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Abstract

Purpose: The study analyzes the factors affecting non-Japanese major students’ behavioral intention to use Japanese learning
apps in Chengdu, China. A conceptual framework comprises three theoretical models and seven variables, which are perceived
enjoyment, perceived usefulness, perceived ease of use, attitude, task-technology fit, information quality, and behavioral
intention. Research design, data, and methodology: A quantitative approach was employed to survey a sample of 500 non-
Japanese major students from eight universities situated in Chengdu. Prior to data collection, the study utilized the Item-Objective
Congruence (10C) index and conducted a pilot test with a sample of 50 participants to establish the validity and reliability of the
research tools. Subsequently, the collected data were subjected to analysis through the application of confirmatory factor analysis
(CFA) and Structural Equation Modeling (SEM). Results: Perceived enjoyment has a significant influence on perceived ease of
use. Perceived enjoyment and percived ease of use significantly influence perceived usefulness. Perceived usefulness and
percived ease of use significantly influence attitude towards behavioral intention. Additionally, task-technology fit and
information quality significant influence behavioral intention. Conclusion: Ultimately, prioritizing the user experience is
paramount to ensure that the Japanese language learning app's interface design, functional operation, and content presentation

align with user expectations and needs, thus elevating overall user satisfaction.
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1. Introduction

One of the most important factors that China's higher
education institutions consider when it comes to foreign
language instruction is the development of their students'
overall quality and knowledge. Japanese is regarded as the
most prevalent language in the country, and its importance is
growing as the country and Japan expand their
communication. According to the "2018 Survey Results of
Overseas Japanese Language Education Institutions"
released by the Japan International Exchange Fund in 2019,
the number of Japanese learners in China has reached
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1,004,625 (Shimauchi, 2018).

In terms of the number of people who learn Japanese in
China, it is ranked first globally. Also, the country's
researchers and teachers account for over a quarter of the
world's total. Therefore, it can be seen from the figures alone
that the number of Japanese learners and Japanese teachers
in China occupies the first place in the world (Zhao, 2020).
In major universities in China, Japanese is offered as a
second language for students studying other languages. It can
also be used in various academic programs, such as general
studies and Japanese culture.

According to the statistics of the Southwest Branch of the
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China Association of Japanese Language Teaching and
Learning, there are 24 universities in Sichuan Province
offering college Japanese, Japanese as a second foreign
language, and other Japanese-related courses, including
Sichuan University, University of Electronic Science and
Technology, Southwest Jiaotong University, Southwest
University for Nationalities, Xihua University, Chengdu
University of Technology, Sichuan Normal University.
Chengdu College of Sichuan International Studies
University, Chengdu University of Traditional Chinese
Medicine, Sichuan University of Light Chemical
Engineering, Yibin College, Southwest University of
Science and Technology, Leshan Normal College, Sichuan
Tourism College, Sichuan International Vocational College
and Chengdu University have more than 5,000 students
studying Japanese (Yoshikawa, n.d.).

Besides the usual universities, several training and
educational institutions are related to Japan. These include
the Shinkansen Japanese, Ohara Japanese, and Kaguru
Japanese. Around 20,000 learners are studying Japanese in
the province. The field of education has become more
complex due to the increasing number of network
technology applications. One of the most popular methods of
learning is through mobile learning. This type of technology
is very portable and can be used by students at various levels.
Developing effective and high-quality mobile learning apps
in Japan is very important for the country's students.
Japanese learning apps allow users to learn at their own pace
and time, and they can take advantage of their available time.
They can also arrange their learning according to their needs,
allowing them to develop active learning capabilities.
Besides being able to learn at their own pace, these apps can
additionally supplement the learning materials that they have
been taught in class (OECD, 2015).

Japanese learners have used various learning apps such
as Bilibili App, Hujiang Online School, and Moji Japanese
Learning. The most downloaded Android app is Hujiang
Online School, while the other two are Bilibili App and Moji
Japanese Learning. According to a study by Hu and Li (2020),
learning software should enhance its functions and content
to achieve continuous and systematic learning. Despite the
country's rapid growth in this field, more academic studies
on online learning in China need to be conducted. According
to the country's leading academic website, the CNKI, there
were 19,028 research findings related to this subject as of
August 2022. These results are mainly comprised of
qualitative research and few quantitative studies (Guo &
Wan, 2022).

Through quantitative research, limited surveys and
analyses are conducted using the Structural Equation Model
and the Confirmatory Factor Analysis. When we searched
"Japanese," we discovered only 64 papers related to online
and Japanese learning. Most of these studies focused on the
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integration mode of these two types of learning. This study
analyzes the factors influencing the development and usage
of Japanese learning apps in universities. It also aims to
provide references for the design and development of similar
learning software. The study is primarily focused on non-
Japanese major students within universities. It aims to
investigate the key factors that influence the development of
learning apps and their usage in educational institutions. In
addition, this research will provide references for the design
of similar learning software.

2. Literature Review

2.1 Perceived enjoyment

Liaw (2008) noted that increasing people's enjoyment
of using a system could improve its acceptability. PE stands
for intrinsic motivation. In addition, the researchers noted
that intrinsic motivation is related to enjoyment (Ryan &
Deci, 2000). Park et al. (2012) noted that intrinsic motivation
motivates individuals to act for satisfaction. They also stated
that people tend to choose actions for their enjoyment.
Activities that are related to a certain system are enjoyable.
According to Benmessaoud's group, PE played a significant
role in the advancement and growth of information
technology (Benmessaoud et al., 2011). Venkatesh (2000)
noted that perceived enjoyment refers to the pleasure of
using a particular system without considering its possible
performance consequences. Venkatesh (2000) noted that PE
indirectly affects the choice of a system by influencing the
users' attitudes. Huang et al. (2007) noted a causal link
between attitude and PE. According to Ward and Abdullah
and Ward (2016), perceived enjoyment relates to the
perceived usefulness and ease with which people use e-
learning software. The study's findings revealed that
perceived enjoyment was associated with increased students'
willingness to learn using e-learning tools (Hasan et al.,
2016). The study also noted that when students are involved
in e-learning activities, the convenient facilities are more
likely to have favorable effects on perceived ease of use
(Siron et al., 2020). Thus, this study indicates that:

H1: Perceived enjoyment has a significant influence on
perceived usefulness.
H2: Perceived enjoyment has a significant influence on
perceived ease of use.

2.2 Perceived ease of use

Researchers claim that the concept of PEOU refers to a
level of expectation that learners have when using an online
education program (Qin et al., 2019). According to Lee et al.
(2007), PEOU can be used as a predictor of consumer trust
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in mobile commerce. The study also noted that people's
perception of ease of use relates to their belief that
technology is easy to use (Verissimo, 2016). A study revealed
that certain factors, such as PI, PEU, and SI, can positively
affect ATT (Vahdat et al., 2021). Renny et al. (2014) and Suki
(2011) obtained similar results in studies in Indonesia and
Malaysia, respectively. In a study conducted, Chawla and
Joshi (2019) noted that perceptions about ease of use can
predict users' intentions toward technology adoption.
According to Yip et al. (2020), in the context of technology
acquisition management (TAM), the perception of a tangible
embodiment of operational excellence (PEOU) significantly
affects the PU of consumers. A study conducted in 2017 by
Abbas revealed that the perception of PEOU is related to the
perceived usefulness of PU. It also directly affects
consumers' attitudes toward using e-learning systems (Liu et
al., 2009). Studies show that people cultivate a favorable
mindset when adopting new technology by developing a
sense of ease. Thus, this study indicates that:

H3: Perceived ease of use has a significant influence on
perceived usefulness.

HS5: Perceived ease of use has a significant influence on
attitude.

2.3 Perceived usefulness

According to Davis et al. (1992), the primary determinant
of an individual's choice to use a computer is the belief that
it is essential. They also stated that the degree to which
people hold this belief influences their choice. The level of
belief that people have about the advantages of using a
computer is also influenced by their expectations of how it
will improve their task performance (Bhattacherjee &
Sanford, 2006). A few studies also suggest that individuals'
level of belief regarding the advantages of using computers
influences their behavior (Renny et al, 2014). The
philosophy of personal conduct is also related to students'
educational attainment by using a particular educational
strategy to improve their scholarly achievements (Huang &
Liaw, 2018). According to researchers, the perceived
usefulness of a technology is related to an individual's belief
that it can help them improve their work performance
(Salloum et al., 2019). Several studies have also shown that
the perceived usefulness of a technology is related to the
level of belief that it can help an individual improve their
research and academic performance (Rezvani et al., 2022).
Technology's perceived usefulness can also affect
individuals' attitudes toward using information systems (Teo
& Lee, 2010). The researchers noted that users can develop
a positive outlook toward new technology if they are
convinced it will meet their requirements and benefit them
(Rosen et al., 2013). Thus, this study indicates that:
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H4: Perceived usefulness has a significant influence on
attitude.

2.4 Attitude

Researchers believe that an individual's subjective
evaluation of an object can lead to a psychological tendency
known as attitude (Eagly & Chaiken, 1993). Bashir and
Madhavaiah (2015) stated that an individual's attitude toward
using the Internet is influenced by their positive or negative
experiences. According to Kuehn (2008), a study revealed
that previous experiences influence an individual's attitude.
Past experiences often trigger this tendency to respond
negatively or positively to behavior. Recent studies have
shown that ATT significantly influences user interest
formation (Buabeng-Andoh, 2021). The degree to which an
individual exhibits either a favorable or unfavorable outlook
on e-learning is called attitude (Hussein, 2017). Other
researchers also noted that attitude affects PEOU and PU
users' intentions when accessing online services (Bashir &
Madhavaiah, 2015). Thus, this study indicates that:

He6: Attitude has a significant influence on behavioral
intention.

2.5 Task-Technology Fit

Task technology fit (TTF) refers to the degree to which a
technology helps users complete their tasks (Goodhue &
Thompson, 1995). Gebauer and Ginsburg (2009) defined the
concept of task-technology fit as the requirement that a user
only accepts a given tech if it fulfills their specific needs and
enhances their performance. The extent to which a user is
provided technical assistance to complete their tasks is
referred to as TTF (Hsiao, 2017). Other researchers also
discovered that TTF refers to the level at which a system
matches the users' satisfaction (Al-Ammary et al., 2014). A
study by Yuan et al. (2010) noted that the task-technology fit
concept has been utilized in the mobile technology industry.
Through the TTF model, various studies have been
conducted on the effects of technology adoption and
utilization (Wan et al., 2020). The study looked into the
factors that influence students' MOOC adoption. The study's
findings revealed that the TTF model had a favorable
correlation with BI (Khan et al., 2018). Thus, this study
indicates that:

H7: Task-technology fit has a significant influence on
behavioral intention.

2.6 Information quality
The user determines the information quality. This is the

degree to which they believe the information they receive is
correct and timely (DeLone & McLean, 2003). Lin and Lu
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(2000) noted that information quality could be used as a
factor that helps predict the ease of use or usefulness of a
given information. In studies, researchers have noted that the
quality of information can be measured by the extent to
which consumers get complete and accurate information
from electronic interfaces (Liu et al., 2010). According to
some studies, an information quality rating is determined by
the degree to which users find the information to be complete,
timely, accurate, and relevant (Kahn et al., 2002). The
measurement criteria for information quality include the
presentation format, accuracy, circulation, and consistency
(Ahn et al., 2004). According to Lin (2011), the quality of
information an e-commerce site provides will affect its
effectiveness. Some researchers believe that the quality of
information can be a key factor in the measurement process
(DeLone & McLean, 2003). Ramayah et al. (2010) noted
that a high-quality information system can increase the users'
willingness to use the services offered. However, if the
system's content needs to be clearer and complete, users
might not trust the system and could start thinking it is
unreliable, decreasing their intention to use it. Thus, this
study indicates that:

HS8: Information quality has a significant influence on
behavioral intention.

2.7 Behavioural Intention

Some researchers have used behavioral intention to
describe an individual's decision to accept a certain system's
cognitive presentation (Asadi et al., 2017). A person's
behavioral intention is determined by whether they intend to
behave in a particular way in the future (Cigdem & Ozturk,
2016). According to Ho et al. (2015), use-based intent refers
to an individual's eagerness to carry out a certain action. A
positive correlation has been found between the
effectiveness of online education and an individual's
behavioral intention (Liaw, 2008). According to Soon and
Kadir (2017), having a higher level of behavioral intention
can improve the teaching effectiveness of online education.
Huang et al. (2007) noted that perceived usefulness can
benefit an individual's behavioral intentions. Further
research also indicated that business intelligence can benefit
the utilization of mobile learning (Alenezi et al., 2011).

3. Research Methods and Materials

3.1 Research Framework

The theory seeks to explain reality and aid researchers in
identifying the link between different elements (Blaxter et al.,
2010). Technology acceptance is widely used in the study of
information systems. It is a well-understood and practical
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theoretical model(King & He, 2006). The paper presents a
revised conceptual framework based on three primary
theories: the technology acceptance model, the information
ecology model, and the task technology adaptation model.
This study aimed to develop a conceptual framework that can
be used to investigate the various factors that influence the
behavioral intention of non-Japanese language learners when
it comes to using Japanese learning apps.

Perceived
Usefulness

Behavioral
]"e.rcened Intention
Enjoyment

Figure 1: Conceptual Framework

H1: Perceived enjoyment has a significant influence on
perceived usefulness.

H2: Perceived enjoyment has a significant influence on
perceived ease of use.

H3: Perceived ease of use has a significant influence on
perceived usefulness.

H4: Perceived usefulness has a significant influence on
attitude.

HS: Perceived ease of use has a significant influence on
attitude.

He6: Attitude has a significant influence on behavioral
intention.

H7: Task-technology fit has a significant influence on
behavioral intention.

HS8: Information quality has a significant influence on
behavioral intention.

3.2 Research Methodology

Using the quantitative method of non-probability
sampling, the researchers designed questionnaires and
collected quantitative data from 8 universities in Chengdu
with a sample size of about 600. Standardized questionnaires
are used to measure specific concepts, statistical methods are
used to analyze and interpret the collected data, and a variety
of methods are used to verify and confirm the findings and
determine the credibility and validity of the study.

The questionnaire consists of three parts: first,
demographic questions, including age and gender; second
part is the screening question, whether they are non-Japanese
major students and whether they have used Japanese learning
apps. Motl et al. (2007) argue that Likert scales are a good
tool for assessing attitudes because they enable respondents
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to express how much they agree or disagree with a certain
statement or set of assertions. Therefore, a Likert 5-scale
question was used to measure seven variables, ranging from
strongly disagree (1) to strongly agree (5), to analyze all eight
hypotheses.

Prior to commencing data collection and distributing the
questionnaires, the content validity of the questionnaire was
rigorously evaluated by enlisting the expertise of three
experts who conducted the Item-Objective Congruence (I0C)
assessment. Additionally, a pilot test using Cronbach's Alpha
was employed to confirm the content validity of the
questionnaire. All items in the IOC evaluation surpassed the
0.6 threshold, demonstrating strong content validity.
According to the criteria established by George and Mallery
(2003), an acceptable level of reliability is indicated when
Cronbach's Alpha exceeds 0.7. In this context, the pilot test,
which included a sample of 50 participants, yielded
Cronbach's Alpha values of 0.7 or higher for all constructs,
thus affirming the questionnaire's reliability.

After validity and reliability tests. the researchers used
statistical software to analyze the collected data. Firstly, the
model's fitting degree, convergence validity, and
discrimination validity were verified by confirmatory factor
analysis (CFA) to ensure the validity and reliability of the
model. Finally, the structural equation model (SEM) was used
to test the path coefficients and direct, indirect, and total
effects among the variables to verify the hypothesis.

3.3 Population and Sample Size

The target population is 3820 non-Japanese major
students from eight universities situated in Chengdu. The
minimum sample size should be around 200 samples. Thus,
the researcher aims to collect 550 samples for the data
analysis.

3.4 Sampling Technique

A purposive sampling was employed to survey a sample
of non-Japanese major students from eight universities
situated in Chengdu. Due to the pandemic's impact, the
researchers contacted the member schools of the Southwest
Branch of the Chinese Association of Japanese Language
Teaching and Learning after completing the questionnaire
design. For convenience sampling, the participants response
to the teachers of Japanese language courses in the schools
listed through WeChat and QQ. For quota sampling, the
proportional sample size is determined to 550. From the total
population of 3820, and 573 valid questionnaires were
obtained after sorting.
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Table 1: Sample Units and Sample Size

. . Population | Proportional

il 1 Size Sample Size
Sichuan University 240 40
University of Electronic Science and 260 40

Technology of China
Southwest Jiaotong University 220 40
Southwest University for Nationalities 400 80
Sichuan Normal University 240 40
Chengdu University of Technology 380 80
Xihua University 400 80
Chengdu College, Sichuan 1680 150
International Studies University,
Sichuan

Total 3820 550

Source: Constructed by author

4. Results and Discussion

4.1 Demographic Information

Among the 573 questionnaires, 516 students have used
Japanese learning apps, accounting for 90.1% of the total. The
highest age group is 18-20 years old, with 359 students,
62.7%, indicating that most students study college Japanese
courses, mainly distributed in the first and second years.
Students aged 20-22 also account for a relatively high
proportion, with 196 students (34.2%). This part should be
students learning Japanese as a second foreign language,
mainly distributed in the junior and senior years. Since the
second foreign language Japanese course is mainly aimed at
non-Japanese majors, this is also reflected in the gender
distribution. There are 397 female respondents, 69.3%, and
176 male students, accounting for 30.7%.

Table 2: Demographic Profile

Demographl& 11;(’17 3();eneml Data ey R
Used Japanese Yes 516 90.1%
learning APP No 57 9.9%
Under 18 years old 4 0.7%
Age 18-20 years old 359 62.7%
20-22 years old 196 34.2%
Over 22 years old 14 2.4%
Gender Male 176 30.7%
Female 397 69.3%

Source: Constructed by author

4.2 Confirmatory Factor Analysis (CFA)

In this study, the statistical software was used to construct
a suitable CFA matrix according to the research purpose and
research model, and the fit degree test verified the fit degree
of the model to determine whether the model conforms to the
actual data. Table 3 shows the factor load, AVE, and CR
values of the data. Hair et al. (2010) believed the factor load
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value should be greater than or equal to 0.5. The composite
reliability (CR) with an absolute value greater than or equal
to 0.7 is considered significant. The observed variable with a
high load value strongly correlates with the potential factor.
In addition, Cronbach's Alpha exceeds 0.7 (George &
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Mallery, 2003). At the same time, Hair et al. (2013) believed
that the average variance extracted value should range from 0
to 1, and greater than 0.5 is a sufficient degree of convergence
validity.

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

No.
. Source of Questionnaire Cronbach's Factors

Rauiables (Measurem%nt Indicator) I t(:n Alpha Loading CR L\
Perceived Usefulness (PU) Davis et al. (1992) 3 0.848 0.726-0.953 0.869 0.692
Perceived Ease of Use (PEOU) Davis (1989) 4 0.728 0.628-0.861 0.849 0.587
Perceived Enjoyment (PE) Chao (2019) 4 0.715 0.703-0.887 0.881 0.652
Attitude (ATT) Fishbein and Ajzen (1975) 3 0.810 0.701-0.909 0.835 0.631
Behavioral Intention (BI) Fishbein and Ajzen (1975) 3 0.829 0.777-0.856 0.864 0.680
Information Quality (IQ) DeLone and McLean (2003) 3 0.827 0.762-0.905 0.863 0.679
Task-technology Fit (TTF) Gebauer and Ginsburg (2009) 4 0.757 0.618-0.841 0.842 0.574

Hair et al. (2007) pointed out that the confirmation factor
analysis (CFA) matrix is the most effective method to
determine and evaluate variables' performance. This study
used seven criteria to evaluate and fit the model. It includes
relative Chi-square (CMIN/df), Goodness of Fit Index (GFI),
approximate root mean square error (RMSEA), Comparative
Fit Index (CFI), structured fit index (NFI), Tuck-Lewis index
(TLI), and Adjusted Goodness of Fit Index (AGFI).

Table 4: Goodness of Fit for Measurement Model

Fit Index Acceptable Criteria Statistical Values
<5.00 ( Al-Mamary &
CMIN/DF Shamsuddin, 2015; Awang, 2971
2012)
GF1 >0.85 (Sica & Ghisi, 2007) 0.908
AGFI >0.80 (Sica & Ghisi, 2007) 0.881
NFI >0.80 (Wu & Wang, 2006) 0.919
CFI >0.80 (Bentler, 1990) 0.944
TLI >0.80 (Pedroso et al., 2016) 0.933
RMSEA <0.08 (Pedroso et al., 2016) 0.059
Model In harmony with
Summary empirical data

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 = Normed fit index, CFI = Comparative fit index, NFI = Normed
fit index, TLI = Tucker-Lewis index and RMSEA = Root mean square error
of approximation

Discriminant Validity means that in statistical
measurements, different constructs should be distinguished
in the measurement tool rather than mixed (Zait & Bertea,
2011). Suppose there is a high correlation between the items
of the measurement tool. In that case, it may lead to
confusion between different isomorphisms, affecting the
measurement results' accuracy and reliability. The AVE
square roots of the variables in the discriminant value
summary are enumerated diagonally, and the square root of
AVE for each potential variable should be greater than the
causal connection of the conceptual framework to any

structure. For each potential variable, the AVE threshold
needs to be at least 0.5 (Fornell & Larcker, 1981). As seen
from the values in Table 5, each coefficient is smaller than
the value of the square root of AVE on the diagonal, and AVE
is greater than 0.5, so the differential validity of this study
meets the standard requirements.

Table 5: Discriminant Validity

PU |[PEOU| PE ATT BI 1Q TTF
PU 0.834
PEOU | 0.402 | 0.766
PE 0.305 | 0.490 | 0.807
ATT 0.307 | 0.373 | 0.476 | 0.794
BI 0.358 | 0.642 | 0.714 | 0.468 0.825
1Q 0.373 | 0.514 | 0.581 | 0.415 0.689 | 0.824
TTF 0.053 | 0.096 | 0.152 | 0.047 0.150 | 0.153 | 0.758

Note: The diagonally listed value is the AVE square roots of the variables
Source: Created by the author.

4.3 Structural Equation Model (SEM)

After the analysis through the CFA matrix, it is evaluated
in this section by a structural equation model to examine the
correlation between exogenous and endogenous potential
variables. Hair et al. (2010) believed that the reliability,
convergence validity, and discriminant validity test results
could be achieved through the structural model level after
evaluating the two. This section used the following structural
equation model evaluation indexes for fitting: CMIN/DF,
GFI, AGFI, RMSEA, CFI, and TLI. The indexes evaluated
the model's fitting degree, and the agreement between the
model and the actual data was judged.
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Table 6: Goodness of Fit for Structural Model

Statistical
Index Acceptable Values
<5.00 ( Al-Mamary & Shamsuddin,
CMIN/DF 4.577
2015; Awang, 2012 )
GFI >0.85 (Sica & Ghisi, 2007) 0.883
AGFI >0.80 (Sica & Ghisi, 2007) 0.850
NFI >0.80 (Wu & Wang, 2006) 0.872
CF1 >0.80 (Bentler, 1990) 0.897
TLI >0.80 (Pedroso et al., 2016) 0.879
RMSEA <0.08 (Pedroso et al., 2016) 0.079
In harmony
Model with
Summary Empirical
data

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 = Normed fit index, CFI = Comparative fit index, NFI = Normed
fit index, TLI = Tucker-Lewis index and RMSEA = Root mean square error
of approximation

4.4 Research Hypothesis Testing Result

Khosrow-Pour (2008) pointed out that the structural
model of SEM represents the causal link in the structure of
the research framework. After the SEM model's running data,
this study's hypothesis verification results were obtained, as
shown in Table 7. As can be seen from the values in the table,
the results show that all hypotheses are supported, and the
standardized path coefficients and T-values are shown in
Table 7.

Table 7: Hypothesis Results of the Structural Equation Modelin;

Hypothesis ®B) t-Value Result
H1: PE—PU 0.473 11.659* Supported
H2: PEPEOU 0.135 2.922* Supported
H3: PEOU-PU 0.277 4.995*% Supported
H4: PU-ATT 0.544 9.762* Supported
H5: PEOU—ATT 0.173 3.890* Supported
H6: ATT—BI 0.431 9.928* Supported
H7: TTF—BI 0.075 2.031* Supported
HS8: 1Q—BI 0.600 15.429* Supported

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

The standardization coefficient between PE and PU is
0.473, and the T-value is 11.659, which indicates that PE has
a significant positive effect on PU in this part of the data. Lu
et al. (2021) confirmed that when students participate in e-
learning, users are more likely to have a positive attitude
toward perceived usefulness if the system is convenient.

The standardization coefficient between PE and PEOU is
0.135, and the T-value is 2.922. This indicates that PE
significantly affects PEOU in this data part, and H2 is
supported. Fagan et al. (2008) conducted some studies, and
the results showed that PE positively impacted PEOU when

61

evaluating intrinsic motivation through PE.

The normalization coefficient between PEOU and PU is
0.277, and the T-value is 4.995, which indicates that PEOU
has a significant positive effect on PU in this part of the data.
Holden and Rada (2011) found that perceived ease of use
positively impacts perceived usefulness.

The standardization coefficient between PU and ATT is
0.544, and the t value is 9.762, which indicates that PU has a
significant positive impact on ATT in this part of the data.

The researchers ( Hu et al., 2022 ) found that when

students think the product is useful, they will form a positive
attitude when adopting it, further affecting their behavioral
intention.

The normalization coefficient between PEOU and ATT is
0.173, and the T-value is 3.890, which indicates that PEOU
has a significant positive impact on ATT in this part of the
data. In their research, Liu et al. (2009) found that PEOU is
positively correlated with people's attitudes toward using e-
learning systems and has a direct impact.

The standardization coefficient between ATT and BI is
0.431, and the t value is 9.928, which indicates that ATT has
a significant positive impact on BI in this part of the data. In
recent years, some studies have shown that in terms of
acceptance and use of information technology, attitudes will
further affect users' behavioral intentions, thus promoting
users' adoption results (Yu et al., 2020).

The standardization coefficient between TTF and BI is
0.075, and the T-value is 2.031, which indicates that TTF has
a significant positive impact on BI in this part of the data.
Khan et al. (2018) studied the factors influencing students'
adoption of mobile learning, and the results showed that TTF
had a positive and positive impact on BI adoption.

The normalization coefficient between I1Q and Bl is 0.600,
and the T-value is 15.429. This means that IQ has a
significant positive effect on BI in this part of the data, and
H8 is supported. Mohammadi (2015) believes that
information quality is an important factor affecting user
intent.

5. Conclusion and Recommendation
5.1 Conclusion and Discussion

The study aimed to investigate the factors influencing
students' behavioral intention to use Japanese learning apps
in Chengdu, China. To accomplish this, a comprehensive
conceptual framework comprising three theoretical models
and seven variables, namely perceived enjoyment, perceived
usefulness, perceived ease of use, attitude, task-technology
fit, information quality, and behavioral intention, was
employed. The results of this study provide insights into the
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determinants that shape students' intentions to use these
language learning apps.

The findings of the study revealed a significant positive
relationship between perceived enjoyment and perceived
ease of use. This connection suggests that students who find
the use of Japanese learning apps enjoyable tend to perceive
these apps as easy to use. This is a critical observation
because perceived ease of use can significantly impact a
user's overall experience and willingness to engage with the
technology. When students derive pleasure from using these
apps, it likely makes the learning process more enjoyable,
enhancing their motivation to use them frequently.

Perceived enjoyment and perceived ease of use were also
found to exert a substantial positive influence on perceived
usefulness. This result suggests that when students derive
enjoyment from the learning experience and perceive it as
easy, they are more likely to find the apps useful for their
Japanese language learning goals. This highlights the
importance of designing learning apps that not only facilitate
the learning process but also make it enjoyable for users.

The study further revealed that perceived usefulness and
perceived ease of use significantly influence students'
attitude towards their intention to use Japanese learning apps.
This finding underscores the critical role of these factors in
shaping a positive attitude among users. Students who
perceive these apps as useful and easy to use are more likely
to have a favorable attitude towards continued use, which can
ultimately impact their intentions to use the apps.

In addition to the variables related to user experience, this
study also demonstrated the significance of task-technology
fit and information quality in influencing behavioral
intention. A positive relationship was observed between task-
technology fit and information quality with students'
intention to use these apps. This finding underscores the
importance of ensuring that these apps align with the specific
learning tasks and objectives of the students and provide
high-quality, reliable information.

In conclusion, this study offers valuable insights into the
factors affecting students' behavioral intention to use
Japanese learning apps in Chengdu, China. The conceptual
framework, which incorporated perceived enjoyment,
perceived usefulness, perceived ease of use, attitude, task-
technology fit, information quality, and behavioral intention,
served as a robust model for examining these factors. The
quantitative approach involving a sample of 500 non-
Japanese major students provided comprehensive data for
analysis.

The results of this study emphasized the significance of
designing Japanese learning apps that prioritize the
enjoyment and ease of use, as these factors positively
influence perceived usefulness and attitude. Furthermore,
ensuring that these apps align with students' specific learning
tasks and provide high-quality information can enhance their
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behavioral intention to use them.

These findings have practical implications for the
developers and educators in the field of language learning
technology. To encourage the adoption and continued use of
such apps, it is essential to focus on creating enjoyable and
user-friendly experiences, emphasizing their usefulness, and
tailoring them to meet the unique learning needs of the
students. By addressing these factors, developers and
educators can foster a more positive attitude among students
and ultimately increase their intention to use Japanese
learning apps for language acquisition.

5.2 Recommendation

The survey results involving students who are not
majoring in Japanese studies indicate that all the hypotheses
put forth in this study are supported. Consequently, the
insights derived from this survey underscore the importance
of comprehensively understanding user objectives, tailoring
personalized learning experiences, and crafting features and
content that cater to diverse user needs and interests when
designing Japanese language learning applications.

To enhance the effectiveness of such applications,
optimizing the interface, functionality, and overall usability
is imperative to ensure a seamless and enjoyable learning
experience for users. A straightforward, user-friendly
interface, coupled with a robust user feedback mechanism,
can significantly elevate user satisfaction levels. Moreover,
it is crucial to provide content and features that are genuinely
beneficial to users. Incorporating engaging and practical
learning resources, exercises, and challenges can kindle user
interest and drive more active app usage.

Effective feedback mechanisms should be integrated to
provide users with timely insights into their learning
progress, while the inclusion of reward systems can bolster
user motivation. Building user trust in the application is
essential by delivering accurate and reliable information and
enhancing the quality of learning materials.

Ultimately, prioritizing the user experience is paramount
to ensure that the Japanese language learning app's interface
design, functional operation, and content presentation align
with user expectations and needs, thus elevating overall user
satisfaction.

5.3 Limitation and Further Study

Due to the epidemic's impact, the data collected in this
study were all completed online, and there needed to be an
on-the-spot explanation for the surveyed students, which
inevitably resulted in certain deviations in the understanding
of the questions. In the next step, through a detailed
explanation and explanation of the survey questions, in-
depth interviews with respondents can be conducted to
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understand the motivation, expectations, and experience
behind users' use of apps and reveal more details.

Because the data for this study was collected between
September 2022 and June 2023, it does not reflect the
changes and attitudes of long-term users of the APP. The next
step is a longitudinal study design that better tracks user
changes to understand the evolution of their learning
behaviors and attitudes. User behavior on the APP may be
affected by various factors, and a single factor may not fully
explain user behavior. At the same time, the user's motivation
and experience of using an APP will also be affected by many
external factors, such as personal interests, learning goals,
etc., which may need to be fully considered. The next
research needs to combine quantitative and qualitative data
to analyze users' actual behaviors on the APP and explore
their behavior patterns and habits.
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