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Abstract: The application of generative artificial intelligence in the field of education has been
receiving increasing attention, with the performance of chatbot ChatGPT being particularly prominent.
This study aims to explore in depth the performance impact on higher education students utilizing
ChatGPT. To this end, we conducted a survey on 448 university students and employed the partial-
least squares (PLS) method of structural equation modeling for data analysis. The results indicate that
all eight hypothetical paths posited in this study were supported, and surprisingly, the hypothesis
that technology characteristics have a direct effect on performance impact was supported. Moreover,
the study found that overall quality is a crucial factor determining performance impact. Overall
quality indirectly affects performance impact through task-technology fit, technology characteristics,
and compatibility, among which the mediating effect of compatibility is most significant, followed by
technology characteristics. This study offers practical recommendations for students on the proper
use of ChatGPT during the learning process and assists developers in enhancing the services of the
ChatGPT system.

Keywords: generative artificial intelligence; higher education; ChatGPT; overall quality;
performance impact

1. Introduction

At present, technological advancements represented by artificial intelligence (AI) are
reshaping the world in various ways [1–3]. Generative artificial intelligence (GAI), an
essential branch of AI, focuses on responding to user needs by rapidly generating content
such as text, images, videos, and code [4], aiming to develop machines capable of mimicking
human reasoning and actions [5]. Currently, GAI has had a profound impact in areas such as
tourism [6], medicine [7], and accounting [8], and it has inevitably revolutionized teaching
models and learning methods in the field of education [9–12]. Further research indicates
that GAI can reform teaching models in management education [13], language education [9],
nursing education [14], etc., thus enhancing students’ learning experience. Concurrently,
the study by Yilmaz and Yilmaz [15] suggests that utilizing GAI systems like ChatGPT in
education promotes students’ learning processes and outcomes. Furthermore, the GAI
system, by analyzing students’ learning data and patterns, can provide individualized
learning support for each student, which dynamically adjusts the content and difficulty of
learning [12], thereby better addressing the evolving educational needs of students and
promoting sustainable educational development. It is evident that GAI, as an auxiliary
teaching tool, holds significant application value within the educational domain.

ChatGPT, developed by OpenAI, is one of the highly intelligent and intuitive gen-
erative artificial intelligence (GAI) systems. During its pre-training phase, it collects and
learns from a vast array of data resources including books, articles, and websites [16],
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enabling it to nearly naturally comprehend and respond to complex requests [17]. As an
AI-driven chatbot, ChatGPT serves as a digital assistant, answering questions, providing
explanations, and generating learning materials [18], thereby strongly supporting inno-
vation and development in the field of education [19–21]. For instance, Sánchez-Ruiz,
Moll-López [4] explored ChatGPT’s potential impact on blended learning methodologies
in mathematics education, highlighting its guidance role in students’ problem-solving
processes; Bitzenbauer [22] demonstrated how to employ ChatGPT in secondary physics
education to enhance students’ performance through practical examples; Keiper, Fried [23]
discussed the diverse applications of ChatGPT in physical education, such as thematic
debates, information retrieval, and quiz testing, Wollny, Schneider [24] suggest that Chat-
GPT can play a “guiding” role in education, directing students’ learning growth, aiding in
the cultivation of lifelong learning skills, and thereby advancing sustainable educational
development; additionally, some studies have affirmed the utility of ChatGPT from an
academic writing perspective [25–27]. However, like all new technologies, the application
of ChatGPT is a double-edged sword [28], with some scholars expressing skepticism and
concern regarding its use in educational settings [29–31]. Nonetheless, the numerous bene-
fits that the application of ChatGPT brings to education are undeniable [18], and it has the
potential to become a reliable auxiliary learning tool for teachers and students alike [32].

Although a substantial number of scholars have explored the potential applications
and challenges of ChatGPT in the educational field, there remains limited understanding
among students, who are one of the main stakeholders in the educational process, regarding
their acceptance and usage of this new technology [20]. Furthermore, there is no definitive
conclusion about how this technology might affect students’ academic performance. Schol-
ars such as Foroughi, Senali [18] conducted an in-depth investigation of the motivating
factors for students using ChatGPT through the UTAUT2 model, identifying performance
expectancy as one of the key factors. Notably, students’ performance impact reflects the
completion of their learning tasks, and a higher performance impact can enhance learning
efficiency [33], indicating that the tools they are using are positively effective. Research by
Butt, Mahmood [34] emphasizes that the higher the overall quality of an online learning
system in terms of usability, flexibility, accuracy, and feedback, the more likely students
using the system will find it aligned with their values, needs, behaviors, and lifestyles
(i.e., having high compatibility), thereby contributing to improved learning performance.
Additionally, many scholars have pointed out that the higher the overall quality of a new
technology, the more it reflects the users’ willingness and mode of use [35,36], and a tech-
nology’s overall quality can influence its performance impact through mediating factors
such as task-technology fit and compatibility [34].

From the aforementioned literature, the role of GAI in education is becoming more and
more important. It is clear that the adoption of ChatGPT can offer diverse assistance in the
field of education. For the sustainable development of higher education, it is necessary to
study the application of GAI systems such as ChatGPT in higher education at this stage and
consider the performance impact on students during its usage. However, research related
to the effect of using ChatGPT on students’ learning performance in education remains
notably limited. Therefore, this study emphasizes that defining the specific usage scenarios
of ChatGPT by students in higher education, as well as its impact on learning performance,
is crucial for understanding the future application trajectory and development prospects
of this technology. The aim of this research is to further explore and analyze the various
influencing factors when students use ChatGPT as a supplementary learning tool in their
educational process. By more accurately assessing the educational value of ChatGPT, this
study intends to provide strong empirical support and practical recommendations for its
effective utilization and practical implementation within the education field.
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2. Theoretical Framework and Research Hypotheses
2.1. ChatGPT in Education

Emerging GAI educational tools have introduced novel opportunities for the digital
transformation in the field of education [37] and have become one of the tangible means to
enhance the efficacy and sustainability of learning systems [38]. These GAI educational
tools seamlessly integrate knowledge from multiple disciplines with various types of
technologies. They can learn from data through classification, prediction, and generation,
subsequently assisting students in completing tasks, making judgments, and tailoring indi-
vidualized learning paths based on students’ capabilities [39,40]. During this process, GAI
educational tools can evaluate the effectiveness of students’ learning, such as the creativity
demonstrated in artistic activities [41] and the depth of understanding of fundamental
chemical concepts [42]. They can help students in identifying and rectifying gaps in their
knowledge, laying a robust foundation for subsequent in-depth studies, thus promoting
the achievement of sustainable educational development objectives [38].

As one of the popular GAI educational tools, ChatGPT is a large language model
designed to respond to users’ follow-up questions, admit its mistakes, challenge incorrect
premises, and reject inappropriate requests [43]. The responses ChatGPT generates are
almost akin to human thinking [44]. With its strong interactivity, high realism, credibility,
and creativity, ChatGPT is capable of offering educational support such as personalized
instruction, assistance in optimizing writing, language translation, interactive learning, and
adaptive learning [45]. Beyond the students, teachers can leverage ChatGPT to some extent
to alleviate their workload.Terwiesch [46] demonstrated in an experiment using ChatGPT
for exam question design that the task, which usually takes 30 h to complete, can be done
in half the time with the help of ChatGPT. Therefore, ChatGPT can make teachers’ work
more efficient, allowing them more time to focus on curriculum innovation, professional
development, and to provide personalized tutoring for students [47].Students can enhance
their learning experience through ChatGPT’s personalized tutoring features [48]. The emer-
gence and rapid development of ChatGPT have subtly influenced the existing norms in the
field of education, with many educators viewing it as a potential game-changer for future
learning methods [18]. However, despite its evident advantages in education, ChatGPT has
also brought about various negative impacts and potential risks [49]. For example, some
research points to the misuse of ChatGPT in the scientific process, potentially leading to
academic misconduct such as fabrication and the spread of false information [19,50,51]. As
such, ChatGPT, as an emerging auxiliary tool in the field of education, has become one of
the widely discussed and controversial hot topics.

Some studies have noted that the majority of students hold a positive attitude towards
using ChatGPT, believing that it can effectively solve problems encountered during learning,
thereby enhancing learning efficiency, stimulating interest, and boosting motivation [52–54].
This study identifies four main reasons for this positive perception: First, ChatGPT, as
an online platform, allows students to break spatial and temporal constraints, enabling
access to learning information and resources at any time and place [16,55]. Second, with
its powerful information gathering and processing capabilities, ChatGPT can comprehend
students’ intentions and quickly provide comprehensive and valid information [16,56,57].
Furthermore, ChatGPT assists students in completing academic tasks such as quiz gener-
ation, language translation, text writing, code generation [29,58], and simplifies complex
scientific theories and concepts into understandable language, thus enhancing students’
comprehension and retention [2]. Lastly, ChatGPT’s interactive question-and-answer for-
mat offers users an experience akin to human conversation, making it more engaging and
interactive [2,5]. Students can receive immediate, personalized feedback in this ‘conversa-
tional’ interaction, enabling them to adapt their learning content on the fly, meet learning
needs, and promote the learning process [48].

In summary, this study posits that the benefits of using ChatGPT in the field of educa-
tion outweigh the drawbacks, significantly enhancing students’ learning performance [59].
The overall quality of ChatGPT impacts the performance of student learning through its
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technology characteristics, the fit between task and technology, and compatibility with
existing systems. Similarly, students’ learning performance is influenced by the system’s
technology characteristics, overall quality, task-technology fit, and compatibility. Therefore,
this study will propose a series of research hypotheses, and further validation will be
conducted by establishing a hypothetical model, as illustrated in Figure 1. The forthcoming
segment will delve into these suggested relationships with greater specificity.
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2.2. Overall Quality

Undeniably, since its inception, ChatGPT has become one of the hottest information
systems in the current market [45]. Overall quality is considered a critical indicator for mea-
suring the success and efficacy of an information system, showing a positive relationship
with system usage, and can be utilized to predict actual utilization [34,36,60]. DeLone and
McLean [61] initially posited that information quality and system quality were among the
dependent variables in the information system success model, individually or collectively
impacting system usage and user satisfaction. Later, the model was refined by DeLone and
McLean [62], including service quality. Nowadays, overall quality is widely perceived as a
second-order structure that encompasses system quality, information quality, and service
quality [63–65]. System quality aims to describe aspects such as usability, functionality, flex-
ibility, and interactivity of information systems [36,61,66], as Al-Obthani and Ameen [36]
pointed out that improving the system quality of smart government can increase the fre-
quency and duration of its use by employees; information quality is defined as the level
of the output content of information systems, such as accuracy, timeliness, organization,
and completeness [62,67], as Kim, Wang [65] showed through empirical research that con-
sumers (especially Chinese consumers) attach great importance to the information quality
of application systems, and the perception of information quality directly or indirectly
affects the use experience; service quality refers to the degree of support the information
system offers to users [66], including anytime-anywhere access, provision of multimedia
content, and real-time interactive feedback [68].

Previous scholarly research has revealed that overall quality has been employed to
explain students’ acceptance behavior towards various technologies or information sys-
tems in an educational context, exhibiting high explanatory power [63,68–70]. Additionally,
studies have found that overall quality can indirectly affect task-technology fit through
factors such as compatibility [34,35]. Task–technology fit is a composite of technological
characteristics, task characteristics, and individual characteristics [71], where technological
characteristics are inherent to the information system, and the remaining two vary with
individual differences. It is inferred that overall quality influences technological character-
istics and task–technology fit. Moreover, research by Isaac, Aldholay [35] has shown that in
higher education, the overall quality of online learning significantly impacts compatibility.
Wu and Wang [72] defined compatibility as the degree to which a new technology matches
user needs. If the new technology can meet user demands and align with their values,
i.e., exhibit high compatibility, it will help to fully unleash its potential [73]. Hence, this
study believes that ChatGPT’s overall quality has a significant effect on technological char-
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acteristics, task–technology fit, and compatibility. Accordingly, the following hypotheses
are proposed:

Hypothesis 1 (H1). Overall quality has a positive impact on technological characteristics.

Hypothesis 2 (H2). Overall quality has a positive impact on task–technology fit.

Hypothesis 3 (H3). Overall quality has a positive impact on compatibility.

2.3. Task–Technology Fit

Goodhue and Thompson [71] emphasized the importance of task–technology fit
(TTF) in explaining how technology impacts performance. As previously mentioned,
task–technology fit represents the alignment between task characteristics, individual char-
acteristics, and technology characteristics. Within this context, technology can be seen as
the tool employed by individuals to perform tasks, while the task is broadly defined as the
action through which an individual transforms inputs into outputs, with technology aiding
in the completion of this task [71]. Al-Emran’s research [74] further points out that if there
is a well-matched alignment between a system’s technological features and the students’
learning tasks, it would enhance the students’ acceptance and comfort in using the system.

In the field of education, task–technology fit (TTF) is one of the prevalent theories for
assessing online learning performance. Cheng [33], in a study of cloud-based online learn-
ing systems based on the TTF model, indicated that technology characteristics typically
refer to the ease of access to a technology or system, such as anytime-anywhere access,
uninterrupted communication, and convenient sharing and synchronization of materials.
Moreover, Cheng’s [33] empirical findings revealed that technology characteristics signifi-
cantly affect students’ perceived TTF, subsequently governing their learning outcomes.

Additionally, TTF has been found to influence the performance impact of technology or
systems across various studies in education, including learning management systems [75],
online learning usage within Yemeni higher education [35], and digital libraries [76]. Re-
search by Al-Rahmi, Shamsuddin [77], Alamri, Almaiah [3], Alyoussef [78], and Liu,
Yao [79] also demonstrates that TTF has a positive impact on students’ usage behavior. In
light of these analyses, this study posits that ChatGPT’s task–technology fit can influence
students’ learning performance, and technology characteristics, as an essential variable in
the TTF model, will also have an impact on students’ learning outcomes. Therefore, the
following hypotheses are proposed:

Hypothesis 4 (H4). Technology characteristics have a positive impact on task–technology fit.

Hypothesis 5 (H5). Task–technology fit has a positive impact on performance impact.

Hypothesis 6 (H6). Technology characteristics have a positive impact on performance impact.

2.4. Compatibility

The original concept of compatibility is defined as “the degree to which an innovation
is perceived as being consistent with the existing values, needs, and past experiences of
potential adopters” [80], and is often considered one of the fundamental premises for users
to adopt new information technology or new information systems [35]. In other words, in
the educational field, compatibility refers to learners’ perceptions of the benefits brought
by a technology or information system [81], and a high level of compatibility often leads to
better adoption [72].

Empirical research by Alamri, Almaiah [3] in the context of social networking appli-
cations within higher education has shown a positive correlation between compatibility
and task–technology fit. According to a study by Philemon, Chibisa [82], the compatibility
of the mathematics application software GeoGebra 5.0 had a significant positive impact
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on task–technology fit. Isaac, Aldholay [35] suggested that performance impact refers to
the extent to which information systems can improve work quality, i.e., enhancements
in students’ academic achievements. Previous research also indicates that compatibility
can influence students’ performance impact. For example, Akour, Al-Maroof [81] defined
compatibility as being aligned with learning objectives, satisfying student expectations,
and fitting student culture, stating that the more positive students’ perceived compati-
bility, the better their learning performance; in Taiwanese mobile learning, compatibility
is an essential determinant of learning performance [83]; in electronic learning systems,
compatibility positively moderated the relationship between system usage and learning
performance [84]; Arkorful, Barfi [85] defined compatibility as students’ belief that using
MOOCs system enhances their academic scores, finding it significantly affected their learn-
ing performance. In conclusion, this study posits that compatibility between ChatGPT
and students influences both task–technology fit and performance impact. Therefore, the
following hypotheses are proposed:

Hypothesis 7 (H7). Compatibility has a positive impact on task–technology fit.

Hypothesis 8 (H8). Compatibility has a positive impact on performance impact.

3. Methodology
3.1. Research Design and Questionnaire Design

In this study, we adopted well-established scales with high reliability and validity
from previous research and the source of scales is shown in Table 1. Based on the recom-
mendations of expert scholars, made appropriate revisions to some measurement items
to enhance their scientific rigor. Before formally administering the questionnaire, five
pre-test participants who met the criteria of this study were randomly invited to review
it. These participants were asked to assess whether they could fully understand all the
questions, and all the proposed misunderstandings were discussed with the pre-testers,
leading to modifications in the phrasing of the questions for better comprehension. The
questionnaire items used in this study were modified from scales validated in previous
research and were set in Likert’s 7-point style (with 1 as strongly disagree and 7 as strongly
agree). Reverse questions were designed in the questionnaire to check the validity of the
respondents’ answers, and the respondents’ focus was assessed through their response
times to differentiate valid questionnaires.

Table 1. Questionnaire items.

Construct Items Source

System quality

I believe that. . .

[35,64]

SYQ1: ChatGPT is easy to use.
SYQ2: ChatGPT is flexible and easy to interact with.
SYQ3: My interaction with Chat GPT is clear and easy to understand.

Information quality

ChatGPT provides. . .
IQ1: The latest knowledge.
IQ2: Accurate knowledge.
IQ3: Comprehensive knowledge.
IQ4: Systematic knowledge.

Service quality

I believe that. . .
SEQ1: ChatGPT has a good feedback speed.
SEQ2: ChatGPT is a multi-functional and well-trained language model, which can provide
code writing, language translation, text generation and other functions.
SEQ3: ChatGPT realizes interactive communication.

Compatibility

I believe that. . .
CO1: ChatGPT is consistent with my learning values.
CO2: ChatGPT adapts to my learning style.
CO3: ChatGPT can meet my needs.
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Table 1. Cont.

Construct Items Source

Technology characteristics

I believe that. . .

[33]TEC1: ChatGPT enables me to acquire knowledge and complete learning tasks anywhere.
TEC2: ChatGPT is able to access apps on mobile devices and present knowledge to me in an
appropriate way.
TEC3: ChatGPT shares the history of PC and mobile phone, so that I can view and learn
anytime and anywhere.

Task–technology fit

I believe that. . .

[33,35]TTF1: ChatGPT is suitable for helping me complete learning tasks.
TTF2: ChatGPT is necessary for my learning task.
TTF3: ChatGPT is integrated into all aspects of my learning.

Performance impact

I believe that. . .

[35]

PI1: ChatGPT helps me to complete the learning task faster.
PI2: ChatGPT has improved my academic efficiency.
PI3: ChatGPT helps me to review and eliminate errors in learning tasks.
PI4: ChatGPT helps me achieve my future learning goals.
PI5: ChatGPT helps me acquire new skills.

3.2. Data Collection

In this study, a total of 600 questionnaires were distributed in colleges and universities
through the online questionnaire platform, and 448 valid questionnaires were collected,
with an effective rate of recovery rate of 74.7%. Moreover, this study was conducted in
accordance with the guidelines of the Declaration of Helsinki and received ethical ap-
proval from the review committee of the Ministry of Social Science, Changshu Institute of
Technology. Informed consent was obtained from all participants, and all methods were
carried out in accordance with relevant guidelines and regulations. All the respondents
were confirmed have the experience of using ChatGPT before filling out the questionnaire.
The respondents’ demographics illustrated in Table 2. Among the respondents, there are
211 males, accounting for 47.1%, slightly less than females. There are 237 female respon-
dents, accounting for 52.9% of the total number of respondents. The age of respondents is
mainly concentrated in the range of 18–22 years old, with a total of 352 people, accounting
for 78.6%, in line with the age distribution characteristics of college and university student
respondents. Most of the respondents are sophomore or above, who have more experience
in learning and relatively more clear expectations about the use of ChatGPT.

Table 2. Descriptive analysis of respondents.

Sample Category Number Percentage (%)

Gender
Male 211 47.1

Female 237 52.9

Age 18–22 352 78.6
23–27 96 21.4

Grade

Frosh 43 9.6
Sophomore 80 17.8

Junior 141 31.5
Senior 158 35.3

Postgraduates 26 5.8

4. Results and Discussion

In this study, the PLS-SEM algorithm in SmartPLS 4 software (version 4.0.9.2) was used,
employing the weighted path scheme with a maximum of 3000 iterations and utilizing
default initial weights. Additionally, a non-parametric procedure known as bootstrapping
was applied, running 5000 samples, in order to determine the statistical significance of the
PLS-SEM results.
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4.1. Assessment of Measurement Model

In the assessment of the measurement models, construct validity and reliability were
rigorously employed. The reliability of all the core variables within this study’s measure-
ment scheme was ascertained through the evaluation of Cronbach’s alpha coefficients. As
shown in Table 3, each individual Cronbach’s alpha coefficient in this research ranged from
0.718 to 0.839, surpassing the recommended threshold of 0.7 [86]. Moreover, the composite
reliability (CR) values of constructs ranged from 0.841 to 0.888, exceeding the benchmark
of 0.7 [87]. Every item in this study demonstrated factor loadings above the recommended
value of 0.7. The value for every Average Variance Extracted (AVE) ranged from 0.608 to
0.697, surpassing the suggested threshold of 0.50 [88]. Consequently, all constructs have
satisfactorily met the criteria for convergent validity.

Table 3. Descriptive and measurement assessment results.

Constructs Items
Loadings α CR AVE

(>0.7) (>0.7) (>0.7) (>0.5)

System quality
SYQ1 0.796

0.759 0.861 0.675SYQ2 0.849
SYQ3 0.819

Information quality

IQ1 0.824

0.832 0.888 0.666
IQ2 0.771
IQ3 0.851
IQ4 0.816

Service quality
SEQ1 0.782

0.737 0.851 0.656SEQ2 0.845
SEQ3 0.802

Overall quality
(Second-order)

SYQ 0.826
0.783 0.874 0.697IQ 0.839

SEQ 0.841

Technology characteristics
TEC1 0.838

0.718 0.841 0.639TEC2 0.804
TEC3 0.754

Task–technology fit
TTF1 0.813

0.782 0.873 0.696TTF2 0.857
TTF3 0.832

Compatibility
CO1 0.855

0.771 0.868 0.686CO2 0.811
CO3 0.818

Performance impact

PI1 0.774

0.839 0.886 0.608
PI2 0.792
PI3 0.775
PI4 0.797
PI5 0.760

4.2. Assessment of Structural Model

In the present research, the outer loadings derived from various indicators on the con-
struct surpassed those of every cross-loading with additional constructs. Consequently, the
cross-loading criterion can be considered to have met the required standards, as illustrated
in Table 4. It is noteworthy that cross-loadings are commonly employed as the preliminary
step in assessing the discriminant validity of indicators [89].
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Table 4. Discriminant validity: cross loading.

SYQ IQ SEQ TEC TTF CO PI

SYQ1 0.796 0.370 0.455 0.388 0.342 0.383 0.320
SYQ2 0.849 0.492 0.461 0.373 0.376 0.414 0.400
SYQ3 0.819 0.468 0.437 0.389 0.416 0.379 0.405
IQ1 0.519 0.824 0.458 0.427 0.412 0.483 0.483
IQ2 0.423 0.771 0.395 0.383 0.407 0.460 0.447
IQ3 0.423 0.851 0.438 0.488 0.477 0.522 0.478
IQ4 0.399 0.816 0.498 0.475 0.482 0.525 0.453

SEQ1 0.447 0.397 0.782 0.403 0.358 0.468 0.384
SEQ2 0.439 0.494 0.845 0.511 0.418 0.573 0.511
SEQ3 0.449 0.441 0.802 0.446 0.383 0.485 0.431
TEC1 0.434 0.487 0.480 0.838 0.595 0.595 0.575
TEC2 0.386 0.398 0.472 0.804 0.471 0.497 0.526
TEC3 0.285 0.414 0.389 0.754 0.513 0.449 0.434
TTF1 0.434 0.470 0.518 0.613 0.813 0.582 0.615
TTF2 0.375 0.447 0.339 0.512 0.857 0.547 0.601
TTF3 0.336 0.443 0.325 0.521 0.832 0.492 0.581
CO1 0.383 0.530 0.547 0.530 0.551 0.855 0.583
CO2 0.402 0.495 0.501 0.538 0.534 0.811 0.525
CO3 0.403 0.490 0.516 0.542 0.532 0.818 0.571
PI1 0.393 0.410 0.522 0.532 0.680 0.557 0.774
PI2 0.378 0.410 0.457 0.472 0.535 0.543 0.792
PI3 0.329 0.457 0.412 0.452 0.504 0.509 0.775
PI4 0.330 0.444 0.311 0.474 0.545 0.496 0.797
PI5 0.349 0.506 0.414 0.575 0.516 0.525 0.760

As depicted in Table 5, discriminant validity has been confirmed in accordance with
the Fornell–Larcker criterion. The square roots of the average variance extracted (AVEs)
on the diagonals were found to exceed those for the correlations among constructs. This
typically signifies robust correlations between the constructs and their corresponding
indicators, relative to the other constructs within the model [90]. Moreover, the exogenous
constructs demonstrated a correlation of less than 0.85 [91], thereby indicating satisfactory
discriminant validity [89].

Table 5. Discriminant validity: Fornell–Larcker criterion.

OQ TEC TTF CO PI

OQ 0.835
TEC 0.628 * 0.799
TTF 0.593 * 0.661 * 0.834
CO 0.687 * 0.648 * 0.651 * 0.828
PI 0.630 * 0.645 * 0.719 * 0.676 * 0.780

Note: * The level of significance is 0.05.

Additionally, the Fornell–Larcker criterion and cross-loading criteria have been found
to be less reliable in detecting problems related to discriminant validity. Researchers have
advocated the use of the Heterotrait–Monotrait (HTMT) ratio of correlations, confirming
that this testing approach offers sufficient reliability for model processing [92]. In this
research, the HTMT ratio was specifically employed to test discriminant validity, as shown
in Table 6. According to Gold, Malhotra [93], if the HTMT value is below 0.90, discriminant
validity has been duly established, and the model is deemed reliable for further processing.
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Table 6. Discriminant validity: Heterotrait–Monotrait ratio (HTMT).

OQ TEC TTF CO PI

OQ
TEC 0.830
TTF 0.751 0.874
CO 0.881 0.864 0.835
PI 0.772 0.821 0.879 0.838

4.3. Path Analysis

It can be seen from the research results of Figure 2 that all 8 research hypotheses in
this study have been supported. Specifically, overall quality and technology character-
istics (β = 0.628, p < 0.05), overall quality and task–technology fit (β = 0.149, p < 0.05),
and overall quality and compatibility (β = 0.687, p < 0.05) have significant direct effects,
meaning that H1, H2, and H3 were supported. Meanwhile, the relationships between
technology characteristics, task–technology fit, and performance impact were significant
for H4 (β = 0.366, p < 0.05), H5 (β = 0.406, p < 0.05), and H6 (β = 0.189, p < 0.05). Addition-
ally, the direct impact of compatibility on task–technology fit and performance impact was
supported, namely H7 (β = 0.312, p < 0.05) and H8 (β = 0.290, p < 0.05) were supported. On
the other hand, all 7 indirect effects in this study were significant, with specific coefficients
shown in Table 6, and the mediating effects will be further discussed in the discussion
section (Section 4.5). Table 6 indicates that the R2 and Q2 values satisfy the relevance of
dependent variables, and the R2 values feature acceptable levels of explanatory power, con-
forming to a significant model [94]. The R2 values between the constructs in this study were
between 39.4% and 61%, and an R2 greater than 26% is considered significant. Henseler,
Ringle [95] and Hair, Hult [89] emphasized that a Q2 value greater than zero confirms the
model’s predictive relevance. The Q2 values between the constructs in this study were all
non-zero, hence the hypothesized model in this study has acceptable predictive relevance.
The variance inflation factor (VIF) is broadly utilized to determine the degree of multi-
collinearity present [96]. Table 7 shows that the VIF values in this study are between 1.000
and 2.219, which are smaller than 5 [89], confirming that there are no issues of collinearity
in our estimation model.

Sustainability 2023, 15, x FOR PEER REVIEW 11 of 18 
 

Table 7. Structural assessment result. 

Hypothesis Path Std Beta p-Value Results R2 Q2 VIF 
H1 OQ→TEC 0.628 0.000 Support 0.394 0.246 1.000 
H2 OQ→TTF 0.149 0.002 Support 0.533 0.359 2.127 
H3 OQ→CO 0.687 0.000 Support 0.472 0.319 1.000 
H4 TEC→TTF 0.366 0.000 Support   1.933 

 OQ→TEC→TTF 0.230 0.000 Support    
H5 TTF→PI 0.406 0.000 Support 0.610 0.362 2.093 

 OQ→TTF→PI 0.060 0.004 Support    
H6 TEC→PI 0.189 0.000 Support   2.079 

 TEC→TTF→PI 0.148 0.000 Support    
 OQ→TEC→PI 0.119 0.000 Support    

H7 CO→TTF 0.312 0.000 Support   2.219 
 OQ→CO→TTF 0.214 0.000 Support    

H8 CO→PI 0.290 0.000 Support   2.030 
 CO→TTF→PI 0.126 0.000 Support    
 OQ→CO→PI 0.199 0.000 Support    

 
Figure 2. Analysis results of hypothesized model. 

4.4. Importance–Performance Map Analysis 
The importance–performance map analysis (IPMA) in SmartPLS compares the total 

effects (importance) and average latent variable scores (performance) of exogenous con-
structs with respect to their impact on a target endogenous construct [89]. After ensuring 
that all indicators were using a metric scale with the same scale direction, and that their 
weights were positive [97], this study conducted IPMA under all prerequisite conditions, 
setting performance impact as a target construct, which was predicted by four predeces-
sors (i.e., overall quality; technology characteristics; task–technology fit, and compatibil-
ity). Table 8 depicts the IPMA result for the outcome value of performance impact. 

Moreover, based on the IPMA results calculated by SmartPLS, Figure 3 was drawn, 
representing the performance impact construct priority map. Here, the horizontal axis 
(on a scale of 1) stands for the average importance score (AIS), while the vertical axis (on 
a scale of 100) represents the average performance score (APS). As seen from Figure 3, 
OQ (APS = 70.53), TEC (APS = 69.706), TTF (APS = 66.822), and CO (APS = 68.187) exhib-
it similar effects in determining performance impact, yet show significant differences in 
importance (AIS scores of 0.558, 0.337, 0.406, 0.416, respectively). Notably, the overall 

Figure 2. Analysis results of hypothesized model.



Sustainability 2023, 15, 16928 11 of 18

Table 7. Structural assessment result.

Hypothesis Path Std Beta p-Value Results R2 Q2 VIF

H1 OQ→TEC 0.628 0.000 Support 0.394 0.246 1.000
H2 OQ→TTF 0.149 0.002 Support 0.533 0.359 2.127
H3 OQ→CO 0.687 0.000 Support 0.472 0.319 1.000
H4 TEC→TTF 0.366 0.000 Support 1.933

OQ→TEC→TTF 0.230 0.000 Support
H5 TTF→PI 0.406 0.000 Support 0.610 0.362 2.093

OQ→TTF→PI 0.060 0.004 Support
H6 TEC→PI 0.189 0.000 Support 2.079

TEC→TTF→PI 0.148 0.000 Support
OQ→TEC→PI 0.119 0.000 Support

H7 CO→TTF 0.312 0.000 Support 2.219
OQ→CO→TTF 0.214 0.000 Support

H8 CO→PI 0.290 0.000 Support 2.030
CO→TTF→PI 0.126 0.000 Support
OQ→CO→PI 0.199 0.000 Support

4.4. Importance–Performance Map Analysis

The importance–performance map analysis (IPMA) in SmartPLS compares the total
effects (importance) and average latent variable scores (performance) of exogenous con-
structs with respect to their impact on a target endogenous construct [89]. After ensuring
that all indicators were using a metric scale with the same scale direction, and that their
weights were positive [97], this study conducted IPMA under all prerequisite conditions,
setting performance impact as a target construct, which was predicted by four predecessors
(i.e., overall quality; technology characteristics; task–technology fit, and compatibility).
Table 8 depicts the IPMA result for the outcome value of performance impact.

Table 8. Results of IPMA.

Latent Constructs
Performance Impact Total Effect Index Values

(Importance) (Performance)

Overall quality 0.558 70.530
Technology characteristics 0.337 69.706

Task–technology fit 0.406 66.822
Compatibility 0.416 68.187

Moreover, based on the IPMA results calculated by SmartPLS, Figure 3 was drawn,
representing the performance impact construct priority map. Here, the horizontal axis (on
a scale of 1) stands for the average importance score (AIS), while the vertical axis (on a
scale of 100) represents the average performance score (APS). As seen from Figure 3, OQ
(APS = 70.53), TEC (APS = 69.706), TTF (APS = 66.822), and CO (APS = 68.187) exhibit
similar effects in determining performance impact, yet show significant differences in
importance (AIS scores of 0.558, 0.337, 0.406, 0.416, respectively). Notably, the overall
quality is prominent in both importance and performance regarding performance impact.
In other words, overall quality is a crucial factor in determining performance impact. That
is to say, factors related to overall quality can enhance students’ performance impact in
using ChatGPT for learning. Therefore, the focus for improvement should be placed on the
system quality, information quality, and service quality within ChatGPT.
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4.5. Discussion

The research results demonstrate that, first and foremost, the overall quality signifi-
cantly and directly affects technology characteristics, task–technology fit, and compatibility
(H1, H2, H3 are supported). Among these, the impact on compatibility is most promi-
nent. This finding indicates that the higher the overall quality of ChatGPT in aspects
such as system usability, flexibility, up-to-date information, accuracy, multifunctionality,
and timeliness of services, the more likely students are to perceive that ChatGPT aligns
with their learning values, methods, and needs. This result is consistent with scholars’
research that overall quality has a positive impact on compatibility [35,98]. Moreover, when
ChatGPT possesses a high level of system quality, information quality, and service quality,
it can better meet students’ needs for personalized, convenient, and real-time learning,
which in turn may enhance students’ learning experience [99], and thereby foster a positive
attitude towards learning and the use of ChatGPT for educational purposes [100], laying
a solid foundation for the further development of sustainable education. Notably, com-
pared with technology characteristics and compatibility, the influence of overall quality
on task–technology fit is weakest. This may be due to the fact that task–technology fit is
influenced not only by ChatGPT but also requires thorough consideration of the suitability
of the technology provided by ChatGPT for academic tasks [3]. Therefore, as a learning tool
assisting students in academic tasks, ChatGPT’s overall quality can affect task–technology
fit to a certain extent, but it is not sufficient to fully describe task–technology fit.

Secondly, technology characteristics have significant direct effects on task–technology
fit and performance impact, and task–technology fit also has a significant direct effect on
performance impact (H4, H5 are supported). As previously stated, technology charac-
teristics, being one of the three influencing factors of task–technology fit, directly affect
students’ perceptions of task–technology fit. This result further validates the research
findings of scholars Cheng [33] and Al-Rahmi, Shamsuddin [77]. Additionally, by accessing
learning knowledge and reasonably applying ChatGPT across various areas at anytime and
anywhere, students’ performance impact in using ChatGPT for learning can be effectively
enhanced [3], which seamlessly integrates both formal and informal learning contexts,
offering technological support for lifelong learning and sustainable education [101].

However, surprisingly, the hypothesis that technology characteristics have a signifi-
cant direct effect on performance impact was supported (H6 is supported). Previous studies
rarely mentioned the validation of this hypothesis, with task–technology fit often mediating
the use of technology characteristics, thereby influencing the result of performance im-
pact [76,77,102]. Nevertheless, the rapid emergence and development of new technologies
have gradually penetrated the educational field, becoming highly promising learning tools.
New technologies, each with unique features for different domains and purposes, allow stu-
dents to easily access various learning resources and stimulate interest, thereby effectively
enhancing the impact on learning performance. Therefore, we should guide students to
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use new technologies like ChatGPT correctly, fully utilizing their technology characteristics,
fully leveraging their technological features and exploring their positive uses in higher
education. For example, utilizing its personalization features to act as our growth mind-set
recommender [103], using its conversational capabilities to practice speaking or learning
foreign languages [29]. In a sense, this means that ChatGPT’s functions such as language
editing and translation can break through some of the limitations of material conditions,
providing students with a relatively more equitable learning environment and a more
sustainable way of learning [104].

Furthermore, compatibility has a positive impact on task–technology fit and perfor-
mance impact (H7, H8 are supported). Specifically, when students feel that ChatGPT aligns
with their learning values, styles, and needs, they consider the use of ChatGPT as essential
and beneficial in their learning, enabling them to complete various learning tasks and better
integrate into the learning process. This result not only validates the view that compatibility
has a positive impact on task–technology fit [3], but also further confirms that if a system
is reasonable, flexible, and comprehensive in terms of technology, people usually find it
suitable and practical [82]. Moreover, in line with many studies, when ChatGPT has high
compatibility, it helps to enhance students’ academic achievements, thus improving the
performance impact [81,85], promoting the sustainable development of education.

Finally, this study employed the importance–performance map analysis (IPMA)
method, and its analysis revealed that overall quality is the core factor affecting perfor-
mance impact. In other words, by enhancing ChatGPT’s overall quality, students’ learning
performance during use can be significantly improved. Therefore, this study particularly
focuses on the indirect relationship between overall quality and performance impact. It is
worth emphasizing that overall quality indirectly affects performance impact through task–
technology fit, technology characteristics, and compatibility, with compatibility’s mediating
effect being the most significant, followed by technology characteristics. Compatibility is
often regarded as a determining factor of usage in information systems. Whether students
are willing to use ChatGPT in learning depends on its compatibility, which positively
modulates the relationship between ChatGPT’s usage and students’ academic achieve-
ments [84,85]. This means that ChatGPT, as an auxiliary learning tool, can truly be applied
to learning and have a positive impact on learning performance only when it has high over-
all quality, and students perceive it as highly compatible. Conversely, if ChatGPT does not
align with students’ learning values, they will be reluctant to incorporate it into the learning
process, making its effect on learning performance negligible. Similarly, when ChatGPT’s
technology characteristics match students’ learning tasks, students will recognize its overall
quality, considering it a meaningful and valuable learning aid, thus integrating it into the
learning process to enhance learning performance [79,105], strengthen learning confidence,
stimulate students’ active learning and lifelong learning. Additionally, ChatGPT can offer
students instant feedback on their learning outcomes, allowing them to swiftly ascertain
their strengths and areas for improvement [106]. This facilitates ongoing advancement and
supports the achievement of the sustainable development goal in education.

5. Conclusions and Future Studies

Represented by ChatGPT, General Artificial Intelligence (GAI) systems have instigated
a paradigm shift in the field of education and provided strong support for the realization
of the sustainable development goal of education. This study aims to investigate the perfor-
mance impact of students using ChatGPT in higher education and employs Partial Least
Squares (PLS) to validate the positive impact of technology characteristics, task–technology
fit, and compatibility on performance impact. Simultaneously, overall quality exerts a
positive influence on technology characteristics, task–technology fit, and compatibility.
Furthermore, the results from the importance–performance map analysis (IPMA) of this
study reveal that ChatGPT’s overall quality is a key determinant of performance impact.
This research emphasizes the importance of meeting students’ individualized learning
needs and advocates for continuous optimization and customization of features such as
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personalized tutoring, diversified outputs and dynamically adjusted learning content to
promote the progress of achieving the sustainable development goals of education; to
strengthen the system’s technology characteristics and better adapt to various students’
learning styles and abilities. Additionally, timely learning feedback should be provided
to enhance the task–technology fit between ChatGPT and students, as well as students’
perception of compatibility, thereby improving learning performance. The findings of this
study aim to provide guidance to students on how to use ChatGPT correctly and offer
directions to developers to enhance the ChatGPT system services, optimizing students’
performance impact during their learning process.

However, this study does have certain limitations. Firstly, the frequency with which
students use ChatGPT could have a mediating effect on learning performance, a factor
that warrants further in-depth investigation. Secondly, differences among students from
various academic disciplines and gender disparities may also be influencing factors. Future
research could aim to further refine the understanding and appreciation of ChatGPT’s
application in higher education. This study believes that the use of ChatGPT in higher
education is still an emerging research area and holds the potential to bring about more
innovation and transformation in higher education, so as to continuously promote the
sustainable development of education, society, and even the economy.
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