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Abstract

This study examines the performance of ChatGPT, developed by OpenAl and widely
used as an Al-based conversational tool, as a data analysis tool through exploratory
factor analysis (EFA). To this end, simulated data were generated under various data
conditions, including normal distribution, response category, sample size, test length,
factor loading, and measurement models. The generated data were analyzed using
ChatGPT-40 twice with a |-week interval under the same prompt, and the results
were compared with those obtained using R code. In data analysis, the Kaiser—
Meyer—Olkin (KMO) value, total variance explained, and the number of factors esti-
mated using the empirical Kaiser criterion, Hull method, and Kaiser—Guttman criter-
ion, as well as factor loadings, were calculated. The findings obtained from ChatGPT
at two different times were found to be consistent with those obtained using R.
Overall, ChatGPT demonstrated good performance for steps that require only com-
putational decisions without involving researcher judgment or theoretical evaluation
(such as KMO, total variance explained, and factor loadings). However, for multidi-
mensional structures, although the estimated number of factors was consistent
across analyses, biases were observed, suggesting that researchers should exercise
caution in such decisions.
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Introduction

With the advancement of generative artificial intelligence (Al), Al applications are
being widely used across various fields, and among the most popular of these is
ChatGPT. ChatGPT is a natural language processing tool powered by Al technology,
allowing users to interact with a chatbot. Over the past few years, this language model
has frequently been used to perform various tasks and answer questions (Baidoo-Anu
& Owusu Ansah, 2023; Mollick & Mollick, 2022; Rudolph & Tan, 2023). ChatGPT
was launched by OpenAl on November 30, 2022, and since then, the click-through
rate to OpenAl has increased by approximately 3,500%, reaching 672 million visitors
from 18.3 million (Cribben & Zeinali, 2023). Some of these users are curious about
the capabilities of Al, while others actively access the application.

ChatGPT is built on a large language model (LLM) architecture known as the
Generative Pre-trained Transformer (GPT; Dehouche, 2021; Liang et al., 2023).
GPT-3 and its more advanced versions, GPT-3.5 and GPT-4, are autoregressive lan-
guage models that leverage deep learning to generate human-like texts. These models
have been trained on a vast amount of text data sourced from books, articles, blogs,
and various websites (Kasneci et al., 2023; Mhlanga, 2023; Tlili et al., 2023). The
language model that forms the basis of ChatGPT is designed with a supervised and
reinforcement learning approach, which OpenAl refers to as ‘‘Reinforcement
Learning with Human Feedback’ (RLHF). According to OpenAl, the key factor that
distinguishes ChatGPT from other Al applications and makes it powerful is the use
of this RLHF method (Singh et al., 2022).

On March 14, 2023, OpenAl introduced GPT-4, available through ChatGPT Plus,
which surpasses other models in many ways. GPT-4 is more reliable, creative, and
capable of handling complex instructions than GPT-3.5. With 170 trillion parameters
compared with GPT-3’s 175 billion, GPT-4 is significantly larger and more powerful.
According to OpenAl, users will notice the difference between GPT-3.5 and GPT-4
more clearly when they attempt to perform complex tasks. The most advanced GPT-
based model, Auto-GPT, was published on GitHub by Significant Gravitas on March
30, 2023. This model, an open-source Python application powered by GPT-4, is capa-
ble of completing tasks with minimal human intervention. The main difference
between Auto-GPT and ChatGPT is that Auto-GPT can operate independently with-
out human assistance, whereas ChatGPT requires human commands to function
effectively.

ChatGPT is used in various academic and non-academic fields to analyze inputs
and take actions. For instance, it can analyze data from sensors or other monitoring
devices to provide real-time information about a patient’s health status, serving as a
tool for remote patient monitoring (Iftikhar, 2023). Alshurafat (2023) has examined
how ChatGPT can transform the work systems of employees in accounting, improv-
ing their efficiency and productivity. Moreover, ChatGPT has demonstrated the abil-
ity to write short stories based on the information provided by users (McGee, 2023).
In addition to fields like health care, finance, and education, commercial enterprises
also benefit from this technology. For example, companies use ChatGPT for purposes
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such as generating marketing content, developing different marketing strategies, writ-
ing computer code, and providing post-sales customer service.

Al has become so advanced that some researchers argue that ChatGPT could suc-
ceed in undergraduate studies. Terwiesch (2023) initiated a discussion by focusing
on whether ChatGPT could earn an MBA degree from Wharton. Similarly, Wood
et al. (2023) examined how well ChatGPT answers accounting assessment questions.
However, ethical issues such as plagiarism and the accuracy of the information pro-
vided by ChatGPT are also subjects of debate (Gillani et al., 2023; Nemorin et al.,
2023).

Since ChatGPT’s advanced versions can perform a wide range of tasks, it is used
by users for various purposes. Especially with the release of GPT-4, more people
began to use this technology because it offers users the ability to carry out more reli-
able, creative, and complex instructions. Auto-GPT, the most advanced open-source
Python application based on GPT, was published by Significant Gravitas and is sup-
ported by GPT-4. This means that GPT-4 can analyze data when provided in an
appropriate format. In other words, the GPT-4 version of ChatGPT is capable of per-
forming data analysis. This development enables researchers to use Al for data anal-
ysis in scientific studies.

ChatGPT performs statistical analyses by integrating external tools like Python.
Based on the data and instructions provided to it, ChatGPT generates Python code
(Frantz, 2024) and then executes this code to conduct statistical analyses. For
instance, it can perform analyses like #-tests and factor analyses using Python
libraries such as pandas, scipy, and statsmodels. These processes automate analyses
that a data scientist would typically perform manually. Through its Advanced Data
Analysis feature, ChatGPT can read, clean, analyze, and visualize datasets. It can
create graphs using Python tools like matplotlib or seaborn. However, these analyti-
cal capabilities face limitations when data size or complexity increases. Working
with large datasets can be challenging, and the results may sometimes be incomplete
or inaccurate; certain prompts may not be understood, particularly if they involve
technical terms and explanations (Ambati et al., 2024; Latendresse et al., 2024).

Data analysis is a crucial step in scientific research. Collecting data appropriate to
the research question, choosing the correct statistical method, and obtaining accurate
findings are vital for the reliability, internal validity, and external validity of the
study. The challenges associated with data analysis have been largely overcome with
the advent of computers in scientific research and the emergence of statistical soft-
ware packages (Field, 2009). Statistical analyses that were once difficult or time-
consuming can now be easily conducted using computers and software (Kalayci,
2010; Tan, 2016). Although a researcher does not have to be a statistician, they need
knowledge of statistical techniques to analyze the data correctly (Erkus, 2011). In
addition, the researcher should be able to select the appropriate statistical analysis
(Creswell, 2012), organize the research data accordingly, and apply the commands
accurately in the program (Pallant, 2005). Thus, a researcher must know both which
statistical analysis to perform for the research question and how to interpret the
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analysis results and use the necessary software. Erkus (2011) emphasized that simply
having the technical skill to use software packages is insufficient for data analysis;
statistical analyses without understanding variable structure and procedures may
yield erroneous results. Therefore, researchers need both statistical knowledge and
software proficiency. This situation poses a challenge for researchers who require
statistical analyses as a tool in their research, as it demands both statistical and pro-
gramming knowledge.

ChatGPT, in this context, can perform analyses and report findings if the
researcher specifies the type of analysis needed and provides the data in an appropri-
ate format (a guide detailing the steps of analysis using ChatGPT is presented in the
Appendix). This offers significant convenience for researchers; however, how can
we be certain of the accuracy of ChatGPT’s results? The best way to address this
question is to examine ChatGPT’s performance in statistical analyses. Given that
researchers in fields such as health care, education, psychology, and business might
wish to use ChatGPT for data analysis, it would be appropriate to assess the applica-
tion’s performance using a universally applicable statistical technique.

It is evident that ChatGPT is capable of performing various analyses. At this point,
whether the results produced by ChatGPT are biased or accurate is a critical question
for users and deserves examination. Therefore, this study aims to evaluate ChatGPT’s
performance as a data analysis tool. Specifically, ChatGPT’s effectiveness is assessed
through exploratory factor analysis (EFA), a statistical technique frequently used in
social sciences.

When considering the requirements of EFA, it can be stated that some steps
involve technical comparisons for decision-making (e.g., determining if the Kaiser—
Meyer—Olkin [KMOY] value is adequate for factorization, and defining the number of
factors), while others require decisions that take theoretical frameworks into account.
The extent to which an Al tool can accurately perform these steps is a critical ques-
tion for both literature and researchers. Thus, this study aims to examine ChatGPT’s
performance as a data analysis tool by analyzing factor analysis parameters.

Research Model

In this study, the performance of the artificial intelligence tool ChatGPT in conduct-
ing factor analysis was examined using artificially generated data. As the study
involves comparing the performance of a program and software using simulated data,
it aligns with the characteristics of a simulation study (Dooley, 2002).

Simulation Conditions

In this study, which examines ChatGPT’s data analysis performance through factor
analysis, variables such as the number of items, sample size, factor loading, and mea-
surement model were manipulated.



Kogak 5

The required sample size for factor analysis should be determined by considering
model-related parameters, such as the number of factors, the number of items, and
the relationship between factors in the analyzed model. Muthen and Muthen (2002)
stated that for confirmatory factor analysis with two factors, a factor interrelation of
0.25, a factor loading of 0.81, and an error variance of 0.36, the necessary sample
size is 150, and as the model complexity increases, the required sample size also
increases. For determining the necessary sample size for EFA in this study, the R
packages MBESS (Kelley et al., 2018) and “‘pwr’’ (Champely et al., 2018) were
used. Statistical power was set to 0.80, and the necessary sample size for each condi-
tion was calculated based on the manipulated variables: item count, number of fac-
tors, factor interrelationship, and factor loading. The code used for these calculations
is presented as Online Supplementary Materials (OSF. https://osf.io/xk59t). The min-
imum sample size required was 201 for a one-dimensional condition with 10 items.
The maximum sample size needed was 225 for a two-dimensional condition with 10
items and a factor interrelationship of 0.55. Considering these results, a sample size
of 225 was chosen for data generation in this study.

Recommendations regarding the necessary number of items for forming a factor
(Ryan et al., 2018; Siow et al., 2017; Tang et al., 2022) were taken into account, and
the test length was set at 10 items in the generated data. Scoring with five categories
was used, as it is suggested to better reveal psychometric properties (Adelson &
McCoach, 2010; Mellor & Moore, 2014); thus, response categories were fixed at
five. Based on the assumption that psychological traits are normally distributed in
the population, which is one of the basic assumptions in psychometrics (Crocker &
Algina, 2008; Ho & Yu, 2015), data distributions were set to normal.

The study examined related multidimensional structures, unrelated multidimen-
sional structures, and unidimensional structures. While most psychological constructs
are multidimensional, unidimensional structures are also encountered (Nunnally &
Bernstein, 1994). Therefore, both unidimensional and two-dimensional structures
were considered in this study. The related multidimensional structure was modeled
to have a moderate interrelation of 0.50. In the literature, many studies fix item factor
loadings to a single value (Beauducel & Herzberg, 2006; Li, 2016). It is suggested
that for an item to be considered significant in the factor it loads on, its factor loading
should be at least 0.30. Based on this, values in Table 1 were established to set items’
communalities, extractions, and factor loadings. Factor loadings were fixed between
0.50 and 0.70 for the unidimensional model, and between 0.60 and 0.85 for the
related and unrelated two-dimensional models.

In this study, the simulation conditions included sample size (1), test length (1),
number of categories for item scores (1), distribution of item scores (1), and mea-
surement model (3), resulting in 1 X 1 X 1 X 1 X 3 =3 conditions. Each condition
was analyzed with 100 repetitions, yielding analyses on 300 datasets. According to
Harwell et al. (1996), at least 25 replications are recommended for Monte Carlo
simulation studies to ensure generalizable results. In this study, data were generated
with 100 repetitions to enhance the robustness and reliability of the findings.
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Table 1. Simulation Conditions.

Factor Condition
Sample size 225
Test Length 10
Number of Categories for Item Scores 5
Distribution of Item Scores Normal
Measurement Model Unidimesional Model

Two-Dimensional Model
® Related (¢ = 0.50)
® Unrelated (¢=0.00)

Unidimensional Two-dimensional
model model
¢=0.50 ¢=0.00
Factor Loading (FL) Items FL FL FL

Item| 0.56 0.71 0.80
Item?2 0.64 0.72 0.79
Item3 0.71 0.8l 0.73
Item4 0.56 0.62 0.66
Item5 0.59 0.67 0.60
Itemé 0.67 0.77 0.73
Item7 0.62 0.75 0.67
Item8 0.64 0.78 0.67
Item9 0.64 0.79 0.67
Item10 0.58 0.80 0.64

Data Generation

For each condition in the study, continuous datasets were generated using the R
packages lavaan (Rosseel, 2012) and MASS (Ripley et al., 2013). The code used for
these calculations is presented as Online Supplementary Materials (OSF. https://osf.
10/xk59t).

Data Analysis

Following data generation, EFA was conducted separately on the generated datasets
using both R software and ChatGPT-4. For both R and ChatGPT-4 analyses, the max-
imum likelihood estimation method was employed as the basis for the EFA.

In R, a loop was incorporated into the code to automate the analysis of each gen-
erated dataset, allowing for efficient repetition of factor analyses across all datasets.
For analyses conducted with ChatGPT, each dataset was saved separately and ana-
lyzed individually by inputting each dataset one at a time into ChatGPT. Since
ChatGPT cannot directly retrieve findings from R or its packages, this process was
manually facilitated by researchers.
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Analysis Process with R. For the analyses conducted with R (R Development Core
Team, 2011), the following packages were used: psych (Revelle & Revelle, 2015),
GPArotation (Bernaards et al., 2015), nFactors (Raiche et al., 2020), paran (Dinno
& Dinno, 2018), lavaan (Rosseel et al., 2017), semPlot (Epskamp, 2017), and
EFA.MRFA (Navarro-Gonzalez et al., 2020). The analyses included the following
steps:

e Suitability for EFA: Assessed using the KMO coefficient to determine if the
data were suitable for EFA.

® Number of Factors: Determined using the empirical Kaiser criterion, Hull
method, and Kaiser—Guttman criterion.

e Total Variance Explained: Calculated to understand the proportion of variance
accounted for by the extracted factors.

® Factor Loadings: Calculated for each item to assess its loading strength on the
identified factors.

® In addition, rotations were performed using both the varimax (orthogonal) and
promax (oblique) methods to allow for a comparison of factor loadings post-
rotation.

The code used for these calculations is presented as Online Supplementary Materials
(OSF. https://osf.io/xk59t). Since seven different R packages were utilized, ““‘R”’ is
used as a general reference to the implementation in the reporting rather than listing
each package individually. However, it should be noted that the results were obtained
using the specific code outlined in the Online Supplementary Materials.

Analysis Process With ChatGPT-4. ChatGPT performs statistical analyses by integrating
external tools like Python. It generates Python code based on the provided data and
instructions (Frantz, 2024) and then executes this code to carry out statistical analy-
ses. With its Advanced Data Analysis (ADA) feature, ChatGPT can read, clean, ana-
lyze, and visualize datasets. Therefore, when provided with datasets in a compatible
format and clear, accurate prompts, ChatGPT can integrate Python libraries—such as
pandas, scipy, and statsmodels—to conduct the requested analyses.

Given that Al applications may produce varying responses to identical prompts at
different times (Tassoti, 2024; Theophilou et al., 2023), the same analysis was con-
ducted on the same data with the same prompt, once a week apart, to examine any
differences in the results. The findings from the first analysis are reported as
ChatGPT¥* in the results section, while the second analysis, conducted a week later,
is denoted as ChatGPT**.

The datasets generated in R were provided to ChatGPT-4 as CSV files, with
instructions to perform factor analysis and calculate specific parameters. Appropriate
prompts were crafted to ensure that ChatGPT interpreted and returned the requested
calculations accurately. The requested parameters included:
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KMO Coefficient: To assess the suitability of the data for factor analysis.
Number of Factors: Estimated using the empirical Kaiser criterion, Hull
method, and Kaiser—Guttman criterion.

e Total Variance Explained: To evaluate the cumulative variance accounted for
by the extracted factors.

e Factor Loadings: Calculated for each item.

In addition, rotations were performed using both varimax (orthogonal) and promax
(oblique) methods to compare factor loadings post-rotation. This comprehensive
setup allowed for a robust comparison of ChatGPT’s performance in factor analysis
and its consistency with conventional statistical software. The generated data were
analyzed individually in ChatGPT. Subsequently, the analysis findings were recorded
and consolidated.

Evaluation of Analysis Outputs

The KMO values, total variance explained, and item factor loadings after rotation
obtained via R and ChatGPT were descriptively compared. The estimated number of
factors and average factor loadings, determined using the empirical Kaiser criterion,
Hull method, and Kaiser—Guttman criterion, were compared to the predefined simu-
lation values using relative bias ratio (RBR) and accuracy estimation percentage
(AEP).

The distance of the estimated values from the true values is essential for the valid-
ity, power of the simulation study (Collins et al., 2001; Flora & Curran, 2004), and
the interpretation of the findings. Thus, the accuracy of the factor number and aver-
age factor loading estimates provided by R and ChatGPT-4 was examined in com-
parison with the criteria set during data generation.

e AEP: This metric expresses, as a percentage, how often the estimated factor
number and factor loading align with the true factor number and average fac-
tor loading in the simulations. Higher AEP values, approaching 100, indicate
more accurate estimates. A tolerance of up to 10% error is considered accepta-
ble; values exceeding this indicate a deviation from the simulated conditions,
suggesting inaccurate estimates (Collins et al., 2001).

e RBR: RBR quantifies the deviation of estimated averages from the simulation
values, indicating potential bias in the estimates. The RBR, calculated using
the formula, (8" —6,ca1)/0rcar, Where 6" represents the mean estimate obtained
from 100 repetitions (in this study, it refers to the average number of factors
and item factor loading), and 6., represents the parameter specified in the
simulation (in this study, factor numbers of 1 and 2, and factor loading values
provided in Table 1). The presence of either a negative (underestimation) or a
positive (overestimation) bias in factor numbers or factor loadings is
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undesirable. The literature suggests an acceptable bias range of
[IRBR| <0.10]RBR| < 0.10[RBR|<0.10 (moderate bias) (Flora & Curran,
2004; Moshagen & Musch, 2014).

The code segments for calculating the AEP and RBR for the R-derived results are
presented as Online Supplementary Materials (OSF. https://osf.io/xk59t). To calculate
the AEP and RBR for ChatGPT’s analysis findings, code was written in R using the
psych (Revelle & Revelle, 2015), GPArotation (Bernaards et al., 2015), and nFactors
(Raiche et al., 2020) packages.

Results

In the study, the KMO values and total variance explained for the 10-item condition
obtained from ChatGPT and R are presented in Table 2.

Examining Table 2 reveals that the KMO values and total variance explained are
identical across analyses. This finding indicates that the EFA parameters provided by
ChatGPT are consistent with those obtained using R. In addition, the results of the
analyses conducted by ChatGPT, using the same prompt 1 week apart, are also con-
sistent with each other.

In the study, AEP and RBRs were calculated for the number of factors determined
by the empirical Kaiser criterion, Hull method, and Kaiser—Guttman criterion across
single-factor, two-factor uncorrelated, and two-factor correlated structures. The AEP
can be considered a measure of power for the study. Among the 100 replications con-
ducted for each condition, the number of correctly and incorrectly estimated factor
counts was recorded. As AEP values approach 100, it indicates that the method pro-
vides a more accurate estimation of factor numbers. For AEP values, an acceptable
error margin of 10% was considered, meaning that if a method correctly estimates at

Table 2. KMO and Total Variance Explained for 10-ltem Condition.

Model n KMO Total variance explained

Single-Factor Model 225 R 0915 39.90
ChatGPT* 0915 39.90
ChatGPT® 0915 39.90

Two-Dimensional 225 R 0.923 68.13

Model (Correlated Factors) ChatGPT* 0.923 68.13
ChatGPT® 0.923 68.13

Two-Dimensional Model 225 R 0.901 54.66

(Uncorrelated Factors) ChatGPT* 0.901 54.66
ChatGPT® 0.901 54.66

*The first analysis conducted by ChatGPT. ® The analysis conducted | week later by ChatGPT using the
same prompt.
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Figure |. Accuracy Estimation Percentage (AEP) and Relative Bias Ratio (RBR) for Factor
Count in Single-Factor Models.

least 90 out of 100 replications for a given condition, it is deemed acceptable (Collins
etal., 2001).

Accordingly, the number of factors in the generated data was first estimated using
the selected methods. Subsequently, the AEPs and RBRs for the estimated factor
counts were calculated for single-factor, two-factor uncorrelated, and two-factor cor-
related models using both R and ChatGPT.

Figure 8 displays the AEPs and RBRs obtained for the single-factor model. For
this model, the factor count is 1. The empirical Kaiser criterion, Hull method, and
Kaiser—Guttman criterion were applied to all data generation scenarios involving a
single-factor structure, with the alignment of factor counts estimated by R and
ChatGPT with the actual factor count taken into account in the calculation.

Examining Figure 1 reveals that the AEP and RBR for factor count calculations
in single-factor data are very similar across analyses conducted by R and ChatGPT,
even when ChatGPT’s analyses were repeated 1-week apart. This suggests that
ChatGPT’s factor analysis results are consistent over time and align closely with the
findings obtained from R.
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Figure 2. Two-Dimensional Uncorrelated Structure.

In addition, given that the AEP exceeds 90% and the RBR is below 0.10, it can be
concluded that the factor count estimation in the single-factor model shows no bias
and achieves high accuracy for both ChatGPT and R.

In Figure 2, the AEP and RBR for factor count estimation were calculated for two-
dimensional uncorrelated structures. The findings for the estimated factor count are
consistent between R and ChatGPT, indicating that analyses conducted by ChatGPT
on the same data with the same prompt at different times align closely with the results
from R. Thus, it can be concluded that both methods yield the same outcome.

The AEP is above 90%, and the RBRs are below|0.1,| suggesting that the factor
determination methods used provide unbiased findings for two-dimensional uncorre-
lated models.

Examining Figure 3 reveals that the RBR and AEP for factor count in two-
dimensional correlated structures are stable and consistent across findings from R
and ChatGPT conducted at different times.

Figures 1-3 collectively demonstrate that the factor counts obtained from R and
from ChatGPT analyses performed 1 week apart using the same prompt are similar
across all conditions. Accordingly, the AEP and RBR values are either equal or very
close, indicating that ChatGPT provides results consistent with R.
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Figure 3. Two-Dimensional Correlated Structures.
Table 3. Factor Loadings in Single-Factor Model.
Factor loadings

Item R ChatGPT* ChatGPT**
Item| 0.56 0.56 0.56
Item?2 0.64 0.64 0.64
Item3 0.71 0.71 0.71
Item4 0.56 0.56 0.56
Item5 0.59 0.59 0.59
Itemé 0.67 0.67 0.67
Item7 0.62 0.62 0.62
Item8 0.64 0.64 0.64
Item9 0.64 0.64 0.64
Item10 0.58 0.58 0.58

The estimates for item factor loadings in the single-factor model obtained from R
and ChatGPT, with a 1-week interval between ChatGPT analyses, are presented in

Table 3.
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Examining Table 3 reveals that R and ChatGPT provide identical values for item
factor loadings. This consistency suggests that the estimates provided by ChatGPT,
even when conducted 1 week apart, are aligned with each other and with the esti-
mates obtained from R. Furthermore, these estimates are consistent with the factor
loading values specified in the simulation conditions presented in Table 1. No rota-
tion was performed for the single-factor model.

Examining Table 4 indicates that the factor analysis results from R and ChatGPT
are identical and consistent with each other. Both Promax and Varimax rotations
yield compatible results across R and ChatGPT, further demonstrating ChatGPT’s
similar performance to R.

As seen in Table 5, similar to the unidimensional model and two-dimensional
uncorrelated model, R and ChatGPT yield comparable results both before and after
rotation.

Table 6 presents the commonalities for each item obtained through EFA con-
ducted by R and ChatGPT across all three models. It is evident that R and ChatGPT
produced consistent and identical results for each model.

The AEP and RBR were used to evaluate whether the factor loadings estimated
through data analysis accurately reflected the conditions set in the simulation. These
metrics provided insight into the degree to which the estimated factor loadings
aligned with the predefined simulation parameters, indicating the reliability and pre-
cision of the estimates produced by R and ChatGPT.

The AEP and RBR calculated for factor loadings are presented in Figure 4. click-
ing on the paperclip icon allows you. The average factor loadings obtained from
EFA conducted by ChatGPT (at 1-week intervals with identical prompts) and R are
consistent with each other. The very low RBR indicates that neither R nor ChatGPT
produced biased estimates for factor loadings. Similarly, the near-100% AEP con-
firms the accuracy of the average factor loading estimates provided by both R and
ChatGPT, demonstrating the reliability of both methods in estimating factor loadings
accurately.

It was found that the KMO values, explained variance ratios, factor loadings, and
communalities obtained from the analyses conducted by ChatGPT (at 1-week inter-
vals) and R are consistent with each other. This indicates a high level of alignment
between ChatGPT’s estimates and those produced by R, confirming the reliability
and accuracy of ChatGPT in performing EFA.
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Figure 4. Accuracy Estimation Percentage (AEP) and Relative Bias Ratio (RBR) for Factor
Loadings.

Discussion

In recent years, significant progress has been made in data science, paralleling
advancements in software development, particularly in artificial intelligence (Al)
applications across various domains. Statistical analysis and data science have also
benefited from these developments. Al applications can now perform some statistical
analyses, and as long as they yield accurate results and adhere to ethical standards,
there is no barrier to using Al in data analysis. At this point, the primary concern is
whether Al provides accurate findings in data analysis. This study aimed to examine
the accuracy of findings obtained through EFA when conducted by Al, specifically
in the context of construct validity—a common application in social sciences.

For this purpose, datasets with a sample size of 225, containing 10 items with fac-
tor loadings between 0.50 and 0.85, were generated under single-factor, two-factor
uncorrelated (¢ = 0.00), and two-factor correlated (¢ = 0.50) conditions, with 100
repetitions. These datasets were analyzed twice by ChatGPT with a 1-week interval
and once using packages in R. To evaluate the findings and performance of R and
ChatGPT in EFA, AEP and RBR were used for factor counts and factor loadings. For
KMO, total variance explained, and rotated factor loadings, a descriptive comparison
was made.

The study found that the KMO values and explained variance ratios from
ChatGPT’s initial analysis, a repeated ChatGPT analysis with the same prompt 1
week later, and the R analysis were identical across all conditions. Thus, consistent
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results were obtained when ChatGPT analyzed the same dataset with the same
prompt at different times. In addition, these findings were consistent with the KMO
and explained variance ratios obtained using R packages. KMO and explained var-
iance ratios are calculations directly related to dataset characteristics (Izquierdo
et al., 2014; Lloret et al., 2017; Watkins, 2018). From this, it can be concluded that
ChatGPT performs accurate calculations for tasks that require purely computational
steps. Therefore, researchers can rely on ChatGPT for EFA when given appropriate
prompts for these parameters. The findings will likely be accurate under similar data
conditions.

One of the most challenging aspects of EFA is determining the number of factors.
In this study, the number of factors in the generated datasets was calculated using the
empirical Kaiser criterion, the Hull method, and the Kaiser—Guttman criterion. AEPs
and RBRs were calculated for these factor counts. For single-factor, two-dimensional
uncorrelated, and two-dimensional correlated models, the AEP and RBR of factor
counts estimated by ChatGPT (at 1-week intervals) were consistent. These values
also aligned with the AEP and RBR of factor counts obtained using R. This suggests
that ChatGPT consistently performs well in factor number determination and pro-
vides results compatible with R. The AEP and RBR for single-factor structures across
two analyses by ChatGPT, conducted 1 week apart, and an R analysis confirmed that
the estimated factor counts matched the conditions set in the simulation. Thus, the
empirical Kaiser criterion, Hull method, and Kaiser—Guttman criterion methods pro-
duce accurate and unbiased results in single-factor models for both R and ChatGPT.

There were minor differences in AEP and RBR between R and ChatGPT’s analy-
ses. For example, in single-factor structures, the AEP for the empirical Kaiser criter-
ion was calculated as 93.3 for R, 93.5 for the first analysis by ChatGPT, and 93.4 for
the repeated analysis a week later. This difference arose because ChatGPT sometimes
failed to execute the entire analysis or specific steps due to misinterpreting the prompt
in certain cases. For instance, suppose that in the single-factor structure, ChatGPT did
not analyze 3 out of 100 simulated datasets or missed certain calculations in the first
round, resulting in 92 datasets reflecting a single-factor structure. In this case, the
AEP would be calculated as 92/(100 — 3) = 0.95. If the same datasets were analyzed
by ChatGPT 1 week later and all 100 datasets were analyzed without omission, the
AEP would be 92/100=0.92. Although both analyses yielded the same outcome for
the same number of datasets, the accuracy percentages differed due to minor prompt
interpretation issues. These minor differences in AEP and RBR between R and
ChatGPT analyses may be attributed to this factor.

In two-dimensional correlated and uncorrelated models, the AEP and RBR
between R and ChatGPT’s analyses (conducted 1 week apart) were consistent.
Therefore, ChatGPT’s findings were consistent across different time points and
aligned with R’s findings. Considering the AEP and RBR, it was observed that esti-
mations for the uncorrelated model diverged from accuracy (AEP < 90) and pre-
sented biased estimates ((JRBR| > 0.10). However, it should be noted that this bias
originates from the factor determination methods rather than from R or ChatGPT.
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The methods used in the study perform well in single-factor structures but may yield
biased and low-power estimations in multi-factor structures. Researchers should also
consider the theoretical structure when determining factor numbers (Golino et al.,
2020; Goretzko & Biihner, 2022; Howard, 2016). Therefore, the factor determination
methods used may exhibit bias, especially in complex multi-factor structures, and
researchers should be cautious in such cases.

For factor loading evaluations, AEP and RBR values were used. Factor loadings
were estimated through EFA, and then compared with the factor loading values
defined in the data generation phase to calculate AEP and RBR. The AEP and RBR
for factor loadings obtained from analyses conducted by ChatGPT (at 1-week inter-
vals with the same prompt) were consistent. This consistency indicates that ChatGPT
can analyze the same dataset with the same prompt at different times and yield the
same findings. In addition, these results are consistent with those obtained from R.
The RBR for factor loadings was below 0.10, indicating that neither ChatGPT nor R
provided biased estimates for factor loadings. Furthermore, the AEP was above 90%,
almost reaching 100%, suggesting that the analysis results accurately reflect the con-
ditions manipulated in the simulation. Comparing factor loadings obtained from rota-
tions in two-dimensional models between R and ChatGPT showed identical results,
indicating that ChatGPT’s performance in factor analysis is compatible with R’s
results.

The performance of ChatGPT as a data analysis tool was examined through EFA
in this study. The findings provide direct insights for EFA and may offer indirect pre-
dictions for other analyses. ChatGPT performs well in purely computational tasks or
analyses requiring decision-making based on a criterion. This study focused on EFA;
further studies could examine its performance in other analyses to verify its accuracy.
Further Testing with Complex Models: Future studies could explore ChatGPT’s per-
formance with more complex or larger datasets and different types of factor models,
such as three-factor or hierarchical structures, to assess scalability and reliability in
more sophisticated analyses.

In this study, various factor structures were generated to enable calculations and
determinations without the need for researcher judgment. Simulation studies can
achieve ideal distributions that are challenging to replicate with real-world data,
although real-world data often include various issues (Kogak, 2019). In social
sciences, in particular, theoretical constructs and related constructs often need to be
considered in research. Typically, when conducting EFA with any statistical soft-
ware, researchers must consider both the factor loadings and the theoretical structure
and dimension that each item measures. Erkus (2011) noted that merely having the
technical skill to use a statistical program or software does not suffice for data analy-
sis. In cases of overlapping items—where an item loads onto multiple factors—the
item must be carefully reviewed, sometimes resulting in its removal from the scale
(Braeken & Van Assen, 2017; Howard, 2016; Shrestha, 2021). For example, if an
item loads onto two different factors, its placement can be determined based on its
theoretical structure. Similarly, an item may be positioned in a low-loading factor by
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the researcher due to its theoretical significance. Even if an item shows high loading
on a factor without overlap, it could be removed if deemed irrelevant to the structure.
In these situations, decisions are based on the researcher’s judgment rather than sta-
tistical outputs alone. ChatGPT’s current capabilities involve purely statistical calcu-
lations and criterion-based decisions; it does not compare items against the measured
structure or theoretical framework. Thus, when analyzing affective, cognitive, or
behavioral structures, especially those being defined for the first time, human invol-
vement should not be excluded. While ChatGPT provides accurate results that align
with R in statistical terms, caution is advised when interpreting results for complex
models or deciding on factor numbers in multidimensional structures, which may
require theoretical insight and researcher judgment.

Enhancing Prompt Clarity: For optimal results, users should provide clear and
detailed prompts when using ChatGPT for statistical analysis. A structured approach
to prompting may improve consistency, especially in repeated analyses.

Integration with Statistical Software: ChatGPT could benefit from closer integra-
tion with established statistical software packages, enhancing its capability to perform
specific, advanced statistical analyses while maintaining accuracy.

User Awareness of Limitations: Researchers using ChatGPT should remain mind-
ful of its limitations, including potential variability over time and sensitivity to
prompt phrasing, and verify results with traditional statistical tools when possible.

Researchers in many fields often face challenges analyzing data from their studies.
Researchers whose primary focus is not statistics may feel underqualified, especially
in using statistical software. The findings of this study demonstrate ChatGPT’s capac-
ity to produce accurate statistical calculations, making it a valuable tool for research-
ers. Therefore, using ChatGPT in data analysis can be recommended for researchers.

This study was limited to specific conditions and analyses; future research could
investigate ChatGPT’s performance in other statistical analyses. The following issues
are recommended for consideration: (a) enhancing prompt clarity, (b) exploring dif-
ferent parameter settings, (c) assessing the consistency of model outputs, and (d)
investigating how Al applications perform in different types of analyses. Other Al
Applications and Comparisons: Future studies could also examine the performance
of other Al tools, allowing for comparisons across different applications. Since the
analyses in this study focused on computations and criterion-based decisions, further
research could explore how Al applications perform in analyses that require
researcher judgment.

Appendix

Data Analysis Process in ChatGPT

This guide provides a step-by-step explanation of how to effectively use ChatGPT for
data analysis. It outlines the steps users should follow when working with ChatGPT,
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from accessing the platform to interpreting analysis results. This guide serves as a
roadmap for users who are new to ChatGPT or unfamiliar with technical details.

Step 1: Accessing ChatGPT and Creating an Account

To use ChatGPT, go to. You will need an OpenAl account to access the platform. If
you don’t have an account, you can register with your email address to create one.
After logging in, you’ll see a message box on the main screen where you can interact
with ChatGPT.

Step 2: Defining Your Purpose and Analysis Goals

Decide on the purpose of using ChatGPT and the data analysis you intend to con-
duct. This step helps you define the content of the question or command you want to
ask. For example, you may wish to perform data cleaning, exploratory data analysis,
or factor analysis. Clarifying your goals will ensure that ChatGPT’s analysis outputs
align with your needs.

Step 3: Preparing and Structuring Data

If you plan to conduct data analysis with ChatGPT, ensure that your data is prepared
and in an appropriate format. Note that ChatGPT cannot directly process data files, so
you’ll need to present the data as text or in summary form. For quantitative data, pro-
vide it in CSV format. You can share a sample portion of your dataset in tabular for-
mat or with key summary information. This will help ChatGPT understand your data
and perform the analysis accurately.

Step 4: Giving ChatGPT Data Analysis Commands

To perform analysis with ChatGPT, type a clear and directive question or command
into the message box. A well-defined and clear question or command will enable
ChatGPT to conduct a more accurate analysis. For example:

e  “‘Identify the missing values in my dataset and fill them in using an appropri-
ate method.”

e “‘Perform a correlation analysis between the variables in my dataset and dis-
play the results.”

e  ““Conduct a factor analysis on this data to determine the number of factors and
factor loadings.”

Such specific instructions will help ChatGPT understand which analyses to perform.
It’s helpful to specify the analysis method (e.g., t-test, regression, exploratory analy-
sis) you wish to use.
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Step 5: Reviewing and Understanding ChatGPT’s Response

After ChatGPT responds to your question, the answer will appear below your mes-
sage on the same page. At this stage:

Check if the analysis output provided by ChatGPT meets your purpose.
Assess the steps included in the response and whether the analysis steps were
applied correctly. For example, if you requested factor analysis, verify the fac-
tors and loadings provided by ChatGPT.

This process helps you understand the analysis results and the steps ChatGPT fol-
lowed. If needed, you can request additional details from ChatGPT for clarification.

Step 6: Asking Follow-up Questions and Deepening Relevant Analysis Steps

You can ask follow-up questions to expand or deepen the analysis process with
ChatGPT. After the initial response, you may add more detailed questions or further
analysis requests in the message box. For example:

® ““Which variables have the highest load values in this factor analysis result?”’
® ““Can you present this analysis result in a graphical format?”’
e ““Can you conduct a confidence interval analysis to validate the results?”’

Such follow-up questions enable ChatGPT to elaborate on the analysis and allow you
to examine your outputs more thoroughly.

Step 7: Exploring Alternative Answers—Reproducing the Response

If you find the initial response from ChatGPT insufficient or think a different per-
spective is needed, you can use the ‘‘Regenerate Response’ option to receive an
alternative answer to the same question. This feature is especially useful for users
seeking more explanation or examples in their analysis methods. This way, you can
leverage ChatGPT’s ability to respond from different angles.

Step 8: Verifying Analysis Outputs and Interpreting Results

Review the analysis results provided by ChatGPT for reliability and consistency. In
statistical analyses, it’s essential to verify if the outputs are reasonable. Examine the
results and suggestions provided by ChatGPT to ensure they align with your dataset’s
characteristics. Assess how well the analysis result matches your dataset and research
question.
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Figure 5. ChatGPT Home Screen.

ChatGPT can make mistakes. Check important info.

Below, screenshots provide a visual guide on interacting with ChatGPT and navi-
gating the analysis process. These visuals are provided as examples, and users can
create similar prompts tailored to their specific analyses.

1. First, log in to ChatGPT.

Once logged in, you will see a chat interface on the screen where you can interact
with ChatGPT.

In Figure 5, clicking on the paperclip icon allows you to upload data from your
computer or a session directly to ChatGPT. You can write a prompt in the designated
area along with your data and send it as a message.

In Figure 6, when the prompt is entered along with the data in the message area,
ChatGPT detects the request and begins processing the task.

In Figure 7, when data are provided in an appropriate format and the prompt is
clear and sufficiently detailed, ChatGPT executes the identified task. At this point,
both the format of the data and the clarity of the prompt are crucial. A clear and pre-
cise prompt directly influences the quality of the response. If the initial answer does
not meet the user’s requirements, additional details or adjustments can be requested
to refine the response.

After reviewing ChatGPT’s initial response, users may request additional details
or clarifications to better meet their needs, as shown in Figure 8. This can include
asking for deeper analysis, requesting specific data visualizations, or seeking further
explanation of the results.

If necessary, as shown in Figure 9, additional commands and requests can be pro-
vided. It’s important to note that this step is optional, as ChatGPT may have already
produced a response that meets all your requirements in the initial prompt.
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< C 2% chatgpt.com/c/672beal1-751¢c-8008-b6c9-3c9a8447b146

@D @ ChatGPT 40

U K 2 1 1
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3|3 3 2 3
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Hi, | have a dataset and would like to perform an exploratory factor
analysis (EFA) to identify underlying factor structures. Here are the
variables and sample data:

Could you please conduct an EFA using this data? Provide me with
details on factor loadings, communalities, and the suggested number
of factors.”

Purpose: This prompt serves as the initial request for EFA, detailing the
specific variables and analysis requirements. It helps set the analysis
objective clearly.

Message ChatGPT

0 ® (=]

Figure 6. Sending the First Prompt.

Additional requests, as shown in Figure 10, can be made to further refine or
expand the analysis provided by ChatGPT. These may include:

e (larifications: Asking for more detailed explanations of certain parts of the
analysis.

e Further Analysis: Requesting additional statistical tests or deeper insights
based on the initial results.

® Visualizations: Asking ChatGPT to provide charts or graphs to better illustrate
the findings.

e Alternative Methods: Requesting a different approach or methodology to
cross-verify the results.

These additional requests allow for a more tailored analysis and can help ensure that
the outputs meet specific research or project needs.

The steps of data analysis have been summarized in the figures above.
Technically, this process generally involves similar steps, although it may vary
depending on data readability, ChatGPT’s interpretation of the prompt in alignment
with the user’s intention, and the level of detail in the request. Ultimately, the pro-
cess may conclude based on the need for additional requests.
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I've provided the factor loadings and communalities foe the first three factors based on this dataset.
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indicate the portion of variance in each vaniable explained by the extracted factors. Let me know &
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Figure 7. ChatGPT’s Response to the First Prompt.
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<« c chatgpt.com/c/672beal1-751c-8008-b6c9-3c9aB447b146

@ @ ChatGPT 40
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Ive provided the factor loadings and communalities for the first three factors based on this dataset.
These results should help in interpreting the underlying factor structure, and the communalities
indicate the portion of variance in each variable explained by the extracted factors. Let me know if

you need further analysis or adjustments. 6-)
»PE O PO

Is this conversation helpful sofor? @ @ X

Thank you for your response. Could you please provide the output with factor loadings and
communalities for each variable? Additionally, indicate the number of factors suggested based on the
analysis.®

Purpose: This prompt requests detailed results from the EFA, including factor loadings and
communalities for each variable, based on the initial analysis. This captures ChatGPT's response for
displaying analysis outputs.

0 ® [+

Figure 8. Details Requested Based on the Initial Response.

< C % chatgpt.com/c/672beal1-751c-8008-b6c9-3c9a8447b146
@ @ ChatGPT 40

Purpose: This prompt requests detailed results from the EFA, including
factor loadings and communalities for each variable, based on the
initial analysis. This captures ChatGPT's response for
analysis outputs.

@  Hereis the detailed output, including factor loadings and communalities for each variable. Based on
the scree plot and explained variance, the analysis suggests that three factors are appropriate, as

they account for approximately 71% of the total variance.
The factor loadings for each variable and their corresponding communalities are displayed in the

table provided. Let me know if you'd like a more in-depth interpretation or if there are specific

factors of interest you'd like analyzed further

»E O POy

Based on the factor analysis results, could you explain which variables have the highest factor loadings
for each identified factor? Also, if possible, please recommend any additional steps for refining this EFA
model.”

Purpose: This prompt seeks further insight into the factor structure, highlighting variables with high
factor loadings and requesting quidance on any next steps for model refinement.

0 ® (]

Figure 9. ChatGPT’s Response to the Request for Details.
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<« C % chatgptcom/c/672beal1-751c-8008-b6c9-3c9a8447b146 B a %

@ @ ChatGPT 40 & Share

Purpose: This prompt seeks further insight into the factor structure,
highlighting variables with high factor loadings and requesting
guidance on any next steps for model refinement.

@  Based on the factor analysis results, let's identify the variables with the highest loadings for each of
the three factors:
1. Factor 1: The highest loadings are for variables:
o 510379
o 53 (0378)

o sa (-0383)

These variables have the most substantial ¥ tributions to Factor 1, suggesting they share a

cor cany the What ng:

Message ChatGPT

Figure 10. Additional Requests.
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