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Abstract

The emergence of generative AI, particularly the widespread accessibility of ChatGPT, has
led to challenges for higher education. The extent and manner of use are under debate.
Local empirical investigations about the use and acceptance of ChatGPT contribute to
effective policymaking. The study employs a specialized approach, utilizing an information
system view based on the DeLone and McLean Information Systems Success Model as
its theoretical framework. A survey was conducted to assess students’ opinions about
ChatGPT regarding its usefulness in their studies. The model was tested using PLS-SEM
with 466 Hungarian and Romanian higher education students. The model examined six
constructs as information quality, system quality, service quality, use, user satisfaction, and
net benefits. The results confirmed the effects of information quality and system quality
on use and satisfaction, whereas service quality did not make a significant contribution.
Satisfaction was found to be the key driver to use. The study contributes to a deeper
understanding of AI acceptance in higher education and provides valuable considerations
for policymaking. A data-oriented, task-focused policymaking is recommended over
system-based regulation. Additionally, a comprehensive framework model is required for
international comparisons, which combines information systems success and technology
acceptance models.

Keywords: ChatGPT; DeLone and McLean IS success model; PLS-SEM; technology acceptance

1. Introduction
Information has become a key asset in the world. Access to reliable, accurate, se-

cure, and timely information is not a new phenomenon; it is a historical fact. However,
technological development has made it possible to generate more and more data, and
the availability of the dataset generates new challenges (T. Xu et al., 2024). It has been
a long and continuously accelerated journey from the development of speech through
writing to today’s electronic communication and the information age. We have reached
the age of generative artificial intelligence (GenAI) (Sengar et al., 2024). The increased
amount of data requires an information system to systematize the data and its usability
for different personal or organizational purposes. Some decades ago, there were enough
sheets of paper, while today we manage automated databases, the Internet, and the In-
ternet of Things sources (Cantamessa et al., 2020). The demand for automating processes
is mirrored in technological advancements in the fields of production and information
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management, described by Industry 4.0 (Folgado et al., 2024; Ustundag & Cevikcan, 2018;
Zhang et al., 2024).

Overall, artificial intelligence is not a new invention; it has been developed over
decades (García-Peñalvo & Vázquez-Ingelmo, 2023; Nayak & Walton, 2024). Nevertheless,
GenAI, especially the introduction of ChatGPT 3.5 (Buruk, 2023), has built a broad audience
and popularity for this technology. The impact of GenAI is well-documented by the
growing scientific interest (Bettayeb et al., 2024; Hussein et al., 2025; Sengar et al., 2024).
The opportunities are promising, the social impacts, especially in the labor market, are
frightening, and the lessons are mixed (Farrokhnia et al., 2024; Lo, 2023; Zhou et al., 2024).
Based on a literature review, Hussein et al. (2025) demonstrated that education and health
are the top themes related to ChatGPT, emphasizing the transformative impacts on teaching,
learning, and academic work. Through this, a new generation will be influenced by this
technology and will adopt it in their work and personal lives.

As with all new technologies, in addition to the potential uses, safety and reliability
issues, as well as ethical concerns, arise (Hua et al., 2024; Hussein et al., 2025; Zhou et al.,
2024). Despite the remarkable efforts made by international organizations, governments,
and local institutions in policymaking (Hussein et al., 2025; Weis et al., 2026; Zhou et al.,
2024), a comprehensive and effective solution requires further investigations. The need for
regulations and user training is obvious to enjoy the benefits and improve social utility.
Understanding the factors that influence use and satisfaction with a technology plays a
crucial role in its further development and utilization. Behavioral (Ajzen, 1991; Ajzen &
Fishbein, 1980) and technology acceptance models (Davis, 1989; Venkatesh et al., 2003, 2012)
are popular for exploring the topic, but these are limited to personal aspects. A somewhat
different approach has been proposed in the information systems success model by DeLone
and McLean (DeLone & McLean, 1992, 2003; Marjanovic et al., 2024). That model is less
prevalent for GenAI software usage investigations, but it can provide valuable contributions
to the knowledge base. In a narrower sense, chatbots and other GenAI services cannot be
considered information systems, although from the user’s viewpoint, they operate similarly
to an information system. According to Stair and Reynolds (2018, p. 7) “an information
system (IS) is a set of interrelated components that collect, process, store, and disseminate
data and information; an information system provides a feedback mechanism to monitor
and control its operation to make sure it continues to meet its goals and objectives”. GenAI
services collect, process, and disseminate data, but there is no data storage. Another
difference is based on using a probabilistic language model instead of a structured database;
however, from the users’ perspective, that may mean more opportunities than constraints,
since the purpose of decision-making support is available. Based on the above, however,
the information system approach is not the mainstream understanding of GenAI use; it
is worth not rejecting. Some authors (B. Chen et al., 2023; Chu, 2023; Marjanovic et al.,
2024) offer insights into the application with original or modified information systems
success models.

The scope of this study is limited to the use of ChatGPT among students in higher
education. ChatGPT is not an exclusive GenAI chatbot, but at the time of data collection,
it played a more significant role than it does today. The academic field is significantly
impacted by the growing appreciation of GenAI (Lo, 2023; Hussein et al., 2025; Strzelecki,
2024; Lee & Esposito, 2025), including the production of scientific reports and student
writing. Policymaking for the conscious and responsible use of GenAI is progressing more
slowly than the widespread adoption of its use. Accepting that the restriction of GenAI
use is meaningless and unnecessary, learning from the present experiences of students
contributes to effective policies and supports awareness-raising activities.
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The research question of the study is formulated as whether ChatGPT contributes to
the success of higher education studies in the opinion of the students. A (PLS-SEM) model
was developed based on the DeLone and McLean Information Success model (DeLone &
McLean, 2003) to explore students’ assessments of information, system, and service quality,
and their impact on use, satisfaction, and net benefits. The model was tested based on
a sample of Hungarian and Romanian higher education students (n = 466). The study
aims to contribute to the body of knowledge on GenAI use and highlight the adaptation
opportunities for achieving information system success.

The rest of the paper is organized as follows. Section 2 provides a literature review of
the influencing factors of ChatGPT use among students and the application of the DeLone
and McLean Information Systems Success model. Section 3 presents the development of
the research framework, the data collection methods, and the methods. Section 4 includes
descriptive statistics and the PLS-SEM model validation. Sections 5 and 6 summarize the
evaluation of the results and the implications.

2. Theoretical Framework
2.1. Influencing Factors of ChatGPT Use
2.1.1. Framework Models

Behavioral and technology acceptance framework models provide several latent vari-
able constructs, but researchers are enabled to supplement the models with new elements
and reconsider the influencing factors of ChatGPT use. UTAUT/UTAUT2 (Unified Theory
of Acceptance and Use of Technology) (Venkatesh et al., 2003, 2012) and TAM (Technology
Acceptance Model) (Davis, 1989) are the most popular initial framework models in the
papers investigated, often supplemented with behavioral models (Granić, 2025; Lee & Es-
posito, 2025), such as Theory of Planned Behavior (TPB) as in (Jo, 2023; Al-Qaysi et al., 2025;
Zhao et al., 2024) or Self-Determination Theory (Annamalai et al., 2025; Hu et al., 2023), and
with original pilot factors by the authors. The task-technology fit approach (Alfaisal et al.,
2024; Salloum et al., 2024c) was also considered among the empirical research models.

Since the high degree of methodological similarity was only apparent across the wide
range of papers, and the study goals are similar, the comparability of the results is limited.
Review articles may support further research. A comprehensive review by Lo et al. (2024)
confirmed a set of observational studies that used the TAM or UTAUT models. Although
the present study uses a different approach and framework model for empirical analysis,
the research design considered the constructs and questions of other models.

The positive impact on performance and academic progress of accepting and using
ChatGPT is emphasized, in some models entitled learning value (Al-Maroof et al., 2024,
2024; Alshammari & Alshammari, 2024; Ayoubi, 2024; Foroughi et al., 2024; Salloum et al.,
2024b; Tang et al., 2025). In addition to the effort required, user expectations must be
considered a primary influencing factor in understanding the reasons. A core element of
the framework models is the behavioral intention, which describes the willingness of a
person to use or continue using the system, as self-declared by the person concerned (Ajzen,
1991). Efforts to use the system, expected benefits, habit, social influence, facilitating
conditions, and personal factors, such as attitudes and trust, are often used to explain
behavior depending on the framework model (Venkatesh et al., 2003; Isaias & Issa, 2015).
However, the studies confirm the usability of ChatGPT; there is no general agreement on
the effect of the factors. The information system view of ChatGPT use may bring bridging
results in understanding the influencing factors.
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2.1.2. Effort Expectancy and Perceived Ease of Use

Effort expectancy in the UTAUT model and perceived ease of use in the TAM model
refer to the degree of ease with system use. Papagiannidis (2022) suggested this factor is
expected to become insignificant when extended use of technology is reached. Although
GenAI is not an old technology, it has spread quickly, as reflected in the varied results
of related research reports. Tang et al. (2025) emphasized the positive impact of effort
expectancy on the learning value.

Significant effects of effort expectancy on intention to use ChatGPT were reported
in many countries, such as Nepal and the United Kingdom (Budhathoki et al., 2024),
Malaysia (Supianto et al., 2024), Uganda (Namatovu & Kyambade, 2025), China (Hoi
et al., 2023; Shahzad et al., 2024; X. Xu & Thien, 2025; Zhao et al., 2024), and in Indonesia
(Habibi et al., 2023).

The similar construct, perceived ease of use, was found significant in this relation in
China (Cao et al., 2023; Qu & Wu, 2024), Peru (Al-Abdullatif & Alsubaie, 2024), Jordan
(Alshurideh et al., 2024), UAE (Salloum et al., 2024a), and Sri Lanka (Sabraz Nawaz et al.,
2024), while Tiwari et al. (2023) found the opposite in Oman.

At the same time, contradictory findings exist in the literature. Ngo et al. (2024)
emphasized the missing effect on satisfaction. Liu and Ma (2024) found that perceived
ease of use affects attitude indirectly, through perceived usefulness. Alshammari and
Alshammari (2024) found that perceived ease of use significantly affects satisfaction with
the software, but not the intention to use, while Hasanein et al. (2024) reported the opposite.
Niloy et al. (2024) argued that technical knowledge is not needed to use generative AI
software. A different conclusion was drawn by Salifu et al. (2024), Alshammari and
Alshammari (2024), Surya Bahadur et al. (2024), and Zhao et al. (2024).

2.1.3. Performance Expectancy and Perceived Usefulness

Performance expectancy in the UTAUT models refers to the beliefs of a person that
technology or the system helps to achieve better performance (Venkatesh et al., 2003). It
is adopted from the perceived usefulness in the TAM model (Davis, 1989), enhancing
the attitudes interpreted by the behavioral models. These constructs are often linked to
behavioral intention and actual use, and most studies report significant effects. Tang et al.
(2025) confirmed its effect on learning value, and Namatovu and Kyambade (2025) revealed
the significant influence of performance expectancy on adoption.

In contrast, Maheshwari (2024) found that the effect of perceived usefulness on in-
tention to use in Vietnam was not significant; however, the conclusion was based on a
relatively small sample. Surya Bahadur et al. (2024) found that neither effort expectancy
nor performance expectancy had a significant impact. Alshammari and Alshammari (2024),
as well as Zhao et al. (2024) emphasized the significant role of the perceived usefulness
through the satisfaction of the respondents.

2.1.4. Habit

Habit refers to performing a form of behavior automatically (Venkatesh et al., 2012).
Among the additional influencing factors of use or the intention to use ChatGPT, habit
was identified as significant by Namatovu and Kyambade (2025), Sabraz Nawaz et al.
(2024), and Strzelecki (2024). Furthermore, use was found to be significantly affected by
satisfaction as reported by Ngo et al. (2024). Besides performance expectancy, habit was
found to be the strongest predictor of behavioral intention (Faraon et al., 2025), and it was
found to be a significant predictor by most studies in the review. Based on the PLS-SEM
results, Foroughi et al. (2024) concluded that habit does not affect ChatGPT use, but the
fsQCA analysis suggested that combining habit with other factors has a notable impact.
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2.1.5. Hedonistic Motivation

Another construct introduced to the framework models is hedonic motivation, which
refers to the “fun or pleasure” associated with using the system (Venkatesh et al., 2012).
The positive significant effect of hedonic motivation on the intention to use ChatGPT was
emphasized by Faraon et al. (2025), Habibi et al. (2023), Sabraz Nawaz et al. (2024), and Cai
et al. (2023), while it was rejected by Surya Bahadur et al. (2024). Habibi et al. (2023) found
hedonic motivation to be the most dominant influencing factor of behavioral intention.

2.1.6. Facilitating Conditions

Facilitating conditions refer to the support of system use (Venkatesh et al., 2003).
It is the most counterfactual and diverse construct in the studies, with varying results.
Facilitating conditions seem to be a kind of container for the genuine explanatory factors
of intention to system use in research models. However, the opposite was hypothesized
in the UTAUT model (Venkatesh et al., 2003), and it was found that facilitating conditions
have an impact only on use (Venkatesh et al., 2012). The effect of facilitating conditions on
use was emphasized by Habibi et al. (2023) and Strzelecki (2024), on intentions by Sabraz
Nawaz et al. (2024) and Supianto et al. (2024), on satisfaction by Ngo et al. (2024), and on
attitudes by Duong (2024). No significant effect was found by Foroughi et al. (2024), Surya
Bahadur et al. (2024), Hasanein and Sobaih (2023), and Tang et al. (2025) on their outcome
factors investigated.

2.1.7. Social Influence

Social influence refers to the impact of other influential individuals on the decision to
use the system. (Venkatesh et al., 2003) found that the effect of social influence is significant
when the use of technology is mandated. Among the investigated papers, the positive effect
of social influence on the intentions or use was confirmed by Alshammari and Alshammari
(2024), Budhathoki et al. (2024), Changalima et al. (2024), Jang (2024), Namatovu and
Kyambade (2025), and Supianto et al. (2024). It was rejected by Foroughi et al. (2024), and
Tang et al. (2025). Hasanein and Sobaih (2023) found that social influence affects intention
but not use. Duong (2024) confirmed its effect on attitudes and trust in the system.

The partially different results on the influencing factors derived from the TAM or
UTAUT models suggest considering another approach for building a framework model.
The authors turned to the information system view.

2.2. DeLone and McLean Information Systems Success Model

Since information technology (IT) has become a fundamental pillar of modern orga-
nizations (Isaias & Issa, 2015), concerns about its effectiveness are evident. Ultimately,
user perceptions and feedback are crucial for system development, as they significantly
contribute to an organization’s success or failure. The model established the analysis of
temporal and causal relations or the systematic examination of information systems (Sed-
don et al., 1999). Later, attempts were made to combine information systems, technology
acceptance, and behavioral views (Abdul Wahi & Berényi, 2023; Zaied, 2012).

The DeLone and McLean Information Systems Success model (DM model) can be
considered a master model in the field of information systems. The first model validated
for e-commerce success included six factors (DeLone & McLean, 1992). An updated model
(DeLone & McLean, 2003) reorganized the original model and expanded its scope to include
new aspects. The interpretation of the constructs can be summarized as follows (based on
DeLone & McLean, 2003):

• Information quality refers to the content issues.
• System quality refers to the desired and valued characteristics of the system.
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• Service quality (a new construct in the updated model) refers to the support provided
for effective and desired use of the system.

• Use refers to the transactions made by the system.
• User satisfaction refers to personal opinions and impressions about the system in

any sense.
• Net benefit (a new construct, replacing individual and organizational impact) refers to

the most important success measures, including both positive and negative, personal
and organizational impacts of the system use.

A scientometric review of 511 publications between 2003 and 2021, conducted by
Pushparaj et al. (2023), reported remarkable growth in the model adaptation in business
and economics, information science fields, and the appearance of the model in educational
relations as well. The remarkably high citation count for the paper presenting the updated
model (DeLone & McLean, 2003), along with the fields of the citing papers, confirms the
applicability of the information system success approach. Based on the Scopus database (as
of 23 August 2025), the paper has received 8649 citations. Checking the keywords of these
papers, health care system applications (“health” is mentioned 2080 times, and “medical”
819 times), and education are the most popular (“learning is mentioned 1896 times, “educa-
tion” 996 times, and “e-learning” 835 times). Structural equation modeling is a key method
for DM model applications. The expressions referring to the application of the PLS-SEM
method were found in 1309 papers. These indicators underline the broad applicability of
DeLone and McLean’s framework model.

Despite ChatGPT not being a traditional information system, it is worth turning to the
information system approach, as the quality of information provided by ChatGPT is critical,
and potential misunderstandings and problems can be traced back to system design and
user unpreparedness. The original DM model (Chu, 2023), joint application of different
models (Marjanovic et al., 2024; Thongsri et al., 2025), and limited scope (Duong et al., 2024)
models can be found among the related research.

3. Materials and Methods
3.1. Framework Model and Hypothesis Development

The research framework model (Figure 1), which was designed to investigate the
research question of whether ChatGPT contributes to the success of higher education
studies, is based on the DM model. The latent variable constructs of the DM model were
kept, but the path structure needed some modifications. The original model includes
bidirectional paths, which are not permitted under the rules of PLS-SEM (Hair et al.,
2022). Between use and satisfaction, the research model emphasizes that experience gained
through use will have an impact on satisfaction with the system. Moreover, intention to
use and actual use are not separated, as objective data collection about use was not feasible.
A study in this field (Chu, 2023) omitted the construct of use or intention; however, for the
purposes of this article, this approach was not suitable.

The statistical analysis was conducted using IBM SPSS (Pallant, 2020) and SmartPLS 4
(Ringle & Becker, 2024) software. According to the procedure and threshold values of the
PLS-SEM model, the guidelines of Hair et al. (2022) were followed. The analysis employed
the path weighting scheme, using standardized results and default initial weights. The
bootstrapping procedure was performed with the bias-corrected and accelerated (BCa)
method with 5000 subsamples. The significance level in the study was 0.050.
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Figure 1. Research framework model.

Research hypotheses were formulated for the paths in the model as follows:

H1: Information quality (IQ) provided by ChatGPT has a positive impact on system use (USE).

H2: Information quality (IQ) provided by ChatGPT has a positive impact on user satisfaction (SAT).

H3: System quality (SQ) of ChatGPT has a positive impact on system use (USE).

H4: System quality (SQ) of ChatGPT has a positive impact on user satisfaction (SAT).

H5: Service quality (SeQ) of ChatGPT has a positive impact on system use (USE).

H6: Service quality (SeQ) of ChatGPT has a positive impact on user satisfaction (SAT).

H7: Use (USE) of ChatGPT positively impacts user satisfaction (SAT).

H8: Use (USE) of ChatGPT positively impacts the net benefits (NET).

H9: User satisfaction (SAT) positively impacts the net benefits (NET).

The survey items were adopted from former studies in the field (Table 1), including
behavior models where applicable, and marked the main sources of formulating the
statements. The tables and figures in Section 4 indicate the items and constructs by the
abbreviations noted in the table.

Table 1. Survey items with coding.

Construct Survey Item Code Question Based on

Information Quality (IQ)

IQ1 ChatGPT offers reliable information DeLone and McLean (2003)

IQ2 The information from ChatGPT is
useful and easy to understand DeLone and McLean (2003)

IQ3 Information from ChatGPT is in a
form that is readily usable DeLone and McLean (2003)

System Quality (SQ)

SQ1 Access to ChatGPT is good DeLone and McLean (2003)

SQ2 ChatGPT is user-friendly Strzelecki (2024)

SQ3 ChatGPT can help performing task
more quickly.

Budhathoki et al. (2024);
Venkatesh et al. (2012)
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Table 1. Cont.

Construct Survey Item Code Question Based on

Service Quality (SeQ)

SeQ1
I can find satisfactory guidance and

help to solve my problems in
using ChatGPT

DeLone and McLean (2003)

SeQ2 ChatGPT provides proper online
assistance and documentation DeLone and McLean (2003)

SeQ3
I know how to find solutions for

my problems about using
ChatGPT features

Strzelecki (2024)

Use (USE)

USE1 I frequently ask ChatGPT DeLone and McLean (2003);
Venkatesh et al. (2012)

USE2 I use ChatGPT for various
solving tasks Venkatesh et al. (2012)

USE3 I spend a lot of time with ChatGPT DeLone and McLean (2003);
Venkatesh et al. (2012)

Satisfaction (SAT)
SAT1 Using ChatGPT is enjoyable Strzelecki (2024)

SAT2 Using ChatGPT makes me satisfied
in general. Boubker (2024)

Net benefits (NET)
NET1 I think ChatGPT is useful for

my studies Strzelecki (2024)

NET2 ChatGPT is beneficiary for my
studies at all Strzelecki (2024)

3.2. Data Collection and Analysis

Data collection was conducted in 2024 among higher education students from Roma-
nian (Sapientia University) and Hungarian (University of Miskolc) institutions, using a
convenience sampling method. A voluntary online survey was designed to collect infor-
mation about students’ attitudes and behaviors related to GenAI use and their opinions
about ChatGPT, including items related to the framework model presented in this paper.
The respondents were asked to assess the statements with a 7-point scale.

The survey was distributed by a central message from the offices managing student
information systems. A total of 618 responses were collected. Since academic misconduct
can be considered in filling out surveys, which compromises the discriminant validity of
the dataset, it was filtered based on the standard deviation of the responses, and suspicious
respondents were excluded.

According to the inverse square root method (Hair et al., 2022, p. 26), the minimum
sample size is 155 at 5% significance level and pmin = 0.2 value of the path coefficient with
the minimum magnitude expected to be significant. Based on this guidance, the sample
size (n = 466 valid responses) was preliminarily deemed to be adequate. The model run
confirmed this assumption (pmin = 0.151, p = 0.014, related nmin = 272). The path coefficient
between SeQ and SAT was lower but not significant (pmin = 0.091, p = 0.053). 190 females
and 276 males were included. The mean age of the respondents was 23.63 years (standard
deviation = 6.911). As expected, younger respondents are in the majority (Figure 2), but the
research sample covers a broader target audience.



Educ. Sci. 2025, 15, 1464 9 of 20

Figure 2. Age distribution of the respondents.

4. Results
4.1. Structural Model Validation

The descriptive statistics for the survey items and the contribution to the model are
summarized in Table 2. The outer loadings and significance levels confirm that items
(loading < 0.708) are not significant, and the Variance Inflation Factor measures (VIF < 3 for
each item) do not indicate any multicollinearity issues in the model.

Table 2. Descriptive statistics of survey items, outer loadings, and VIF (based on SmartPLS output).

Mean Standard
Deviation

Excess
Kurtosis Skewness Outer

Loadings VIF

IQ1 3.788 1.404 −0.494 0.055 0.806 1.470
IQ2 4.794 1.444 −0.629 −0.314 0.862 1.762
IQ3 4.519 1.633 −0.814 −0.256 0.814 1.597
SQ1 6.036 1.332 1.677 −1.506 0.667 1.217
SQ2 5.088 1.450 −0.371 −0.561 0.818 1.364
SQ3 5.406 1.542 −0.349 −0.759 0.830 1.399
SeQ1 4.745 1.645 −0.663 −0.426 0.846 1.666
SeQ2 4.468 1.453 −0.503 −0.243 0.799 1.316
SeQ3 4.457 1.776 −0.836 −0.350 0.781 1.595
SAT1 4.215 1.616 −0.696 −0.287 0.876 1.464
SAT2 4.863 1.502 −0.197 −0.619 0.892 1.464
USE1 3.560 1.884 −1.112 0.231 0.902 2.466
USE2 4.481 1.988 −1.193 −0.291 0.868 1.903
USE3 2.667 1.660 −0.187 0.852 0.841 1.925
NET1 4.764 1.732 −0.823 −0.396 0.916 2.053
NET2 4.245 1.868 −0.996 −0.208 0.936 2.053

The reliability of the latent variable constructs is acceptable (Table 3). Cronbach’s alpha
value of SQ is below the threshold value of 0.700, but the AVE is greater than 0.500. The
authors attempted to include additional items related to SQ, as it can improve Cronbach’s
alpha; however, any such efforts had an unfavorable effect on AVE and model fit indices
as well.
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Table 3. Reliability statistics (based on SmartPLS output).

Cronbach’s
Alpha

Composite
Reliability (rho_a)

Composite
Reliability (rho_c)

Average Variance
Extracted (AVE)

IQ 0.770 0.773 0.867 0.685
SQ 0.670 0.698 0.818 0.601
SeQ 0.739 0.751 0.850 0.655
SAT 0.720 0.723 0.877 0.781
USE 0.841 0.846 0.904 0.758
NET 0.835 0.845 0.923 0.858

The discriminant validity of the model is assured based on the Fornell-Larcker criteria
(Fornell & Larcker, 1981), the square roots of the AVE exceed the correlation values with
other constructs for each latent variable (Table 4), ensuring convergent validity. Heterotrait–
monotrait ratio (HTMT) analysis (Henseler et al., 2015) also confirms the model, as the
values do not exceed the threshold value of 0.900 (Table 5).

Table 4. Fornell-Larcker criteria (based on SmartPLS output).

IQ NET SAT SQ SeQ USE

IQ 0.828
NET 0.571 0.926
SAT 0.622 0.698 0.884
SQ 0.632 0.556 0.578 0.775
SeQ 0.463 0.399 0.480 0.513 0.809
USE 0.469 0.723 0.634 0.494 0.449 0.871

Table 5. Heterotrait–monotrait ratio (HTMT) analysis (based on SmartPLS output).

IQ NET SAT SQ SeQ

NET 0.713
SAT 0.832 0.895
SQ 0.863 0.725 0.816
SeQ 0.598 0.495 0.635 0.731
USE 0.583 0.856 0.813 0.640 0.565

The most important fit indicator (Henseler et al., 2015), the Standardized Root Mean
Square Residual (SRMR = 0.073), suggests an acceptable model fit, as it is lower than the
threshold value of 0.08. Other fit indices for the saturated model, based on the SmartPLS
output, are d_ULS = 0.721, d_G = 0.356, and Chi-square = 1016.489. NFI = 0.727 does not
exceed the threshold value of 0.900. There is an acceptable model fit for the pilot study;
further data collection can improve fit indices.

4.2. Path Coefficients and Structural Model Assessment

The information quality (IQ), system quality (SQ), and service quality (SeQ) constructs
explain 32.1% of the variance (R2) of use (USE) and 56.1% of the variance in satisfaction
(SAT). The variance explained for the benefits (NET) is 6.1.9%. The results can be consid-
ered to have moderate explanatory power, but in the case of NET, the value is close to
substantial (R2 > 67%). Figure 3 shows the model run results, including the outer loading
with significance levels for the measurement model, as well as the path coefficients with
significance levels for the structural model.
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Figure 3. Path analysis results (SmartPLS output).

All factor loadings in the model are significant (p < 0.050), and the path coefficients are
acceptable, except for the SeQ → SAT relation (p = 0.053).

According to effect size (f2) (Cohen, 2013), a large (f2 ≥ 0.35) effect was not found.
The most considerable effect was measured, close to the threshold value, between
USE → NET (0.345). A further medium effect size was found (0.35 > f2 ≥ 0.15) between
SAT → NET (0.251) and between USE → SAT (0.216). Low effect size (0.15 > f2 ≥ 0.02) was
found between IQ → SAT (0.120), IQ → USE (0.037), SeQ → USE (0.053), SQ → SAT (0.027),
SQ → USE (0.048). The effect size between SeQ and SAT (f2 = 0.013) is not considerable.
Path coefficients and the significance test results are presented in Table 6 for hypothesis
testing, and Table 7 shows the total and indirect effects.

The path direction between USE and SAT constructs was a research decision to inves-
tigate whether the experience gained from using ChatGPT contributes to higher enjoyment.
The DM model (DeLone & McLean, 2003) assumed a mutual relationship between them.
To check the SAT → USE direction, the trial model was created for testing the effect. Not
remarkably affecting other indicators or outputs of the model, the result shows a significant
(p = 0.000) path coefficient (0.476) that is higher than in the USE → SAT direction (0.374).

Table 6. Path coefficients and effect size for hypothesis testing (based on SmartPLS output).

Path Path Coefficients p f2 p Decision

IQ → USE 0.210 0.000 0.037 0.071 H1 supported, but the effect size is not significant
IQ → SAT 0.309 0.000 0.120 0.005 H2 supported
SQ → USE 0.245 0.000 0.048 0.036 H3 supported
SQ → SAT 0.151 0.014 0.027 0.252 H4 supported, but the effect size is not significant.

SeQ → USE 0.226 0.000 0.053 0.025 H5 supported
SeQ → SAT 0.091 0.053 0.013 0.378 H6 supported, but the effect size is not significant
USE → SAT 0.374 0.000 0.216 0.001 H7 supported
USE → NET 0.469 0.000 0.345 0.000 H8 supported
SAT → NET 0.400 0.000 0.251 0.000 H9 supported



Educ. Sci. 2025, 15, 1464 12 of 20

Table 7. Total effects and indirect effects (based on SmartPLS output).

Total Effect p Total Indirect Effect p

IQ → USE 0.210 0.000
IQ → SAT 0.387 0.000 0.078 0.000
IQ → NET 0.254 0.000 0.254 0.000
SQ → USE 0.245 0.000
SQ → SAT 0.243 0.000 0.092 0.001
SQ → NET 0.212 0.000 0.212 0.000
SeQ → USE 0.226 0.000
SeQ → SAT 0.176 0.000 0.084 0.000
SeQ → NET 0.176 0.000 0.176 0.000
USE → SAT 0.374 0.000
SAT → NET 0.400 0.000
USE → NET 0.619 0.000 0.150 0.000

4.3. Frequency of ChatGPT Use by Age Categories

The frequency of ChatGPT use (USE1) was relatively low, with a high standard
deviation. Figure 4 presents the distribution of responses (higher values on the seven-point
scale indicate more frequent use) by age category. Younger respondents are more frequent
users, but a mixed picture is found among them. In the period since data collection, a
probable increase in frequency of use can be assumed according to ChatGPT based on the
usage statistics available on the Internet (see, e.g., https://www.allaboutai.com/resources/
how-many-people-use-chatgpt-daily (accessed on 22 August 2025)), and numerous GenAI
services have been launched (Clark et al., 2025).

Figure 4. Distribution of the responses to “I frequently ask ChatGPT” (USE1) item by age categories.

4.4. Perceived Benefits of Using ChatGPT by Age Categories

In relation to the research question of the study, the net benefits (NET) construct was
limited to the benefits and usefulness of ChatGPT for the students’ higher education studies.
The results by age (Figure 5) suggest a similar opinion among students about the beneficial
nature of ChatGPT, except for the respondents aged between 21 and 23 years (who are
presumably completing master-level studies), with a higher confidence in ChatGPT.

https://www.allaboutai.com/resources/how-many-people-use-chatgpt-daily
https://www.allaboutai.com/resources/how-many-people-use-chatgpt-daily


Educ. Sci. 2025, 15, 1464 13 of 20

Figure 5. Distribution of the responses to “ChatGPT is beneficiary for my studies at all” (NET2) item
by age categories.

5. Discussion
5.1. Evaluation of the Findings

The statistical analysis confirmed the applicability of the DM model for assessing
ChatGPT use. Among the influencing factors, information quality (IQ) has the strongest
effect on intermediate constructs, primarily affecting satisfaction (SAT). That construct
was strongly recommended by DeLone and Mclane (DeLone & McLean, 2003) as a critical
dimension, which is confirmed by this study.

System quality (SQ) reflects the highest level of user satisfaction, as indicated by the
mean values of the survey items (Table 1). This dimension primarily influences actual use,
with a path coefficient of 0.245.

Service quality (SeQ) is the most challenging factor to understand since the service
provided by ChatGPT itself is about that. The technical use of ChatGPT is not at all
overcomplicated for one who has ever used search software. The weak results of the
analysis can be explained by the fact that such a service is not required for students, or
that they do not know what to expect. That should not be confused with the reliability of
the responses.

Information quality was found to be the most important predictor of enjoying the
usefulness of ChatGPT through the satisfaction of the students. The experience with the
results of the system improves user satisfaction. At the same time, the indirect impact
suggests that there are other influencing factors behind it. According to the information
system view, system quality offers a limited contribution to the understanding of such
factors, while service quality was found to be insignificant. The results provide insight into
the motivations for using ChatGPT, highlighting the significant relationships between use,
satisfaction, and benefits. However, they also point out the need for further research.

The personal judgment on the validity of information provided by ChatGPT may be
very limited (Adel & Alani, 2025; Cong-Lem et al., 2024). At the same time, service quality
is not a significant contributor to satisfaction or use, which can be explained by the uniform
use of the search engine, which is an illusion. The limited knowledge also means that
people may not know how to ask questions to ChatGPT (Son et al., 2025; Torkestani et al.,
2025); the way of thinking in processing the questions still differs from that of humans.

The results align with the findings of (Salloum et al., 2024b) about how information
quality and system quality primarily determine ChatGPT use, in their study focusing on
ChatGPT-integrated learning platforms. Beyond information and system quality, the effect
of service quality on satisfaction and benefits was confirmed by Chu (2023). The present
study did not find a significant effect of service quality on satisfaction. H.-J. Chen et al.
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(2024) investigated the impact of the quality factors on satisfaction and confirmed the
effect of information and service quality. They found that satisfaction predicts continuous
intention to use ChatGPT, which is consistent with the finding in this paper about the
significant effect of satisfaction on net benefits.

Few studies deal with the use of ChatGPT based on the DM model for any purpose.
Chu (2023) examined the topic in business environment, concluding that service quality is
the most important explanatory factor of satisfaction (path coefficient = 0.451, p = 0.000),
and both system quality (path coefficient = 0.254, p = 0.000) and information quality (path
coefficient = 0.254, p = 0.000) had a significant effect on satisfaction with high variance
explained (R2 = 65.4%) similarly to our study (R2 = 56.1%). The role of service quality was
found to be contradictory among higher education students, which can be explained by
the fact that universities tended to prohibit and restrict the use of ChatGPT for educational
purposes during the survey period.

Duong et al. (2024) used a limited model including information quality, service quality,
and satisfaction with polynomial regression analysis. A direct comparison of the results is
not feasible, but similarly to our results, their model reported a significant coefficient in the
case of information quality (ß = 0.228, p < 0.001) and service quality (ß = 0.056, p = 0.472),
but a low explanatory power (adjusted R2 = 0.187).

Thongsri et al. (2025) used a joint model to explore the influencing factors of students’
behavioral intention to use ChatGPT, including the DM model factors. Their findings are
in line with the present study, as they found information quality (path coefficient = 0.055,
p < 0.001) and system quality (path coefficient = 0.567, p < 0.001) to be significant influencing
factors of the intention. Their model had a high explanatory power (R2 = 65.0%); however,
it covers the impact of personal factors as well.

Marjanovic et al. (2024) emphasized the impact of system quality on use (path co-
efficient = 0.45, p < 0.001, R2 = 21%) and satisfaction (path coefficient = 0.70, p < 0.001,
R2 = 53%), in line with the present results. Similarly, satisfaction is the main predictor of
net benefits (path coefficient = 0.81, p < 0.001, R2 = 63%).

5.2. Hypothesis Testing

According to the hypothesis formulated for the DM model paths, most of them can be
accepted (Table 6), and the following statements can be formulated:

• The information quality provided by ChatGPT has a significant positive effect on
system use; however, the effect size is small and not statistically significant (H1).
Information quality primarily affects user satisfaction with ChatGPT (H2).

• ChatGPT system quality has a significant positive effect on use (H3) and satisfaction
(H4), among which the effect size on use is significant.

• Service quality related to ChatGPT affects the use of the software (H5), but satisfaction
is not affected significantly (H6).

• The use of ChatGPT has a significant positive impact on user satisfaction (H7), and the
reverse direction is also experienced.

• ChatGPT’s beneficial nature is explained by use (H8) and user satisfaction (H9).

6. Conclusions
6.1. Main Contributions

The findings of the study confirmed previous results regarding the broad and high-
level acceptance of ChatGPT among higher education students and the applicability of the
DM model for the analysis of this system. Based on the analysis of 466 valid responses
from higher education students, information quality and system quality have a significant
impact on use and satisfaction, while service quality has a marginal impact, suggesting



Educ. Sci. 2025, 15, 1464 15 of 20

a different picture compared to corporate applications. The results revealed that higher
education students like using ChatGPT, and user satisfaction is the strongest influencing
factor of the net benefits. A practical implication derived from the negligible effect of
service quality is that targeted education and training are required.

Overall, the research contributes to a deeper understanding of the application of Gen
AI in higher education and provides a basis for developing a comprehensive model for
international comparison.

The framework model and the results are considered a pilot study in the field. Given
the limited number of studies focusing on the information system view of ChatGPT use,
this approach can serve as a bridge for future model building to manage competing results
with personal influencing factors.

6.2. Further Research

Due to the similar trends in the results despite the different framework models used,
the additional influencing factors involved, and the wide variety of survey items, the
theoretical implication of the study is the need for a common framework model. The DM
model can serve as an initial framework retaining information quality, and the approach
to separate (intention) use, satisfaction, and benefits. UTAUT2 (Venkatesh et al., 2012)
and TAM2/TAM3 (Venkatesh & Bala, 2008) models are considerable since they include a
large number of explanatory factors. Habit, hedonistic motivations, and literacy may be
relevant constructs.

Moreover, while incorporating personal and social influences is certainly important,
attempts to measure them in previous studies have yielded inconsistent or scattered results.
Assuming that the latent variable construct aims to explore similar phenomena, the lesson
can be drawn that users’ expectations regarding the service of ChatGPT are confirmed to
predict the intention to use it, while the impact of the efforts needed may depend on other
factors. Attitudes (Zhao et al., 2024), satisfaction (Tang et al., 2025), or motivation (Salloum
et al., 2024a) can play a relevant role in further investigations.

Methodologically, the bi-directional relationship between use and satisfaction could
not be captured in a single PLS-SEM model; the trial model suggested a mutual relationship
between them. Developing a CB-SEM model with enhanced data collection could further
investigate the issue.

6.3. Need for Policy Making

An important lesson from the study is the urgency of policymaking. That cannot
be just an administrative task to be checked off. The rapid spread of ChatGPT and other
GenAI models, along with the significant uncertainty surrounding their use, raises the need
for policy development. The role of higher education institutions is particularly important
in the ethical and effective use of GenAI, as they prepare students for their future work
and support scientific research. The pace of the development of technology exceeds the
response time of policymakers; there is a pressing need for balanced regulation (Dempere
et al., 2023). According to the review by Batool (Batool et al., 2025), the objective of the
related regulation can be the data and/or the system, the responsibility for governing
AI issues can be organizational, national, and international, and the way of governance
can be ethical (in the forms of principles, policies, and guidelines), frameworks, models,
and tools. Since experience with GenAI systems lags behind other issues in terms of time,
cautious approaches and attempts with different approaches are understandable. The
results, based on the information system view of ChatGPT, suggest that data-oriented
policies may be expedient for higher education institutions because information quality
significantly affects student satisfaction. The objective of the regulations must focus on
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the tasks to be performed (learning, research, writing), while broader policies describe the
options for action. The rapid development of systems makes system-oriented regulations
unnecessary, and this is also confirmed by the study results. Considering GenAI as a tool
for performing better, supplementing existing regulations for such tasks is purposeful to
avoid conflicting provisions. The goal of co-participation of GenAI in education (Nasr et al.,
2025) may be achievable and acceptable that Quality management experts can effectively
support this process. In addition, a highlight of the ethical principles is necessary to help
perform the related educational, training, and communication activities. Regarding the
responsibility of principles and guidelines, it must extend beyond the walls of universities,
as the quality of their output is valued by external partners. Local application of PLS-SEM
analysis supports the clarification of details.

6.4. Limitations

Although the authors strove to conduct a thorough and comprehensive analysis at
both theoretical and empirical investigations, the interpretation of the results has some
limitations. Although a large sample was available, it was limited to higher education
students, and the representativeness is not assured by any aspect. The source of the data is a
self-administered online questionnaire, so issues of misunderstanding and misconduct can
be expected, despite screening the database. The PLS-SEM method was employed; future
research must aim for a CB-SEM analysis as well as the fsQCA method after more extensive
data collection. Based on the limited experience with using the DM model for GenAI
systems, the results are considerable, making this a pilot study for mode development.
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