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Abstract

Purpose: The study aims to examine how Gen Y users in Chengdu, China, are influenced in their intentions regarding English
learning behavior by utilizing popular English word learning applications in China. The conceptual framework contains system
quality, information quality, service quality, perceived usefulness, attitude, technology characteristics, task-technology fit, and
behavior intention. Research design, data, and methodology: The research employs quantitative and nonprobability sampling
techniques, including quota and convenience sampling. Data from 473 Chengdu residents using China's top three English word-
learning applications were collected via a network self-administered questionnaire. Confirmatory factor analysis and structural
equation modeling were used as statistical tools to analyze data accuracy and the impact of key variables. Results Findings indicate
that behavioral intention strongly influences the attitude toward using mobile applications for English word learning. System
quality, information quality, service quality, attitude, technology characteristics, task characteristics, and personal perception
significantly affect the behavioral intention to use these applications. However, technology characteristics has no significant
impact on task-technology fit. Conclusions: The alignment of learning content and technology is crucial in the diverse landscape

of English learning apps, and determines users' experiences and satisfaction.
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1. Introduction

With many years of reform of internet-based teaching,
several learning platforms have been introduced in English
teaching. At the same time, auxiliary teaching applications
are carried out in and outside class, especially in vocabulary
learning (Mukul & Biiyiikozkan, 2023). More and more
students study by themselves before class. In traditional
learning, students are inclined to memorize vocabulary
purely instead of figuring out how to use it in a context. As
a result, they can simply memorize the spelling and
explanation of vocabulary in a dictionary, which makes the
memory hard to last. Therefore, to solve such problems,
more and more English vocabulary learning Applications
have been developed (Fengyu, 2023). In 2019, Baicizhan

1*Zhenzhen Wang, School of Foreign Languages & Culture and Tourism,
Chengdu Textile College, China. Email: 327241649@qq.com

became one of the first batch of educational applications
officially approved by the Ministry of Education of China,
aiming for students from junior high school, senior high
school, CET4/ CET6, postgraduate entrance examination
English, TOFEL/IELTS, professional English Band 4 and 8,
SAT/ GRE/ GMAT. The content's comprehensiveness
solves the problems, including the fuzzy classification for
vocabulary and grades. In addition, the scope and
pertinence of the vocabulary are clearer for all kinds of
examinations. In addition to the wideness of the range of
vocabulary, contextual learning is also used in vocabulary
learning, which provides a better way to help memorize
(Feng & Jia, 2024). Apart from providing context, it
summarizes the vocabulary formation methods so learners
can learn more about vocabulary formation through roots
and affixes. Moreover, on the technical level, with the
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increasing popularization of 5G network service, the
advantages of these Applications such as interestingness,
convenience, and low consumption in time and money,
allowing users to repeat new words in a personalized way,
which makes such vocabulary learning Applications more
widely used (Wang & Li, 2019).

Meanwhile, the pandemic covid-19 in 2020 has further
accelerated the pace of Internet-based teaching, allowing
more traditional learning materials to be represented by the
Internet. Even though offline traditional education can be
restored, the hybrid learning mode has become the
mainstream way of education and teaching, especially in
adult education, such as English. The wide use of
smartphones provides more stable users for these
Applications, and this kind of personalized vocabulary
learning application is user-oriented, which makes learners
feel comfortable in the process of using, thus enhancing
their intention to use. In terms of teaching methods, it is
more in line with the modern teaching mode that centers
learners, helping learners obtain greater satisfaction and
improve learning efficiency.

The purpose of this study is to investigate the positive
behavior intention of adult English learners in the use of
English vocabulary applications, which method is designed
based on the Internet, solving the problems in systematic
course learning, breaking the limitations of space, practice,
and learning resources.

2. Literature Review

2.1 System Quality

Ease of use is an important indicator for measuring
mobile system quality (Abbas, 2016; Bagchi & Peeter, 2010;
Lin & Hsieh, 2011). Petter and McLean (2009) define
system quality as the degree to which users can understand,
learn, connect, and enjoy a specific system. ISO 2000
defines system quality as a product's effectiveness,
satisfaction, and efficiency in achieving goals in a specific
use environment.

Brodie et al. (2009) points out that the association of
learning software brands is linked to learners' perceptions
and evaluations of the software system's quality. Cronin et
al. (2000) Emphasize that understanding system quality is
crucial for service effectiveness, customer satisfaction, and
loyalty, especially in learning environments. Thus, this
study proposes a hypothesis:

H1: System quality has a significant impact on perceived
usefulness.
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2.2 Information Quality

DeLone and McLean (2003) defined system
information quality as accuracy, comprehensiveness, and
reliability, which are key for effective information systems.
Cheng (2012) noted that a system's diversity and
effectiveness in course content positively influence user
perceptions of its accuracy and effectiveness. Scholars
have also clearly pointed out the significant impact of
information quality on user satisfaction (Jung et al., 2015)
and actual use (Correa et al., 2017). Information quality is
associated with the timeliness and accuracy of information
and the comprehensibility of knowledge coverage in mobile
learning software. Thus, this study proposes a hypothesis:
H2: Information quality has a significant impact on
perceived usefulness.

2.3 Service Quality

Understanding service quality in the context of e-
learning systems is crucial. It typically refers to a system
that arises from the disparity between the anticipated and
actual perceptions of the service provided by the
product. This encompasses tangible service, service
reliability, feedback response, and service empathy (Cheng,
2012). In short, service quality means the gap between the
expected and the final experience of the e-learning system
(Roca et al., 2000).

Grace and O'Cass (2005) observed that various service
attributes, including core services, staff interaction, page
design, and overall brand perception, shape learners’
experiences with different mobile software brands. This
experience plays a crucial role in forming the service brand
image, as Padgett and Allen (1997) described. Such an
image significantly influences user behavior and intentions,
a concept also supported by Johnson et al. (2009) and
Fishbein (1967). Thus, this study proposes a hypothesis:
H3: Service quality has a significant impact on perceived
usefulness.

2.4 Perceived Usefulness

Perceived usefulness is also referred to as performance
expectation. Research by Venkatesh (2000) suggests that
performance expectation is a primary predictor of the
intention to use a system. Ju et al. (2007) further explained
that perceived usefulness impacts users' experiences and
attitudes, affecting their intention to use the products.
Bhattacherjee (2001) suggests that users' initial perceptions
or sensations about a product can influence their acceptance
even before using it. Similarly, Saced et al. (2003)
demonstrated that service quality significantly impacts
perceived usefulness. Thus, this study proposes a
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hypothesis:
H4: Perceived usefulness has a significant impact on
attitude.

2.5 Technology Characteristics

In e-learning, Alavi and Leidner (2001) they were noted
that technical characteristics significantly influence user
learning motivation and cognitive awareness. Goodhue and
Thompson (1995) highlighted the concept of task-
technology fit, indicating that aligning technical
characteristics  with  task  requirements enhances
performance. However, the impact of system quality on
student attitudes toward application software learning may
be moderated by the interplay of individual and
technological characteristics. Recent studies, including
those by Wang et al. (2016) and Yu & Yu (2010), have
shown that students increasingly utilize mobile software
platforms to boost learning efficiency. Thus, this study
proposes a hypothesis:

HS: Technology characteristics has a significant impact on
task-technology fit.

2.6 Task Characteristics

Goodhue and Thompson (1995) define "task feature" as the
process where individuals transform input into output,
fulfilling personal information needs. Research by Carlos
and Tiago (2016) indicates that task characteristics
influence the degree of fit between users and systems. This
relationship is further supported by studies from Khan et al.
(2017) and Lu and Yang (2014), showing a positive
correlation between task characteristics and system fit.
Martin (2002) developed an instrument to measure how
well an organization's information systems meet the
information needs of its managers based on a managerial
decision-making task model. Thus, this study proposes a
hypothesis:

H6: Task characteristics has a significant impact on task-
technology fit.

2.7 Task-Technology Fit

Lin and Wang (2012) define TTF as the congruence
between system capabilities and task execution, focusing on
user satisfaction. Echoing this, Lu and Yang (2014)
consider TTF to be indicative of technology's role in
facilitating task completion and fulfilling user needs.
D'Ambra et al. (2013) emphasize TTF's criticality in
leveraging organizational technology effectively. Yen et al.
(2010) describe TTF as a crucial measure for reflecting user
preferences and predicting technology adoption. Gu and
Wang (2009) observe that TTF effectively captures the
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interplay between personal qualities and performance,
aiding in the study of variables connecting actual TTF use
to anticipated performance. Thus, this study proposes a
hypothesis:

H7: Task-technology fit has a significant impact on
behavior intention.

2.8 Attitude

The attitude of behavior refers to the extent to which
the person feels favorable or disadvantageous toward action
(Ajzen, 1991). Davis (1989) believed that attitude referred
to a person's positive or negative behavioral feelings toward
a goal. Davis (1993) also pointed out whether potential
users use the system depends on their overall attitude.
Karahanna and Straub (1999) pointed out that users express
their attitude toward using technology through perceived
usefulness and ease of use. Noh and Lee (2016) found that
the user's attitude towards mobile banking applications has
an important impact on their intention to use them. At the
same time, similar results have been found in the online
retail and mobile game industries (O'Cass & French,
2003). So, it also shows the relationship between attitude
and system use. Thus, this study proposes a hypothesis:
H8: Attitude has a significant impact on behavior intention.

2.9 Behavior Intention

Behavioral intent was also determined by the attitude
toward individual behavior and the normative pressure of
personal experience (Ajzen, 1991; Venkatesh et al., 2012).
Behavioral intention comprises internal and external
motives (Davis et al., 1992). Behavioral intention refers to
individuals' willingness to adopt or use a certain technology,
such as a mobile library (Davis, 1989).

Hsu et al. (2014) noted that subjective norms directly or
indirectly impact user attitudes and intentions in
information system usage. Research by Hsiao et al. (2015)
emphasize the role of internal factors like self-efficacy and
user recognition in shaping individual behavioral motives
and intentions. Cheng (2012) highlights that external
variables influence users' behavioral intentions toward new
technologies via perceived in the technology acceptance
model.

3. Research Methods and Materials
3.1 Research Framework

The study presents a conceptual framework comprising
five research models that explore the relationship between
the research and conceptual frameworks. Based on an
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established theoretical model, this research framework aids
in developing conceptual and previous research
frameworks. As depicted in Figure 1, previous empirical
research serves as the basis for this study, which focuses on
examining user perceptions of usefulness and attitude
concerning system quality, information quality, and service
quality. The conceptual framework introduces five
variables for investigation, enabling the study of behavioral
intent, usability, and attitude. Hu and Zhang (2016) earlier
research framework, influenced by The DeLone and
McLean Model and the Technology Acceptance Model,
serves as the foundation for this study, considering the
impacts of system, information, and service quality on
perceived usefulness and attitudes.
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Figure 1: Conceptual Framework

H1: System quality has a significant impact on perceived
usefulness.

H2: Information quality has a significant impact on
perceived usefulness.

H3: Service quality has a significant impact on perceived
usefulness.

H4: Perceived usefulness has a significant impact on
attitude.

HS: Technology characteristics has a significant impact on
task-technology fit.

H6: Task characteristics has a significant impact on task-
technology fit.

H7: Task-technology fit has a significant impact on
behavior intention.

H8: Attitude has a significant impact on behavior intention.

3.2 Research Methodology

Polonsky and Waller (2015) defined quantitative
research methods as data analysis techniques for many
respondents, and the information can represent the
population. Surveys are one of the main quantitative
research methods. This study carried out quantitative
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research, and data were collected using the survey technique.

The survey technique was used to collect raw data. The
characteristics of statistical analysis are carried out through
statistical analysis (Stangor & Walinga, 2014). It is
descriptive that the treatment he takes is more formal and
severe. Roni et al. (2020) indicated that if researchers want
to collect measurement data for research, quantitative
research is one of the appropriate choices. However, in the
questionnaire, the same question is used to select researchers
and use questions. In quantitative research, standardized
questionnaires used by researchers can manage variables in
better-structured environments (Rutberg & Bouikidis,
2018).

In this research, quantitative methodologies were
employed, including the project-objective consistency (I0C)
test and Cronbach's Alpha test. A panel of three experts
evaluated the Index of Item-Objective Congruence (I0C) to
ensure that each item accurately measured its intended
construct, thereby enhancing the assessment's validity. A
pilot test conducted with 50 participants yielded a
Cronbach's Alpha score exceeding 0.7, indicating reliable
measurement of the specified construct and reinforcing the
overall reliability of the test results, in accordance with
Nunnally and Bernstein's (1994) guidelines. After data
collection, confirmatory factor analysis and structural
equation modeling were used as statistical tools to analyze
data accuracy and the impact of key variables.

3.3 Population and Sample Size

The study targets faculty members in Chengdu, China,
who have experience with mobile applications. The age
group is between 21 to 40 (Generation Y, born in 1981 to
2000) and Researchers employ non-probabilistic sampling
methods. The sample size aims to 500 participants.

3.4 Sampling Technique

Babbie (1990) noted that positive or decision sampling
is a general non-probabilistic sampling method. Researchers
can take samples according to their research purpose and
understanding of the subject. Intentional or deterministic
sampling allows researchers to select sample units according
to individual judgments to achieve or verify research
objectives. Kervin (1992) showed that a sample selected by
an intentional or discriminatory sampling method allows the
researchers to control the sample more strongly. That is, the
researcher can select units according to the purpose.

The study targets faculty members in Chengdu, China,
who have experience with mobile applications. The age
group is between 21 to 40 (Generation Y, born in 1981 to
2000) and Researchers employ non-probabilistic sampling
methods. Specifically, the study utilizes quota and
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convenience sampling techniques to select participants. Data
were collected from 500 faculty members who use China's
top three English word-learning applications through a
network self-administered questionnaire. To ensure data
accuracy and examine the impact of key variables, the study
employs confirmatory factor analysis and structural
equation modeling as statistical tools. After the data
screening, 473 sample was valid.

Table 1: Sample Units and Sample Size

Number of faculty . . Proportional
Population Size .
members Sample Size
Southwest Jiaotong 2448 178
Xihua University 2267 165
Chengdu Textile 2148 156
College
Total 6863 500

Source: Constructed by author

4. Results and Discussion
4.1 Demographic Information

Table 2 shows male respondents (43.6%) and female
respondents (56.4%). According to the 7th Chengdu
Population Census (2020), the population of young males
aged 20-24 in Chengdu is 812825, and the population of
females is 805745. Therefore, the respondents of this study
can reflect the characteristics of the local population of
Chengdu. Regarding age distribution, most respondents are
21-30 years old, accounting for 94.5%, while respondents
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between 31-40 years old or above account for 5.5%.
Table 2: Demographic Profile

Demographic and General Data Frequency Percentage
(N=473)
Gender Male 206 43.6%
Female 267 56.4%
Age 21-30 years old 447 94.5%
31-40 years old 26 5.5%

4.2 Confirmatory Factor Analysis (CFA)

CFA is a statistical tool widely used in various
quantitative analyses for its flexibility, accuracy, and
strength. This method is usually used when a researcher
adopts a questionnaire to conduct research and establish a
framework. Moore (2012) pointed out that CFA is a
structural equation modeling that can successfully measure
the relationship between scale equations and potential
variables. Stangor and Walinga (2014) believed that CFA
supported the SEM in explaining whether the data gathered
by the researchers fulfilled the assumption. It often describes
the correlation between measurement items and potential
variables.

The researchers found that the factor loadings for each
measurement item were greater than 0.5, indicating a good
relationship between the measurement items and the
structure. In addition, all t-values were above 1.98, with a
significance level 0.001. Meanwhile, the CR values of each
construct are greater than 0.7. The AVE values are also
greater than 0.5. In addition, each CR value is also greater
than the AVE value. Therefore, the results indicate high
convergence effectiveness.

Table 3: Confirmatory Factor Analysis Result, Composite Reliability (CR) and Average Variance Extracted (AVE)

. Source of Questionnaire No. of | Cronbach* .

Ve (Measurement Indicator) Item s Alpha PRI LOEE g GK s
System Quality (SSQ) DelLone and McLean (1992) 3 0.879 0.770-0.840 0.850 0.650
Information Quality (IQ) Ahn et al. (2007) 4 0.911 0.790-0.980 0.940 0.830
Service Quality (SQ) Lin et al. (2011) 4 0.927 0.840-1.000 0.980 0.910
Perceived Usefulness (PU) Venkatesh (2000) 4 0.941 0.920-0.960 0.970 0.880
Technical Characteristics (TC) Goodhue and Thompson (1995) 3 0.949 0.910-0.950 0.950 0.870
Task Characteristics (TAC) Peter and Olson (2010) 2 0.874 0.850-0.870 0.850 0.740
Task-Technology Fit (TTF) D’Ambra and Wilson (2004) 3 0.910 0.700-0.810 0.810 | 0.590
Attitude (AT) Davis (1989) 4 0.909 0.950-0.980 0.980 0.940
Behavioral Intention (BI) Ajzen (1991) 3 0.925 0.870-0.900 0.910 | 0.780

The confirmatory factor analysis employed GFI, AGFI,
NFI, CFI, TLI, and RMSEA as model fit indicators. The
values for convergent validity and discriminant validity
exceed the acceptable threshold for this study, as
demonstrated in Table 4. Adequate assurance is provided for
both convergent validity and discriminant validity.

Table 4: Goodness of Fit for Measurement Model

Fit Index Acceptable Criteria Statistical Values

CMIN/DF | <3 (Hair et al., 2010) 1.636
GFlI >0.90 (Bagozzi & Yi, 1988) 0.928
AGFI >0.85 (Sica & Ghisi, 2007) 0.909
NFI > (.95 (Arbuckle, 1995) 0.968
CFlI >0.95 (Hu & Bentler, 1999) 0.987
RMSEA | <0.08 (Hu & Bentler, 1999) 0.037

Model Acceptable

Summary Model Fit
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Remark: CMIN/DF = The ratio of the chi-square value to degree of
freedom, GFI = goodness-of-fit index, AGFI = adjusted goodness-of-fit
index, NFI =normalized fit index, CFI = comparative fit index and RMSEA
= root mean square error of approximation

Solimun and Fernandes (2017) believed that discriminant
validity means no redundant scale scale to the measurement
model. Stangor and Walinga (2014) pointed out that the
measured value measures the degree of no relation to other
measurement variables. Brown (2015) showed no significant
correlation between items in different structures. Fornell and
Larcker (1981) determined that the validity of potential
variables differed from that of others.

Table 5: Discriminant Validity
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Statistical
Fit Index Acceptable Criteria Atistica
Values
Model Acceptable
Summary Model Fit

Remark: CMIN/DF = The ratio of the chi-square value to degree of
freedom, GFI = goodness-of-fit index, AGFI = adjusted goodness-of-fit
index, NFI = normalized fit index, CFI = comparative fit index and RMSEA
= root mean square error of approximation

4.4 Research Hypothesis Testing Result

The research model in this article primarily assesses the
significance of relationships among its variables by
standardizing regression weights and variances. A
significance level of p<0.05 is considered significant. As
indicated in the results presented in Table 7.

SSQ | IQ SQ|PU TC | TAC | TTF AT BI
SSQ 0.650
1Q 0310 10.830 Table 7: Hypothesis Results of the Structural Equation Modelin,
PU—| 0350 03400 350[0580 Hypothesis | ()| evalue | Resul
TC 0.250 [0.200{0.090{0.310(0.870 HI: SSQ—PU 0.25 4,93 %% Supported
TAC 0.380 {0.240]0.320{0.710{0.230{ 0.740 H2: IQ—PU 0.329 5.476% Supported
TTF 0.100 {0.130]0.250[0.070}-0.200 0.110 [0.590 H3: SQ—PU 0.22 4.7 %%% Supported
AT 0390 .270 [0.250]0.200[0.150] 0.170 [0.100 | 0.940 4 PUSAT 0.20 4307 Supported
BI | 0.530 .370 [0.420]0.600]0.330] 0.610 0.360 | 0.400 | 0.780 | [ 5 TCSTTE 0.107 3229 Not Supported
Note: The diagonally listed value is the AVE square roots of the variables H6: TACHTTF 0.19 4.07*** Supported
Source: Created by the author. H7: TTF—BI -0.32 -0.45%** Supported
H8: AT—BI 0.18 3.61%** Supported
H9: TTF—>AT 4.25 3.74*** Supported

4.3 Structural Equation Model (SEM)

Whether the proposed model was compatible with the
data by examining the model fit was the purpose of the SEM
to be implemented (Hox & Bechger, 1999). Hair et al. (2013)
described that a structural model was the same as a
measurement model, showing the relationship between
constructs. Likewise, the structural model

The structural model, as Ramlall (2016) explains, is
instrumental in revealing the causal connection between the
endogenous variables (those influenced by other variables in
the model) and the exogenous variables (those that influence
other variables but are not influenced by them).

The researcher applied six fit indices to check the model
fit for structural models as x2/for CMIN/df, GFI, AGFI, CFI,
TLI, and RMSEA which will be summary in a table below.

Table 6: Goodness of Fit for Structural Model

Fit Index Acceptable Criteria Statistical
Values
CMIN/ <3 (Hair et al., 2010) 2.030
DF
GFI1 >0.90 (Bagozzi & Yi, 1988) 0.910
AGFI >(.85 (Sica & Ghisi, 2007) 0.890
NFI > (.95 (Arbuckle, 1995) 0.980
CF1 >0.95 (Hu & Bentler, 1999) 0.980
RMSEA <0.08 (Hu & Bentler, 1999) 0.050

Note: *** p<0.001, * p<0.05
Source: Created by the author

H1: The standardized path coefficient between System
Quality and Perceived Usefulness (0.25, t-value = 4.93%*%*)
suggests a significant positive relationship, supporting H1.

H2: The standardized path coefficient between
Information Quality and Perceived Usefulness (0.22, t-value
=4.72***%) suggests a significant positive relationship,
supporting H2.

H3: Similarly, the standardized path coefficient between
Service Quality and Perceived Usefulness (0.20, t-value
=4.30***) suggests a significant positive relationship,
supporting H3.

H4: The significant relationship between Perceived
Usefulness and Attitude (0.19, t-value =4.07***) supports
H4.

H5: The significant relationship between Technology
Characteristics and Task-Technology fit (-0.32, t-value = -
6.45***) supports HS.

H6: Task Characteristics also significantly relate to Task-
Technology fit (standardized path coefficient: 0.18, t-value =
3.61%**) supporting H6.

H7: Task-Technology fit significantly influences
Behavior Intention (standardized path coefficient: 4.25, t-
value = 3.74***) supporting H7.

HS: Attitude significantly predicts Behavior Intention
(standardized path coefficient: 0.22, t-value = 6.78**%*),
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supporting HS.

HO9: Lastly, Task-Technology fit significantly affects
Attitude (standardized path coefficient: 0.11, t-value =
2.19%), supporting H9.

5. Conclusion and Recommendation
5.1 Conclusion

Building upon the findings of these studies, this research
not only considers the impact of system quality, information
quality, and service quality on perceived usefulness but also
discusses the influence of technological characteristics and
content characteristics fit on attitude. These influences
ultimately have significant implications for users' attitudes
and behavioral intentions.

Based on the analysis of adult English learners in
Chengdu, China, focusing on gen Y users, researchers have
concluded that among the five independent variables related
to English learning software and three mediating variables,
all of the independent variables significantly impact student
satisfaction. Specifically, System Quality influences the
mediating variables more than the other two. The three
mediating variables positively and significantly impact both
satisfaction and intention. Perceived usefulness, task-
technology fit, and attitude all positively influence
behavioral intention. Therefore, to enhance users' intention
to choose English learning apps, software developers must
focus on improving system quality, content, and
technological compatibility.

5.2 Recommendation

Based on the results of the analysis, all the dimensions
influence how adult learners choose English learning apps.
Therefore, this study can provide the following
recommendations to users:

Firstly, software system quality is crucial. The system
quality of an app determines its stability and smoothness of
usage, which are essential experiences during usage.
Although the correlation between content and service quality
was insignificant in this study, these factors also manifest
through the system's overall quality. Hence, enhancing the
overall system quality is essential.

The second recommendation is the alignment of content
and technology. The alignment of learning content and
technology is crucial in the diverse landscape of English
learning apps. It determines users' experiences and
satisfaction. An important design consideration is whether
the content can be well presented through technology and
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help English learners while meeting personalized needs.

The final recommendation is to prioritize maintaining
user satisfaction based on perceived usefulness and
technological alignment of content. Continuously updating
content and service feedback is beneficial for achieving this
goal.

5.3 Limitation and Further Study

This study has several limitations. Firstly, the use of
nonprobability sampling techniques, including quota and
convenience sampling, may limit the generalizability of the
findings, as the sample may not fully represent the broader
population of Gen Y in Chengdu, China. Secondly, the data
collection method, relying on  self-administered
questionnaires, could introduce response biases, such as
social desirability or inaccurate self-reporting. Additionally,
the focus on users of only the top three English word-
learning applications in China may overlook insights from
users of other potentially significant applications.
Furthermore, while the study employs confirmatory factor
analysis and structural equation modeling to analyze data,
the cross-sectional nature of the research design does not
allow for the assessment of changes over time or causal
relationships. Lastly, the study's conceptual framework did
not find technology characteristics to significantly impact
task-technology fit, suggesting that additional variables or
alternative models may be necessary to fully capture the
dynamics of behavioral intention in this context.
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