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Abstract
Background and Aim: Mobile learning is an emerging trend in education. Rain Classroom is a mobile learning tool
and has a significant correlation with mobile learning. However, within the personal and informal learning
environment, several research problems emerge. The study aims to explore the factors influencing private university
students’ behavioral intention to use Rain Classroom as a mobile learning tool, using the Unified Theory of
Acceptance and Use of Technology 2 (UTAUT2), extended with system quality, information quality, and perceived
satisfaction.
Materials and Methods: A quantitative survey of 508 undergraduates was conducted, with data analyzed through
Confirmatory Factor Analysis (CFA) and Structural Equation Model (SEM) using SPSS 27 and AMOS 27.
Results: The findings indicated that factors including facilitating conditions, performance expectancy, social
influence, effort expectancy, hedonic motivation, system quality, information quality, and perceived satisfaction all
significantly influenced undergraduates’ behavioral intention to use the rain classroom (p <.001). Furthermore,
facilitating conditions, effort expectancy, social influence, and performance expectancy indirectly influenced
behavioral intention via hedonic motivation. This is rarely paid attention to by previous studies.
Conclusion: This study enriches mobile learning research, particularly regarding Rain Classroom in private university
settings, highlighting the importance of system reliability, content quality, and user satisfaction in promoting adoption.
Notably, it also emphasizes the significant influence of social influence, effort expectancy, performance expectancy,
and facilitating conditions on hedonic motivation, a facet underexplored in previous studies.
Keywords: Factors; Behavioral Intention; Mobile Learning Tool; UTAUT2; D & M Model

Introduction

Mobile learning is an emerging trend in education (Nikou & Economides, 2017). There are three
ways which learning can be considered “mobile” at anywhere (Wang et al., 2018). Three basic elements of
mobile learning: mobile learning devices, communication infrastructure, and learning activity models
(Chang et al., 2003). Mobile learning devices include smartphones, laptops, tablet computers, and so on.
The communication infrastructure uses mobile technology to connect mobile computing devices to relevant
learning materials and learners. Learning activity models can be either in-class or out-of-class (Wang et al.,
2018).

Based on mobile technology, mobile learning, as a form of e-learning, has become a relatively new
field (Schuck et al., 2016). Mobile learning is a trend with great potential, providing new opportunities for
education and learning assessment (Nikou & Economides, 2017). The m-learning is a complementary
approach to face-to-face (F2F) learning and e-learning (Alowayr, 2021; Kumar Basak et al., 2018). It has
the advantage for learners to engage with educational resources at any time and from any location (Kumar
Basak et al., 2018). Some researchers asserted that mobile learning embodies the remarkable skill of
harnessing mobile technology to enrich learning encounters (Ozuorcun & Tabak, 2012).

In many universities in China, mobile learning has been increasingly incorporated into formal
classrooms (Schuck et al., 2016). Especially during the COVID-19 pandemic, with the nationwide internet
course, mobile learning was rapidly rolled out and was practiced and strengthened. For example,
smartphones, tablets and personal computers, and other mobile devices have been widely used in internet
courses. The way students obtain learning materials and information, the form of submitting homework,
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and obtaining feedback are rehearsed and strengthened in an internet course, providing strong support for
mobile learning.

In Mobile learning, technology is inseparable from the use of mobile learning tools. Mobile learning
tools are the main medium and support of mobile learning. The use of mobile learning tools to promote the
effects of education and learning has attracted widespread attention. The use of mobile learning tools
potentially changes teaching and learning in the future (Kumar et al., 2020).

Mobile learning is achieved through communication, search, sharing, accumulation, and
management of learning content (Grant, 2019). One of the challenges of mobile learning is that it often
functions in informal learning environments, where the dynamics and effectiveness of learning can be
difficult to assess and enhance (Viberg & Grénlund, 2015). Rain Classroom, a mobile learning tool
developed by Tsinghua University in China in 2016 (Li & Song, 2017), is widely used in higher education
in China. However, within the personal and informal learning environment, several research problems
emerge: How does Rain Classroom effectively promote students' mobile learning? Such as the rain
classroom’s application of Chinese writing to undergraduates lacks relevant research. What specific factors
influence students’ behavioral intention to use Rain Classroom in such settings? Despite the significant
correlation between Rain Classroom and mobile learning, there is a notable lack of research exploring these
influencing factors. Clarifying these factors and further leveraging the effectiveness of Rain Classroom as
a mobile learning tool is crucial for improving students' behavioral intention and engagement.

Sitar-Taut and Mican (2021) emphasized that mobile learning transcends traditional passive learning
methods by facilitating direct interaction between students, educators, peers, and technical support through
mobile learning tools. This interaction creates a collaborative and engaging learning environment, offering
tailored educational content and activities designed to be interactive and immersive. By enhancing learning
motivation, making learning more enjoyable, and promoting digital literacy and self-directed learning
habits, mobile learning presents a transformative approach to education. Thus, understanding and
addressing the research problems related to Rain Classroom's use in mobile learning, specifically focusing
on Rain Classroom's application in Chinese writing, involve understanding how Rain Classroom promotes
mobile learning in informal environments and identifying the key factors that influence students’ behavioral
intention to use this tool, is essential for realizing its full potential in fostering these positive educational
outcomes. Addressing these problems is vital for enhancing the effectiveness of mobile learning and
fostering improved educational outcomes among students.

Objectives

The research investigates the factors including performance expectancy (PE), effort expectancy (EE),
social influence (SI), facilitating conditions (FC), hedonic motivation (HM), system quality (SQ),
information quality (1Q) and perceived satisfaction (PS) contribute to influencing private university
students’ behavioral intention to use mobile learning tool like Rain Classroom.

Literature review

Theories Related to the Variables

The theories that are related to the variables utilized in this research are UTAUT2 and the D & M
model.

UTAUT2

The unified theory of acceptance and use of technology (UTAUT) is a theoretical model widely used
to explore users' behavioral intention to use technology. UTAUT provided a better understanding of the
factors affecting acceptance and use of technology (Venkatesh et al., 2003). UTAUT contains four
independent variables, including performance expectancy (PE), effort expectancy (EE), social influence
(SI), and facilitating conditions (FS), and moderators include age, gender, experience, and voluntariness of
use. Behavioral intention as an intermediate variable and use behavior as a dependent variable. Radovan
and Kristl (2017) confirmed that the independent variables in the UTAUT were associated with behavioral
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intention. In 2012, Venkatesh et al. (2012) added hedonic motivation (HM), Price value (PV), and Habit
(HT) variables to the model, which they named UTAUT2. The UATUT2 model contains seven exogenous
variables and is used to explain the variables that predict an individual’s behavior using a technological tool
or application (Venkatesh et al., 2012). Venkatesh et al. (2012) called for the use of additional structures to
improve its predictive power.

Moreover, Muangmee et al. (2021) added social distance to the UTAUT2 as an independent variable,
expecting to increase the predictive ability of UTAUT2 in the case of measuring students' behavioral
intention and actual use of e-learning tools (Muangmee et al., 2021).

D & M model

In 1992, DeLone and McLean introduced a model to measure the success of an information system.
Ten years later, DeLone and McLean (2003) revised the model by considering the responses of the critics.
They added an independent variable called "service quality", dividing the variable named "use" in the 1992
model into two variables, "use" and" intention to use ", turning "individual impact" and "organizational
impact” into a variable called "net benefits". The D & M model has been applied and validated in many
information system studies (Ojo, 2017).

Hassanzadeh et al. (2012) confirmed the accuracy of the D & M model on universities’ e-learning
platforms. Some researchers demonstrate that the D & M model can combine with the UTAUT model to
predict the factors affecting students’ online behavioral intention in using a discussion forum (Radovan &
Kristl, 2017; Wut & Lee, 2021).

The research framework starts with UTAUT2, and the variables performance expectancy, effort
expectancy, social influence, facilitating conditions, hedonic motivation, and behavioral intention are
selected.

System quality (SQ) and Information quality (IQ) are two variables of the D & M model, which were
used to measure behavioral intention (Wut & Lee, 2021). The researcher then adds them to the conceptual
framework.

Perceived satisfaction (PS) has been suggested as a direct and pivotal antecedent of behavioral
intention (Alowayr, 2021), encapsulating the essence of the students' fulfillment in achieving the myriad of
benefits they aspire to reap from the learning journey (Wu et al., 2010). Then, it was added to the conceptual
framework. Consequently, there are nine variables in this research.

Performance Expectancy

Performance expectancy refers to the extent to which an individual holds the belief that using the
system will facilitate achieving improvements in their job performance (Venkatesh et al., 2003).
Performance expectancy can also be defined as the extent to which individuals perceive that adopting and
using a particular technology will enhance their ability to accomplish specific tasks or activities effectively
and efficiently (Venkatesh et al., 2012). In the research, performance expectancy is defined as a mobile
technology tool that should offer some help in achieving goals related to study performance (Wut & Lee,
2021).

Performance expectancy has consistently emerged as the most influential predictor of behavioral
intention, as demonstrated by Venkatesh et al (2003). Wang et al., (2009) found that performance
expectancy was a significant determinant of behavioral intention to use m-learning. Muangmee et al. (2021)
discovered that performance expectancy was positively and significantly influenced the students’
behavioral intention to adopt e-learning tools.

H1: Performance expectancy (PE) has a significant influence on behavioral intention (BI) to use the
Rain Classroom as a mobile learning tool.

Sitar-Taut & Mican (2021) emphasized that the most powerful relationship was between performance
expectancy and hedonic motivation. It was said that performance expectancy was significantly influenced
by students’ online hedonic motivation in using the discussion forum (8 = 0.399, p = 0.000).

H2: Performance expectancy (PE) has a significant influence on hedonic motivation (HM) to use the
Rain Classroom as a mobile learning tool.
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Effort Expectancy

Effort expectancy is defined as the extent to which an individual perceives the use of the system to
be effortless and convenient, reflecting the degree of ease associated with its operation (Venkatesh et al.,
2003). Effort expectancy can also be defined as the degree of ease associated with consumers' use of
technology (Venkatesh et al., 2012).In this research, effort expectancy is defined as the degree of difficulty
in using a mobile technology tool (Wut & Lee, 2021). Muangmee et al. (2021) found that effort expectancy
significantly influenced the students’ behavioral intention to adopt e-learning tools.

H3: Effort expectancy (EE) has a significant influence on behavioral intention (BI) to use the Rain
Classroom as a mobile learning tool.

Sitar-Taut & Mican (2021) found that social influence was significantly influential on students’
online hedonic motivation in using the discussion forum.

H4: Effort expectancy (EE) has a significant influence on hedonic motivation (HM) to use the Rain
Classroom as a mobile learning tool.

Social Influence

Social Influence is articulated as the extent to which an individual perceives the conviction held by
significant others that he or she ought to adopt and utilize the new system (Venkatesh et al., 2003). This
concept encapsulates the influence that the opinions and actions of others exert on an individual's decision
to embrace a new system. Social influence can be articulated as the perception held by consumers that their
significant others, such as family members and friends, hold the belief that they ought to adopt a specific
technology (Venkatesh et al., 2012). In this research, social influence is defined as the degree to which
someone perceives that important others believe he or she should use the specific technology (Venkatesh
et al., 2012). According to the research (Muangmee et al., 2021), social influence positively and
significantly influenced the students’ behavioral intention to adopt e-learning tools.

H5: Social Influence (SI) has a significant influence on behavioral intention (BI) to use the Rain
Classroom as a mobile learning tool.

Brandford Bervell et al. (2021) found that facilitating conditions had a significant influence on
hedonic motivation, with a Standardized Coefficient (B) value is 0.591, t-value is 8.136, and P-value is .000.

H6: Social Influence (SI) has a significant influence on hedonic motivation (HM) to use the Rain
Classroom as a mobile learning tool.

Facilitating Conditions

Facilitating conditions were defined as the extent to which an individual perceives the availability
and adequacy of both organizational and technical infrastructures that serve as a foundation to support and
enable the utilization of the system (Venkatesh et al., 2003). Facilitating conditions are defined as the
support offered by the organization (Sitar-Taut & Mican, 2021).

Research has conclusively demonstrated that facilitating conditions exerted a profound influence on
the behavioral intention to adopt mobile learning (Nikou & Economides, 2017). According to the research
(Muangmee et al., 2021), facilitating conditions were positively and significantly influenced the students’
behavioral intention to adopt e-learning tools.

H7: Facilitating conditions (FC) have a significant influence on behavioral intention (BI) to use the
Rain Classroom as a mobile learning tool.

Sitar-Taut & Mican (2021) attempted to verify that effort expectancy was significantly influenced by
students' online hedonic motivation in using the discussion forum, but they failed. While effort expectancy
significantly influenced hedonic motivation was not supported in the research conducted by Sitar-Taut &
Mican (2021), the researcher continues to explore effort expectancy's influence on hedonic motivation,
because some researchers discovered that effort expectancy significantly influences attitude (Sumak &
Sorgo, 2016).

H8: Facilitating conditions (FC) have a significant influence on hedonic motivation (HM) to use the
Rain Classroom as a mobile learning tool.

System Quality
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System quality is characterized by the technical excellence of an information system, encompassing
its reliability, adaptability, and responsiveness, along with other inherent system attributes (Petter et al.,
2008). System quality pertains to the integration of hardware and software excellence within information
systems. Its core emphasis lies in the system's efficacy, evaluating how effectively the combined
capabilities of hardware, software, policies, and operational procedures of these systems cater to the
informational requirements of users (Tajuddin, 2015). In this research, system quality is defined as the
accuracy and efficiency of the mobile technology tool (Wut & Lee, 2021). System quality was one of the
independent variables in the conceptual framework to predict whether it had a significant influence on
behavioral intention. The results indicated that the standardized path coefficient between system quality
and behavioral intention was significant, with a value of 0.348 (t-value = 6.502) and a p-value less than
0.05.

H9: System quality (SQ) has a significant influence on behavioral intention (BI) to use the Rain
Classroom as a mobile learning tool.

Information Quality

Information quality can be broadly conceptualized as the content furnished by the system, which
serves to augment and enrich the user's knowledge base (DeLone & McLean, 2003). Information quality
explains the quality of a communication system, ensuring that the information it disseminates is
comprehensive, precise, current, and valuable (Petter et al., 2008). In this research, information quality is
defined as the ability of a mobile learning tool can convey the intended meaning. (Wut & Lee, 2021).

According to the research by DeLone & McLean (2003), information quality was examined in the
information systems success model to positively influence behavioral intention. Much research supported
the significant relationship between these two variables (Cao, 2022).

H10: Information quality (IQ) has a significant influence on behavioral intention (BI) to use the Rain
Classroom as a mobile learning tool.

Perceived Satisfaction

Perceived satisfaction refers to the extent to which students are content with their learning
experiences. The level of satisfaction serves as a measure of the success or failure of a system (Liaw, 2008).
It was considered a standard for measuring enjoyment and meets consumers' expectations. Wu et al. (2010)
defined it as the attainment of all intended advantages that students seek to achieve through the learning
journey. In this research, perceived satisfaction is defined as the benefits students aim to gain from the
learning process (Alowayr, 2021).

The research (Liaw, 2008) showed that learners' perceived satisfaction and perceived usefulness were
significant contributors to their behavioral intention to utilize the e-learning system.

H11: Perceived satisfaction (PS) has a significant influence on behavioral intention (BI) to use the
Rain Classroom as a mobile learning tool.

Hedonic Motivation

Hedonic motivation, defined as the experience of pleasure or enjoyment derived from technology
usage, has been identified as a crucial factor influencing technology acceptance and usage behaviors, as
evidenced by the findings of Brown & Venkatesh (2005). Venkatesh et al. (2012) emphasized that hedonic
motivation was a predictor variable for assessing consumers' behavioral intentions towards technology
adoption and utilization. In this research, hedonic motivation is defined as the degree of fun or pleasure
related to using the mobile technology tool (Sitar-Taut & Mican, 2021).

Hedonic motivation has consistently served as a pivotal predictor in the realm of consumer
technology utilization (Venkatesh et al., 2012). According to the research (Muangmee et al., 2021), hedonic
motivation was positively and significantly influenced the students’ behavioral intention to adopt e-learning
tools. Avci (2022) used hedonic motivation as an independent variable to predict whether it had a significant
influence on behavioral intention for using digital learning resources. The results indicated that it was a
significant predictor of behavioral intention (t=5.055, p<.05).
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H12: Hedonic motivation (HM) has a significant influence on behavioral intention (BI) to use the
Rain Classroom as a mobile learning tool.

Behavioral intention

Behavioral intention represents the robustness of the purpose forged to accomplish a defined task or
engage in a particular behavior (Davis, 1989). Behavioral propensity clarifies students' readiness to adopt
an online learning system or the prospect of a student engaging in the action of utilizing an online platform
(Venkatesh & Davis, 2000; Cao, 2022). In this research, it is defined as someone who intends to use a
mobile learning tool (Wut & Lee, 2021).

According to the research (Muangmee et al., 2021), the students’ behavioral intention to adopt e-
learning tools was positively and significantly influenced by facilitating condition (f=0.50, p<0.05),
hedonic motivation (B=0.35, p<0.05), performance expectancy (=0.22, p<0.05), social influence (=0.20,
p<0.05), effort expectancy (=0.14, p<0.05).

Conceptual Framework

The conceptual framework for this research is constructed based on UTAUT2 and combined with
the D & M model. Variables include performance expectancy, effort expectancy, social influence,
facilitating conditions, hedonic motivation, behavioral intention, system quality, and information quality
are retained. External variable perceived satisfaction is added to the model.

The conceptual framework of the study is presented in Figure 1.

Performance System
ualit
Expectancy Q y
Hedonic
Effort
Motivation
Exnectancv
Information
Quality
Social
Influence .
Behavioral
Intention
e H11 .
Facilitating Perceived

Conditions Satisfaction

Figure 1 Conceptual framework

Methodology

Research Instrument

This is a quantitative survey research, uses the questionnaire as a research instrument to collect data.
A descriptive technique to establish the relation between independent variables and dependent variables,
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students’ behavioral intention to use the Rain Classroom as a mobile learning tool. To effectively generalize
results, an online questionnaire was employed to gather data. Questions originated from 9 variables and 34
items. Variables performance expectancy (PE), effort expectancy (EE), social influence (Sl), facilitating
condition (FC), information quality (1Q), perceived satisfaction (PS), and behavioral intention (BI) are all
four items. System quality (SQ) and hedonic motivation (HM) both have three items. All 34 items are
supported by previous research literature. Each item in the study was assessed using a 5-point Likert scale,
which spanned from 1 = “Strongly Disagree” to 5 = “Strongly Agree”. The researchers invited three
professionals in related fields to evaluate the validity of the questionnaire. The evaluation process uses
project-objective consistency (IOC) indices. After the evaluation of the three experts, the score of each item
is above 0.67, which meets the requirement of questionnaire validity. In addition, 40 students were invited
to participate in the pilot study to assess the internal consistency reliability of the questionnaire. Cronbach's
alpha coefficient was used in the measurement scale. After reliability evaluation, all values of each variable
are more than 0.80 (see Table 3), indicating that the reliability of the questionnaire is satisfactory.

Population and Sample: The population of the research is undergraduates from the School of
Culture and Media at a private university in Zhanjiang city, Guangdong province, China. The numbers are
5107 in September 2024. The researcher used CALCULATOR: A-priori Sample Size Calculator for
Structural Equation Models (https://www.danielsoper.com/statcalc) to calculate the sample size. The
Conceptual framework contains 9 variables and 34 items. Anticipated effect size is 0.2, Desired statistical
power level is 0.8, probability level is 0.05, according to CALCULATOR, the minimum sample size is 460.
The purposive sampling method has been utilized to select the samples for this study. The samples had used
Rain Classroom for their mobile learning, taught by the researcher. They are aged between 18 and 30.

Data Collection Process: When the questionnaire was sent to the students (samples), the researcher
sent a questionnaire filling instruction first. It included that the respondents should be over 18 years old and
informed them that the purpose of this questionnaire was only for research. The questionnaire was
completed anonymously to protect the privacy of the respondents. In the process of filling in the
guestionnaire, respondents could terminate their answers at any time if they did not want to continue. The
guestionnaire was sent to students by Wenjuanxing and successfully gathered 508 valid questionnaires.

Data Analysis: The researcher employs the IBM SPSS version 27 and IBM AMOS version 27 to
analyze the data. The Confirmatory factor analysis (CFA) and Structural equation model (SEM) were
implemented to analyze complex relationships between multiple variables and test all hypotheses in the
study.

Results

Demographic Information

The students in the sample were in total of 508, and came from two majors, including 317 Chinese
language and literature, accounting for 62.4%, and 191 Chinese language international education students,
accounting for 37.6%. Of the total number of students in the sample, 202 students were 18-19 years old,
which accounted for 39.8%, 314 students were between the ages of 20-25, which accounted for 57.6% and
8 students were between the ages of 26-30, which accounted for 1.6%. There were 72 male students, which
accounted for 14.2% and there were 436 female students, which accounted for 85.8% of the total number
of students. There were 168 students who were freshmen, which accounted for 33.1%. 85 students were
sophomores, which accounted for 16.7%. 124 students were junior and 131 students were senior,
accounting for 24.4% and 25.8%.

Mean Values of the Variables: Researchers typically use the mean and standard deviation (SD) of
the data to measure the dispersion or divergence of survey data. Table 1 shows the participants’ opinions
regarding the attribute of relative advantage associated with the mobile learning tool. The total mean was
3.627, which represented "agree" (Norman, G., 2010). The average value of all items was larger than the
midpoint, ranging from 3.520 to 3.770. According to Norman (2010), the mean value of the item from 3.51
- 4.50, represented "agree".
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Table 1 Descriptive Analysis of Each Variable

Variables Items Mean Std. Deviation Interpretation
PE1 3.540 1.197 Agree
Performance PE2 3.600 1.196 Agree
Expectancy PE3 3.530 1.291 Agree
PE4 3.530 1.349 Agree
EE1 3.630 1.182 Agree
Effort EE2 3.710 1.131 Agree
Expectancy EE3 3.690 1.163 Agree
EE4 3.640 1.177 Agree
Social SI1 3.520 1.196 Agree
Influence SI2 3.530 1.157 Agree
SI3 3.570 1.138 Agree
Sl4 3.530 1.159 Agree
Facilitating FC1 3.670 1.198 Agree
Conditions FC2 3.610 1.181 Agree
FC3 3.650 1.161 Agree
FC4 3.610 1.263 Agree
System SQ1 3.590 1.098 Agree
. SQ2 3.770 1.059 Agree
Quality
SQ3 3.720 1.100 Agree
Information Q1 3.680 1.050 Agree
Quality 1Q2 3.720 1.080 Agree
1Q3 3.750 1.048 Agree
104 3.550 1.107 Agree
PS1 3.550 1.086 Agree
Perceived PS2 3.620 1.114 Agree
Satisfaction PS3 3.520 1.201 Agree
PS4 3.560 1.094 Agree
Hedonic HM1 3.620 0.985 Agree
Motivation HM2 3.720 0.959 Agree
HM3 3.650 1.007 Agree
Behavioral BIl 3.670 1.079 Agree
Intention BI2 3.710 1.141 Agree
BI3 3.670 1.180 Agree
Bl4 3.700 1.034 Agree
Total 3.627 1.134 Agre
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Confirmatory Factor Analysis (CFA)

The research findings demonstrated a satisfactory goodness-of-fit for the measurement model. CFA
Model Fit Indices include the ratio of the chi-square value to the degree of freedom (CMIN/DF), estimated
root mean square error (RMSEA), goodness of fit index (GFI), adjusted Goodness of Fit index (AGFI),
normalized goodness of fit index (NFI), Comparative Goodness of Fit Index (CFl), Tuck-Lewis Index
(TLI). The statistical values of each index in this study were CMIN/DF = 1.403, GFI = 0.926, AGFI =
0.911, NFI =0.944, CFI = 0.983, TLI = 0.981, and RMSEA = 0.028. See Table 2. Therefore, the structural
model seems to be a satisfactory fit.

Table 2 Confirmatory Factor Analysis Fit Indices and Adjustments

Fit Index é::;g::ble Source Statistical Values
CMIN/DF <5.0 Wheaton et al.,1977 1.403
RMSEA <0.08 Pedroso et. al., 2016 0.028
GFI >0.90 Sica & Ghisi, 2007 0.926
AGFI >0.85 Sica & Ghisi, 2007 0.911
CFI >0.90 Sharma et al., 2005 0.983
TLI >0.90 Wu & Wang, 2006 0.981
NFI >0.90 Bentler, 1990 0.944

In harmony with

Model Summary empirical data

The results of the CFA model fit indices showed that the results passed all of the acceptable criteria.

In order to test the construct validity, a convergence validity test was carried out. Convergent validity
confirms the consistency of the relationship between constructs (Churchill, 1979). The usual method used
to measure convergent validity was Cronbach’s Alpha reliability (CA), factor loading, composite or
construct reliability (CR), and average variance extracted (AVE). The results were summarized in Table 3.

Factor loading measures the coefficient among construct groups. The greater the factor load value,
the higher the reliability of the project (Hair et al., 2010). The acceptable threshold for factor load is 0.5 or
higher (Hair et al.1998). In this study, factor loading for all individual items was greater than 0.70, ranging
from 0.729 to 0.903.

The Composite Reliability (CR) values provide a measure of the internal consistency among the
indicators used to measure each construct. A CR value above 0.7 is generally considered acceptable. The
CR values for the variables are greater than 0.7, suggesting that the indicators used in the study are reliable
and consistent in measuring the construct. See Table 3.

AVE value above 0.5 is considered acceptable, and the AVE value of each variable is more than 0.5,
suggesting that the indicators are effective in measuring the underlying construct.

Table 3 Descriptive Statistics of Factor Loading, AVE, and CR

_ Factors CR AVE
Variables Items CA t-value Loading >.7 (>.5)
PE1 29.820***  0.884
Performance PE2 0.937 29.390***  (.878 0.938 0.791
Expectancy
PE3 30.497***  0.893
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Factors CR AVE

Variables ltems CA t-value Loading >.7) (>.5)
PE4 0.903
EE1 20.644***  0.835
EE2 21.371***  0.859
Effort 0.905 0906  0.707
Expectancy EE3 21.791***  0.874
EE4 0.792
Sli1 18.430***  0.848
Social SI2 0.891 19.083***  (0.884
0.890 0.671
Influence SI3 17.570%**  0.807
Sl4 0.729
FC1 21.594***  (0.804
R FC2 23.295***  (.858
Facilitating 0.902 0903  0.699
Conditions FC3 22.760***  0.840
FC4 0.841
SQ1 0.774
System
SQ2 0.836 16.707***  0.840 0.837 0.632
Quality
SQ3 16.257***  0.769
1Q1 0.778
: 102 18.882***  0.833
'”folf_ma“o” 0.873 0873 0.633
Quality 1Q3 18.204***  0.801
1Q4 17.418***  0.769
PS1 0.762
. PS2 18.982***  (.848
Perceived 0.874 0876  0.639
Satisfaction PS3 16.938***  0.757
PS4 18.560***  0.827
HM1 20.967***  0.817
Hedonic HM2 0.864 20.134*** 0785 0.849  0.653
Motivation
HM3 0.821
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T jon Index Canes

ml’#mmrrh&:\e

_ Factors CR AVE
Variables Items CA t-value Loading .7 (>.5)
BI1 20.794%%*  0.798
. BI2 20.924*** 0,801
Behavioral 0.922 0889  0.668
Intention BI3 22.222%**  0.835
Bl4 0.834

Note: CA = Cronbach's Alpha, *** = P<.001

Before the structural equation model analysis, the discriminant validity of each construct is also
tested. According to Fornell & Larcker (1981), discriminant validity can be based on comparing the
correlation coefficient of each structure with the square root of the AVE. The result of the square root of
AVE needs to be greater than the correlation coefficient of the construct to ensure the discriminant validity.
Table 4 shows the results. The square root of AVE values is higher than the correlation coefficient among

constructs.

Table 4 Discriminant Validity

Variables PE EE SI FC SQ 1Q PS HM BI
PE 0.889

EE 0.287 0.841

Sl 0.052 0.004 0.819

FC 0.383 0.072  0.030 0.836

SQ 0.077 0.017  0.093 0.227 0.795

1Q 0.031 0.126  0.020 0.132 0.395 0.796

PS 0.144 0.053 0.080 0.176 0.281 0.219 0.799

HM 0.480 0.378 0.236 0.425 0.314 0.363 0.353 0.808

Bl 0.621 0.368  0.204 0.642 0.380 0.361 0.463 0.738 0.817

Structural Equation Model (SEM)

To test the hypotheses of causal relationship among the variables proposed, the Structural Equation
Model (SEM) was employed in the model. In this section, the goodness of fit of the SEM model was
evaluated through the assessment of six indices: CMIN/DF, GFI, AGFI, CFl, NFI, and RMSEA. These
fitting indices provide a comprehensive evaluation of model fitting and enable to understanding of the
adequacy of their structural model. Table 5 shows the Fit Indices Results of the Structural Equation Model.
The current model fit analysis is in harmony with the empirical data.
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Table 5 Fit Indices Results of the Structural Equation Model

Fit Index ptable Criteria stical Values

CMIN/DF }

GFI 5 ’

SRMR 8 }

RMSEA 0 )

CFI 0 [

TLI 0 )

Model Summary rmony with empirical data

Research Hypothesis Testing Result

The correlation among the independent and dependent variables proposed in the hypothesis is
measured by regression coefficients or standardized path coefficients. The Hypothesis Testing Results of
the Structural Equation Model (Table 6) show the hypothesis testing for each of the hypotheses stated in
the study.

78
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Figure 2 The Structural Equation Model (SEM) Path Diagram of the Study
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According to Table 6, all 12 hypotheses are supported with the P-values <.001. PE, EE, SI, FC, SQ,
IQ, PS, and HM have a significant influence on Bl. Meanwhile, PE, EE, SI, and FC have a significant
influence on HM, are supported, with all the P-values <.001.
Table 6 Hypothesis Testing Results of the Structural Equation Model

Hypothesis ?:t(?enf%ifgzse c(lm t-value Testing result
HI: BI éliE_ 0.373 10.415%** Supported
H2: HMéE 0.313 7.080%** Supported
H3: BI (_EE_ 0.121 5,194k Supported
H4: HM(_E_E_ 0.298 6.556%#* Supported
HS:BL  SI 0.180 3.620%%* Supported
He: HM<__SI— 0.228 5.042%** S

- _ _ upported
H7:BI <E. 0.427 11.217%%x Supported
HS: HMéiC- 0.314 6.909%#* Supported
HO9: BI<_Eg 0.129 3.924%x* Supported
HlO:BIé_IS 0.163 5.024#s%:* Supported
HI11: BI;S_ 0.273 8.009*** Supported
H12:BI<_§£/I 0.268 6.172% % Supported

Note: *** = P<.0

o

1

Direct, Indirect, and Total Effects of Relationship

The relationship among the variables can be influenced directly or indirectly, and AMOS can help to
calculate and determine the influences. The direct effect (DE) of a relationship means that the two variables
are correlated without the influence of the intermediate variable. Indirect effects (IE) relationships are
correlations between variables that exist through at least one moderating variable. Total effect (TE) is the
sum of the direct and indirect effects of a relational path. (Raykov & Marcoulides, 2000). R-squared (R2)
value represents the proportion of the change in the dependent variable, showing the proportion of that
variable that can be explained by another variable. (Henseler & Sarstedt, 2012). The acceptable level of R2
is at least 0.1 (Falk & Miller, 1992).

Table 7 shows the results of the direct, indirect, and total effects of the relationship among the
variables based on the hypotheses proposed. The R2 value of 0.337 and 0.735, which are both greater than
the commonly accepted minimum (at least 0.1) threshold for adequate model fit, indicates that the model
explains a significant portion of the variance in the dependent variables. It means that the independent
variables have a substantial influence on the dependent variables, as measured by the proportion of variance
explained (R?).

Specifically, an R2value of 0.337 suggests that approximately 33.7% of the variability in HM can be
attributed to the independent variables (PE, EE, Sl, FC) in the model. Similarly, an R2value of 0.735 implies
that 73.5% of the variability in Bl is explained by the model. These values demonstrate that the model has
a good fit and is capturing a meaningful amount of the relationship between the variables.
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Table 7 Direct, Indirect, and Total Effects of Relationships

Independent

Independent Variables
Variables Hedonic Motivation (HM) Behavioral Intention (BI)

DE IE TE R? DE IE TE R?
performance 313 - 313 337 371 .085 456 735
expectancy
effort .298 - .298 .180 .080 .260
expectancy
social 228 - 228 121 .061 182
influence
facilitating 314 - 314 .380 131 511
conditions
system quality - - - 129 - 129
information - - - 163 - 163
guality
perceived - - - 273 - 273
satisfaction
hedonic - - - .268 - .268
motivation

According to Table 7, performance expectancy (.085), effort expectancy (.080), social influence
(.061), and facilitating conditions (.131) have an indirect influence on behavioral intention. This indirect
influence is based on hedonic motivation as the intermediate variable.

Discussion

First of all, the study determines the factors that influence the behavioral intention of private
university students in using a mobile learning tool.

The research aims to determine the factors influencing private university students’ behavioral
intention to use mobile learning tools like Rain Classroom. The samples come from private university
undergraduates who had used a rain classroom as a mobile learning tool for their Chinese writing course
learning. The research results can be used as a reference for other courses and other private universities to
use the rain classroom as a mobile learning tool.

In order to establish the conceptual framework for the study, previous literatures were studied and
the relevant theories and research papers on the topic. Previous studies had found the potential factors
influencing behavioral intention, given great inspiration for this study. Potential influencing factors of
behavioral intention to use a mobile learning tool were based on the UTAUT2 model and the DeLone &
McLean model. The final selection determines performance expectancy, effort expectancy, social influence,
facilitating conditions, hedonic motivation, system quality, information quality, and perceived satisfaction
are the influencing factors of behavioral intention. In the conceptual framework, performance expectancy,
effort expectancy, social influence, facilitating conditions, hedonic motivation, system quality, information
guality, and perceived satisfaction directly influence behavioral intention, and they have significant
influence on behavioral intention is confirmed in the study. This study also attempts to prove that
performance expectancy, facilitating conditions, effort expectancy, and social influence have an indirect
influence on behavioral intention, with hedonic motivation as an intermediate variable. In the research, this
idea is confirmed, although it does not show a significant influence. This is rarely paid attention to by
previous studies. Although Sitar-Taut & Mican (2021) established a relationship with hedonic motivation
as an intermediate variable, they ultimately failed to elucidate how performance expectancy, facilitating
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conditions, effort expectancy, and social influence indirectly influence behavioral intention, with hedonic
motivation serving as the intermediary.

Secondly, the study confirms and supplements the research theories.

Several theories and theoretical models have been utilized to elucidate the acceptance and utilization
of techniques and were used in this study, including the Unified Theory of Acceptance and Use of
Technology (UTAUT) (Venkatesh et al., 2003; Thomas et al., 2013; Alghazi et al., 2021), and the Unified
Theory of Acceptance and Use of Technology 2 (UTAUT2) (Venkatesh et al., 2012; Arain et al., 2019).
Additionally, the DeLone and McLean (D & M) model, which has been applied and validated in numerous
information system studies, has been employed to measure behavioral intention (DeLone & McLean, 2003;
Ojo, 2017; Wu & Lee, 2021).

In UTAUT, independent variables performance expectancy, effort expectancy, and social influence,
and the dependent variable behavioral intention establish a path relationship. The path relationship from
facilitating conditions to behavioral intention is not established. This is changed in UTAUT?2, establishing
a direct path relationship between facilitating conditions and behavioral intention. The direct path
relationships among independent variables, performance expectancy, effort expectancy, social influence,
facilitating conditions, and the dependent variable behavioral intention are demonstrated in this study.
These four independent variables have a significant influence on behavioral intention.

Hedonic motivation is also an independent variable added by UTAUT2, which establishes the direct
path relationship from hedonic motivation to behavioral intention. This study confirmed that hedonic
motivation has a significant influence on behavioral intention. UTAUT2 did not establish the path
relationship among performance expectancy, effort expectancy, social influence, facilitating conditions,
and dependent variable hedonic motivation, but these four independent variables have a significant
influence on hedonic motivation, as confirmed in this study.

UTAUT2 did not establish the path relationship among performance expectancy, effort expectancy,
social influence, facilitating conditions, and the dependent variable behavioral intention with hedonic
motivation as an intermediate variable. This study establishes this chain relationship and confirms that
performance expectancy, effort expectancy, social influence, and facilitating conditions have an indirect
influence on behavioral intention with hedonic motivation as the intermediate variable. The proportion of
indirect influence reached 18.6%-33.8%.

A previous study had integrated UTAUT and D & M model to establish the conceptual framework
(Wut & Lee, 2021). Therefore, in this study, two independent variables of the D & M model, system quality,
information quality, were added to the conceptual framework and used to measure behavioral intention. D
& M model failed to establish the path relationship between system quality, information quality among
behavioral intention. This study established a direct path relationship among system quality, information
guality, and the dependent variable behavioral intention, and confirmed that these two independent
variables have a significant influence on behavioral intention.

Thirdly, the study establishes a conceptual framework integrating UTAUT2 and D & M mode, and
proves that the conceptual framework has a good Model Fit.

The conceptual framework, six variables (PE, EE, SI, FC, HM, BI) from UTAUT?2, two variables
(SQ, 1Q) from the D & M model, are selected, and an external variable, perceived satisfaction. The
conceptual framework is composed of seven independent variables, one intermediate variable (HM), and
one dependent variable (BI), see Figure 1.

The Model Fit for the Confirmatory Factor Analysis (CFA) and Structural Equation Model (SEM) is
meticulously estimated to ascertain that the model is a good fit.

CFA Model Fit Indices include the ratio of the chi-square value to the degree of freedom (CMIN/DF),
estimated root mean square error (RMSEA), goodness of fit index (GFI), adjusted Goodness of Fit index
(AGFI), normalized goodness of fit index (NFI), Comparative Goodness of Fit Index (CFI), Tuck-Lewis
Index (TLI).
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CMIN/DF is used to assess the fit of the model to the data, that is, the ability of the model to interpret
the data. The value of CMIN/DF is 1-3 is excellent (Wheaton et al.,1977). In this conceptual framework,
the value of CMIN/DF is 1403, indicating a good model fit.

RMSEA is employed to evaluate the fit of a statistical model to the observed data. It measures the
discrepancy between the fitted model and the perfect fit, providing an estimate of the population
discrepancy per degree of freedom. A value less than 0.05 is typically considered a good fit (Pedroso et.
al., 2016), and in this conceptual framework, the value of RMSEA is 0.028, indicating a good model fit.

The GFI is a measure used to assess how well the proposed model replicates the observed variance-
covariance matrix. A GFI value of 0.90 or above is generally considered indicative of an acceptable model
fit (Sica & Ghisi, 2007). In this conceptual framework, the value of GFI is 0.926, indicating a good model
fit.

The AGFI provides a more nuanced evaluation of model fit. A value of AGFI above 0.90 is typically
considered good. (Sica & Ghisi, 2007). In this conceptual framework, the value of AGFI is 0.911, reflecting
a well-fitting model that accounts for its complexity.

The NFI compares the chi-square value of the proposed model to the chi-square value of a null model.
A value of NFI above 0.90 is generally considered indicative of a good model fit (Bentler, 1990). In this
conceptual framework, the value of NFI is 0.944.

The CFI is a measure of model fit that corrects for sample size biases and is less sensitive to model
misspecification than some other indices. CFI values of 0.90 or above are often considered indicative of an
excellent fit (Sharma et al., 2005). In this conceptual framework, the value of CFl is 0.983.

The TLI is a measure of model fit that adjusts for sample size and model complexity. Values of TLI
above 0.90 are typically considered indicative of a good model fit (Wu & Wang, 2006). In this conceptual
framework, the value of TLI is 0.981.

Therefore, verified by CFA analysis, the conceptual framework in this study seems to be at a
satisfactory fit.

The correlation among the independent and dependent variables proposed in the hypothesis is
measured by regression coefficients or standardized path coefficients. The Hypothesis Testing Results of
the Structural Equation Model show that all of the 12 hypotheses are supported in the study. Specifically,
an R2 value of 0.735 implies that 73.5% of the variability in the dependent variable Bl is explained by the
model. These values demonstrate that the model has a good fit and is capturing a meaningful amount of the
relationship between the variables.

Conclusion

This study investigated the factors influencing private university students’ behavioral intention to
use Rain Classroom as a mobile learning tool by employing the Unified Theory of Acceptance and Use of
Technology 2 (UTAUT2) extended with system quality, information quality, and perceived satisfaction.
The findings confirmed that performance expectancy, effort expectancy, social influence, facilitating
conditions, hedonic motivation, system quality, information quality, and perceived satisfaction all
significantly influence students’ behavioral intention. System quality was found to have the strongest
influence, highlighting the importance of a reliable and user-friendly platform in promoting continuous use.

The study also revealed that hedonic motivation played a crucial mediating role in linking various
factors, such as performance expectancy, effort expectancy, social influence, and facilitating conditions, to
behavioral intention. Students who perceived the platform as enjoyable and engaging were more likely to
adopt it for sustained learning. Similarly, the results showed that facilitating conditions, such as institutional
support and resource availability, significantly contributed to both hedonic motivation and behavioral
intention, underscoring the importance of creating an enabling environment for technology use.

Information quality and perceived satisfaction were also significant predictors of behavioral
intention. High-quality content that conveyed the intended meaning effectively improved user satisfaction
and encouraged continued use of Rain Classroom. These findings align with prior research, such as Liaw
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(2008), Wut & Lee (2021), and emphasize the need to maintain high standards in content delivery and user
satisfaction to ensure the tool's effectiveness in mobile learning contexts.

Overall, the study provides robust empirical evidence supporting the adoption of Rain Classroom as
amobile learning tool in higher education. The integration of cognitive and technology acceptance variables
in the theoretical model offers a comprehensive framework for understanding student behavior, and the
results have significant implications for improving mobile learning strategies in private universities. The
findings also point to the broader potential of leveraging digital tools to enhance learning outcomes and
engagement.

Conclusion: Synthesis of contributions to knowledge is presented as a mind map.
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Figure 3 The factors that significantly influence private university students’ behavioral intention to use
the rain classroom as a mobile learning tool

Recommendation

In the future, the study should expand the population and sample scope to achieve broader
generalizability of findings. This research was limited to students from the School of Culture and Media at
a private university in Zhanjiang, Guangdong province. To ensure a more comprehensive understanding,
future research should include students from multiple private universities across Guangdong province. This
would provide a more diverse sample and offer insights into regional variations in the effectiveness of
mobile learning tools like the Superstar Learning Platform.

Additionally, future research should incorporate more variables to enrich the research framework.
Factors such as price value, habit, and service quality could offer deeper insights into the behavioral
intentions and satisfaction of students using digital learning platforms. Moreover, applying qualitative or
mixed methods, such as interviews and quasi-experimental designs, could enhance the depth of
understanding by capturing nuanced perspectives and testing interventions in controlled environments.

Lastly, measures should be taken to minimize the influence of participant attitudes on data quality.
Since individual differences in how participants approach questionnaires can affect the reliability of results,
future studies could employ strategies such as clearer instructions, incentives for careful responses, or a
combination of self-reported and observational data. These enhancements will ensure that future research
is more robust, comprehensive, and reflective of real-world contexts.
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