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Introduction: This study investigates the digital citizenship behavior (DCB)
and behavioral intention (BI) of faculty members at the Public Authority for
Applied Education and Training (PAAET) colleges in Kuwait. The research aims
to evaluate the effectiveness of technology in teaching and provide a case study
of higher educational institutions in Kuwait. The study’s theoretical framework
focuses on four key factors: performance expectancy (PE), effort expectancy
(EE), social influence (SI), and facilitating conditions (FC), examining their impact
on faculty readiness (RED) through the mediation of both Bl and DCB. A total of
28 hypotheses were tested, exploring direct and indirect relationships among
these variables.

Methods: A survey was conducted among 122 faculty members from PAAET
colleges in Kuwait. The questionnaire measured the participants’ perceptions
of PE, EE, SI, and FC, along with their Bl and DCB. The study employed
statistical methods to analyze the data and test the 28 hypotheses, aiming to
identify significant paths of relationships that contribute to faculty readiness for
technology use in education.

Results: The findings confirmed eight significant paths of relationships,
highlighting the importance of inputs such as effort and social influence and
their impact on performance as an output in determining faculty readiness.
However, the study raised empirical doubts about the remaining 20 hypotheses,
providing new evidence that challenges the currently established relationships
between technology acceptance and digital citizenship.

Discussion: The study offers valuable insights into the factors influencing the
effective use of technology in higher education institutions in Kuwait. It suggests
that while some pathways, such as effort and social influence, significantly
contribute to faculty readiness, other expected relationships may not hold as
previously thought. This new evidence calls for a reevaluation of the existing
models of technology acceptance and digital citizenship. The results have
important implications for policy and practice, offering guidance on enhancing
technology use among faculty members in educational settings. The study
contributes to the broader discussion on digital transformation in education,
providing a comprehensive understanding of the key factors that affect faculty
readiness for adopting new technologies.
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1 Introduction

The use of technology in higher education institutions has become
increasingly important in recent years, leading to a significant digital
transformation in the teaching and learning processes. Integrating digital
technology has reshaped pedagogical approaches and content delivery to
enhance teaching effectiveness. However, the adoption of digital
transformation in higher education institutions is often accompanied by
challenges related to a lack of readiness (Dehghan et al., 2022).

Understanding the factors that influence the readiness of digital
transformation is essential for institutions to effectively leverage
technology and maximize its potential. Readiness refers to the degree
of preparedness and capability to adopt digital transformation within
an organization (Hradecky et al., 2022). In the context of higher
education institutions, readiness is related to being prepared for new
work situations, fostering an effective learning environment (Dehghan
et al,, 2022). The complexity of understanding technology readiness
requires a comprehensive examination of the associated factors to
provide a holistic view of the digital transformation challenges faced
by higher education institutions.

The complexity of the technology readiness arises from its
determinants, as organizations increasingly integrate both social and
digital artifacts, creating a need for new paradigms to effectively
manage and utilize these elements (Figueroa-Armijos et al., 2023).

First, social artifacts are social conditions, where social beings are
transforming and adapting their behaviors to fit in the new technology
in various spheres of life (Al-Mamary, 2022). The emergent spheres of
life motivate individuals to form and reform their behavior and
intentions when technology is adopted. Such continuous change in
behavioral intentions is important to be captured as evidence in
various contexts, to assess the level of readiness existing in a social
cluster such as universities (Al-Shamali et al., 2022; Purohit et al.,
2022; Trivedi et al., 2022).

Second, the spur of technology and digital transformation has also
caused the emergence of digital citizenship, thereby providing a way
for the readiness to work in a digitally enabled learning environment
in universities. The notion of digital citizenship incorporates how
digital technologies may be utilized ethically to create a more
responsible learning environment (Sussan and Acs, 2017). Readiness
is an essential component of digital citizenship, since it encompasses
the ethical utilisation of digital technology to cultivate a responsible
learning environment. This preparedness not only promotes the
utilisation of digital educational technologies but also emphasises the
difficulties in controlling their improper use, particularly when
educators and students share information electronically. Recent
studies have suggested the increase in digital citizenship awareness
among the faculty and also the content has changed to incorporate the
same (Martin et al., 2022).

In the dichotomous intersection of behavioral intention as the users’
decision to adopt the technology and the growing digital citizenship, it is
important to explain the role of emergent determinants and how the same
go through the behavioral intention and digital citizenship to inform the
new form of readiness for the digitally enabled learning environment.
This study, therefore, poses two main questions.

First, what are the determinants of behavioral intention toward
the use of technology? This question is important in the context of
understanding how the intention to use technology in learning
environment happens and how the same leads to the readiness of the
faculty (Al-Fahim et al., 2016; Inayatulloh, 2020; Qader et al., 2022).
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Second, what are the determinants of digital citizenship and
technology readiness? Technology, like a double-edged sword, has two
sides. If used constructively, it can create significant performance
differences but can also result in the opposite and bring in unique
problems to the workplaces at universities (Khechine and Lakhal,
2018). Therefore, it is essential to evaluate how the responsible use of
technology demonstrated in digital citizenship may mediate the
impacts on overall readiness for the technology adoption. Collectively,
both mediators can inform the technology readiness in terms of
digital skill preparedness and also preparedness in terms of the ethical
use of digital skills.

Although extensive research exists on the adoption of digital
technology by educational institutions, limited studies have
investigated the factors influencing faculty technology readiness.
Therefore, this study aims to address this gap by exploring the factors
influencing technology readiness for digital transformation in higher
education institutions in Kuwait, particularly at the Public Authority
for Applied Education and Training (PAAET) colleges.

The following section reviews the literature on the four prominent
determinants of both behavioral intention and digital citizenship and
their impact on technology readiness.

2 Literature review

This study presents a cohesive review on the core determinants
of technology acceptance with the focus on how the determinants
lead to dichotomous mediators of behavioral intention and digital
citizenship and consequent collective readiness to use technology in
higher education context. The complete framework of the Unified
Theory of acceptance and Use of Technology (UTAUT), which
evaluates technology adoption via the impacts of performance
expectation (PE), effort expectancy (EE), social influence (SI), and
facilitating conditions (FC), justifies the use of UTAUT in this study.
The purpose of this study is to assess the behavioral intention (BI)
and digital citizenship behavior (DCB) of faculty members serving as
mediators at the Public Authority for Applied Education and Training
(PAAET) institutions. By doing this, it aims to assess how well
technology is used in the classroom and offers a case study of higher
education institutions in Kuwait.

2.1 Performance expectancy

Performance expectancy of a teaching technology is associated
with how the teacher expects that the technology will be useful for
them in achieving effective and efficient teaching practices. Based on
the dichotomous perspective of this research, the literature can
provide instances of performance expectancy that can lead to both
behavioral intention to use technology and contributes to the very
nature of digital citizenship that emerges.

The performance expectancy motivates the teachers to make up
their mind about using a particular technology (Anwar and
Alviayatun, 2022). It is because performance expectancy is essential
because of both internal and systemic measures, and when the
technology is believed to be helping in achieving the same, then
teachers are more inclined to adopt the technology and thus set the
learning of technology as their goals for better performance
(Kaluarachchi, 2023).
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The performance expectancy also motivates the teachers to
establish a digital citizenship. As for example, studies have suggested
that when workers are provided with the opportunities to use digital
artifacts, they also bring in their ethical self into the practice to
establish more trustworthy practices in their routine (Figueroa-
Armijos et al., 2023). Such a routine forms a digital citizenship toward
the employe€’s readiness to adopt technology.

2.2 Effort expectancy

Teachers as efficient human beings try to reduce the cognitive and
physical efforts that they are placing in various teaching functions,
such as preparation of the content, delivery of a lecture, and evaluation
of the examination papers. Consequently, when teachers observe a
potential technology, they evaluate if the same will require minimal
cognitive and physical efforts to incorporate in their current regime
of teaching. They are more likely to establish a behavioral intention to
utilize it (Alkuwaiti et al, 2023) and in the government sector
institutions (Undi-Phiri and Phiri, 2022). There is, however, a counter
thesis to this effort expectancy which do not have a positive effect on
the continuance of such an intention once it is preformed (Winata and
Tjokrosaputro, 2022; Ramirez-Correa et al., 2023).

The effort expectancy is also theorized to have an effect on the
digital citizenship behavior of the teachers. It is because the citizenship
of morals and ethics is strongly associated with the legitimate amount
of work efforts required to perform a task. Therefore, teachers when
performing their duties through technology triggers their responsible
citizenship as well. The trigger of such a citizenship is not enough as
both “students and faculty in institutions were aware of the digital
citizenship concepts but lacked the in-depth knowledge and
understanding of concepts such as digital rights, digital security, and
digital ethics” (Hawamdeh et al., 2022). It is, nevertheless, important
for the faculty to have sufficient knowledge of the technology and
associated digital citizenship toward readiness.

2.3 Social influence

Social influence is concerned with how opinions, beliefs, and
routines of others around the user can impact the users own
behavioral intention and also their citizenship behavior. The people in
the institutions and organizations make a collective culture and form
a basis for more herding behavior and thus influence individuals to
form certain behavioral intention and citizenship behavior. “This
intangible aspect and power are even more enigmatic and harmful,
which can lead to a change in cognitive references and behaviors.
Social influence heavily affects the spontaneity of individuals and they
become a subject to dominant forces, which must be properly
controlled by management” (Gharbi et al., 2022). These influences
have been found varying with various demographics, such as gender,
age, and education but still social influence is significant in establishing
the overall technology adoption (Gumz et al., 2022). The social
influence can be both negative and positive in which if the adoption
is prevailing in the user’s neighborhood, then the user is more likely
to adopt it and the opposite is also true if the adoption is otherwise
not popular (Luo et al., 2022).
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2.4 Facilitating conditions

Facilitating conditions, in the context of technology acceptance, refers
to the factors and resources which help individuals adopt the technology
and use it for their routine functions. Studies have suggested that
facilitating conditions in any organizational settings enable the users
perceptions of ease and use and consequently leads them to form their
behavioral intention (Natasia et al., 2022). The facilitating conditions have
also been shown as co-existing with the behavior intention leading toward
implementing the technology for enhancing the performance in the
learning system (Al-Mamary, 2022). The facilitating conditions provide
an overall environment for learning to happen and also trigger digital
citizenship in terms of its responsible use and overall learning experience
of the users (Purohit et al., 2022).

2.5 Behavioral intention

Behavioral intention is an important construct of the technology
adoption models, and it refers to the explicitly expressed potential to
perform a certain action related to the technology. Such a behavior is
when form is more likely to lead to the adoption of a particular
technology. Similarly, studies also suggest that behavioral intention is
deeply concerned with the existence of users’ trust, which is observed
as a fundamental component of behavioral intention (Hooda et al.,
2022). The behavioral intention as output of the antecedents discussed
may, however, vary in various cultural contexts (Tseng et al., 2022).
The learning context of faculty members, the behavioral intention, is
considered an important indication of the faculty experience with
technology and can provide bases for the content and related
information system developments (Lavidas et al.,, 2022). Studies
suggest significant variations in every determinant of behavioral
intention (Al-Sharhan et al., 2024).

2.6 Digital citizenship

Another important mediating variable that this study is considering
is digital citizenship, which is the ethical and moral use of technology
in learning environments. On one hand, the antecedents such as effort
and performance expectancies, social pressure, and facilitating
conditions determine the user intention to use or not use a technology,
and on the other hand, antecedents also inform their digital citizenship
(Almogren and Aljammaz, 2022). This usually happens in the learning
context because the faculty knowledge about the technology and its
associated citizenship are transferred across the university through
content, interactions with students, and other curricular activities
(Martin et al., 2022). The more everlasting mediating role of digital
citizenship is established through extended and formal development of
digital citizenship curriculum to increase knowledge about the
phenomenon (Brandau et al., 2022). The users are also found to
be making themselves literate about digital citizenship while reading
online when they are concerned with technology (Avc and Yildiz
Durak, 2022). There is, however, more in-depth knowledge required
about the digital citizenship concepts “such as digital rights, digital
security, and digital ethics” (Hawamdeh et al., 2022) for achieving a
readiness for the technology use in the classrooms.

frontiersin.org


https://doi.org/10.3389/feduc.2024.1417062
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

Alkandari et al.

2.7 Readiness

The readiness, in general, refers to the condition of being
prepared to adapt to specific situation or situation or circumstance
(Dehghan et al., 2022; Hradecky et al., 2022; Masso et al., 2022).
Readiness has been considered as an output of the model because
even if behavioral intention and digital citizenship exist, the
technology adoption may still not happen until sufficient readiness
is achieved. The readiness is expected to emerge when the learning
of the technology is achieved in terms of having a behavioral
intention and sufficient digital citizenship. Both of these constructs
form a high level of awareness for learning readiness among the
users (Almaiah et al., 2022). The users’ readiness, however, can
be further enhanced through purposeful training about the courses
and the system available so that the overall learning experience is
effective (Dehghan et al.,, 2022). In this regard, the readiness of
teachers is the core of overall success of e-learning (Alkandari,
2023). Teachers’ behavioral intentions, along with their ethics and
value systems, demonstrate that digital citizenship is present and
essential for fostering a thriving environment of readiness (AlMutairi
and Alharbi, 2022; Al-Sharhan et al., 2024). Such readiness is
important for continue improvement in the learning systems in
higher educational institutions of Kuwait (Al-Shamali et al., 2022).

3 Methodology
3.1 Questionnaire

The online questionnaire used in this study consisted of 41
items, which required approximately 20 min to complete. The
questionnaire was designed to gather data on various aspects
related to the research objective. The introduction section of the
questionnaire aimed to provide a clear explanation of the research
objective and assure participants of the confidentiality of their
responses. To measure the participants’ responses, a five-point
Likert scale was utilized for all items, except for the demographic
variables, such as gender, education, technology, and experience.
The survey was distributed through social networking among the
instructors from PAAET. This method of distribution may have
been selected for its convenience and accessibility, as well as the
potential to reach a larger number of participants within the
target population. By targeting instructors, the study may aim to
gain insights into their attitudes, beliefs, and practices related to
the research objective.

3.2 Sampling technique

In this study, we surveyed a sample population of 122 faculty
members from PAAET colleges in Kuwait. The sample was selected
using a convenience sampling technique, where the survey was
distributed through social networking and official email addresses.
This method ensured accessibility and a higher response rate. The
sample size of 122 faculty members, out of 320 members, represents a
substantial response rate of approximately 38%, which is adequate for
the statistical analyses conducted and supports the reliability and
validity of the findings of the study.
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3.3 Data collection procedures

The data collection of the study was meticulously executed among
faculty members belonging to PAAET colleges. Questionnaires were
distributed anonymously via the faculty members’ official email addresses,
a strategy that was integral in maintaining confidentiality and promoting
the authenticity of the responses. To enhance the response rate, the study
used several reminders and direct engagements with the target audience.
These concerted efforts resulted in the successful participation of 122 out
of 320 faculty members, representing a substantial response that
corroborates the diligent approach.

3.4 Statistical methodology

The data analysis process consisted of two steps. Initially, the data
were imported into SPSS version 28 for initial data analysis, which
involved data cleaning and the generation of descriptive statistics. This
step provided an overview of the data. In the second step, the suggested
model was assessed using Partial Least Squares Structural Equation
Modeling (PLS-SEM) with the SmartPLS 4 software package (Ringle
et al.,, 2015; Hair et al., 2018). PLS-SEM is an advanced statistical
method that extends traditional multivariate analysis techniques such
as regression, factor analysis, and discriminant analysis. It allows for the
simultaneous examination of multiple relationships between
independent and dependent variables. The structural equation model
enables the investigation of connections between observable variables
and latent constructs. It focused on the evaluation of the measurement
model and the assessment of the structural model (Qureshi et al., 2023a).

In the measurement model assessment, various statistical
measures such as Cronbach’s alpha, composite reliability, and cross-
loadings were examined to assess the reliability and validity of the
measurement model. These measures were available in SmartPLS
software and helped ensure the robustness of the measurement model.
Following the measurement model assessment, the proposed
hypotheses were examined within the structural model assessment
phase. This involved analyzing the relationships between variables and
evaluating the significance of these relationships.

4 Results

Table 1 demonstrates the demographic characteristics of the
participants. There are 122 individuals. Out of these, 33.6% were male
and 66.4% were female participants. This shows a higher proportion
of females to males in the sample. Furthermore, it was noticeable that
the majority of the participants (73.8%) had more than 20years of
experience. Educational attainment was notably high, with the
majority of participants (57.4%) holding a master’s degree, followed by
those with PhD (25.4%), and a smaller fraction holding a bachelor’s
degree (17.2%). In relation to technology usage, a sizable portion of the
participants reported “always” integrating technology into their work
(43.4%), with “very often” (25.4%) and “sometimes” (27.9%) also being
prevalent, whereas a negligible 3.3% reported “rarely” using technology.

Table 2 shows the results of the y? test that was conducted to find
the association of demographic variables with technology used. The
provided data offer a breakdown of technology usage patterns by
gender, experience, and education level among 122 individuals. The
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chi-square test for gender differences in technology usage did not
reach statistical significance (p=0.344), suggesting that within this
sample, technology usage does not differ between males and females.

Regarding professional experience, there was a statistically
significant association with technology usage (p=0.026). Individuals
with more than 20years of experience were the most likely to use
technology “sometimes” (85.3%) and “very often” (83.9%), yet this
group was less dominant in the “always” category (64.2%). This might
imply that those with more experience may integrate technology in a
more flexible or situation-dependent manner.

TABLE 1 Demographic characteristics.

Variables N %
Gender
Male 41 33.60%
Female 81 66.40%
Experience
Less than 5years 4 3.30%
5 to less than 10 13 10.70%
10 to less than 15 9 7.40%
15 to less than 20 6 4.90%
More than 20 years 90 73.80%
Education
Master 70 57.40%
Bachelor 21 17.20%
Phd 31 25.40%
Technology usage
Rarely 4 3.30%
Sometimes 34 27.90%
Very often 31 25.40%
Always 53 43.40%

TABLE 2 Cross tabulation of demographic variables with technology used.

10.3389/feduc.2024.1417062

In terms of educational attainment, a statistically significant
difference was also observed (p=0.011), indicating that educational
levels are associated with different patterns of technology use.
Interestingly, individuals with PhD were most likely to “rarely” use
technology (75.0%), while those with a master’s degree led in the
“sometimes” (61.8%) and “very often” (71.0%) categories. Bachelor’s
degree holders, although the least represented overall, had a
substantial presence in the “always” category (30.2%).

Figure 1 shows the distribution of technology usage among
individuals with varying educational qualifications. The frequency of

» «

technology usage is classified into four categories: “always,” “very
often,” “sometimes,” and “rarely” The data suggest a higher propensity
for technology usage among those with a bachelor’s degree, with a
notable 76% reporting that they always use technology, followed by
23% who very often do so, and a combined 1% who either sometimes
or rarely use it. Contrastingly, individuals with a master’s degree
exhibit a more even distribution of usage frequency: 37% always use
technology, 31% very often use technology, 30% sometimes use
technology, and a minimal 1% rarely use technology. For those with a
PhD, the trend shifts slightly, with 35% always using technology, a
smaller 23% doing so very often, 32% sometimes, and 10% rarely.
These findings underscore the variability in technology engagement
relative to academic attainment, potentially reflecting differing
professional demands or personal inclinations toward technology use.

4.1 SEM for the conceptual proposed
framework

Structural equation modeling (SEM) is a statistical technique
used to examine multiple relationships simultaneously (Figure 2).
The first step of SEM involves assessing the outer measurement
model, which examines the relationships between observed
variables and their underlying latent constructs. The second step
involves evaluating the inner model, also known as the structural
model, which examines the relationships between latent

Rarely (N = 4) Sometimes Very often Always Total (N =122) p value
(N =34) (N =31) (N =53)
Gender 0.3441
Male 1.0 (25.0%) 11.0 (32.4%) 7.0 (22.6%) 22.0 (41.5%) 41.0 (33.6%)
Female 3.0 (75.0%) 23.0 (67.6%) 24.0 (77.4%) 31.0 (58.5%) 81.0 (66.4%)
Experience 0.0261
Less than 5years 1.0 (25.0%) 1.0 (2.9%) 1.0 (3.2%) 1.0 (1.9%) 4.0 (3.3%)
5 to less than 10 2.0 (50.0%) 1.0 (2.9%) 2.0 (6.5%) 8.0 (15.1%) 13.0 (10.7%)
10 to less than 15 0.0 (0.0%) 1.0 (2.9%) 2.0 (6.5%) 6.0 (11.3%) 9.0 (7.4%)
15 to less than 20 0.0 (0.0%) 2.0 (5.9%) 0.0 (0.0%) 4.0 (7.5%) 6.0 (4.9%)
More than 20 years 1.0 (25.0%) 29.0 (85.3%) 26.0 (83.9%) 34.0 (64.2%) 90.0 (73.8%)
Education 0.0111
Master 1.0 (25.0%) 21.0 (61.8%) 22.0 (71.0%) 26.0 (49.1%) 70.0 (57.4%)
Bachelor 0.0 (0.0%) 3.0 (8.8%) 2.0 (6.5%) 16.0 (30.2%) 21.0 (17.2%)
Phd 3.0 (75.0%) 10.0 (29.4%) 7.0 (22.6%) 11.0 (20.8%) 4.0 (25.4%)
'Pearson’s Chi-squared test.
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constructs themselves (Al-Shamali et al., 2022; Almakayeel et al., 4.2 Measurement model assessment

2023). Figure 1 shows the basic node diagram of the model after

removing the items having loading less than 0.6. Measurement models, also known as outer models, explain the
relationships that exist between constructs and the indicators that are

used to describe them. It defines how constructs are assessed or

XIZJearson (6) = 16.47, p = 0.01, ?Cramer —0.21, Cly quantified thtjough varif)us' i.ndicators ('H.air etal., 2.015'3). Researche.rs

must determine the reliability and validity of the indicators used in

100% e multivariate analysis to improve the accuracy of the measurement
ggo/z Techno|ogy (Qureshi etal, 2023b)

ég:ﬁ Always Confirmatory factor analysis (CFA) is a statistical technique used

‘51822 Very Often to assess the validity of measurement instruments by examining the

(238:;: gg:g?;'mes relationships between observed variables and latent constructs. In this

10% study, CFA was used to validate the measurement instruments for the

0% =70)  (n=21) (n=31) endogenous variables. The aim was to identify and eliminate unreliable

Master  Bachelor  Phd items with weak loading values. The items having weak loading

Education (preferably less than 0.6) were eliminated from the study (Hair et al.,

0.19, CI5), [0.00, 0.32], Agunet pickey = 1.00 2014). The items loading after the deletion of items with weak loadings

FIGURE 1 are presented in Table 3. Furthermore, Cronbach’s alpha measure was

Association of education level for faculty members with technology use. used to examine the internal consistency reliability of the constructs.

It assesses the extent to which items within a construct are consistent
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FIGURE 2

Structural equation model (SEM) depicting relationships among variables influencing behavioral intentions and readiness. This model visualizes the
hypothesized pathways and their respective loadings between constructs such as Performance Expectancy (PE), Effort Expectancy (EE), Social
Influence (SI), Facilitating Conditions (FC), Behavioral Intention (BI), Digital Citizenship Behavior (DCB), and Readiness (RED). Each path’s loading reflects
the strength and direction of relationships, informed by the bootstrap results from Table 6, which indicates the statistical support for each pathway.
Supported paths include EE — BI, EE — DCB, PE — BI, SI — BI, and SI - DCB, as evidenced by p values of less than 0.05, while other paths such as Bl —
DCB, Bl = RED, and FC — Bl did not achieve statistical significance. The solid arrow from DCB to RED represents the highly significant relationship
between digital citizenship behavior and readiness.
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in measuring the underlying construct. Cronbach’s alpha values
reported for the constructs in the study indicate varying levels of
internal consistency but fall within the acceptable to excellent range.

The study further used the composite reliability measure to
evaluate the internal consistency of the measurement instruments for
the endogenous variables. Composite reliability is a statistical measure
used to assess the internal consistency of measurement instruments
in structural equation modeling (SEM). The coeflicient values for
composite reliability exceeded the recommended threshold of 0.7, as
suggested by Gerbing and Anderson (1988), for all variables, thus
confirmed the reliability of the constructs being measured.

The assessment of convergent validity was conducted by using the
average variance extracted (AVE) measure (Table 4). According to the
recommendation put forth by Chin (1998), it is necessary for the
average variance extracted (AVE) values to exceed 0.5 in order to
confirm the validity of the items. The average variance extracted
(AVE) is a measure used to assess the level of variance captured by a
construct compared with the variance due to measurement error. In
this analysis, the AVE values for the constructs range from 0.556 to
0.918, thus confirmed the convergent validity of the constructs.

Furthermore, Fornell-Larcker criterion was used to examine the
discriminant validity across the constructs (Table 4). The Fornell-
Larcker criterion compares the square root of AVE values (diagonal
values in the provided matrix) with the correlations between the
constructs (off-diagonal values in the provided matrix), to assess
discriminant validity (Fornell and Larcker, 1981). According to the
criterion, the square root of AVE for each construct should be greater
than its highest correlation with any other constructs. This condition
appears to be met for all constructs. This suggests that each construct
is indeed distinct and captures phenomena that are not captured by
the other constructs in the model, affirming good discriminant
validity across the constructs (Chin, 1998).

The heterotrait-monotrait ratio (HTMT) matrix is utilized to
evaluate the discriminant validity of constructs within a structural
equation model (Table 5). The majority of HTMT values fall below the
commonly accepted threshold of 0.85, suggesting that the constructs
(BI, DCB, EE, FC, PE, RED, and SI) are empirically separated from
each other, therefore supporting their good discriminant validity.
Some values in the range of 0.85 or somewhat higher (Henseler, 2017),
such as EE and BI (0.877), may require additional investigation to
confirm that the constructs are not excessively comparable.

Table 6 presents the cross-loading results, which is another
method for assessing discriminant validity. Discriminant validity
requires that items have higher loadings on their designated constructs
compared with loadings on other constructs within the model
(Henseler, 2017). In simpler terms, each item should have a stronger
correlation with its intended construct than with any other constructs
in the model. The results of the study indicate that the items exhibit
higher loadings on their respective constructs than other constructs,
indicating good discriminant validity.

4.3 Structural model assessment

After validating the measurement model, the next step is to assess
the structural model, also known as the inner model. This involves
examining the relationships between the constructs within the model.
The assessment of the structural model includes estimating path
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coeflicients using a bootstrapping procedure (Hair et al., 2017). The
results of the path analysis are presented in Table 7. The findings
indicate that there is a significant direct effect of digital citizenship
behavior (DCB) on readiness (RED) (§=0.675, t=9.195, p=0.000).
This suggests that higher levels of digital citizenship behavior are
associated with increased readiness. Furthermore, a statistically
significant effect of effort expectancy (EE) (f=0.243, t=3.256,
p=0.001), performance expectancy (PE) (f=0.529, t=8.309,
p=0.000), and social influence (SI) (B=0.258, t=3.642, p=0.000) was
observed on behavioral intention (BI). These results indicate that
individuals’ perceptions of effort expectancy, perceived ease of use,
and social influence significantly influence their behavioral intentions.
Additionally, a significant effect of effort expectancy (EE) (f=0.306,
t=2.251, p=0.024) and social influence (SI) (§=0.329, t=2.431,
p=0.015) was observed on digital citizenship behavior (DCB). This
suggests that individuals’ perceptions of effort expectancy and social
influence play a role in shaping their digital citizenship behavior.

Mediation analysis is a valuable method for examining and
evaluating the indirect effects of independent variables on a dependent
variable through one or more mediator variables. It allows researchers
to understand the extent to which the impact of the independent
variable is transmitted through the mediator variable to influence the
dependent variable.

Table 8 presents the results from a bootstrap analysis of mediation
model paths, showing regression coeflicients, their variability, and
statistical significance for each tested pathway. Most paths (indicated
by abbreviations such as SI, BI, and DCB) are marked “not supported”
due to high p values, suggesting that the effects are not statistically
significant. However, two paths, “EE—DCB—RED” and
“SI— DCB — RED;” show p values of below 0.05, marking them as
“supported,” indicating statistically significant relationships in these
specific routes. These findings highlight which specific mediation
relationships within the model are valid and which are not valid,
providing insights into the influential dynamics among the
variables studied.

There are various approaches available for assessing mediation,
with bootstrapping being the most contemporary method for
mediation analysis (Madhavan, 2018; Rijnhart et al., 2021). In the
current study, the researchers investigated the potential mediating
effects of behavioral intention (BI) and digital citizenship behavior
(DCB) on the exogenous and endogenous variables of interest. The
results of the mediation analysis are shown in Table 8. The mediating
effect of digital citizenship behavior (DCB) on effort expectancy (EE)
and readiness (RED) ($=0.206; t=1.989; p=0.047) was found to
be statistically significant. Furthermore, the mediating effect of digital
citizenship behavior (DCB) was found to be significant between social
influence (SI) and readiness (RED) (p=0222; t=2.323; p=0.020).

5 Discussion

The study has developed a distinctive thesis on unifying the
notions of creating behavioral intention and digital citizenship toward
the readiness of adopting technology in the teaching environment in
PAAET colleges in Kuwait. This dichotomous perspective provides
originality to the research because most technology acceptance is
studied alone using technology acceptance models with a focus on
behavior intention only (Al-Fahim et al., 2016; Inayatulloh, 20205
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TABLE 3 Outer model summary table for the PLS-PM model.

10.3389/feduc.2024.1417062

Variables ltems Loading Variables Items Loading
Behavioral intention (BI) a=0.875/CR=0.923 Performance expectancy ®=0.904/CR=0.928
BI1 0.894 (PE) PEI 0.868
BI4 0.877 PE3 0.851
BI5 0.91 PE4 0.898
Digital citizenship behavior | a=0.898/CR=0.923 PE6 0.896
(DCB) DCBI 0.906 PES 0.721
DCB2 0.863 Readiness (RED) a=0.870/CR=0.903
DCB3 0.898 RED1 0.759
DCB4 0.794 RED2 0.846
Effort expectancy (EE) a=0.921/CR=0.957 RED3 0.814
EE1 0.953 RED4 0.849
EE2 0.963 RED5 0.76
Facilitating conditions (FC) a=0.920/CR=0.861 Social influence (SI) a=0.799/CR=0.854
FC1 0.857 SI1 0.635
FC2 0.697 SI6 0.874
FC3 0.745 SI7 0.912
FC4 0.706
FC5 0.71

This table represents the convergent validity of a Partial Least Squares Path Modeling (PLS-PM) analysis, showing loadings of various items on their respective constructs. The high loadings
(all above the recommended threshold of 0.7, except for PE8 and FC2) indicate that items are well represented by their constructs, signifying good convergent validity. Each construct’s
reliability is confirmed by high Cronbach’s alpha («) and Composite Reliability (CR) values, both exceeding the acceptable threshold of 0.7, suggesting that the items within each construct are
consistently and reliably measuring the same concept. The lowest item loading is for PE8 at 0.721, which is marginally acceptable. In contrast, the highest loadings are observed for items EE1
and EE2 within the Effort Expectancy construct, indicating very strong indicators for this construct. Overall, the table suggests that the model has robust measurement properties.

TABLE 4 Fornell-Larcker criterion and AVE results.

AVE Bl DCB EE FC PE RED SI
BI 0799 | 0.894
DCB | 0751 0480  0.867
EE 0918 | 0784 | 0509 = 0.958
FC | 0556 | 0449 & 0294 @ 0433  0.745
PE 0721 | 0.872 | 0388 0710 0432  0.849
RED | 0.651 | 0308 0667 & 0482 0378 0268  0.807
SI 0.667 | 0775 = 0521 | 0.665 0507 | 0.686 & 0400 0.817

The Fornell-Larcker criterion table assesses discriminant validity by comparing the square
roots of the average variance extracted (AVE) for each construct, shown on the diagonal,
with the inter-construct correlations, shown on the off-diagonals. The criterion is satisfied
when the diagonal elements (the square roots of the AVEs) are larger than the off-diagonal
elements, indicating that a construct shares more variance with its own indicators than with
other constructs, thus confirming that each construct is distinct and captures a unique aspect
of the phenomenon under study. In this table, the condition is met for all constructs, as
evidenced by the diagonal values being higher than the off-diagonal ones, demonstrating
good discriminant validity according to the Fornell-Larcker criterion.

Almaiah et al., 2022; Natasia et al., 2022; Nazir and Khan, 2022; Qader
et al, 2022), whereas digital citizenship is a more ethical and
responsible use of technology and has remained a separate set of
literature in the information system debates related to ethical access,
use, restriction, and rights (Sussan and Acs, 2017; Hawamdeh et al,,
2022; Martin et al, 2022). Unifying both of these constructs as
mediators and studying them through the same antecedents provide
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a useful and more holistic understanding of determining the readiness
of both technological and ethical use of technology in teaching.

The results of the survey offer empirical information to evaluate
28 theories on these connections. The results validate eight noteworthy
trajectories, underscoring the significance of elements, such as
exertion, interpersonal impact, and output in defining faculty
preparedness. On the other hand, the findings also refute 20 theories,
which calls into question long-held beliefs about digital citizenship
and technological acceptability, as discussed in this section.

First, the hypotheses which are confirmed are H3, H4, H5, HS,
H10, H11, H16, and H28. Behavioral intentions are found to impact
the faculty readiness to use technology in their teaching. This
finding has a profound congruence with the current literature
(Almaiah et al., 2022; Al-Shamali et al., 2022; Hradecky et al., 2022;
Scherer et al., 2023; Al-Adwan et al., 2024), where behavioral
intention has been found to be leading to readiness in multiple
contexts and times (H3). Effort expectancy on the part of faculty
feeling of how much effort is needed for using a technology is found
to be impacting both behavioral intention (H4) and digital
citizenship (H5). The effort expectancy also impacts the faculty
readiness through their digital citizenship as a mediator (H16). The
teaching faculty seems to consider efforts as important
consideration because their times are usually tightly allocated into
diverse tasks, such as teaching, administration, and evaluation.
Therefore, they feel important to consider how much effort an
application will need to create a behavioral intention and related
digital citizenship.
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TABLE 5 Discriminant validity—Heterotrait—monotrait ratio (HTMT)—
Matrix.

Bl DCB EE FC PE RED SI
BI
DCB 0.535
EE 0.877 0.556
FC 0.404 0.330 0.380
PE 0.780 0.419 0.779 0.391
RED 0.337 0.745 0.533 0.495 0.290
SI 0.740 0.638 0.791 0.584 0.818 0.497

TABLE 6 Loadings and cross-loadings for the model.

Bl DCB EE FC PE RED Sl
BI1 0.894 0.377 0.707 0.417 0.802 0.192 0.731
BI4 0.877 0.453 0.721 0.444 0.726 0.353 0.634
BI5 0.91 0.454 0.675 0.346 0.809 0.278 0.713
DCB1 0.524 0.906 0.524 0.382 0.457 0.638 0.564
DCB2 0.431 0.863 0.456 0.27 0.316 0.51 0.436
DCB3 0.446 0.898 0.458 0.181 0.334 0.545 0.452
DCB4 0.234 0.794 0.307 0.161 0.211 0.614 0.328
EE1 0.727 0.421 0.953 0.4 0.689 0.431 0.639
EE2 0.773 0.547 0.963 0.427 0.673 0.489 0.636
FC1 0.538 0.291 0.525 0.857 0.511 0.267 0.541
FC2 0.386 0.154 0.339 0.697 0.322 0.149 0.296
FC3 0.156 0.206 0.169 0.745 0.191 0.41 0.335
FC4 0.084 0.155 0.059 0.706 0.058 0.336 0.252
FC5 0.15 0.24 0.176 0.71 0.213 0.421 0.304
PE1 0.772 0.268 0.59 0.333 0.868 0.188 0.56
PE3 0.689 0.196 0.474 0.264 0.851 0.08 0.417
PE4 0.767 0.256 0.686 0.358 0.898 0.132 0.578
PE6 0.805 0.338 0.667 0.409 0.896 0.257 0.622
PE8 0.652 0.564 0.57 0.447 0.721 0.452 0.702
RED1 0.345 0.631 0.43 0.194 0.308 0.759 0.337
RED2 0.336 0.557 0.429 0.33 0.249 0.846 0.358
RED3 0.189 0.524 0.291 0.38 0.187 0.814 0.383
RED4 0.105 0.435 0.329 0.372 0.098 0.849 0.261
REDS5 0.212 0.493 0.438 0.272 0.193 0.76 0.247
SIl 0.403 0.388 0.343 0.352 0.397 0.305 0.635
SI6 0.69 0.402 0.617 0.49 0.59 0.333 0.874
S17 0.751 0.487 0.623 0.403 0.658 0.347 0.912

Like effort expectancy, the social influence is also found to
be impacting both behavioral intention (H10) and digital citizenship
of the faculty (H11). This finding also has a profound agreement with
the current literature (Alkandari et al., 2021; Avcr and Yildiz Durak,
2022; Brandau et al., 2022; Al-Sharhan et al., 2024). Teachers are
inspired by their surroundings as they try to adapt to their social
circumstances so that their teaching remains relevant and effective
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and they get influenced to establish a behavioral intention and
be digital citizens by using technology. The study has also confirmed
that the social influence proceeded further to impact the faculty
readiness through digital citizenship as a mediator (H28).
Furthermore, the study has also confirmed that the performance
expectancy impacts the faculty’s behavioral intention. In connection
to other hypotheses, this funding provides insights into the teaching
mental focus of considering technology more as input and
output considerations.

The study did not find significant evidence to support the
behavioral intention of faculty affecting digital citizenship
behavior (H1), readiness (H2), and readiness through digital
citizenship as mediators (H23). These findings are contradictory
to the literature but signify the importance of faculty considering
both behavioral intention and digital citizenship as stand-alone
constructs toward readiness. Similarly, the study also did not find
significant evidence to support the effort expectancy impacting
readiness when mediated by the behavioral intention and digital
citizenship (H18) or through the mediation of behavioral
intention alone (H27) (Al-Rahmi et al., 2022). In the same way,
the findings also do not confirm the effort expectancy impacting
digital citizenship  through
mediation (H26).

The facilitating conditions are also not confirmed supporting

behavioral intention as

the readiness when behavioral intention and digital citizenship are
used as mediators (H14), digital citizenship as a mediator (H22),
and behavioral intention as a mediator (H24). Similarly, no
considerable evidence is found to support the facilitating
conditions affecting behavioral intention (H6) and digital
citizenship (H7) when using behavioral intention as a mediator
(Shen et al., 2023).

The study also does not support the performance expectancy
impacting readiness through behavioral intention (H13),
behavioral intention, digital citizenship (H15), and digital
citizenship (H19) as mediators (Hong et al., 2021). Similarly, no
evidence has been found to support the performance expectancy
impacting digital citizenship (H9) through behavioral intention as
mediator (H17). Furthermore, the study has no evidence to support
the social influence impacting digital citizenship through
behavioral intention (H12) or readiness through behavioral
intention (H20) or
citizenship (H25).

behavioral intention and digital

5.1 Limitations

This study provides a rigorous evaluation of 28 hypotheses to
provide an evaluation of how the technology readiness of faculty
members in Kuwait colleges occurs through the dichotomous
co-existence of behavioral intention and digital citizenship. The study,
however, has a few limitations which open wup future
research possibilities.

First, behavioral intentions, particularly when combined with
digital citizenship, create a limitation of the study in essence as ethics
and morality are very much culturally different and may therefore
generate differences in the results (AlMutairi and Yen, 2022). The
study, however, took a very static causal assumption about

digital citizenship.
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TABLE 7 Bootstrap results for the inner model regression paths.

10.3389/feduc.2024.1417062

Original sample = Standard deviation T statistics (|O/ p values Decision
(@) (STDEV) STDEV|)
BI - DCB 0.133 0.248 0.535 0.593 Not Supported
BI - RED —0.016 0.089 0.175 0.861 Not Supported
DCB — RED 0.675 0.073 9.195 <0.001 Supported
EE — BI 0.243 0.075 3.256 <0.001 Supported
EE — DCB 0.306 0.136 2.251 0.024 Supported
FC - BI —0.016 0.05 0.31 0.757 Not Supported
FC —- DCB 0.011 0.094 0.114 0.909 Not Supported
PE — BI 0.529 0.064 8.309 <0.001 Supported
PE — DCB -0.175 0.176 0.996 0.319 Not Supported
SI — BI 0.258 0.071 3.642 <0.001 Supported
SI—- DCB 0.329 0.135 2.431 0.015 Supported

TABLE 8 Bootstrap results for the inner model regression paths (mediation analysis).

Original sample (O) Standard deviation T statistics (|O/ p values Decision
(STDEV) STDEV])

SI - BI - DCB 0.034 0.068 0.505 0.614 Not Supported
PE — BI - RED —0.008 0.047 0.175 0.861 Not Supported
FC — BI - DCB — RED —0.001 0.010 0.144 0.886 Not Supported
PE - BI - DCB — RED 0.047 0.089 0.530 0.596 Not Supported
EE — DCB — RED 0.206 0.104 1.989 0.047 Supported

PE — BI - DCB 0.070 0.132 0.530 0.596 Not Supported
EE — Bl - DCB— RED 0.022 0.043 0.509 0.611 Not Supported
PE - DCB — RED —0.118 0.119 0.995 0.320 Not Supported
SI — BI - RED —0.004 0.024 0.165 0.869 Not Supported
FC - BI - DCB —0.002 0.015 0.140 0.889 Not Supported
FC - DCB — RED 0.007 0.064 0.112 0.911 Not Supported
BI - DCB — RED 0.089 0.166 0.539 0.590 Not Supported
FC — BI - RED 0.001 0.005 0.050 0.960 Not Supported
SI — BI - DCB — RED 0.023 0.045 0.513 0.608 Not Supported
EE —» BI - DCB 0.032 0.065 0.498 0.619 Not Supported
EE — Bl - RED —0.004 0.023 0.166 0.868 Not Supported
SI - DCB — RED 0.222 0.096 2.323 0.020 Supported

Second, the context of teachers in PAAET colleges in Kuwait also
brings a limitation to the study. The technology in the teaching
environment is multi-faceted and usually co-used by both teachers
and students. The readiness of one group can influence the other
group. As the students readiness may need to be taken into
consideration together to make sense of the teacher’s readiness as they
are both co-creating the learning environment and the usage
of technology.

Finally, the study has only accepted eight hypotheses and did not
find support for the rest of the 20 hypotheses, even though there is
literature that supports these hypotheses. The discussions and
conclusions are therefore cautiously drawn as the sample size is not
big enough and may be limiting the perspective established through
the findings of this study.
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5.2 Future studies

The limitations discussed also provide many opportunities for
expanding this study. First, in future studies, more contextual
interpretations and cultural aspects may be more useful to research
particularly in connection to digital citizenship being a more
culturally sensitive area. Such cultural instances may expand the
technology readiness debates as predominantly this study explains
through common determinants with the behavioral intention of
using technology. Second, to have a multi-faced perspective, the
findings should be correlated with the testing of the hypothesis
among the students. In addition, both teachers and students co-exist
in a context of learning, and they interact through technology, so the
readiness of one will affect the others. The results related to both
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parties in the learning context will be more comprehensive and
realistic to evaluate if both samples are measured together. Third, the
sample size in the study is only 122 participants, and larger samples
in multiple locations may bring not only more generalizable findings
but may also achieve more congruence with the current literature.
Such studies can be built among the current results and evaluate if
more significant evidence can be gathered to support the 20
hypotheses rejected in this study.

5.3 Recommendations

This study has profound implications and can provide a basis for
the recommendations related to the crucial factors toward achieving
higher effectiveness in terms of using technology by faculty members.
The supported hypotheses are mainly related to the effort expectancy
and performance expectancy impacting the mediating and dependent
variables, thus leading to important recommendations as the faculty
seem to be taking a more input and output perspective of the
technology readiness.

First, recognizing the considerable impact of faculty members’
behavioral intentions on their preparedness to utilize technology in
teaching and create strategies to improve and promote using
technology in classrooms. Furthermore, conducting regular training
sessions and workshops on the practical aspects of adopting
technology into teaching by offering a variety of professional
development opportunities, such as online courses, webinars, and
self-paced modules. PAAET can also put in place a recognition
program that recognizes and honors faculty members who excel in
integrating technology. Additionally, they can invest in developing
technologically advanced classrooms with access to cutting-edge
equipment and software and create an environment in which
experimentation ~ with  new

technology is  encouraged

and acknowledged.

6 Conclusion

This study explains the determinants of faculty members’
readiness and how digital citizenship behavior and behavioral
intention mediate these relationships to influence the readiness of
faculty members in PAAET colleges to use technology. The study
is a rare attempt to combine both behavioral intention and digital
citizenship to broaden the horizon of faculty readiness in terms of
not just their intention to use the technology but also establishing
themselves as more ethically and morally aware to have more
effective use of technology in teaching. The evidence, however,
supports that more input-oriented factors such as effort expectancy
and social influence and also more out-oriented factors such as
performance expectancy are found to be important for the teachers
to achieve readiness, which, in turn, would affect the effectiveness
of using technology in higher education. These and other findings
thus establish and support a more purposive approach to
technology readiness as the faculty considers the effort inputs and
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performance outputs as linear causal frameworks for the use of
technology. Future studies and the course of technology adoption
may, however, bring alternate interpretations as the current
findings are based on a limited number of teaching faculties in
PAAET
be widely generalized.

colleges in  Kuwait and therefore cannot
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