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Abstract

Purpose: This study ains to examine the factors influencing the acceptance and usage of the ubiquitous learning (u-learning) system
among parents of preschool students in a private school in Samutprakarn, Thailand during to the COVID-19 pandemic. The Technology
Acceptance Model (TAM) and the Extended Unified Theory of Acceptance and Use of Technology (UTAUT2) were used to study the
parents’ behavior in the context of technology acceptance and actual use. Research design, data, and methodology: Quantitative
research and non-probability sampling techniques were utilized. Item-Objective Congruence and pilot testing were applied to check the
content validity and reliability of the questionnaire prior to administering it to 500 respondents via an online survey questionnaire. The
data were analyzed using Confirmatory Factor Analysis (CFA) and Structural Equation Modeling (SEM). Result: The findings reveal
that perceived usefulness influences attitude and behavioral intention to use u-learning. Performance expectancy directly influences the
intention to use the U-learning system. On the other hand, perceived ease of use, effort expectancy, and social influence have no
significant impact on behavioral intention. Conclusions: The key findings provide technology developers, curriculum designers, and
educators with inputs on creating useful and practical strategies to improve the current u-learning system suitable for preschool learners.
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1. Introduction

The battle against the COVID-19 pandemic has
irrevocably altered the education landscape, necessitating
incorporating ubiquitous learning (u-learning) as a key
pedagogical strategy. As described by Cope and Kalantzis
(2013), U-learning mirrors a traditional classroom but allows
learners to study anytime and anywhere using digital
platforms. This approach to learning emphasizes the
seamless integration of learning experiences across various
contexts, such as physical, temporal, and social, to enable
learners to create meaningful connections with their
environment and everyday experiences (Hwang, 2014).

However, the U-learning system is challenging for
preschoolers due to their limited ability to use technology.
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Although many can easily navigate a touchscreen, they may
still need help with other aspects of technology use, such as
typing or understanding more complex digital interfaces
(Plowman et al., 2012). There are also pedagogical
challenges in creating U-learning environments, as there is a
need to balance children’s natural curiosity and play-based
learning with specific learning objectives (Marklund &
Dunkels, 2019).

Despite these constraints, the education sector had no
choice but to implement U-learning due to the school
closures. Huang and Lin (2017) highlighted that some
parents felt online learning was less effective than traditional,
face-to-face education, negatively affecting their child’s
academic progress. At the same time, other parents felt the
strain of juggling the need to provide the required physical
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and technical supervision and support for their preschool
children’s online learning (Trust & Whalen, 2020).

In this study, the acceptance and usage behavior of the U-
learning system has become crucial determinants of the
children’s learning outcomes. Hence, the Technology
Acceptance Model (TAM) and the Extended Unified Theory
of Acceptance and Use of Technology 2 (UTAUT2) are
applied to provide established theoretical frameworks in
analyzing and predicting the adoption and user behavior
toward technological systems. In the context of this study,
the U-learning system comprises Google Classroom and
Google Meet, wherein learners are provided with a regular
timetable. The parents can also let their child attend real-time
lessons or use the recorded lessons uploaded in Google
Classroom based on their available schedule. Classwork,
homework, and other tasks are accessible on the same
platform.

Although there are previous studies related to technology
acceptance and use of technology in school, these are usually
on older learners, especially university students. Studying
the adoption and use of U-learning from the perspective of
preschool parents provides valuable insights into what
factors matter most to them, thereby improving the design
and implementation of these technologies (Almaiah et al.,
2020). Parents are also recognized to be critical in facilitating
their children’s learning, especially at the preschool level.
Hence their attitudes toward U-learning significantly affect
their children’s learning outcomes (Lin, 2020).

Understanding their behavior can help to address
disparities in access to and use of digital learning
technologies, thus promoting equity in education during a
crisis (Reich et al., 2020). As a whole, the findings of this
study offer additional insights for policymakers, technology
developers, curriculum designers, parents, and educators in
designing and implementing effective U-learning systems
tailored for preschoolers.

The succeeding parts of this paper are organized as
follows: Section 2 presents the related literature and research
framework, whereas Section 3 describes the methodology
with the hypotheses, research design, population and sample
size, and sampling technique. Section 4 reports the results
and discussion, and Section 5 comprises the conclusion,
recommendation, and implications.

2. Literature Review

2.1 Perceived Usefulness

Perceived usefulness is construed as one’s conviction
wherein a specific process or scheme would continuously
improve one’s teaching and learning based on the person’s
trust and confidence towards adopting an automated system
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to improve one’s achievement at a school or workplace
(Arteaga Sanchez et al., 2013; Jaiyeoba & lloanya, 2019). It
can also be understood as a user’s beliefs about the potential
benefits of using U-learning technologies to enhance
learning outcomes and effectiveness (Park et al., 2012). In a
study among learners, those who perceived u-learning as
useful and satisfying exhibited positive attitudes and
intentions to recognize and utilize the technology during the
global outbreak (Ahsan et al., 2021; Saleh & Bista, 2021;
Zhang & Deng, 2021). Therefore, below hypotheses can be
stated:

H1: Perceived usefulness has a significant impact on attitude.
H2: Perceived usefulness has a significant impact on
behavioral intention.

2.2 Perceived Ease of Use

Perceived ease of use pertains to an individual’s intense
feeling that operating an intranet would be uncomplicated
(Park & Kim, 2014). Meanwhile, Venkatesh et al. (2003)
explained that it was an individual’s level of comfort in
accepting and applying a certain process or structure. Thus,
once a system is perceived as easy to use, it is most likely to
generate positive energy among users, develop an intention
to use it, and use it (Davis et al., 1989). This was supported
in several studies involving students, wherein perceived ease
of use influenced their decision to accept and utilize the
learning system during the pandemic (Abdelhamid et al.,
2020; Ahsan et al., 2021; Wang & Chen, 2020). Based on the
previous studies, this research can put forward a hypothesis:
H3: Perceived ease of use has a significant impact on
behavioral intention.

2.3 Performance Expectancy

Performance Expectancy is the extent to which an
individual relies on using a different system to assist in
getting benefits in job performance (Davis, 1989). In the
workplace, Venkatesh et al. (2003) defined performance
expectancy as a user’s conviction that a structure or setup
was beneficial in completing a task. Escobar-Rodriguez et al.
(2014) considered performance expectancy as indicative of
the advantages of utilizing social media technology as a
learning tool. The users’ intention to employ electronic
devices when accessing library resources remotely was also
influenced by performance expectancy (Chang, 2013). Chao
(2019) further noted that performance expectancy positively
correlated with the behavioral intention to use mobile
learning. Thus, a hypothesis is developed:

H4: Performance expectancy has a significant impact on
behavioral intention.
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2.4 Effort Expectancy

Effort expectancy is the ease of using a system or
technology (Hsiao & Tang, 2014; Venkatesh et al., 2012).
Gwebu and Wang (2011) defined effort expectancy as the
employment of a new system or machine without difficulty.
In the context of mobile government services, a user expects
the absence of any difficulty in learning the technology
(Talukder et al., 2019a). Davis (1989) characterized effort
expectancy as the degree of ease associated with the
application of a system. Research has indicated that when U-
learning technologies require less effort, the likelihood of
students, parents, and educators accepting and using them is
higher (Igbal & Qureshi, 2021; Park et al., 2012). Hence, this
study hypothesizes that:

H5: Effort expectancy has a significant impact on behavioral
intention.

2.5 Social Influence

Social Influence is modifying one’s judgment, emotions,
beliefs, or action due to information gathered from others
(Talukder et al., 2019). This was further explained as an
external motivator to accept a learning technology like
Moodle based on the perception of others (Anderson &
McKeown, 2016). This was the case in a study of university
students whose instructors reminded them to get into the
school’s learning management system through handheld
devices or phones (Hu & Lai, 2019). This was further noted
in a study conducted among Taiwanese students on how
social Influence affected their intention to use weblog
learning (Chao, 2019). Parents and peers also significantly
positively affected students’ attitudes, intentions, and actual
uses of online learning (Zhang & Deng, 2021). Accordingly,
this study concludes a hypothesis:

H6: Social Influence has a significant impact on behavioral
intention.

2.6 Attitude

Attitude is a user's positive or negative feelings about
performing the target behavior, such as using a particular
technology or system (Davis et al., 1989; Fishbein & Ajzen,
1975). In the context of U-learning, attitude can thus be
understood as the positive or negative feelings toward using
U-learning technologies (Park et al., 2012). Two separate
studies that explored the attitudes of students toward U-
learning during the pandemic showed that students who had
positive attitudes toward U-learning were more likely to
have higher levels of engagement and satisfaction with the
learning materials and were more likely to use the
technology regularly (Saade & Bahli, 2005). Consequently,
a hypothesis is set:
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H7: Attitude has a significant impact on behavioral intention.
2.7 Behavioral Intention

Behavioral intention is defined as an individual’s
subjective probability that a person will perform a specific
behavior, such as particular technology or system (Davis et
al., 1989; Venkatesh et al., 2012). The stronger an
individual’s intention to use technology, the more likely they
are to use it based on the theory of reasoned action (TRA)
(Fishbein & Ajzen, 1975). A study on e-learning
participation during the COVID-19 pandemic established
that both perceived usefulness including perceived ease of
use caused an impact on a user’s behavioral intent (Nikou &
Maslov, 2021). The same factors were noted to influence the
intention of undergraduate students to use a learning
management system (LMS) (Hu & Lai, 2019; Min et al.,
2023). Therefore, this study proposes a below hypothesis:
H8: Behavioral intention has a significant impact on use
behavior.

2.8 Use Behavior

Use behavior is the result of the direct influence of
behavior intention (Davis, 1989; Hubert et al., 2017) or when
a user’s intention is triggered by a positive or negative
exposure to a product or service (Moghavvemi & Akma
Mohd Salleh, 2014). A study on the adoption of e-learning
among university professors showed a strong relationship
between their intention to use the technology and their actual
usage (Gunasinghe et al., 2020). Similarly, the faculty
members’ positive behavior intention resulted in using the
behavior of interactive whiteboards, as shown in the study by
Sumak and Sorgo (2016).

3. Research Methods and Materials

3.1 Research Framework

In developing the conceptual framework for this current
study, the researchers used the TAM and UTAUT?2 constructs
essential in investigating the factors influencing preschool
parents’ intention and use behavior towards u-learning. The
framework allowed the researcher to investigate the current
constructs and relationships applicable to a new phenomenon
being studied due to a lack of prior information or
insufficient theories (Akintoye, 2015; Grant & Osanloo,
2015). The models explain the factors influencing the users’
acceptance and use of technology based on their context
(Venkatesh et al., 2012).

In the current conceptual framework, there were eight
variables wherein five (5) were independent variables,
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specifically: perceived usefulness, perceived ease of use,
performance expectancy, effort expectancy, and social
influence. The mediating variable was attitude, while
behavioral intention and use behavior were identified as
dependent variables. Figure 1 shows the conceptual
framework for this study.

Figure 1: Conceptual Framework

H1: Perceived usefulness has a significant impact on attitude.

H2: Perceived usefulness has a significant impact on
behavioral intention.

H3: Perceived ease of use has a significant impact on
behavioral intention.

H4: Performance expectancy has a significant impact on
behavioral intention.

H5: Effort expectancy has a significant impact on behavioral
intention.

H6: Social influence has a significant impact on behavioral
intention.

H7: Attitude has a significant impact on behavioral intention.
H8: Behavioral intention has a significant impact on use
behavior.

3.2 Research Methodology

The quantitative method was used to provide reliable and
objective insights, compare results between groups across
different time points, and offer empirical evidence to support
or refute the effectiveness of educational policies, strategies,
or practices (Creswell, 2014; Hopkins, 2008). Quantitative
research often involves larger sample sizes that allow findings
to be generalizable, particularly in education research, due to
its impact on many students (Teddlie & Tashakkori, 2009).

An online survey questionnaire was used as a tool and
administered via Google survey form. This was a convenient
method to collect data, and using online applications for
administration increased the scope and speed of data
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collection to avoid errors and provide privacy for respondents
(De Jong et al., 2016; Marcano Belisario et al., 2015).

A set of scale items adapted from previous studies on the
use of technology in learning was generated and then
subjected to Item-Objective Congruence (IOC) test and
Cronbach’s Alpha test. The use of IOC in TAM research was
highlighted in several studies as important because it
evaluated the validity of measures and ensured that the
measures were accurately assessing the intended constructs
(Venkatesh & Davis, 2000). Similarly, the use of 10C in
UTAUT?2 research was emphasized by Venkatesh et al. (2012)
to evaluate the validity of their measures. Those measures
with high item-objective congruence indicated that the
intended constructs were accurately measured. Several
studies on mobile acceptance used I0C to evaluate the
validity of measures (Park et al., 2007; Wu & Chen, 2017).

Cronbach's Alpha method was utilized for both the
evaluation of validity and reliability. To assess the
questionnaire's reliability, an initial examination involved the
Index of Item-Objective Congruence (IOC) and a pilot test.
In the I0OC analysis, three experts independently rated each
item on the scale, resulting in all items receiving scores of
0.67 or higher, signifying strong consensus. Subsequently, a
pilot test was conducted with 50 participants, and the
reliability of the questionnaire was confirmed using the
Cronbach alpha coefficient. The outcomes demonstrated
robust internal consistency for all questionnaire items, with a
reliability score of 0.60 or greater.

A formal request to conduct the research was submitted to
the school management. After ethics approval was granted,
the online survey was sent to 500 preschool parents with prior
experience with u-learning for at least one (1) academic term
or approximately four (4) months. The participants were also
informed in the short letter and the survey questionnaire that
answering the survey was voluntary and responses were
considered confidential. The respondents were given one (1)
month to complete the questionnaire to allow them sufficient
time to answer the questions.

3.3 Population and Sample Size

The target population was preschool parents in a private
school in Samutprakarn, Thailand, with one academic term
or four (4) months of exposure to U-learning to guarantee
that they were aware and familiar with the technology and
learning platform.

The online A-priori Sample Size Calculator for SEM was
used to determine the minimum sample size. With eight (8)
latent variables, 40 observed variables, and a probability
level 0.05, the recommended sample size was 444. The
Social Science Citation Index (SSCI) recommended that 100
— 400 respondents are needed to attain highly significant
statistical analyses like structural equation modeling (SEM)
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(Lund, 2021). A more complex model would require more
samples. Hence, the online survey questionnaire was finally
administered and screened for valid responses to 500
preschool parents.

3.4 Sampling Technique

The researcher employed non-probability sampling
techniques, particularly purposive and convenience sampling.
The first method is defined as intentionally selecting specific
individuals due to their traits and based on the researcher's
judgment (Garg, 2016; Roberts, 2010). Purposive sampling is
choosing the units according to personal judgment instead of
randomization. This allowed a researcher to choose from the
group identified based on interest, and no random sampling
was needed. The method was often used by researchers when
a limited location was involved. Next was convenience
sampling by including members of a population who were
available to the researcher and conveniently located around
an accessible locale (Edgar & Manz, 2017; Galloway et al.,
2005). Hence, the author identified preschool parents located
in Samutprakarn, Thailand, as the study samples due to the
proximity and availability of the said group to the researchers.

4. Results and Discussion
4.1 Demographic Information

Table 1 summarizes the complete demographic
information of the 500 respondents. Among the respondents,
40 percent were male, and 60 percent were female. For the
frequency of u-learning, 51.8 percent is 4-6 days/week, 29.8
percent use three days/week, and 18.4 percent use seven
days/week.
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Table 1: Demographic Profile

DemograLphl((':\l ir;% 0C;eneral Data Frequency | Percentage
Gender Male 200 40.0%
Female 300 60.0%
Frequency 3 days/Week or Below 149 29.8%
Use of U- 4-6 Dyas/Week 259 51.8%
Learning 7 Days/Week 92 18.4%

Source: Constructed by author.
4.2 Confirmatory Factor Analysis (CFA)

The Confirmatory Factor Analysis (CFA) is used to
confirm whether or not the data fit the hypothesized
measurement and establish the instrument’s construct validity
(Brown, 2015). The authors conducted the fit model,
convergent and discriminant validity; the results are shown in
Table 2.

Based on the CFA results, all items of each construct are
significant with a factor loading that comply with
discriminant validity. Item loadings greater than 0.40 with a
p-value lower than 0.05 are considered satisfactory items
(Stevens, 1992).

A Composite Reliability (CR) of 0.7 or above is
acceptable, indicating good internal consistency among the
items (Fornell & Larcker, 1981). This is achieved in the
results of the current study with CR ranging from 0.734 to
0.900, as shown in the table.

The Average Variance Extracted (AVE) was between
0.380 to 0.565. Although the AVE was lower than the cut-off
points of 0.4, the Composite Reliability (CR) was still higher
than 0.6. Hence, the convergent validity of the construct was
still adequate.

For valid and generalizable results, Cronbach’s Alpha is
widely used to measure internal consistency reliability for
scales and questionnaires, such as in education research
(Tavakol & Dennick, 2011). A high Cronbach’s Alpha value
of more than 0.7 gives researchers a reliable instrument to
synthesize findings (Nunnally & Bernstein, 1994). The
preschool group achieved this required value, with the CA
ranging between 0.731 to 0.900.

Table 2: Confirmatory Factor Analysis Result, Composite Reliability (CR) and Average Variance Extracted (AVE)

. Source of Questionnaire No. of | Cronbach's Factors

VEEIDLES (Measurement Indicator) Item Alpha Loading s s
Perceived Usefulness (PU) Arteaga Sanchez et al. (2013) 6 0.853 0.672-0.724 0.853 0.492
Perceived Ease of Use (PEOU) Park et al. (2015) 7 0.900 0.650 — 0.820 0.900 0.565
Performance Expectancy (PE) Talukder (2019) 4 0.764 0.630—0.711 0.766 0.450
Effort Expectancy (EE) Hew et al. (2015) 5 0.747 0.637 — 0.803 0.846 0.525
Social Influence (SI) Sobti (2019) 4 0.731 0.504 — 0.754 0.734 0.413
Attitude (A) Fatima et al. (2017) 4 0.773 0.619 —0.730 0.776 0.465
Behavioral Intention (Bl) Lin (2013) 5 0.844 0.519-0.728 0.752 0.380
Use Behavior (UB) Sitar-Taut et al. (2021) 5 0.864 0.695 — 0.802 0.864 0.561

Moreover, the

indices used for measurement are

CMIN/DF, GFI, AGFI, NFI, CFI, TLI, IFIl, and RMSEA.

The statistical values are all in harmony with the empirical
data and have attained goodness of fit as of Table 3.
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Table 3: Goodness of Fit for Measurement Model
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2015). It also can compare rivalling models and assess the

i Acceptable Criteria St\jﬂlﬁica' overall fit of the models to the data (Hu & Bentler, 1999).
alues
CMIN/DF | <3.00 (Hair et al., 2006) 1.255 .
GFI >0.90 (Hair et al., 2006) 0.920 Table 6: Goodness of Fit for Structural Model
AGFI >0.90 (Hair et al., 2006) 0.908 . — Statistical
NEI >0.85 (Kline, 2011) 0.892 Fit Index Acceptable Criteria values
CFI >0.85 (Kline, 2011) 0.976 CMIN/DF | <3.00 (Hair et al., 2006) 1.360
TFLI' >8-gg EE:!”G' ggﬂ; 83;2 GFI >0.90 (Hair et al., 2006) 0.912
>0. Ine, . -
RMSEA | <0.05 (Browne & Cudeck, 1993) 0.023 AGFI >0.90 (Hair et al., 2006) 0.901
In harmony NFI >0.85 (Kline, 2011) 0.880
Model with CFI >0.85 (Kline, 2011) 0.965
Summary empirical TLI >0.85 (Kline, 2011) 0.962
data IFI >0.85 (Kline, 2011) 0.965
Remark: CMIN/DF = The ratio of the chi-square value to degree RMSEA <0.05 (Browne & Cudeck, 1993) 0.027
of freedom, GFI = goodness-of-fit index, AGFI = adjusted In harmony
goodness-of-fit index, NFI = normalized fit index, CFl = Model with
comparative fitindex, TLI = Tucker-Lewis index, IFI = Incr_emeptal Summary empirical
Fit Index, and RMSEA = root mean square error of approximation data

Table 5 illustrates the inquiry's results in the discriminant
validity presentation. The coefficients connecting any two
latent variables were smaller than 0.80, and the diagonally
defined quantity is the variables' AVE square root. The
discriminant validity was established as a result.

Table 4: Discriminant Validity

EE PU [PEOU| PE | SI uB Bl A

EE 0.724

PU 0.508 | 0.702
PEOU | 0.210 | 0.239 | 0.752

PE 0.542 | 0.519 | 0.217 | 0.671

sl -0.007 | 0.033 |-0.084| -0.014/0.643

UB 0.361 | 0.147 | 0.121| 0.446 |0.004| 0.749

BI 0.004 | -0.002|0.010 | 0.030 |0.175| 0.034| 0.617

A 0.599 | 0.538 | 0.195| 0.591|0.040| 0.317| 0.021 | 0.682

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

4.3 Structural Equation Model (SEM)

The Structural Equation Model (SEM) was used to
analyze the data to provide valuable insights into the factors
influencing technology acceptance and use, enhancing the
understanding of these models (Hair et al., 2010). It also
allows real-time approximation of multiple relationships
(Kline, 2015) and can explain measurement errors in
estimating relationships among TAM and UTAUT2
constructs (Hair et al., 2010).

SEM allows the examination of mediation and
moderation effects and a rigorous statistical approach to test
and validate the theoretical model (Hair et al., 2010; Kline,

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, CFl =
comparative fit index, TLI = Tucker-Lewis index, IFI = Incremental
Fit Index, and RMSEA = root mean square error of approximation

4.4 Research Hypothesis Testing Result

The significance of the variables based on the
standardized path coefficient () and t-value is presented in
Table 7, which shows the relationships between the
constructs, wherein a p-value of <0.05 is required to support
each hypothesis. A solid line depicts the validity of the
premise, while a dashed line proves otherwise.

Table 7: Hypothesis Results of the Structural Equation Modeling

Hypothesis B) t-Value Result
H1: PU—>A 0.567 8.592* Supported
H2: PU—BI 0.145 2.080* Supported
H3: PEOU—BI 0.051 1.155 Not Supported
H4: PE—-BI 0.284 4.520* Supported
H5: EE—BI -0.009 -0.193 Not Supported
Hé: SI-BI -0.015 -0.332 Not Supported
H7: A—BI 0.381 5.738* Supported
H8: BI-UB 0.377 7.028* Supported

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

The discussion that followed explains the hypotheses
testing results of the structural model.
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H1 confirmed the significant influence between
perceived usefulness and attitude for preschool parents
wherein a user’s feeling and viewpoint affects the total
evaluation of the usefulness of u-learning during the
pandemic. This was supported by other studies that
established a strong relationship between the two constructs
that would result in the adoption of a technology or system
(Abaido & Al-Rahmi, 2021; Algahtani et al., 2021; Hsiao &
Tang, 2014; Moon & Kim, 2001; Venkatesh & Davis,
2000).

H2 proved the significant relationship between perceived
usefulness and behavioral intention in which the more useful
technology is perceived by preschool parents, the higher the
intention to use it for u-learning (Algahtani et al., 2021;
Algahtani & Alamri, 2021; Bhattacherjee, 2001; Moon &
Kim, 2001; Murugesan et al., 2021; Venkatesh & Davis,
2000; Zhang & Deng, 2021).

H3 was not supported as no significant influence was
found between perceived ease of use and behavioral
intention. The former was defined as a user’s perception of a
technology’s ease before adopting the U-learning system.
Other studies revealed that perceived ease of use could not
be used as a predictor of adopting U-learning, as the users’
familiarity or prior experience with the technology did not
affect their intention to use it (Alalwan et al., 2017a;
Algahtani & Alamri, 2021; Bhattacherjee, 2001; Kim & Shin,
2017; Leeetal., 2020; Taylor & Todd, 1995; Venkatesh et al.,
2003).

H4 showed a significant influence between performance
expectancy and behavioral intention which pertained to the
level of productivity or academic performance that a user
expected from using U-learning during the pandemic.
Various studies showed that even if the technology was
complex and difficult to use, there was a strong intention to
use U-learning (Alalwan et al., 2017b; Alqurashi, 2020;
Bhattacherjee et al., 2008; Gao et al., 2015; Venkatesh &
Bala, 2008).

H5 was found to be invalid, and findings showed no
relationship between effort expectancy and behavioral
intention, as users placed less importance on the simplicity
or complexity of using the U-learning system. The
assumption for the insignificant influence could be attributed
to the high digital literacy of preschool parents, who were
mostly in the age range of 35 years old to 44 years old, as
well as having high educational attainments (Ahsan et al.,
2021; Alalwan et al., 2017c; Huang et al., 2018; Saade &
Bahli, 2005; Taylor & Todd, 1995; Zhang & Deng, 2021).

H6 was not supported as there was no significant effect
between social influence and behavioral intention of the
preschool parents toward the adoption of u-learning. It was
assumed that the opinions and preferences of friends or peers
were irrelevant to the parent’s decision to adopt U-learning
during the pandemic (Algahtani et al., 2021; Al-Somali et al.,
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2009; Igbal & Qureshi, 2021; Salloum et al., 2021;
Venkatesh et al., 2012).

H7 validated the strong relationship between attitude and
behavioral intention as preschool parents held a constructive
view of the U-learning system that eventually convinced
them to make use of the technology while they assisted the
children, who were studying at home during the global health
crisis (Algahtani & Alamri, 2021; Davis, 1989; Salloum et
al., 2021; Venkatesh et al., 2012).

H8 had established a strong relationship between
behavioral intention and use behavior as preschool parents
strongly intended to accept and adopt the u-learning system,
which eventually affected their final decision to use it during
the pandemic. Similar studies supported this theory that the
stronger the intention of a user to embrace U-learning, then
the likelihood of actual usage is also high (Abaido & Al-
Rahmi, 2021; Akour et al., 2020; Al-Fraihat et al., 2020; Al-
Gahtani, 2016; Alzahrani et al., 2020; Kusuma et al., 2020;
Venkatesh & Davis, 2000).

5. Conclusion and Recommendation
5.1 Conclusion and Discussion

This research established a strong positive relationship
between perceived usefulness and attitude, which supports
similar studies that showed a substantial and constructive
upshot on the users’ intention to use the system due to their
positive attitude (Venkatesh & Davis, 2000). This could
eventually impact children’s learning experiences and
outcomes (Huang et al., 2007).

It can be concluded that based on TAM, it is important to
design systems that are perceived as useful by potential users
in order to increase their positive attitude towards the system
and their intention to use it (Kim et al., 2013; Kim & Lee,
2012). In TAM, perceived usefulness and ease of use are
considered key determinants of attitude, while in UTAUT2,
they are identified as key determinants of performance and
effort expectancy. For this reason, understanding the role of
attitude in technology adoption is essential for developing
effective strategies to promote technology acceptance and
use.

Performance expectancy was also confirmed to
significantly affect users’ intention to use U-learning systems,
as parents expect the technology to enhance their children’s
educational performance (Kimetal., 2013; Kim & Lee, 2012;
Venkatesh et al., 2003). Thus, technology design should be
aligned with the expectations and objectives of the U-
learning system. There is also a need to continuously
improve the platform based on user feedback and
technological advances to meet and exceed performance
expectations to make it relevant and effective (Venkatesh &
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Bala, 2008).

Another implication for the TAM and UTAUT?2 theories
was the insignificant influence of perceived ease of use,
effort expectancy, and social influence on preschool parents’
behavioral intention and use behavior. The lack of a
significant relationship suggests that there may be other
concerns for parents regarding u-learning acceptance. They
might place greater value on other aspects, such as the
perceived usefulness or effectiveness of the platform in
enhancing their children’s learning (Davis, 1989; Venkatesh
et al., 2003).

It is also possible that parents have a reasonable level of
technical proficiency; thus, the ease of use and effort
expectancy are not significant barriers to them. In today’s
digital age, many people have become familiar with using
various digital platforms, reducing the impact of these
factors (Venkatesh et al., 2012). This was true in other studies
wherein performance expectancy positively affected
technology acceptance and usage, but perceived ease of use
and effort expectancy did not, while social influence had a
considerable negative effect (Al-Fraihat et al., 2020; Hung et
al., 2014).

The insignificant relationship with social influence might
suggest that parents’ decisions to use U-learning platforms
are more independent and less affected by others’ opinions
or societal norms. Parents may make decisions based on their
evaluations of the benefits and costs rather than societal
pressures (Venkatesh & Davis, 2000).

5.2 Recommendation

There is a need for technology designers to simplify the
user interface. This could be done by reducing the clicks
required to navigate the platform, using clear and concise
language, and minimizing visual clutter. User support could
also be provided in the form of online tutorials or helpdesk
in order to improve the perceived ease of use. It would help
preschool parents to troubleshoot technical issues and
increase their confidence in using it.

In terms of increasing the significance of effort
expectancy, this can be done by emphasizing the benefits of
U-learning through increased flexibility, convenience, and
access to a wider range of learning resources. Establishing a
supportive learning environment could also enhance u-
learning acceptance by providing learners with opportunities
for collaboration, creating a sense of community, and
offering regular opportunities for feedback and reflection.

The social influence factor could be increased by letting
teachers, administrators, and other staff members discuss the
benefits with parents and provide reassurances, creating a
supportive social environment that encourages u-learning
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adoption. Success stories can also be featured on school
websites, and testimonials from prominent personalities can
be shared with parents.

5.3 Limitation and Further Study

The limitation of the study and how to improve future
research. As this is primarily quantitative research,
expanding the research methodology by mixing both
quantitative and qualitative approaches will be beneficial.
Including Key Informant Interviews (KIIs) and Focus Group
Discussions (FGDs) involving parents, educators, and
students can provide an in-depth analysis of the responses.

There is also a need to widen the scope, participants, and
locale of the future study by involving teachers, students,
administrators, and technology designers, as well as the
inclusion of different school types, such as government and
private schools in urban and rural areas for more
comprehensive research. So, it is hoped that the insights
provided by this study could help educators, policymakers,
and developers create and adjust better platforms and
develop guidelines, training programs, and support systems
for parents to boost their acceptance and usage of U-learning
for their children’s education.
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