Education and Information Technologies (2022) 27:9821-9855
https://doi.org/10.1007/s10639-022-11012-9

®

Check for
updates

Facebook/Meta usage in higher education: A deep
learning-based dual-stage SEM-ANN analysis

Yakup Akgiil'® . Ali Osman Uymaz?

Received: 19 November 2021 / Accepted: 18 March 2022 / Published online: 5 April 2022
©The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature
2022

Abstract

The paper’s main aim is to investigate and predict major factors in students’ behav-
ioral intentions toward academic use of Facebook/Meta as a virtual classroom, tak-
ing into account its adoption level, purpose, and education usage. In contrast to ear-
lier social network research, this one utilized a novel technique that comprised a
two-phase analysis and an upcoming the Artificial Neural Network (ANN) analy-
sis approach known as deep learning was engaged to sort out relatively significant
predictors acquired from Structural Equation Modeling (SEM). This study has con-
firmed that perceived task-technology fit is the most affirmative and meaningful
effect on Facebook/Meta usage in higher education. Moreover, facilitating condi-
tions, collaboration, subjective norms, and perceived ease of use has strong influ-
ence on Facebook usage in higher education. The study’s findings can be utilized to
improve the usage of social media tools for teaching and learning, such as Facebook/
Meta. There is a discussion of both theoretical and practical implications.
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1 Introduction

Over time, Facebook/Meta has emerged as one of the software that has been
implemented for generating and sharing information with Internet users. As a
result of the evolution of Web 2.0, it is now widely acknowledged as the most
widely utilized Social Networking Site (SNS) for disseminating information
among students in higher education (Ajjan & Hartshorne, 2008; Lampe et al.,
2011; Hew & Cheung, 2012; Deng & Tavares, 2013; Albayrak & Yildirim, 2015;
Purvis et al., 2016; Sharma et al., 2016).

Students and teachers may use social networking sites, particularly Facebook/
Meta, to exchange knowledge, disseminate learner-created material, increase
student engagement, communicate, and interact socially (Bowman & Akcaoglu,
2014; Deng & Tavares, 2013; Gabarre et al., 2013; Jong et al., 2014; Junco, 2012;
Khan et al., 2014; Lampe et al., 2011; Pérez et al., 2013; Wang et al., 2012; Wu
et al., 2013). Researchers and academics in higher education were influenced by
the growing usage of SNSs in the role of technology (Albayrak & Yildirim, 2015;
Boyd & Ellison, 2007; Cheung et al., 2011; Hargittai, 2007; Hew, 2011; Junco,
2012; Madge et al., 2009; Selwyn, 2009). The higher penetration of Facebook/
Meta provides the crucial and numerous benefits for students of utilizing Face-
book/Meta for learning and teaching purposes (Ainin et al., 2015; Gao et al.,
2012; Golder et al., 2007; Leong, Ibrahim, et al., 2018; Leong, Jaafar, et al., 2018;
Manca & Ranieri, 2013, 2017; Milosevic et al., 2015; Moorthy et al., 2015; Rod-
riguez-Hoyos et al., 2015; Stutzman, 2006; Tan et al., 2012; Tess, 2013; Wang &
Du, 2014; Wong et al., 2015). The benefits of mobile SNSs include its accessibil-
ity without regard to time or place, making the technologies useful as cutting-
edge learning aids (Aillerie & McNicol, 2016; Beer & Burrows, 2007; Bicen &
Cavus, 2011; de-Marcos et al., 2016; Leong et al., 2018; Leong, Jaafar, et al.,
2018; Madge et al., 2009). As previously stated, the superiority of using Face-
book/Meta are founded on the notions of “every time and everywhere,” “context-
awareness,” and even “ubiquitous learning.” (Hwang et al., 2008; Leong et al.,
2018a, 2018b; Wai et al., 2016).

There are several motivations for this study. First, to predict the students’
intention to accept Facebook/Meta as a learning medium in higher education.
Second, propose a novel hybrid model by using proven models Technology
Acceptance Model (TAM), The Unified Theory of Acceptance and Use of Tech-
nology (UTAUT), and Theory of Planned Behavior (TPB), etc. Third, previous
researches on social networks have used a single step of analysis, mostly using
SEM analysis (Ainin et al., 2015; Boticki et al., 2015; Chaouali, 2016; Cheung
et al., 2011; Kabilan et al., 2010; Leong, Ibrahim, et al., 2018; Leong, Jaafar,
et al., 2018; Lockyer & Patterson, 2008; Lu & Yang, 2014; Mazer et al., 2007,
Mazman & Usluel, 2010; Milosevic et al., 2015; Mufadhal et al., 2018; Roblyer
et al., 2010; Wang & Du, 2014; Wong et al., 2015). SEM is a popular linear
model used in numerous research to investigate major drivers or factors. However,
these basic linear models may be insufficient for representing the complexity of
real-world decision-making challenges. To overcome this issue, an Al technique
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that can produce reasonably advanced non-linear regression models with higher
accuracy as a supplement to linear models may be used (Sim et al., 2014; Wong
et al., 2011). Despite the fact that some academics have adopted a more robust
and stable average of distinct ANN analysis as the second phase to aim to achieve
this issue (Akgiil, 2019; Sharma et al., 2016; Tiruwa et al., 2018). Their ANN
study is limited to one-hidden layer architectures, which Huang and Stokes
(2016) raised one hidden layer architectures is a shallow ones. Other study fields
that employ the two-phase SEM-ANN analysis encounter a similar issue (e.g.,
Lee et al., 2020; Leong et al., 2019). A deep ANN design, rather than a shallow
ANN, should be used, according to Wang et al. (2017), because it can result in
more accurate of a non-linear model by using two or more hidden layers. Given
these objections, the authors have correctly utilized PLS-SEM with ANN to the
existing study’s problems to leverage the potential of deep learning based two-
phased hybrid SEM-ANN analysis. Finally, universities, particularly public ones
in emerging countries such as Turkey, frequently suffer from inadequate facilities
and lack communication technologies and formal electronic techniques to engage
with their students. Furthermore, they continue to rely on the traditional Learn-
ing Management System (LMS) of one-way communication inside the classroom
and do not fully utilize the advantages of social media in engaging students in
virtual learning. The teaching—learning activity was a perishable service that had
to be consumed in the moment it was supplied. It was also traditionally restricted
by geographical location-the instructor and student being in the same location.
With the advancement of technology, these time and space limits have gained
some wiggle room. According to statistics, Turkey ranks in the top 15 nations in
terms of the number of Facebook/Meta accounts generated (Statista.com, 2021).
COVID-19 Pandemic has revealed gaps in online education. With many school
education systems suddenly shifting to online lessons. In general, e-learning is
the best solution during the lockdown. In the context of the COVID-19 pandemic,
the closure of colleges and institutions, as well as scientific platforms such as
classrooms and others, the use of social media, the most prominent of which is
Facebook/Meta, as a method of e-learning. This study was undertaken to perform
research with a sample of six Turkish state university students in Turkey to throw
some light on this issue.

2 Theoretical Background

As stated Lu et al. (2014), “an extension of social networking where individuals
with similar interests converse and connect through their mobile phones and/or
tablets”. Increased use of mobile devices as an educational tool to support vocab-
ulary activities (Lan & Huang, 2012; Stockwell, 2010). Using mobile devices,
according to Kim et al. (2014), would improve learning experiences since the
technology allows teachers to be more flexible in giving tailored instructional
messages to students. Furthermore, when mobile SNSs are employed in educa-
tional activities, the learning process is characterized by “knowledge sharing,
information reference, online/offline interactions, and visual/verbal connection
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exchanges” (Wong et al., 2015: 764). Currently, the academic community is uti-
lizing social media platforms efficiently, such as blogs and the sharing of instruc-
tional films, updates, and academic materials (Berger, 2017). Many students and
staff are still unfamiliar with using Facebook/Meta for learning and teaching rea-
sons, and, as previously said, research on Facebook/Meta usage in higher edu-
cation and continued intentions are scarce (Wong et al., 2015; Milosevic et al.,
2015; 2018 Moorthy et al., 2015; Leong, Ibrahim, et al., 2018; Leong, Jaafar,
et al., 2018).

Adoption of new information technology or systems is required for successful
system deployment; hence, factors of user acceptance can help to improving sys-
tem design and affecting system efficacy (Agarwal & Prasad, 1998; Davis, 1989;
Mathieson, 1991). How users’ views of a system impact adoption and how peo-
ple embrace new technologies has long been a topic of study (Venkatesh et al.,
2003). Many important theories have been proposed in the past to investigate user
adoption of any new technology or information system. The study approach in
this work is based on three fundamental theories of behavior intention in tech-
nology adoption: TAM and UTAUT which has been extended by adding three
more variables: hedonic motivation, price value, and habit as UTAUT2 (Davis,
1989; Venkatesh et al., 2003, 2012) and TPB (Ajzen, 1991). Recent bibliometric
analyses conducted by Hew (2011), and Tamilmani et al., (2021) indicated rising
interest in the scientific world in the continuance intention to utilize an informa-
tion system.

Several studies into various social network systems have revealed a variety of
important factors influencing students’ behavioral intentions toward academic use
of Facebook/Meta. Table 1 summarizes the primary papers recognized as academic
use literature in a researcher’s evaluation of social networking sites and identifies
the characteristics of crucial variables that explain intention to use. For instance,
Moorthy et al., (2015) showed that intention and behavior to use Facebook/Meta
for learning are determined by four factors: perceived enjoyment, perceived useful-
ness, perceived ease of use, and self-efficacy. Sharma et al., (2016) investigated and
assessed collaboration (C), perceived enjoyment (PE), perceived usefulness (PU),
resource sharing (RS), and social influence (SI) in the evaluation of academic use
of Facebook/Meta in higher education. Leong, Ibrahim, et al. (2018), Leong, Jaafar,
et al. (2018)) showed that perceived task-technology fit (PTTF), PU, and PE have
significant relationships with the intention to use social network sites. The same
year, Tiruwa et al., (2018) indicated that cooperation is the most powerful predic-
tor of Facebook/Meta use for collaborative learning in higher education, followed
by variables such as critical mass (CM), PU, PE, and material and resource sharing.
In this sense, According to Akgiil (2019), CM, compatibility (COMP), membership
(M), perceived ease of use (PEU), PU, and trust (T) all have significant correlations
with the intent to utilize Facebook/Meta in higher education. The same year, Al-
Sharafi et al., (2019) posited that factors such as SI, PE, PU, and PEU are especially
vital for behavioral intention to use online social networks for higher institutions’
students. Finally, Raza, Qumar, et al. (2020), Raza, Qazi, et al. (2020)), recently
assessed the uses & gratification theory and theory of planned behavior impact on
Facebook/Meta usage among students.

@ Springer



9825

Education and Information Technologies (2022) 27:9821-9855

doueydoooe
Surures[-]\
Sur
-UIBQ[ OTWOUOIH
‘Jur -ures|
Ayiqe)ns ‘yuour
-urejroyuy ‘Sur

-ure9 Aouardyjg

pringer

As

‘Burues] [er0g (8102)
juadue], QIBM)JOS ‘ur Qoueydoooe ‘qelreg
Kmuopy o1j0q1dAH 1-6-9  Aq Aqeonewomy  -urea] AIIIXoL] I Surures] o[IqON NNV ‘Bulreys ‘mrys-vy
BIOA/N00QadB]
asn 0} uonuAUY
‘uon
-eIOQE[[0D) ‘SuI
-IBYS 90INOSAI uoneonpa 1oysIy
PuB [RLIdIBA ur SuruIed| pue
9uowkofua uoneIOqR[[0d
PIATOOIR] ‘SSAU 10J 93esn BIO]A
juogue], IBM1JOS -[NJasn PIAIIIG /00gadeq (8102)
Kmuopy orjoqradAy [-01-S  4q A[eonewoiny ‘SSRUI [EONII) I SuIepoN NN-INAS “Te 30 BADIL,
‘BIOJA/N00Q0B]
asn 0} uonuAUY
‘3uLreys 201n0sAY
quowkofua
PIATIIId] ‘SSU
-[NJosN PIATIIIG uoneonpa NN-IWAS
juague], AIBMJOS ‘oudnpuy [BI00S Ioy31y ur ogesn 710 pue 9102)
Knuopy orjoqrodAH 1-01-S  £q A[reonewoiny ‘uoneIoqe[[0D) BIQIN/N00qa08] LOVLN ‘AVL “Ie 19 rULIRYS
(paura
IoAe -19)9p SuOINAU s19he|
USPPIH uonoun,j I} USPPIY Jo Joquunu USppIH Jo Te9x
1oKeT IndinQ UONBATIOY -onng YI0mMION Y} sem MOH SI[qRLIBA oquinN evary porjdde anbruyoay, /(s)roymy

BIOIA/N00GJ.,] SN 0} UOIIUIUT Y} INOqe SAIPMS | 3|qe]



Education and Information Technologies (2022) 27:9821-9855

9826

SIomIaN [emaN NN Surepojy uonenby rexmonng (JAHS (ASojouyoay, Jo as) pue aouedeody Jo A109y], payrup) UL, (LAV.LA {[PPOIN 2oueidesoy A3o[ouyda], \JNVL

‘asn 0} uonuauy

Isnay,
‘ssaul
-[NJosN PIATIIIG
‘asn
JO 9S82 PaATadIa] uon
‘drysroquiojy -eonpyg 19YSIH
juaSue], oreM1JOS ‘Kqnedwo) ur uondopy
Amuopy orjoqradAy 1-¢-¢  £Aq [eonewoiny ‘SSEJN] [eOD1I) I ERN/N00qade] NN-INAS (6107) IN3YV
(paura
19K -19)ap SUOINAU s10he
UQPPIH UonouNnj I} USppIY Jo Jquunu USppIy jo Te9x
10keT ndinQ UOTBATIOY -onng JI0MmIoN ) sem MOH So[qeLIRA JoquinN eary pordde onbrutpag, /(s)I0yINy

(ponunuoo) | s|qey

pringer

As



Education and Information Technologies (2022) 27:9821-9855 9827

2.1 Hypotheses Development

The following hypotheses were established focused on the students’ intentions to
use Facebook/Meta for learning purposes:

2.2 Collaboration (C)

C fundamentally outlines how environmental and cognitive elements work together
to influence a person’s learning and behavior patterns (Ainin et al., 2015). The use of
social media sites might be a new type of collaboration. According to studies, Face-
book/Meta users may generate and receive information, as well as join new groups
for collaborative learning through debates and interactive sharings (Hung & Cheng,
2013; Selwyn, 2007). Social media has the conversational, collaborative, and com-
munal capacity to help the learning process by allowing users to join various educa-
tional groups and exchange assignments, projects, and so on (Maloney, 2007; Maz-
man & Usluel, 2010; DeAndrea et al., 2012; Ractham & Firpo, 2011; Sanchez et al.,
2014; Sharma et al., 2016). As a result, it is crucial to allow students to engage,
communicate, and work with one another via Facebook/Meta to create stronger rela-
tionships between students and professors. Thus, students can be involved with their
direction substances that are relevant to their studies (Ainin et al., 2015). Hamid
et al., (2015) students benefit from increased engagement with other students and
professors as a result of social technology. Considering C’s considerable influence
on academic use of Facebook/Meta, the following hypothesis is proposed:

H, C has a positively and significantly influences on BI.

2.3 Facilitating Conditions (FC)

FC is a broad notion that encompasses many various aspects, including knowl-
edge, training, infrastructure, and assistance. It is defined as follows: “the degree
to which an individual believes that an organizational and technical structure
exists to support use of the system” (Venkatesh et al., 2003). The degree to which
a person feels that there are appropriate living conditions and appropriate techno-
logical infrastructure to facilitate educational usage of Facebook/Meta is referred
to as facilitating conditions (Milosevic et al., 2015; Sanchez et al., 2014). Consid-
ering FC’s considerable influence influence on academic use of Facebook/Meta,
the following hypothesis is proposed:

H, FC has a positively and significantly influences on BI.

2.4 Perceived Enjoyment (PE)

Enjoyment is defined as “the extent to which the activity of using the com-
puter is perceived to be enjoyable in its own right, apart from any performance
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consequences that may be anticipated” (Davis et al., 1992:1113). In another defi-
nition, Moon and Kim (2001) described enjoyment as “the pleasure the individual
feels objective when committing a particular behavior or carrying out a particu-
lar activity”, they also observed that “enjoyment” is a crucial element in Internet
adoption. In other words, the critical factor of PE in understanding users’ purpose
to use in the literature, social media has been widely recognized as a pleasure-ori-
ented information system (Davis et al., 1992; Van der Heijden, 2004; Hong, Tam,
et al., 2006; Hong, Thong, et al., 2006; Hong Tam, & Kim, 2006; Hong, Thong,
et al., 2006; Sledgianowski & Kulviwat, 2009; Kang & Lee, 2010; Merhi, 2015).
According to Hamid et al. (2015), when compared to traditional classroom-based
teaching and learning, employing Online Social Networking (OSN) offers learn-
ers with a significantly more enjoyable learning environment. Yang et al., (2016)
conducted the study in which the authors found a strong influence of PE on users’
mobile SNSs participation. “Therefore, users who experienced enjoyment from
using these applications are more likely to adopt them” (Lin et al., 2013). Consid-
ering PE’s considerable influence influence on academic use of Facebook/Meta,
the following hypothesis is proposed:

H; PE has a positive and significant influence on the academic usage of Face-
book/Meta.

2.5 Perceived Ease of Use (PEOU)

PEOU refers to “the degree to which an individual believes that using a particular
system would be free of physical and mental efforts” (Davis, 1989). In this sense,
PEOU can be considered to be a crucial driver, one of the qualities of greatest
impact on the acceptance, and antecedent of adoption intention of new technology
(Kim et al., 2010; Moore & Benbasat, 1991). In the study of Bataineh et al., (2015),
it has been emprically proved perceived ease of use significantly enhances the inten-
tion to use Facebook/Meta as a learning tool. Zaki and Khan (2016) investigated
the factors that impact on students’ use of Facebook/Meta for educational purposes.
Another aspect that influences the decision to utilize Facebook/Meta for learning is
perceived ease of usage. Considering PEOU’s considerable influence influence on
academic use of Facebook/Meta, the following hypothesis is proposed:

H, PEOU positively and significantly affects on BI.

2.6 Perceived Task-Technology Fit (PTTF)

The initial determinant of actual behavior, according to TRA (Fishbein & Ajzen,
1975), is behavioral intention. In this study, Task-Technology Fit (TTF) was defined
as “the degree to which a technology assists an individual in performing his or her
portfolio of tasks” (Baleghi-Zadeh et al., 2014; Goodhue & Thompson, 1995). Lu
and Yang (2014) have indicated that PTTF considerably impacts the aim of peo-
ple to adopt innovations. Authors reported achieving learning requirements impact
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on the perceived fit (Goodhue & Thompson, 1995; Lee & Lehto, 2013; Leong, Ibra-
him, et al., 2018; Leong, Jaafar, et al., 2018; Lin & Wang, 2012; Pagani, 2006).
Considering PTTF’s considerable influence on academic use of Facebook/Meta, the
following hypothesis is proposed:

H; PTTF positively and significantly influences on BI.

2.7 Perceived Usefulness (PU)

According to TAM, the key motivators for embracing and using new technologies
are PU and PEOU. PU can be defined as “the degree to which an individual believes
that using a particular system would enhance his/ her job performance” (Davis,
1989). Nowadays, Facebook/Meta more frequently has been used for many different
aspects; it has easy to use, usefulness, and social influence factors (Milosevic et al.,
2015; Sanchez et al., 2014). According to Sanchez et al., (2014), PU has a signifi-
cant impact on college students’ use of Facebook/Meta. According to Zaki and Khan
(2016), perceived usefulness may influence the intention to use Facebook/Meta for
academic objectives. Considering PU’s considerable influence on academic use of
Facebook/Meta, the following hypothesis is proposed:

Hg PU positively and significantly influences on BI.

2.8 Resource Sharing (RS)

Students commonly exchange study materials, projects, beneficial resources, and
papers using text, audio, video, and photos, as well as connections to other resources
or Websites (Mazman & Usluel, 2010; Ractham & Firpo, 2011; Sharma et al.,
2016). Facebook/Meta is a significant platform for sharing many cultures, beliefs,
rituals, and traditions (Ainin et al., 2015; Sharma et al., 2016). Students and faculty
have exchanged study and educational resources on Facebook/Meta to enhance for-
mal learning for group assignments or by reacting to comments (Ainin et al., 2015;
Boud et al., 2001; Hamid et al., 2015; Milosevic et al., 2015; Sanchez et al., 2014,
Sharma et al., 2016). The usage of Facebook/Meta has been emerged as a virtual
classroom for sharing knowledge and academic material with other students by
many academic institutions (Milosevic et al., 2015; Sanchez et al., 2014). Consider-
ing RS’s considerable influence on academic use of Facebook/Meta, the following
hypothesis is proposed:

H, RS positively and significantly influences on BL.

2.9 Social Influence (SI)
SI can be defined as “the degree to which an individual is acting under the influence

of some other person, group or social events” (Venkatesh et al., 2003). Another
definition of Sl is “one’s predetermined opinion of how others will judge a specific
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behavior of a person” (Fishbein & Ajzen, 1975; Venkatesh et al., 2003). Triandis
(1980) defined as “the individual’s internalization of the reference groups’ subjec-
tive culture, and specific interpersonal agreements that the individual has made
with others, in specific social situations”. Sl is explained as “the degree to which
an individual perceives that important others believe she or he should use the new
system.” (Teo, 2009). According to Sanchez et al. (2014), Social Influence is the
most important factor in predicting the adoption of Facebook/Meta. Milosevic et al.
(2015), revealed that social influence has a significant influence on a person’s inten-
tion to use social media. Considering BU’s considerable influence on academic use
of Facebook/Meta, the following hypothesis is proposed:

Hg SI positively and significantly influences on BIL.

2.10 Subjective Norm (SN)

SN refers to “the perceived social pressure to perform or not to perform a behav-
ior” (Ajzen, 1991). Arteaga Sanchez and Duarte Hueros (2010) subjective norm had
been reported to have stronger impact on behavioral intention, which is incorporated
into TAM. Kim (2011) and Yoon and Rolland (2015) investigated the influence of
subjective norms on continuance intention to use social networking services. The
influence of interpersonal behaviors, friends, and colleagues of word-of-mouth,
mass media reports, and experienced people determined the subjective norms (Bhat-
tacherjee, 2000). Normative beliefs should be multidimensional in the IT usage area
(Ajzen, 1991; Davis, 1989; Fishbein & Ajzen, 1975; Mathieson, 1991; Taylor &
Todd, 1995). Considering SN’s considerable influence on Facebook/Meta usage in
higher education, the following hypothesis is proposed:

H, SN positively and significantly influences on BI.

3 Research Methodology
3.1 Measurement of variables

The study employed previously validated measures and was amended to fit into the
context of Facebook/Meta usage. Social influence (SI), which was taken from Park
et al., (2014) and Teo (2012). The items for facilitating conditions (FC) and Subjec-
tive norm (SN) were derived from Teo (2012). Perceived usefulness (PU) adapted
from Park et al., (2014), Teo (2012), Davis (1989), and Venkatesh and Davis (2000).
Perceived enjoyment (PE) was adopted from Park et al., (2014). Resource sharing
(RS) was derived from Park et al. (2014) and Bock et al., (2005). Collaboration (C)
was adapted from So and Brush (2008). Perceived task-technology fit (PTTF) was
taken from Lu and Yang (2014). Perceived ease of use (PEU) was adopted from Park
et al., (2014), Davis (1989), and Venkatesh and Davis (2000). Finally, the intention
to use Facebook/Meta (INT) was adopted from Bock et al., (2005).
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The participants responded their attitudes on a five-point Likert scale aside from
demographic characteristics. 29 questions were used to measure predictors, while
three questions were used to test students’ expected usage of social media in higher
education, and the usage intention factors.

According to the descriptive data of the sample, females account for 46 percent of
Facebook/Meta users, while males account for 54 percent. The age group between
21 and 30 years old accounted for 78.5 percent of the total. 15.5 percent of those
polled were over the age of 31. Six percent of those under the age of 20 were in this
age category. The majority of participants have a bachelor’s degree and represented
75%, followed by vocational school degree (19%), graduate degree (6%).

3.2 Sample and Data Collection

Participants with existing social media experience were chosen for sample collec-
tion. Both offline and online approaches were used to acquire the sample data. The
offline strategy, which was employed in a pilot research phase, aided in obtaining
immediate replies from participants without any interruption. The last stage of data
collection comprises collecting completed online questionnaires from participants.

The survey was published online, and the link was sent by email. The technique
was successful in reaching a significant number of students and deleting duplicate
and/or incomplete survey answers. Multiple forms submitted from the same IP
address were blocked, preventing repetition.

A non-random and convenience sample of 343 students from six Turkish state
universities was used in an empirical study. Despite its modest size, the sample size
is sufficient for SEM analysis to be performed (Myers et al., 2011). This sample size
meets ten times the minimum threshold recommended by Bentler and Chou (1987),
and Hair, Hollingsworth, et al. (2017). G¥*Power was applied to determine the mini-
mum size of the sample, as recommended by Hair, Hult, et al. (2017). It was cal-
culated that the sample size for this study is 166 when 9 predictors were used, 15%
effect size, 5% alpha level, and 95% power were used. Overall, 343 replies were
received, much above the recommended minimum sample size.

4 Empirical Findings:
4.1 PLS-SEM Analysis and Results
4.1.1 Measurement model

Smart PLS (Version 3.3.2) software was executed to analyze data using the PLS-
SEM approach. First, the outer loadings of the items surpassed the >0.70 criterion
(Hair et al., 2010). Second, Table 2 provides that Cronbach’s alpha and compos-
ite reliabilities (CR) have cut-off values that are all greater than the threshold 0.70
and that all average variance extracted (AVE) values exceeded the threshold 0.50,
maintaining construct reliability, convergent validity, and divergent validity. Third,
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Table 2 Internal consistency reliability, convergent validity results

Lat.V Indic Reliability VIF= <5 Validity
Indicator Reliability Internal Consistency Conv
Reliability Validity
Factor a>,70 CR>,70 AVE>,50
Loading >0.70
C Cl ,854 2,165 856 912 71
C2 925 2,963
C3 ,863 1,998
FC 742 ,854 ,662
FC1 ,852 1,697
FC2 ,834 1,633
FC3 ,750 1,311
INT ,864 917 187
INTI ,884 2,118
INT2 ,901 2,485
INT3 875 2,177
PE 785 874 ,699
PE1 818 1,545
PE2 ,821 1,693
PE3 ,867 1,715
PEOU ,846 ,907 ,765
PEOU1 811 1,739
PEOU2 910 2,737
PEOU3 ,899 2,309
PTTF ,904 ,940 ,839
PTTFI 921 2,865
PTTE2 ,929 3,374
PTTF3 ,898 2,688
PU 719 ,840 ,637
PUL 761 1,306
PU2 ,804 1,655
PU3 ,827 1,468
RS ,882 927 ,809
RS1 ,890 2,290
RS2 910 2,707
RS3 ,898 2,497
SI ,686 816 ,601
S11 764 1,288
SI2 ,646 1,323
S13 ,896 1,485
SN 197 ,907 ,830
SN1 ,895 1,781
SN2 927 1,781
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Table 2 (continued)

a=Cronbach’s Alpha; CR=Composite Reliability; C: Collaboration; FC: Facilitating Conditions; INT:
Intention to Use Facebook/Meta; PE: Perceived enjoyment; PEOU: Perceived Ease of Use; PTTF: Per-
ceived Task-Technology Fit; PU: Perceived Usefulness; RS: Resource Sharing; SI:Social Influence; SN:
Subjective Norm

the Fornell-Larcker and HTMT-ratio requirements for discriminant validity were
evaluated; AVEs were greater than squared inter-construct correlations (Fornell &
Larcker, 1981), and the heterotrait-monotrait (HTMT) correlation ratio was less than
0.95. (Henseler et al., 2015) See Table 3. The third method utilized to test discrimi-
nant validity was cross-loadings. See Table 4.

4.1.2 Structural Model Path Analysis

Hair et al., (2010) suggested four steps to assess the structural model. First, the Vari-
ance Inflation Factor (VIF) values were generated to assess collinearity issues. All of
the VIF values retrieved are inside the cut-off range (VIF <5). As a result, collinear-
ity was not an issue in our study (Table 2). Second, the bootstrapping method (5000
resamples) was used to test the hypothesized relationship at a significance level of
0.05. Results of the bootstrapping algorithm are depicted in Table 5. C (=0.161;
t-value =2.490; significance at p<0.013; 2= 0.03), FC (p=0,186; t-value=3,418;
significance at p<0,001; 2= 0.005), PEOU (p=0.076; t-value = 1,754, significance
at p<0.080; 2= 0.01), PTTF (B=0.278; t-value =4,649; significance at p<0.000;
2=0.08), and SN (B=0.134; t-value=2,191; significance at p<0.029; f2=0.03)
have significant and positive impact with a small effect size was found on intention
to use Facebook/Meta. Therefore, H1, H2, H4, HS5, and H9 hypotheses were sup-
ported. However, four of the nine hypothesized paths, from PE to Facebook/Meta
intention (H3), PU to Facebook/Meta intention (H6), RS to Facebook/Meta intention
(H7), and SI to Facebook/Meta intention (H8), were not supported by statistically

Table 3 The Fornell-Larcker discriminant validity and The HTMT correlation matrix

C FC IN PE PEO | PTT | PU | RS N SN | C FC INT | PE PE PT PU RS Sl S
T u F ou | TF N
C ,88
FC ,53 81 66
INT | 58 | )52 | ,89 ,67 | ,65
PE 46 | ,40 | 44 | 84 ,56 | ,52 | ,52
PEO | 33 | 37 | ,30 | ,21 | ,88 ,39 | 46 | 34 | 24
u
PTT | 65 | 43 | )57 | 44 | 11 ,92 ,73 | )53 | 64 | 52 | 12
F
PU ,53 | 41 | ,48 | 57 | 27 ,50 | ,80 ,67 | ,55 | ,59 | ,76 | 34 61
RS ,57 | 44 | 47 | 60 | ,46 ,37 | ,60 | ,90 ,67 | ,55 | ,54 | ,71 | )53 Al |75
sl 17 1,12 ) ,24 | 33 | 502 | ,26 | 43 | )23 | ,78 ,20 | ,15 | 29 | 44 | ,10 ,31 | 61 | )29
SN 40 | 42 | 46 | 51 | 23 ,35 ,51 | ,46 | ,32 | 91 | ,49 | )55 | ,54 | ,63 | )27 Al | 67 | ,55 | ,39
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Table 4 The indicator loadings and cross-loadings

C FC INT PE PEOU PTTF PU RS SI SN
Cl ,854 ,456 467 427 372 455 ,493 578 ,145 ,368
Cc2 ,925 AT 535 422 315 554 ,488 ,526 ,154 ,394
C3 ,863 ,456 ,528 379 ,194 ,693 ,429 ,424 ,158 ,300
FCl1 ,393 ,852 446 ,349 ,302 ,352 ,339 332 ,101 ,353
FC2 516 ,834 ,433 ,304 441 ,340 ,370 ,458 ,096 331
FC3 ,370 ,750 ,398 332 ,159 ,367 ,291 ,285 ,099 ,340
INT1 ,549 487 ,884 426 295 512 ,445 475 ,148 ,459
INT2 AT 444 ,901 ,378 215 ,538 ,443 ,370 ,308 ,394
INT3 515 461 ,875 ,355 277 472 ,387 ,398 ,198 ,353
PE1 ,381 332 ,359 ,818 ,248 ,301 518 ,543 ,223 ,403
PE2 ,338 284 316 ,821 ,084 ,407 436 ,367 341 ,436
PE3 434 ,385 410 ,867 178 ,398 ,480 ,570 ,280 429
PEOU1 ,229 232 223 ,088 ,811 ,050 179 ,302 -,013 135
PEOU2 ,306 334 ,246 ,183 ,910 ,107 227 427 -,076 ,205
PEOU3 ,320 ,394 ,298 252 ,899 ,129 ,287 ,465 ,020 ,246
PTTF1 ,666 ,399 572 ,401 ,129 ,921 479 ,369 ,222 ,345
PTTF2 579 ,403 513 425 ,081 ,929 451 341 ,236 ,309
PTTEF3 524 ,388 ,481 ,383 ,096 ,898 438 ,295 ,261 313
PU1 ,408 219 ,388 373 ,090 433 ,761 ,406 404 ,376
PU2 ,358 322 ,290 ,485 ,242 319 ,804 ,488 ,358 392
PU3 ,483 428 441 513 ,307 ,420 ,827 537 ,289 ,450
RS1 ,466 ,359 425 ,498 ,404 322 ,539 ,890 ,182 372
RS2 ,543 ,407 422 ,589 ,361 ,352 551 ,910 ,239 ,430
RS3 ,542 428 417 ,530 ,485 ,320 529 ,898 ,205 442
SI1 117 123 174 ,301 ,033 ,149 ,400 231 ,764 ,299
SI2 ,049 ,050 ,093 ,150 -,082 ,152 238 ,102 ,646 ,100
SI3 ,189 ,098 251 ,290 -,031 274 ,357 ,188 ,896 ,280
SN1 ,361 ,369 377 ,400 ,191 319 ,425 ,392 ,289 ,895
SN2 ,370 ,394 ,448 511 223 324 ,503 ,445 287 ,927

significant path coefficients. Table 5 provides a concise summary of these findings

(Fig. 1).

Third, we revealed that the coefficient of determination R? value for the Intention
is 0.492 (49.2%), highlighting that the study model has a moderate but significant
predictive power (Hair et al., 2011; Henseler et al., 2009). Fourth, the Q2 values
for behavioral intention to use Facebook/Meta (0.359) are more than zero, showing
that the model is predictively relevant. The research model’s predictive relevance
has been assessed by utilizing a blindfolding procedure with omission distance
(OD)=8. Also, the results of small (qz) effect size. C, FC, PE, PEOU, PTTF, PU, SI,
and SN have a small effect size (qz) on intention to use Facebook/Meta. And also,

resource sharing has no effect size on intention to use Facebook/Meta.
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Table 5 Results of path analysis and hypothesis testing
H Path B coefficients T Statistics ~ Effect size' f* P Values Effect  Support
size 2
7
Hl C—>INT ,161 2,490%* ,03 ,013 ,02 Accepted
H2 FC—>INT ,186 3,418%#* ,05 ,001 ,03 Accepted
H3 PE—>INT ,015 ,250 0 ,803 -,01 Rejected
H4 PEOU—>INT ,076 1,754% ,01 ,080 ,01 Accepted
H5 PTTF—>INT 278 4,649%* ,08 ,000 ,05 Accepted
H6 PU—>INT ,024 412 0 ,680 -,01 Rejected
H7 RS—>INT ,059 910 ,01 ,363 -,01 Rejected
H8 SI—>INT ,052 1,119 ,01 ,263 0 Rejected
H9 SN—>INT ,134 2,191%:* ,03 ,029 ,01 Accepted

#Hkp < 01, #*p <03, *p<0.1.
1£2: R? included — R? excluded / 1 — R? included.
242 Q% included — Q? excluded / 1 — Q? included

SI

0.052

i

PEOU

|

[+]

Q*

RS

0.134

PTTF

i

FC

SN

Fig. 1 Structural model path coefficients
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Finally, after evaluating the model’s predictive capability, the model fit is eval-
uated. Model fit is concerned with how well the best model for representing the
data fits the underlying theory (Hooper et al., 2008). The model fit evaluation in
PLS-SEM was done using the five criteria listed below.

Standardized Root Mean Square Residual (SRMR), an absolute measure
of model fit, is the first criterion established to avoid model misspecification
(Henseler et al., 2015). For SRMR, the cut-off value is 0.08. The SRMR for the
study was calculated by SmartPLS and is 0.063, which is less than the cut-off
value stated in the literature. The second criteria, Root Mean Square Residual
(RMStheta), evaluates “the degree to which the outer model residuals correlate”
(Henseler et al., 2015). To demonstrate a satisfactory model fit, this value should
be <0.12 (Hair et al., 2010; Henseler et al., 2015). Using Smart PLS RMS,, ...
is 0.15, which indicates a not good model fit. The third criterion, Unweighted
Least Squares (dULS) is 1.737, The fourth criterion, Geodesic Discrepancy (dG)
is 0.671, the cut off values of the third and fourth criterion indicates a high degree
of goodness-of-fit and is regarded trustworthy. Last criterion, a global fit measure
for PLS path modeling has been suggested (Tenenhaus et al., 2005). The model’s
GoF for the current research to be 0.61, which is considered large.

4.1.3 PLS Predict

Following that, PLS predict analysis was performed using the default parameters
(10 folds and 10 repetitions) to assess the model’s out-of-sample predictive power
(Shmueli & Koppius, 2010). The Q? predict values of the PLS analysis, the Mean
Absolute Error (MAE) values, and the RMSE values based on the PLS and the
Linear Model (LM) analyses were utilized to assess the outcomes. As shown in
Table 6, all of the Q? values in PLS analysis were greater than zero, suggesting
that the PLS-SEM results had lower prediction errors than merely utilizing mean
values. Furthermore, in terms of MAE values at the indicator level, the amount of
out-of-sample predictive power was rather low, as three items of intention in the
PLS-SEM analysis provided no larger prediction errors than the LM benchmark.

Table6 PLS predict assessment

PLS LM PLS-LM

Methods RMSE MAE Q? RMSE MAE Q? RMSE  MAE Q?
INT2 1,088 871 ,346 1,122 911 305 -,034 -,040 ,042
INTI 1,046 ,825 ,394 1,090 ,855 341 -,045 -,030 ,053
INT3 1,170 ,909 322 1,203 951 283 -,033 -,042 ,039

RMSE and MAE metric in PLS must produce smaller values than that of LM, thus generating negative
values in PLS-LM; Q? metric in PLS must produce larger values than that of LM, thus generating posi-
tive values in PLS-LM
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Importance-Performance Map
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Fig.2 Importance-performance map analysis for the intention. C: Collaboration; FC: Facilitating Condi-
tions; PE: Perceived enjoyment; PEQU: Perceived Ease of Use; PTTF: Perceived Task-Technology Fit;
PU: Perceived Usefulness; RS: Resource Sharing; SI: Social Influence; SN: Subjective Norm

Table 7 TPMA results full data

set Latent Variable Intention
Total Effect (Impor- Index Value
tance) (Performance)
C ,158 52,707
FC 214 41,375
PE ,016 36,569
PEOU ,087 76,373
PTTF ,298 31,689
PU ,026 46,805
RS ,058 58,222
SI ,059 30,079
SN 137 34,789

4.1.4 Importance-Performance Map Analysis (IPMA)

Figure 2 and Table 7 show the results of an IPMA run for the major goal construct
of intention to use Facebook/Meta, as well as its directly associated antecedents.

4.1.5 Artificial Neural Network Analysis (ANN)

ANN is “a machine that is invented to model the manner in which human brain
performs a specific task or function” (Haykin, 2004:24). Recently, the deep learn-
ing paradigm has made remarkable advances (Liu et al., 2017; Siyal et al., 2020).
A Multi-Layer Perceptron (MLP) is a popular choice in technology adoption stud-
ies because it offers various advantages (Sim et al., 2014). One of the most often
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Synaptic Weight > 0
— Synaptic Weight < 0

\

e )

‘\
.
PTTF 7 @

Hidden layer activation function: Sigmoid

Output layer activation function: Sigmoid

Fig.3 The ANN Model

utilized deep NNs (with more than two layers) (Fig. 3) has certain intrinsic benefits
over the linear models, such as its notable nonlinear fitting capabilities and excellent
predictive capacity. As a result, for the objectives of the study, the feedforward back-
propagation multilayer perceptron was used as the foundation ANN model, which
consists of three layers: input, hidden, and output (Akgiil, 2018; Lee et al., 2020).
The input layer involved five independent significant factors from SEM (i.e. C, FC,
PEOU, PTTF, and SN), the number of hidden neurons was computed spontaneously
by the SPSS Neural Network algorithm, whereas intention to use Facebook/Meta
was included as a dependent variable in the output layer of the model with the stand-
ardized range [0, 1] Fig. 3. To leverage for deeper learning, a two-hidden-layer deep
ANN architecture for the output neuron node has been developed (Bekker & Gold-
berger, 2016; Bekker and Goldberger, 2016; Lee et al., 2020, Mahdavifar & Ghor-
bani, 2019; Wang et al., 2017). As depicted in Fig. 3, one ANN model was con-
structed for intention to use Facebook/Meta in this study. The sigmoid function was
assigned as the activation function, and the number of hidden neuron nodes was let
to develop on its own, as in Lee et al., (2020). In addition, a ten-fold cross-validation
process was applied to avoid over-fitting. 10% of the data utilized for testing and the
remaining 90% data utilized for training processes by using SPSS 24 Neural Net-
work algorithm (Akgiil, 2019; Chong, 2013; Chong et al., 2015; Hew, et al., 2019;
Kokkinos & Margaritis, 2018; Liébana-Cabanillas et al., 2017).

The prediction accuracy of the ANN model was used to calculate Root Mean
Square Error (RMSE) values (Fig. 3) (Akgiil, 2018). As indicated in Table 8, the
RMSE mean-values for training and testing are relatively small at 0.159 and 0.157,
respectively. The small and similar RMSE mean values verify high prediction
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Table 8 RMSE values (R?=84,60%)

Input neurons: C, FC, PEOU, PTTF, SN; Output neuron: Intention to
use Facebook/Meta

Training Testing Total samples

N1 SSE RMSE N2 SSE  RMSE NI+N2

303 7,563 158 40 693 132 343

306 7,409 156 37 854 152 343
309 7,313,154 34 1,121,182 343
303 7,105 ,153 40 99 158 343

306 6,751 ,149 37 1,446 ,198 343
297 8,056 ,165 46 1,057 152 343

315 7915 ,159 28 674 155 343
306 7,798 ,160 37 857 ,152 343
300 7,873 162 43 ,675 125 343
314 9,246 ,172 29 172 ,163 343
Mean 7,703 159 Mean 915 ,157
Sd ,676 ,007 Sd 246,022

N: Number of samples; SSE: Sum square of errors; RMSE: Root
mean square of errors; C: collaboration; FC: facilitating conditions;
PEOU: perceived ease of use; PTTF: perceived task-technology fit;
SN: subjective norm

accuracy and fit the model. Similar to Lee et al., (2020), Leong, Ibrahim, et al.
(2018), Leong, Jaafar, et al. (2018)), Leong et al., (2019), Leong et al., (2020),
Philips et al., (2015), Wong et al., (2019) R? was computed and that found the ANN
models explain 0.846% of the variance in behavioral intention to use Facebook/
Meta. R>=1 — RMSE / S%, where S? is the intended output variance for the test
data. To further assess the efficacy of the ANN models, a goodness-of-fit coefficient
similar to the R? in the PLS-SEM study was produced. The R? value achieved in the
ANN analysis is much higher than the R? value obtained in the PLS-SEM analysis,
revealing that the endogenous constructs are best portrayed in the ANN analysis. We
believe that this result is mostly due to the two-hidden-layer deep learning architec-
ture and the capacity of ANN to capture the non-linear relationships.

A sensitivity analysis was also utilized for the ANN model to rank the input neu-
ron nodes (i.e., the exogenous variables) based on their normalized importance (NI).
The sensitivity analysis was used to determine the relative relevance and normalized
importance of the predictors. The relative importance of a predictor is divided by the
biggest value of the relative importance among the predictive factors. A bit of dif-
ferent sensitivity analysis was utilized by the researchers, who has argued that motor
response recruiting prefrontal areas would support the idea that the learning modelling
of the task has not a linear function influenced by the learning parameter, the greater
the maze size for goal-task the more steps to get an optimal pathway. The attention
are guided by cluster of neurons between occipital, temporal and prefrontal cortex
(Mugruza-Vassallo, & Potter, D., 2019; Mugruza-Vassallo et al., 2021). Table 9 depicts
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Table9 Sensitivity analysis

. N Independent variable importance
with normalized importance

Constructs Importance NI
C 24 ,86
FC 25 ,89
PEOU ,09 32
PTTF ,28 100
SN ,16 57

Table 10 The total contribution of the hidden layer

Predictor Predicted Total Contribution

Hidden Layer 1 Hidden Layer 2 Output Layer
H(1:1) H(1:2) H(1:3) H(2:1) H(®2:2) INT

Input Layer (Bias) ,021 273 1,026 1,320
C 311 1,000 -1,702 3,014
FC 322 799 -1,760 2,881
PEOU ,844 1,070  -0,190 2,105
PTTF 1,052 975 -1,863 3,891
SN ,553 ,952 -1,036 2,542
Hidden Layer 1 (Bias) -,047 - 114
H(1:1) -376 1,246
H(1:2) 117 -,262
H(1:3) 2,546  -5,301
Hidden Layer 2 (Bias) -,004
H(2:1) -2,916
H(2:2) 3,234

C: Collaboration; FC: Facilitating Conditions; PEOU: Perceived Ease Of Use; PTTF: Perceived Task-
Technology Fit; SN: Subjective Norm; INT: Intention

that, similarly to the PLS-SEM analysis, perceived task-technology fit to be the most
important drivers for academic use of Facebook/Meta, followed by facilitating condi-
tions (NI=89%), collaboration (NI=86%), subjective norm (NI=57%), and perceived
ease of use (NI=32%). This is supported even further by the overall contribution of the
input neurons. (Table 10) (Lee et al., 2020; Teo et al., 2015; Varzaru and Bocean, 2021;
Mugruza-Vassallo, et al., 2021).
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5 Discussion

According to the SEM findings, perceived task-technology fit is the most influen-
tial construct academic use of Facebook/Meta. The first and most important fac-
tor influencing academic use of Facebook/Meta is PTTF. It is consistent with pre-
vious research findings (Baleghi-Zadeh et al., 2014; Leong, Ibrahim, et al., 2018;
Leong, Jaafar, et al., 2018; Wu & Chen, 2017).

The second most significant variable impacting academic use of Facebook/
Meta is FC. It is consistent with the study done by (Ainin et al., 2015; Sanchez
et al., 2014).

The third most influential component is C. The conclusions of this study are
consistent with the findings of previous researches (Ainin et al., 2015; Arshad &
Akram, 2018; Mazman & Usluel, 2010; Sanchez et al., 2014; Sharma et al., 2016;
Tiruwa et al., 2018). The conclusions of this study contradict the findings of pre-
vious research done by (Shmueli & Koppius, 2010).

SN is the fourth most influencing factor. This is consistent with previous stud-
ies on the direct effect of SN on behavioral intention to use Facebook/Meta for
academic purposes (Abbad, Morris & de Nahlik, 2009; Cheung & Vogel, 2013;
Dhume et al., 2012; Dumpit & Fernandez, 2017; Lou et al., 2000; Mouakket,
2015). The result inconsistent with the studies done (Hadizadeh Moghadam &
Bairamzadeh, 2009; Ma et al., 2005; Motaghian et al., 2013; Yuen & Ma, 2008).

PEOU is the fifth most influencing factor. Consistent with Al-Sharafi et al.,
(2019), Arshad and Akram, (2018), Al-rahmi et al., (2015), Al-Ammary et al.,
(2014), Abbad, Morris, & de Nahlik, (2009), Baleghi-Zadeh et al., (2014), Chin-
talapati and Daruri (2016), Dhume et al., (2012), Dumpit and Fernandez (2017),
Milosevi¢ et al., (2015), Lenhart and Madden (2007), Moorthy et al., (2015),
Motaghian et al., (2013), Sanchez et al., (2014) perceived ease of use in predict-
ing behavioral intention to use was found significant in the context of Facebook/
Meta usage. Surprisingly, though these empirical outcomes are contradictory to
the classic findings of Akgiil (2019), Leong, Ibrahim, et al. (2018), Leong, Jaafar,
et al. (2018)), Mohammadi (2015).

On the other hand, it is interesting to note that PU, PE, RS, and SI have no sig-
nificant impact on INT to use Facebook/Meta. PU does not significantly influence
intention to use Facebook/Meta. Surprisingly, PU, PE, RS, and SI were found insig-
nificant towards to use Facebook/Meta (Abbad, Morris & de Nahlik, 2009; Akgiil,
2019; Al-Ammary et al., 2014; Al-Sharafi et al., 2019; Arshad & Akram, 2018; Al-
rahmi et al., 2015; Baleghi-Zadeh et al., 2014; Chintalapati & Daruri, 2016; Dhume
et al., 2012; Dumpit & Fernandez, 2017; King & He, 2006; Lenhart & Madden,
2007; Leong, Ibrahim, et al., 2018; Leong, Jaafar, et al., 2018; Mazman & Usluel,
2010; Milosevi¢ et al., 2015; Mohammadi, 2015; Motaghian et al., 2013; Mouak-
ket, 2015; Ngai et al., 2007; Sanchez et al., 2014; Sharma et al., 2016; Tiruwa et al.,
2018; Van Raaij & Schepers, 2008). On the other hand, the findings of this work are
compatible with the findings of Moorthy et al (2015).

PE does not significantly influence INT to use Facebook/Meta, which is in the
same line with Padilla-Meléndez et al., (2013), Sanchez-Franco et al., (2009).
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This result contradicts the study of many researchers in the different scientific
areas (Al-Sharafi et al., 2019; Byoung-Chan et al., 2009; Chong, 2013; Dumpit
& Fernandez, 2017; Kim, 2011; Lee et al., 2005; Leong, Ibrahim, et al., 2018;
Leong, Jaafar, et al., 2018; Mouakket, 2015; Roca et al., 2006; Sharma et al.,
2016; Tiruwa et al., 2018).

On the other hand, no significant effect of RS on INT to use Facebook/Meta
was confirmed in this study. There are four relationships, which are not in line with
previous researches (Arshad & Akram, 2018; Kim et al., 2014; Mazman & Usluel,
2010; Sanchez et al., 2014; Sharma et al., 2016; Tiruwa et al., 2018).

SI does not significantly influence INT to use Facebook/Meta. The findings of the
research model are not parallel with several studies from literature (Al-Sharafi et al.,
2019; Al-Ammary et al., 2014; Kim, 2011; Raza, Qumar, et al., 2020; Raza, Qazi,
et al., 2020; Sanchez et al., 2014; Sharma et al., 2016; Yoon & Rolland, 2015). On
the other hand, this finding justifies the earlier claims of several scholars of previ-
ous researches done in various contexts Cheung et al., (2011), Lenhart and Madden
(2007), Lin and Lu (2015), Milosevi¢ et al., (2015), Shmueli and Koppius (2010).

The neural network modeling utilized in this study aids in understanding the
aspects that drive academic use of Facebook/Meta (Akgiil, 2019; Sharma et al.,
2016; Tiruwa et al., 2018). According to the results of the neural network modeling,
PTTF is the most important predictor of Facebook/Meta adoption in higher educa-
tion. FC is the second most important predictor of Facebook/Meta adoption, accord-
ing to the same results as SEM. Following this are the letters C, SN, and PEOU.

The neural network study, on the other hand, validated many SEM findings while
also providing a somewhat different order of importance for a number of relevant
predictors. The findings of the neural network modeling revealed that C is the most
important predictor of Facebook/Meta adoption in higher education. Unlike the
SEM results, RS is the second most important predictor of Facebook/Meta adoption.
RS was found to be the most influential factor on INT to use of Facebook/Meta,
which was the case in results from the SEM analysis (Sharma et al., 2016). The
neural network modeling results revealed that collaboration was the most influenc-
ing factor and RS was the second important predictor. This indicates that the ANN
design better explains the variation of BI to utilize (Tiruwa et al., 2018). According
to the results of an ANN study by Akgiil (2019), PU is the most important predictor
of Facebook/Meta use in higher education. In contrast to the SEM results, critical
mass is the second most significant predictor of Facebook/Meta adoption. Accord-
ing to the SEM research results, critical mass was shown to be the most significant
factor on Facebook/Meta intention to use. These and other modest discrepancies
between SEM and ANN findings might be explained by the neural network mod-
els’ greater prediction accuracy due to their nonlinear and non-compensatory nature
(Lee et al., 2020).

Furthermore, the R? of the deep ANN model is much greater than the R? of the
PLS-SEM study. This suggests that the variation of BI to utilize in this study is bet-
ter explained by the two-hidden-layer deep ANN architecture. We believe that the
higher R? values obtained from ANN research are connected to the deep ANN archi-
tecture’s capability for deep learning and capturing non-linear correlations between
components. Researchers, not just those from the disciplines of social networking
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sites, are thus encouraged to carefully watch and address the non-linearity issue
using a multi-stage data analysis with deep learning.

6 Conclusion and study implications

The environment of higher education has evolved dramatically, and Internet tech-
nologies have played a critical role. With the advent of Web 2.0 technologies, Inter-
net users may now produce their own material and interact with other users; when
utilized appropriately, these elements have enormous potential to improve the learn-
ing experience. Despite the promise for Web 2.0 tools to assist the learning pro-
cess, their use in virtual classrooms has not made major gains. Researchers sought
to investigate the elements that may inspire students to embrace and use Web 2.0
platforms, notably Facebook/Meta, for educational purposes in order to throw some
light on the subject. Facebook/Meta and other social media platforms are an essen-
tial and extremely valuable component of Web 2.0. Unfortunately, university aca-
demics have not paid enough attention to Facebook/Meta and other social media
technologies. As a result, the goal of this study was to investigate and forecast fac-
tors influencing Facebook/Meta usage among students at academic institutions. Col-
laboration, facilitating conditions, perceived ease of use, perceived task-technology
fit, and subjective norm have a statistically significant influence on Facebook/Meta
usage in higher education. In Turkey, with the rise of the COVID-19 epidemic, this
is the first and unique study assessing students’ perceptions on Facebook/Meta usage
in higher education.

The main contribution of this study to the current state of knowledge by serving
as a forerunner in integrating TAM, UTAUT, and TPB with the incorporation of
two other constructs-PTTF and PE to investigate the behavioral intention of students
towards the adoption of Facebook/Meta as a learning tool in higher education. The
existing study provides several practical and managerial implications for how the
antecedents may motivate Facebook/Meta usage in higher education. First, unlike
other studies (Acarli & Saglam, 2015; Al-Sharafi et al., 2019; Lacka & Chong, 2015;
Leong, Ibrahim, et al., 2018; Leong, Jaafar, et al., 2018; Mazman & Usluel, 2010;
Milosevic et al., 2015; Sanchez et al., 2014; Tarhini et al., 2016; Wu & Chen, 2017),
educational administrators and service providers may devise an appropriate strat-
egy based on the significance of the variables discovered in this study to urge more
students to use Facebook/Meta for academic purposes rather than merely entertain-
ment. Since the majority of students use Facebook/Meta or other social media, the
findings of this study may strengthen e-learning activities in Turkey. By performing
a deep learning-based two-phase SEM-ANN analysis, our work has contributed to
the current literature. Furthermore, the R? of the deep ANN model is much greater
than the R? of the PLS-SEM study. This suggests that the variation of INT to utilize
in this study is better described by the two-hidden-layer deep ANN design.

Second, the study’s findings revealed that PTTF and FC variables are the strong-
est determinants of desire to utilize Facebook/Meta in higher education. This
research reveals a notable discovery that PTTF has a stronger influence on users’
intention to use; this finding shows that establishing a match between users’ tasks
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and Facebook/Meta, as well as their effectiveness as an e-learning tool, is more sig-
nificant than enjoying the apps. As a result, developer businesses should employ
proper marketing and promotion strategies, as well as adequate measures of pleasure
factors, while developing learning features for social networks in order to improve
utilization intention. Developers should put more effort into building programs that
are more pleasant and pleasurable to use for learning objectives, because in real situ-
ations searching and learning are often conducted while internal and external fac-
tors compete for our attention resources (Savage et al., 2018). According to student
answers, facilitating conditions such as the help menu or support services for man-
aging Facebook/Meta activity are important drivers of Facebook/Meta adoption.
Because PTTF is a strong predictor of intent to use, marketing initiatives should
emphasize the applicability of mobile SNSs for facilitating learning activities. This
method will significantly boost the use of mobile SNSs in learning communities.

Recent advances in stimulus-driven neural networks and learning systems are
rekindling interest in multimodal learning systems (Mugruza-Vassallo, et al., 2021).
As aresult, Facebook/Meta service providers must pay attention multimodal systems
and place a greater emphasis on collaboration and subjective norms while upgrading
the design of the learning tool. SN implies that while deciding whether to continue
using Facebook/Meta, individuals rely greatly on the people they care about. As a
result, marketing managers and Web developers must understand group psychology
and allow users to share their good feelings about the site in order to persuade other
users to continue using it. This has the potential to expand the number of users. C
implying that students believe that using Facebook/Meta would be free of physical
and mental efforts and will allow them to improve their collaboration.

Finally, the findings of this study may be utilized to provide suggestions and
provide directions for the establishment of student—teacher policies at six Turkish
public institutions. Teachers at universities may be recommended to encourage their
students to utilize Facebook/Meta in order to promote collaboration and resource
sharing. It is a significant problem for researchers to discover a suitable approach
to use Facebook/Meta’s social component to enhance our students’ learning experi-
ences without making them feel uncomfortable. Before utilizing Facebook/Meta for
class purposes, the scholar should offer particular instruction on the Facebook/Meta
capabilities that will be utilized in the course and address any student concerns.

Therefore, future studies can consider replicating this study into a longitudinal
one. This will allow for the comparison of variances over different periods which
would lead to a more comprehensive study. Lastly, this study developed the research
model according to the TAM, UTAUT, TPB, and etc. frameworks. With that said,
the factors that represented the TAM, UTAUT, TPB, and etc. frameworks were
hypothesized to have any direct effect on the intention to use. Therefore, future stud-
ies can look into making alterations to this study’s research model in addition to the
inclusion of moderators and mediators to address the below mentioned limitations.

We anticipate that our research will provide light on the developing field of
distance education. In addition to the practical contribution, the newly proposed
deep learning-based two-phase SEM-ANN analysis in this study is expected to
add to the current body of research, notably in the domains of distance educa-
tion and Artificial Intelligence. We hope that by doing so, we might stimulate
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researchers to identify further possible applications for the deep learning-based
two-phase SEM-ANN analysis.

7 Limitations

The current study has managed to unveil the impacts of TAM, UTAUT, and TPB
theories on Facebook/Meta adoption. Applying a multi-analytical methodology
by utilizing PLS-SEM as linear and ANN as non-linear relationships detected
within the model. Nevertheless, the study is not longitudinal, which is limited to
a certain time frame. Future researchers are recommended to collect longitudinal
data to study the post-adoption behavior of users and further examine the role of
experience on their usage behavior. A longitudinal approach may reconsider the
effect of time. In addition, since the study was conducted in Turkey therefore
the findings are limited to the six Turkish state universities’ context and can-
not be generalized to other university types, nations, or geographical regions.
Data from public and private universities might be collected and compared in
future studies. A fascinating extension of this research would be to compare stu-
dents’ impressions of Facebook/Meta in small and big colleges. Future research
with students from various countries would also be interesting to see if cultural
differences in socio-cultural settings impact Facebook/Meta adoption and use.
Hofstede’s (1991) cultural aspects theory and compare the results to other coun-
tries. This study was limited to Facebook/Meta. It can be suggested that fur-
ther research should perform this study for other types of Web 2.0 technologies
and their use and impact on teaching could differ such as Twitter, Instagram,
wikis, blogs, or social bookmarking, and MySpace. Another weakness of this
study is that it relied on an easy sampling strategy to acquire data. In addition,
in this study, the utilization of sigmoid function as the activation function, thus
the results of ANN analysis have limited to the used activation function. The
performance of hyperbolic tangent, identity, and softmax activation functions
may produce better results. The methodological approach may utilize hyperbolic
tangent, identity, and softmax types of activation functions. It would be benefi-
cial to perform for disabled pupils (i.e. visually impaired individuals may need
specialized materials, hard of hearing students may need to have the teaching
materials in text, etc.). This allows students and instructors to connect in real-
time and provides extra student assistance. It is crucial for teachers to test their
equipment, make reminders for the class, and create a precise agenda. Although
we established in this study that the deep ANN architecture might result in lower
RMSE values and better R? values by employing the same set of data and similar
parameters, such outcomes may vary under other data sets and ANN architec-
ture designs. Scholars are then recommended to compare the findings obtained
by the shallow ANN architecture with the deep ANN architecture in order to
choose the optimum design for their situations.

@ Springer



9846 Education and Information Technologies (2022) 27:9821-9855

7.1 Future studies

Furthermore, future researchers are recommended to incorporate other theoretical
models and factors such as learning theories, technology adoption theories, diffusion
and innovation, social presence theory, theory of rational addiction or social sup-
port theories from the psychology domain, gratification theories (Chakraborty et al.,
2021; Guan et al., 2021; Lou et al., 2021; Rogers et al., 2014). And also, social over-
load, information overload, life invasion, and privacy invasion, and two organisms
(i.e., technostress and exhaustion) constructs to examine this subject matter from the
perspective of the stimulus—organism-response theory (Fu et al., 2020; Loh et al.,
2021) and other moderating variables and other critical constructs such as privacy
and computer self-efficacy to understand users’ acceptance behavior of Facebook/
Meta for learning purposes and academic improvements (Aldhahi et al., 2021; Ald-
heleai et al., 2021; Calaguas and Consunji, 2022).

Finally, in order to acquire more accurate results, future study should investigate
the influence of demographic features or individual differences, such as personality
traits, age, and gender, on actual usage behavior.
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