-3.5 and Ada (Ada Health
GmbH), a diagnosis app [18]. There is a multitude of other
recent studies on this topic with similar designs which show
some limited diagnostic ability for ChatGPT (OpenAI LP)
[19-21]. For interactions with ChatGPT, a wide range of
limitations is known so far, most notably logical and temporal
inconsistency up to the point of nonsense in its answers,
hallucinating, and prompt-dependency [10,19,22-25]. While it
is known that the underlying Generative Pre-trained Transformer
is a natural language processing model with a very large number

of nodes and thus an LLM, and is using both unsupervised and
supervised learning [7], the exact algorithms behind it remain
undisclosed [19].

Objectives and Scope
This exploratory study’s aim is to examine Generative
Pre-trained Transformer Version 4’s capabilities in
precategorizing refractive surgery patients via ChatGPT-4 and
based on a limited set of parameters that are commonly used in
everyday clinical practice and represent real-world
decision-making. Its performance will be compared against our
own categorization of the patients, performed by the refractive
surgeon in charge of their treatment (author AĆ). The actual
selection of the parameters to be used for categorization is a
deliberate starting point and is motivated by being concise but
sufficient for a clinician to decide upon their categorization as
offered. In addition to patient baseline data such as refraction,
visual acuity, and age, Scheimpflug imaging of the cornea is
used for data acquisition, and indices from its software are used
for its analysis. While not exhaustive in its scope, this study
seeks to establish a foundation for more comprehensive research
on ChatGPT-4’s utility in refractive surgery decision-making,
and eventually also in other similar highly specialized fields.
The aim and scope of this study does not include further detailed
analysis of the variance of outputs different prompts would
deliver; however, an initial modification of the prompts used
to probe ChatGPT is inevitable to ascertain that reproducible
and processable data are provided and will thus be noted, with
the goal to process batches of data as large as possible per
inquiry.

Study Design
A sample of 100 patients will be used as a starting point for a
statistical power calculation to determine whether this number
will suffice for the planned analysis. As there are no similar
predecessor studies available from this specific realm of
medicine in scientific literature so far, we chose the daily clinical
patient categorization as a starting point for a comparison, which
will correspond to the actual surgery types offered in our clinic.
The categories per patient examined will thus be (1)
laser-assisted in situ keratomileusis (LASIK), (2) photorefractive
keratectomy (PRK), (3) implantation of an intraocular collamer
lens, (4) phacoemulsification and implantation of an intraocular
lens, (5) no surgery due to a higher risk of corneal ectasia, and
(6) no surgery due to other unspecified findings but still based
on the variables used for this study. In addition, we plan to
reevaluate the results with a more simplified categorization
where the goal is just to discriminate between patients suitable
for laser refractive surgery (LASIK/PRK combined) and all
others, as the Scheimpflug indices are created and optimized to
minimize hazards when planning laser refractive surgeries. As
another recent study showed improved diagnostic scores for
ChatGPT-4 when reducing the number of categories from 5 to
2 [26], we hypothesize that for a human rater, based on the
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findings from Scheimpflug imaging only and combined with
the patients’ baseline data, this would be an easier assignment
than to determine which surgery type offers the safest and best
outcome, and thus ChatGPT may also perform better on this
simpler task.

The primary objective of this study is to evaluate the correlation
between a human rater and ChatGPT-4 in classifying refractive
surgery patients into 2 sets of categories: a basic set and a more
detailed set, to identify areas for future detailed investigation.

Methods

Clinical Data Collection
Patients’ data from June to August 2021 from our refractive
clinic were anonymized and used for this investigation. To
control for selection bias, consecutive patients treated by the
author (AĆ) were used. Further, one eye per patient was
randomly selected and used. The inclusion criteria were (1) first
time visit of the patient, (2) subsequent microkeratome LASIK,
femtosecond LASIK, transepithelial or alcohol-based PRK,
intraocular collamer lens implantation or intraocular lens
implantation, or diagnosis of a corneal ectatic disorder or
predisposition, or noneligibility for any surgery based on the
data. Exclusion criteria were (1) keratectasia at 1 year follow-up
or (2) noneligibility for any refractive surgery but due to reasons
not founded in the measurements (see Multimedia Appendix 1:
flowchart of the inclusion or exclusion process of recruited
patients). The included values in the initial evaluation were age,
sex, manifest refraction in diopters (dpt) and degrees (°),
best-corrected visual acuity (decimal), thinnest pachymetry (in
µm), white-to-white diameter (in mm), anterior chamber depth
(in mm), Ambrósio relational thickness maximum (ARTmax),
average pachymetry progression index, Belin-Ambrósio-Display
index (BAD), and the inferior-to-superior index. In addition,
the respective categorization of the patients was noted.

ChatGPT-4 Data Collection
The interactions with ChatGPT-4 [27] were performed with the
May 24, 2023, version. The data were input as space-separated
values with line breaks between data rows and was asked to be
returned in the same manner. First, the maximum number of
input rows yielding any result that could be processed further
was noted and then used for all subsequent dialogues. We
defined a result as “usable” for further analysis if the answer
was returned in the tabular format that was expected and was
not obviously nonsensical in relation to the question. It was
tested whether zero shot prompting would lead to repeated
usable return of data rows, and if not, one shot prompting would
then subsequently be used, modified until the returned data were
homogenous enough to be used for further evaluation. The data
were subsequently sent to ChatGPT 12 times in total, limited
by the time consumed by manually sending the data, and waiting
for and analyzing the results.

Statistical Power Calculations
From the initial data, relative probabilities for the respective
categories for a statistical power calculation were calculated.
The power calculation for Cohen κ was first performed. A
modified approach was used due to its limitation to a maximum

of 5 categories: for this estimate, the low-output categories
“ECTASIA RISK” and “OTHER,” which both stand for
noneligibility for surgery, were summarized, with the rationale
that an underestimation of the error could be avoided by adding
a significant number of cases to the calculated ones. For the
lower boundary of agreement to be detected, a minimum κ value
of 0.21 (fair agreement) was chosen. Another power calculation
was performed for the chi-square test with 6 categories for a
large effect size (w=0.50). A third power calculation was
performed for Cohen κ reduced to 2 categories, this time with
0.41 (moderate agreement) as the lower boundary as we would
expect a better agreement on fewer categories. Further, 0.05
was selected as the significance level for all calculations, and
0.80 as the level of power. In case the necessary number
exceeded the first 100 patients that were included up to this
point, the number would be adapted adequately, limited by time,
budget, and scope of this study.

Data Analysis
For all categorizations, the modes of ChatGPT’s categorizations
were compared against the results of the clinician’s
categorizations using Cohen κ coefficient, a confusion matrix
and a chi-square test for comparison of the relative distributions
of patients to categories by both raters. For constructing a CI
for Cohen κ, 1000-fold bootstrapping of the data samples was
used to find the 2.5 and 97.5 percentiles of κ. The metrics
accuracy, precision, recall, and F1-score were calculated for
ChatGPT’s categorizations. The comparisons were repeated
with the data categorizations reduced to 2 groups: LASIK/PRK
(1) or not (0), a method that has been used in one previous
assessment of ChatGPT [26]. Here, an additional receiver
operating characteristics area under the curve (AUC) score was
calculated. In addition, if ChatGPT would not stay with 1
category for a data row throughout the 12 iterations, the mode
value would be calculated for this data row, and for all data
rows, correlations between the variables and the probability of
a data row fluctuating between iterations would also be
calculated. An additional analysis could then also present
between which categories ChatGPT was most likely to fluctuate.

Software
The statistical power calculations were performed with R
(version 4.2.3; R Foundation for Statistical Computing).
Statistical exploration of the data and comparisons of the groups
were performed with Python (version 3.11.4; Python Software
Foundation; see Multimedia Appendix 2: Python code used for
data processing and Multimedia Appendix 3: R code used for
statistical power calculations). ChatGPT-4 was used as a tool
for development and debugging of the Python code, with
primary development and proofreading remaining in our own
hands. The Scheimpflug measurements were obtained with an
Oculus Pentacam (OCULUS, Inc).

Ethical Considerations
The patients’ records were anonymized for this study. All
patients provided informed consent of the visit to our clinic,
which included subsequent anonymized data analysis. This
study was approved by the internal ethics review board of Care
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Vision Germany Ltd (CMLCB2023-01). No compensations
were paid to the patients.

Guidelines
In this study, we adhered to the Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis or
Diagnosis guidelines [28].

Results

Clinical Data Collection
Prior to sample size calculation, 55 female and 45 male
consecutive patients were first included in this study. For this,
a total of 167 consecutive patients (87 female and 80 male) were
recruited. Of these, 121 were first time visiting patients. Of
these, 17 did not undergo any refractive surgery procedures,
and 4 were not eligible for surgery for other reasons beyond
this study’s criteria. There were no cases of keratectasia among
this study’s group. For a full flowchart of the inclusion or
exclusion process, descriptive statistics and a correlation matrix
of the original patients’ variables, see Multimedia Appendix 1:
flowchart of the inclusion or exclusion process of recruited
patients, Multimedia Appendix 4: descriptive statistics of the
original variables with cutoff values to the top 20% (n=20) of

ChatGPT judgmental instability, and Multimedia Appendix 5:
correlation matrix of the original patients’ variables.

Statistical Power Calculations
The modified power calculation for Cohen κ for 6 categories
resulted in a minimum of 56 and for 2 categories in a minimum
of 40 necessary subjects. The power calculation for the
chi-square test resulted in a minimum of 52 cases. Thus, it was
deemed sufficient to use the included 100 consecutive patients
for subsequent analysis with ChatGPT.

Data Analysis
ChatGPT returned nonsensical results if more than 50 data rows
were input at once, thus the input was limited accordingly.
Further, zero shot prompting did not give consistent results;
thus, a prompt was prepared to be reused for one shot prompting
the data rows repeatedly in a consistent manner (see Multimedia
Appendix 6: recorded conversations with ChatGPT-4). For this,
a patient that we would categorize as having a higher risk of
ectasia was chosen and precategorized to establish a boundary
ChatGPT could use.

Table 1 shows the comparison of categorizations as output by
the clinician and ChatGPT.

Table 1. In total, 6-category categorizations by the clinician and ChatGPT (12 iterations) in comparison. Percentages are also absolute values (n=100).

ChatGPT mode, %ChatGPT, n (%)Clinician, %Category

61667 (56)71LASIKa

21267 (22)9PRKb

262 (5)3ICLc

12121 (10)11IOLd

476 (6)4ECTASIA RISK

07 (1)2OTHER

aLASIK: laser-assisted in situ keratomileusis.
bPRK: photorefractive keratectomy.
cICL: intraocular collamer lens.
dIOL: intraocular lens.

The chi-square test showed a result of χ²5=94.7 with P<.001.
Cohen κ coefficient was 0.399 (“minimal agreement” [29]),
with a 95% CI 0.256-0.537. When comparing every respective
iteration of ChatGPT’s categorization with the clinician, the
coefficient’s range was 0.143-0.449. The highest percentage of
agreements was found for category 1 (LASIK), followed by

category 2 (PRK). A confusion matrix of the agreement between
ChatGPT and the clinician is available in Multimedia Appendix
7: confusion matrix for 6-category categorizations by the
clinician and ChatGPT (mode values). The accuracy of
ChatGPT-4 for 6-category agreement was 0.68, the precision
0.75, the recall 0.68, and the F1-score 0.70 (Table 2).

Table 2. Overview of test results for the 6-category and the 2-category comparison between the clinician and ChatGPT-4.

Cohen κAUCaF1-scoreRecallPrecisionAccuracyNumber of categories

0.399N/Ab0.700.680.750.686

0.6100.790.880.880.880.882

aAUC: receiver operating characteristic area under the curve.
bN/A: not applicable.

JMIR Form Res 2023 | vol. 7 | e51798 | p. 4https://formative.jmir.org/2023/1/e51798
(page number not for citation purposes)

Ćirković & KatzJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


The highest correlations between a variable and the probability
of ChatGPT fluctuating its category estimate between the
iterations were found for pachymetry and ARTmax (see
Multimedia Appendix 8: Correlation of the variables’
categorization insecurity; the influence of the respective
variables on the probability of ChatGPT changing categories).
The highest count of fluctuations between categories occurred
between categories 1 and 2, followed by 2 and 5 (see Multimedia
Appendix 9: distribution of the most common fluctuations
between 2 categories).

The cutoff values for each variable toward the top 20% (n=20)
of all fluctuating data rows are available in Multimedia
Appendix 4: descriptive statistics of the original variables with
cutoff values to the top 20% (n=20) of ChatGPT judgmental
instability. When analyzing the top 2 variations of fluctuating
categorizations, the 3 variables with the highest respective
correlations were pachymetry, anterior chamber depth, and sex
for fluctuations between categories 1 and 2, and pachymetry,

ARTmax, and BAD for fluctuations between categories 2 and
5 (for in-depth analyses of the fluctuations, see Multimedia
Appendix 10: correlation of the categories with the probability
of category change in ChatGPT’s iterations, Multimedia
Appendix 11: correlations between the variables and ChatGPT
fluctuating between categories 2 and 5, Multimedia Appendix
12: correlations between the variables and ChatGPT fluctuating
between categories 1 and 2, and Multimedia Appendix 13:
correlations between variables and ChatGPT fluctuating between
2 categories, sorted by absolute value).

On reanalysis of the output of both raters narrowed down to 2
categories, Cohen κ improved to 0.610 (“moderate agreement”
[29]), with a 95% CI 0.372-0.792.

The output by category is shown in Table 3. A confusion matrix
of the agreement between the raters is available in Multimedia
Appendix 14: confusion matrix for binary categorizations of
the clinician and ChatGPT.

Table 3. Binary categorizations by the clinician and ChatGPT (12 iterations) in comparison. Percentages are also absolute values (n=100).

ChatGPT mode, %ChatGPT, n (%)Clinician, %Category

82934 (78)80LASIKa/PRKb

18266 (22)20NO SURGERY

aLASIK: laser-assisted in situ keratomileusis.
bPRK: photorefractive keratectomy.

Comparing the clinician to every respective ChatGPT iteration
again, κ now had a range of 0.360-0.650. In the binary case, the
accuracy was 0.88, precision 0.88, recall 0.88, the F1-score 0.88,
and the AUC score was 0.79. A summary of the results is given
in Table 2.

Discussion

Main Findings, Comparison to Previous Studies
In this study, we observed a significant association between the
classifications made by a human rater and ChatGPT-4 in
categorizing refractive surgery patients. This was more
prominently evident in the basic binary categorization, but
also—to a lesser degree—in the more intricate 6-category set.
The agreement values of Cohen κ we obtained in this study are
in line with or better than findings from other similar clinical
validation studies [26,30]. The results particularly show an
overlap with a recent study that observed higher accordance
with human raters when narrowed down to 2 categories as
compared to 5 [26]. There, the authors had found an increase
of Cohen κ from 0.34 to 0.71, and an increase in F1-score from
0.461 to 0.821, with the AUC for the binary case at 0.846, an
even greater increase than in our study. In 3 other exemplary
studies, F1-score levels for ChatGPT’s diagnostic performance
varied between 0.74 and 0.98 [31], 0.440 and 0.771 [32] (both
ChatGPT-4), and 0.418 and 0.620 (ChatGPT-3) [33]. While it
is controversial what constitutes a “good” F1-score, it is clear
that any application in medicine must strive toward 1 to reduce
risks for adverse events. Thus, our interpretation is that the
relatively good F1-score and Cohen κ results at least warrant

further inquiry. Further analysis of the data also showed a trend
toward more “insecurity” in ChatGPT’s model in determining
whether a patient should obtain PRK or LASIK, or discerning
between PRK and rejecting surgery due to a higher risk for
ectasia. In our experience, this overlaps with a human doctor’s
daily struggle, and ChatGPT’s behavior reflects this in this
undesirable aspect, too. The correlation of the variables with
decision insecurity was not surprising, either—the pachymetry
and the correlated ARTmax value, followed by the BAD, are
generally considered good parameters for the detection of
keratectasia [34,35]. As the correlation matrices show, some of
the variables might have only a minor impact on the results or
be redundant as per the correlation matrix of the variables, and
could thus be omitted or replaced by more significant ones in
follow-up studies.

Limitations

Output Variance
However, it is essential to acknowledge the limitations of this
study and the employed model. ChatGPT-4 did not provide
stable outputs over multiple iterations of the data input. The
variability in ChatGPT-4’s categorization between iterations,
as evidenced by the range of Cohen κ coefficient, indicates the
need for further investigation to define the borders of this
behavior. This instability could be attributed to a probabilistic,
random, or fuzzy element inherent in the AI model. A deeper
understanding of this mechanism might enhance the accuracy
of future models. Previous research has already demonstrated
long-term changes of ChatGPT’s output [36]. Consequently,
further investigation should include a detailed analysis of the
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short- and long-time temporal variations of ChatGPT’s output
as well as careful analysis of the contributing factors. As long
as these are unknown, the validity of this study’s results for
health care applications remains low.

Usage of Patient Data Instead of Vignettes
Multiple problems arise from the fact that actual patient data
and not specially designed vignettes were used for this study.
First, ChatGPT had its strength in the more general binary task
of recognizing patients suitable for LASIK/PRK; here, it showed
the largest agreements with the clinician. On the other hand, it
had more difficulties sorting those not suitable for LASIK/PRK
correctly into the categories we offered, especially for low
pachymetry and ARTmax values. Furthermore, one potential
confounding factor here is that our study used only 1 clinician
for comparison with ChatGPT, thus the result depends fully on
his own professional knowledge and experience. Further inquiry
with a larger number of clinicians could help validate the
comparison better. We also cannot exclude that the human
clinician may have considered more than just the data on hand
as he decided on real-life patients, and ChatGPT lacked some
human or other sensory data in comparison.

Second, our lack of knowledge about ChatGPT’s algorithms
leaves room for speculation about further potential factors of
influence like date and time the information is entered or the
geographical location. Its algorithmic models could underly
various biases, too.

Third, this study could also have benefitted from a detailed
analysis of how modifying the prompting could influence the
output, for example, by comparing the results between multiple
iterations of zero-, one-, and few-shot prompting. Prompt design
has already been a topic of research [22,23], but improving
reproducibility will require some form of standardization.

Thus, in conclusion, future approaches will need to consider all
these constraints when devising prompts and vignettes for a
follow-up investigation.

Statistical Power, Bundling of Categories
A larger sample size would be needed to detect smaller effects
than in this study. Another limitation is that the statistical power
for the 6-category comparison with Cohen κ may have been
overestimated due to the power calculation having been
performed in a modified fashion on 5 categories beforehand.

Lastly, testing the binary categorizations was performed on
bundled categorizations rather than reperforming the analysis
with just 2 categories. For future studies, we recommend
expanding the testing to also include a specific 2-category

probing of ChatGPT, and also possibly other meaningful ways
of categorizing the patients.

Conclusions
This exploratory study found a promising correlation between
one human rater and ChatGPT in refractive surgery, but cannot
serve as more than an intermediary step to investigate this
correlation on a broader basis. While the knowledge we have
obtained so far may not justify the immediate application of
ChatGPT in a clinical setting, it does warrant further inquiry.
The potential use of ChatGPT as a precategorization tool seems
plausible if we can solidify the boundaries of its limitations.
The fact alone that an LLM, which has not been developed for
such a highly specialized use-case, is potentially capable of
solving problems in this setting, is remarkable and may change
the general approach from trying to build highly specialized
software to using general solutions as a form of general AI. As
the progress between ChatGPT versions 3.5 and 4 was already
significant, future investigations into new versions may also be
promising. Furthermore, there is also a variety of other LLMs
accessible to the public like ChatGPT-3.5, newer versions of
ChatGPT-4, Google Bard and Bing AI (Microsoft Corp), which
have also previously been tested for their usability in health
care [13], as well as LLMs that are being developed for health
care solely [16]. Testing these was beyond the scope of our
study, but future comparisons to ChatGPT-4’s performance will
be crucial to find the optimal LLM for health care applications.
Another promising option for future analyses may be the
customization of ChatGPT and possibly other LLMs for specific
purposes that was recently introduced [27,37]. As the scientific
knowledgebase on this topic grows, a process of standardization
of approaches toward vignette-creation, prompting, and repeated
probing of language-input chatbots seems inevitable. A recent
proposal advocated for the development of a reporting standard
for LLMs, which could help improve the quality of forthcoming
analyses [38].

To our knowledge, this is the first study investigating the
functionality of a (seemingly) general AI as a batch
problem-solving tool in clinical refractive surgery. It may thus
serve as a stepping stone for future research in this and similar
specialized fields, paving the way for large-scale validation
studies and real-world implementation research. The potential
benefits of such a low-threshold AI for health care are
substantial. The results of this study should, therefore, encourage
further exploration into the application of LLMs in health care,
particularly in decision-making processes that require a
comprehensive understanding of a vast array of clinical data
and that would previously have necessitated a highly specialized
software, developed for very limited use cases only.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Flowchart of the inclusion/exclusion process of recruited patients.
[PNG File , 290 KB-Multimedia Appendix 1]
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Multimedia Appendix 2
Python code used for data processing.
[DOCX File , 22 KB-Multimedia Appendix 2]

Multimedia Appendix 3
R code used for statistical power calculations.
[DOCX File , 13 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Descriptive statistics of the original variables with cut-off values to the top 20% (n=20) of ChatGPT judgmental instability. WtW
= White-to-white corneal diameter. ACD = anterior chamber depth. ARTmax = Ambrósio relational thickness index, maximum
value. avePPI = average Pachymetric Progression Index. BAD = Belin Ambrósio Display Index. Kmax = maximum steepness
of the cornea. ISI = Inferior-superior-Index.
[DOCX File , 13 KB-Multimedia Appendix 4]

Multimedia Appendix 5
Correlation matrix of the original patients' variables.
[PNG File , 392 KB-Multimedia Appendix 5]

Multimedia Appendix 6
Recorded conversations with ChatGPT-4.
[DOCX File , 31 KB-Multimedia Appendix 6]

Multimedia Appendix 7
Confusion matrix for six-category categorizations by the clinician and ChatGPT (mode values). Darker colours indicate higher
agreement. Categories: 1 = LASIK, 2 = PRK, 3 = ICL, 4 = IOL, 5 = ECTASIA RISK, 6 = OTHER.
[PNG File , 49 KB-Multimedia Appendix 7]

Multimedia Appendix 8
Correlation of the variables’ categorization insecurity. Red = negative, blue = positive correlation.
[PNG File , 45 KB-Multimedia Appendix 8]

Multimedia Appendix 9
Distribution of the most common fluctuations between two categories. Categories: 1 = LASIK, 2 = PRK, 3 = ICL, 4 = IOL, 5 =
ECTASIA RISK, 6 = OTHER.
[PNG File , 26 KB-Multimedia Appendix 9]

Multimedia Appendix 10
Correlation of the categories with the probability of category change in ChatGPT's iterations.
[PNG File , 33 KB-Multimedia Appendix 10]

Multimedia Appendix 11
Correlations between the variables and ChatGPT fluctuating between categories 2 and 5.
[PNG File , 59 KB-Multimedia Appendix 11]

Multimedia Appendix 12
Correlations between the variables and ChatGPT fluctuating between categories 1 and 2.
[PNG File , 62 KB-Multimedia Appendix 12]

Multimedia Appendix 13
Correlations between variables and ChatGPT fluctuating between two categories, sorted by absolute value.
[DOCX File , 13 KB-Multimedia Appendix 13]
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Multimedia Appendix 14
Confusion matrix for binary categorizations of the clinician and ChatGPT. Darker blue shades indicate higher agreement.
[PNG File , 41 KB-Multimedia Appendix 14]

References

1. Hashemi H, Beiranvand A, Yekta A, Maleki A, Yazdani N, Khabazkhoob M. Pentacam top indices for diagnosing subclinical
and definite keratoconus. J Curr Ophthalmol. 2016;28(1):21-26 [FREE Full text] [doi: 10.1016/j.joco.2016.01.009] [Medline:
27239598]

2. Ambrósio R, Machado AP, Leão E, Lyra JMG, Salomão MQ, Esporcatte LGP, et al. Optimized artificial intelligence for
enhanced ectasia detection using scheimpflug-based corneal tomography and biomechanical data. Am J Ophthalmol.
2023;251:126-142 [FREE Full text] [doi: 10.1016/j.ajo.2022.12.016] [Medline: 36549584]

3. Radford A, Narasimhan K, Salimans T, Sutskever I. Improving language understanding by generative pre-training. OpenAI.
Preprint posted online on October 31 2023. [FREE Full text]

4. OpenAI. GPT-4 technical report. ArXiv. Preprint posted online on March 15 2023. [FREE Full text] [doi:
10.5860/choice.189890]

5. Bubeck S, Chandrasekaran V, Eldan R, Gehrke J, Horvitz E, Kamar E, et al. Sparks of artificial general intelligencearly
experiments with GPT-4. ArXiv. Preprint posted online on March 22 2023. [FREE Full text] [doi:
10.48550/arXiv.2303.12712]

6. Raimondi R, Tzoumas N, Salisbury T, Di Simplicio S, Romano MR, North East Trainee Research in Ophthalmology
Network (NETRiON). Comparative analysis of large language models in the Royal College of Ophthalmologists fellowship
exams. Eye (Lond). 2023;37(17):3530-3533 [FREE Full text] [doi: 10.1038/s41433-023-02563-3] [Medline: 37161074]

7. Radford A, Wu J, Child R, Luan D, Amodei D, Sutskever I. Language models are unsupervised multitask learners. OpenAI
blog. 2019;1(8):9 [FREE Full text]

8. Eysenbach G. The role of ChatGPT, generative language models, and artificial intelligence in medical education: a
conversation with ChatGPT and a call for papers. JMIR Med Educ. 2023;9:e46885 [FREE Full text] [doi: 10.2196/46885]
[Medline: 36863937]

9. Ting DSJ, Tan TF, Ting DSW. ChatGPT in ophthalmology: the dawn of a new era? Eye (Lond). 2023 [FREE Full text]
[doi: 10.1038/s41433-023-02619-4] [Medline: 37369764]

10. Sallam M. ChatGPT utility in healthcare education, research, and practice: systematic review on the promising perspectives
and valid concerns. Healthcare (Basel). 2023;11(6):887 [FREE Full text] [doi: 10.3390/healthcare11060887] [Medline:
36981544]

11. Rao A, Kim J, Kamineni M, Pang M, Lie W, Succi MD. Evaluating ChatGPT as an adjunct for radiologic decision-making.
medRxiv. Preprint posted online on February 7 2023. [FREE Full text] [doi: 10.1101/2023.02.02.23285399] [Medline:
36798292]

12. Haver HL, Ambinder EB, Bahl M, Oluyemi ET, Jeudy J, Yi PH. Appropriateness of breast cancer prevention and screening
recommendations provided by ChatGPT. Radiology. 2023;307(4):e230424 [doi: 10.1148/radiol.230424] [Medline: 37014239]

13. Dhanvijay AKD, Pinjar MJ, Dhokane N, Sorte SR, Kumari A, Mondal H. Performance of large language models (ChatGPT,
Bing Search, and Google Bard) in solving case vignettes in physiology. Cureus. 2023;15(8):e42972 [FREE Full text] [doi:
10.7759/cureus.42972] [Medline: 37671207]

14. D'Souza RF, Amanullah S, Mathew M, Surapaneni KM. Appraising the performance of ChatGPT in psychiatry using 100
clinical case vignettes. Asian J Psychiatr. 2023;89:103770 [doi: 10.1016/j.ajp.2023.103770] [Medline: 37812998]

15. Zhang C, Zhang C, Li C, Qiao Y, Zheng S, Dam SK, et al. One small step for generative AI, one giant leap for AGI: a
complete survey on ChatGPT in AIGC era. ArXiv. Preprint posted online on April 4 2023. [FREE Full text] [doi:
10.48550/arXiv.2304.06488]

16. Kraljevic Z, Bean D, Shek A, Bendayan R, Hemingway H, Yeung JA, et al. Foresight—Generative Pretrained Transformer
(GPT) for modelling of patient timelines using EHRs. ArXiv. Preprint posted online on December 13 2022. [FREE Full
text] [doi: 10.48550/arXiv.2212.08072]

17. Knebel D, Priglinger S, Scherer N, Siedlecki J, Schworm B. Assessment of ChatGPT in the preclinical management of
ophthalmological emergencies—an analysis of ten fictional case vignettes. medRxiv. Preprint posted online on April 24
2023. [FREE Full text] [doi: 10.1101/2023.04.16.23288645]

18. Fraser H, Crossland D, Bacher I, Ranney M, Madsen T, Hilliard R. Comparison of diagnostic and triage accuracy of Ada
Health and WebMD Symptom Checkers, ChatGPT, and physicians for patients in an emergency department: clinical data
analysis study. JMIR mHealth uHealth. 2023;11:e49995 [FREE Full text] [doi: 10.2196/49995] [Medline: 37788063]

19. Rao A, Pang M, Kim J, Kamineni M, Lie W, Prasad AK, et al. Assessing the utility of ChatGPT throughout the entire
clinical workflow: development and usability study. J Med Internet Res. 2023;25:e48659 [FREE Full text] [doi:
10.2196/48659] [Medline: 37606976]

JMIR Form Res 2023 | vol. 7 | e51798 | p. 8https://formative.jmir.org/2023/1/e51798
(page number not for citation purposes)

Ćirković & KatzJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=formative_v7i1e51798_app14.png&filename=83b9f3848c95eb1f698676fcf7d4302f.png
https://jmir.org/api/download?alt_name=formative_v7i1e51798_app14.png&filename=83b9f3848c95eb1f698676fcf7d4302f.png
https://linkinghub.elsevier.com/retrieve/pii/S2452-2325(15)30016-0
http://dx.doi.org/10.1016/j.joco.2016.01.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27239598&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0002-9394(22)00506-2
http://dx.doi.org/10.1016/j.ajo.2022.12.016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36549584&dopt=Abstract
https://www.cs.ubc.ca/~amuham01/LING530/papers/radford2018improving.pdf
https://arxiv.org/abs/2303.08774
http://dx.doi.org/10.5860/choice.189890
https://arxiv.org/abs/2303.12712
http://dx.doi.org/10.48550/arXiv.2303.12712
https://europepmc.org/abstract/MED/37161074
http://dx.doi.org/10.1038/s41433-023-02563-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37161074&dopt=Abstract
https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://mededu.jmir.org/2023//e46885/
http://dx.doi.org/10.2196/46885
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36863937&dopt=Abstract
https://www.nature.com/articles/s41433-023-02619-4
http://dx.doi.org/10.1038/s41433-023-02619-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37369764&dopt=Abstract
https://www.mdpi.com/resolver?pii=healthcare11060887
http://dx.doi.org/10.3390/healthcare11060887
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36981544&dopt=Abstract
https://doi.org/10.1101/2023.02.02.23285399
http://dx.doi.org/10.1101/2023.02.02.23285399
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36798292&dopt=Abstract
http://dx.doi.org/10.1148/radiol.230424
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37014239&dopt=Abstract
https://europepmc.org/abstract/MED/37671207
http://dx.doi.org/10.7759/cureus.42972
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37671207&dopt=Abstract
http://dx.doi.org/10.1016/j.ajp.2023.103770
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37812998&dopt=Abstract
https://arxiv.org/abs/2304.06488
http://dx.doi.org/10.48550/arXiv.2304.06488
https://arxiv.org/abs/2212.08072
https://arxiv.org/abs/2212.08072
http://dx.doi.org/10.48550/arXiv.2212.08072
https://www.medrxiv.org/content/10.1101/2023.04.16.23288645v1.full.pdf+html
http://dx.doi.org/10.1101/2023.04.16.23288645
https://mhealth.jmir.org/2023//e49995/
http://dx.doi.org/10.2196/49995
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37788063&dopt=Abstract
https://www.jmir.org/2023//e48659/
http://dx.doi.org/10.2196/48659
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37606976&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


20. Nastasi AJ, Courtright KR, Halpern SD, Weissman GE. Does ChatGPT provide appropriate and equitable medical advice?:
A vignette-based, clinical evaluation across care contexts. medRxiv. Preprint posted online on March 1 2023. [FREE Full
text] [doi: 10.1101/2023.02.25.23286451]

21. Hirosawa T, Kawamura R, Harada Y, Mizuta K, Tokumasu K, Kaji Y, et al. ChatGPT-generated differential diagnosis lists
for complex case-derived clinical vignettes: diagnostic accuracy evaluation. JMIR Med Inform. 2023;11:e48808 [FREE
Full text] [doi: 10.2196/48808] [Medline: 37812468]

22. Giray L. Prompt engineering with ChatGPT: a guide for academic writers. Ann Biomed Eng. 2023;51(12):2629-2633 [doi:
10.1007/s10439-023-03272-4] [Medline: 37284994]

23. Zuccon G, Koopman B. Dr ChatGPT, tell me what I want to hear: how prompt knowledge impacts health answer correctnessQ.
ArXiv. Preprint posted online on February 23 2023. [FREE Full text] [doi: 10.48550/arXiv.2302.13793]

24. Kleesiek J, Wu Y, Stiglic G, Egger J, Bian J. An opinion on ChatGPT in health care-written by humans only. J Nucl Med.
2023;64(5):701-703 [FREE Full text] [doi: 10.2967/jnumed.123.265687] [Medline: 37055219]

25. Yeung JA, Kraljevic Z, Luintel A, Balston A, Idowu E, Dobson RJ, et al. AI chatbots not yet ready for clinical use. Front
Digit Health. 2023;5:1161098 [FREE Full text] [doi: 10.3389/fdgth.2023.1161098] [Medline: 37122812]

26. Sarbay İ, Berikol GB, Özturan İ. Performance of emergency triage prediction of an open access natural language processing
based chatbot application (ChatGPT): a preliminary, scenario-based cross-sectional study. Turk J Emerg Med.
2023;23(3):156-161 [FREE Full text] [doi: 10.4103/tjem.tjem_79_23] [Medline: 37529789]

27. ChatGPT. URL: https://chat.openai.com [accessed 2023-11-27]
28. Collins GS, Reitsma JB, Altman DG, Moons KGM. Transparent Reporting of a Multivariable Prediction Model for Individual

Prognosis or Diagnosis (TRIPOD): the TRIPOD statement. BMJ. 2015;350:g7594 [FREE Full text] [doi: 10.1136/bmj.g7594]
[Medline: 25569120]

29. McHugh ML. Interrater reliability: the kappa statistic. Biochem Med (Zagreb). 2012;22(3):276-282 [FREE Full text]
[Medline: 23092060]

30. Sorin V, Klang E, Sklair-Levy M, Cohen I, Zippel DB, Lahat NB, et al. Large language model (ChatGPT) as a support tool
for breast tumor board. NPJ Breast Cancer. 2023;9(1):44 [FREE Full text] [doi: 10.1038/s41523-023-00557-8] [Medline:
37253791]

31. Zhang J, Sun K, Jagadeesh A, Ghahfarokhi M, Gupta D, Gupta A, et al. The potential and pitfalls of using a large language
model such as ChatGPT or GPT-4 as a clinical assistant. ArXiv. Preprint posted online on July 16 2023. [FREE Full text]
[doi: 10.48550/arXiv.2307.08152]

32. Liang H, Yang T, Chen Y, Li B, Yan Z, Xu W, et al. LungDiag: empowering artificial intelligence for respiratory disease
diagnosis through electronic health records. SSRN Journal. Preprint posted online on July 10 2023. [FREE Full text] [doi:
10.2139/ssrn.4502081]

33. Hu Y, Ameer I, Zuo X, Peng X, Zhou Y, Li Z, et al. Zero-shot clinical entity recognition using ChatGPT. ArXiv. Preprint
posted online on March 29 2023. [FREE Full text] [doi: 10.48550/arXiv.2303.16416]

34. Lim HB, Tan GS, Lim L, Htoon HM. Comparison of keratometric and pachymetric parameters with Scheimpflug imaging
in normal and keratoconic Asian eyes. Clin Ophthalmol. 2014;8:2215-2220 [FREE Full text] [doi: 10.2147/OPTH.S66598]
[Medline: 25419113]

35. Awad EA, Samra WAA, Torky MA, El-Kannishy AM. Objective and subjective diagnostic parameters in the fellow eye
of unilateral keratoconus. BMC Ophthalmol. 2017;17(1):186 [FREE Full text] [doi: 10.1186/s12886-017-0584-2] [Medline:
28985735]

36. Chen L, Zaharia M, Zou J. How is ChatGPT's behavior changing over time? ArXiv. Preprint posted online on July 18 2023.
[FREE Full text] [doi: 10.48550/arXiv.2307.09009]

37. How to build your own custom ChatGPT with OpenAI's GPT builder. Zapier. URL: https://zapier.com/blog/custom-chatgpt/
[accessed 2023-11-28]

38. Huo B, Cacciamani GE, Collins GS, McKechnie T, Lee Y, Guyatt G. Reporting standards for the use of large language
model-linked chatbots for health advice. Nat Med. 2023 [doi: 10.1038/s41591-023-02656-2] [Medline: 37957381]

Abbreviations
AI: artificial intelligence
ARTmax: Ambrósio relational thickness maximum
AUC: area under the curve
BAD: Belin-Ambrósio-Display
LASIK: laser-assisted in situ keratomileusis
LLM: large language model
PRK: photorefractive keratectomy

JMIR Form Res 2023 | vol. 7 | e51798 | p. 9https://formative.jmir.org/2023/1/e51798
(page number not for citation purposes)

Ćirković & KatzJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://www.medrxiv.org/content/10.1101/2023.02.25.23286451v1.full.pdf+html
https://www.medrxiv.org/content/10.1101/2023.02.25.23286451v1.full.pdf+html
http://dx.doi.org/10.1101/2023.02.25.23286451
https://medinform.jmir.org/2023//e48808/
https://medinform.jmir.org/2023//e48808/
http://dx.doi.org/10.2196/48808
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37812468&dopt=Abstract
http://dx.doi.org/10.1007/s10439-023-03272-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37284994&dopt=Abstract
https://arxiv.org/abs/2302.13793
http://dx.doi.org/10.48550/arXiv.2302.13793
https://jnm.snmjournals.org/content/64/5/701
http://dx.doi.org/10.2967/jnumed.123.265687
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37055219&dopt=Abstract
https://europepmc.org/abstract/MED/37122812
http://dx.doi.org/10.3389/fdgth.2023.1161098
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37122812&dopt=Abstract
https://europepmc.org/abstract/MED/37529789
http://dx.doi.org/10.4103/tjem.tjem_79_23
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37529789&dopt=Abstract
https://chat.openai.com
https://core.ac.uk/reader/81583807?utm_source=linkout
http://dx.doi.org/10.1136/bmj.g7594
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25569120&dopt=Abstract
https://europepmc.org/abstract/MED/23092060
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23092060&dopt=Abstract
https://doi.org/10.1038/s41523-023-00557-8
http://dx.doi.org/10.1038/s41523-023-00557-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37253791&dopt=Abstract
https://arxiv.org/abs/2307.08152
http://dx.doi.org/10.48550/arXiv.2307.08152
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4502081
http://dx.doi.org/10.2139/ssrn.4502081
https://arxiv.org/abs/2303.16416
http://dx.doi.org/10.48550/arXiv.2303.16416
https://europepmc.org/abstract/MED/25419113
http://dx.doi.org/10.2147/OPTH.S66598
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25419113&dopt=Abstract
https://bmcophthalmol.biomedcentral.com/articles/10.1186/s12886-017-0584-2
http://dx.doi.org/10.1186/s12886-017-0584-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28985735&dopt=Abstract
https://arxiv.org/abs/2307.09009
http://dx.doi.org/10.48550/arXiv.2307.09009
https://zapier.com/blog/custom-chatgpt/
http://dx.doi.org/10.1038/s41591-023-02656-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37957381&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by A Mavragani; submitted 14.08.23; peer-reviewed by C Huang, X Sun; comments to author 13.10.23; revised version received
01.11.23; accepted 04.12.23; published 28.12.23

Please cite as:
Ćirković A, Katz T
Exploring the Potential of ChatGPT-4 in Predicting Refractive Surgery Categorizations: Comparative Study
JMIR Form Res 2023;7:e51798
URL: https://formative.jmir.org/2023/1/e51798
doi: 10.2196/51798
PMID: 38153777

©Aleksandar Ćirković, Toam Katz. Originally published in JMIR Formative Research (https://formative.jmir.org), 28.12.2023.
This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in JMIR Formative Research, is properly cited. The complete bibliographic information,
a link to the original publication on https://formative.jmir.org, as well as this copyright and license information must be included.

JMIR Form Res 2023 | vol. 7 | e51798 | p. 10https://formative.jmir.org/2023/1/e51798
(page number not for citation purposes)

Ćirković & KatzJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://formative.jmir.org/2023/1/e51798
http://dx.doi.org/10.2196/51798
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38153777&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

