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Abstract

The education sector is leveraging cutting-edge technologies
like artificial intelligence (Al) to provide better service and experience
for students. These technological advancements transformed education
into smart education, hence unlocking pristine avenues for research.
This research examined the relationship between the factors that could
affect the adoption of artificial intelligence in the Lebanese education
sector. 300 respondents have been collected by using online survey
form. Data has been analyzed, the findings indicated that the following
factors (perceived curiosity, electronic word-of -mouth, self-efficiency,
privacy and security, and awareness) have positive relationship toward
the adoption of artificial intelligence in the Lebanese education sector.
This study adds to existing theoretical knowledge of artificial
intelligence in the education sector solutions where policymakers
could use the findings to regulate the adoption toward artificial
intelligence in the Lebanese education sector. Finally, conclusions and
future research will be presented in this paper.

Keywords: Perceived curiosity, electronic word-of-mouth,
self- efficiency, privacy and security, awareness, Adoption toward
Artificial intelligence.
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1. Research Background

Artificial Intelligence (Al) has already become part of our
everyday life (e.g. intelligent household appliances, smartphones,
Google, Siri, Al in computer games, . . . ). Many of us know about the
existence of services and devices based on Al. The term “Artificial
Intelligence” was coined by Marvin Minsky and John McCarthy in
1956 (Haenlein & Kaplan, 2019). Tussyadiah (2020) defined Al as
“thinks humanly acts humanly, thinks rationally, or acts rationally”. Al
is a computing process that tries to emulate human learning, based on
data, arriving at decisions similar to human cognition, which is
especially useful in learning (Johnson et al., 2021). As a major source
of innovation, Al has been increasingly adopted in the educational
sector to provide the requisite impetus to the educational sector; hence,
marketers should be aware of end-users’ perspectives (Samara et al.,
2020). Reactions to these tools are the most extreme, a true reflection
of general behavior towards innovation. More specifically, ChatGPT
is responsible for the leap due to its capabilities to generate texts with
high argumentative quality and ability to maintain a realistic
conversation, all through a simple registration process (free of charge
in the version released on November 30, 2022) available to the public
(Roose, 2022).

The most catastrophic is to predict adverse effects for
democracy or employment in the knowledge sector to mention a
couple of examples. This divisive debate, especially skewed towards
the harmful effects of the tool, has focused on the domains of
Education and scientific production (Garcia-Pefialvo, 2023). Among
its advocates, one notable perspective is that of Marc Alier-Forment,
who firmly believes that despite its infancy, ChatGPT has surpassed
the deceptive level and has reached a disruptive level (Garcia-Pefialvo,
2023). On the one hand, the use of ChatGPT in educational institutions
is questioned (Marche, 2022; Stokel-Walker, 2022), and it has even
been banned (Ropek, 2023) due to fear that students will use it
automatically generate essays or class work. On the other hand, many
people emphasize the errors (Garcia-Penialvo, 2023).

Understanding the perception and adoption of students toward
Al is a challenging task for marketers and service providers (Pillai &
Sivathanu, 2020). Even though, Yu and Ngan (2019) explored the
impact of culture on service experiences delivered through artificial
intelligence and suggested further exploration to understand the
consumers’ perception toward usage of Al. Lately, based on the
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analytical hierarchy process, Jabeen et al. (2021) established that
students’ awareness and knowledge about technology are crucial
factors for the implementation of Al in educational sector.

The objective of this paper is to investigate the following
factors (perceived curiosity, electronic word-of -mouth, self-efficiency,
privacy and security, and awareness) to adopt the adoption of artificial
intelligence in the Lebanese education sector.

2. Theoretical Background

The theoretical background presents and defines the
theory of social cognitive will be used.

2.1.Theory of Social Cognitive

Social Learning Theory was proposed in the (Bandura, 1977).
SCT states that people learn in a social context through a dynamic
interaction, behavior, and environment between them. Furthermore, it
considers a person’s past experiences contributing to behavioral action.
The theory aims to explain how people regulate their behavior through
control and reinforcement to achieve a specific behavior that is
intended to be maintained over time (Stephan, 2015).

3. Literature Review and Hypotheses Development

The next paragraph will include various analysis relationships
among variables and whether they have a positive or negative impact
on the adoption of artificial intelligence in the educational sector, and
it will aid in the construction of hypotheses to explore and obtain
findings.

3.1.The Effect of Perceived curiosity on the adoption of
artificial intelligence in the Lebanese education
sector

Curiosity is described as an individual’s ability and desired to
get information that can be divided into trait and state levels. Trait
curiosity is defined when the persons’ overall tendency to demand for
more information and experience whereas state curiosity proves
persons’ momentary desire for information. In this study, curiosity
allows to capture students’ information seeking desired toward
adoption of artificial intelligence. Such motivational desire is
predictive of future initiation of learning, engagement, and acceptance
of the artificial intelligence (Chien et al., 2019). Moreover, perceived
curiosity can be used to describe specific conduct as well as to explain
the same action in a hypothetical way (Kerr, 2020). A study of the
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technology acceptance model found a significant association between
perceived curiosity and adoption of artificial intelligence (Ceha et al.,
2019; Chang, et al., 2013). In addition, according to Mustafa et al.,
(2022) revealed that curiosity is considered an important predictor
toward adoption of Al. the following hypothesis has been framed:

H1: Perceived Curiosity is positively effect on the students’
adoption toward artificial intelligence in Lebanese education sector.

3.2.The Effect of EWOM on the adoption of artificial
intelligence in the Lebanese education sector

One of the most powerful and widespread influences on
customer behavior is described variably as "social communication,"
"word of mouth," "opinion leadership," or "buzz." In addition,
electronic Word of Mouth are used to describe the effects that
consumers have on one another when they communicate. Electronic
word-of-mouth (E-WOM) is commonly used in business, is still
regarded as the most effective type of advertising, thus marketers place
a high value on it (Akdim, 2021). Electronic word-of-mouth (E-WOM)
refers to any good or negative statement made about a product or firm
by future, present, or past consumers that is made available to a large
number of individuals and institutions over the Internet (Simay et al.,
2023).

A meta-analysis examines the effect of E-WOM on the
adoption of artificial intelligence toward the educational sector (Oday,
2021). Moreover, Verma et al., (2023) revealed that E-WOM had
strong predictor in explaining consumers’ adoption. Therefore, it can
be hypothesized that:

H2: E-WOM is positively effect on students’ adoption toward
artificial intelligence in Lebanese education sector.

3.3.The Effect of self-efficiency on the adoption of artificial
intelligence in the Lebanese education sector

Bandura (1977) discovered that an individual's self-efficiency
has a significant impact on how he directs or tackles his goals, tasks,
and obstacles. Self-efficiency is described as a person's confidence in
executing a task successfully and without problems (Bandura, 1993).
Self-efficiency is a person's belief in their capacity to finish a task or
achieve a goal (Bandura, 2000). In addition, Self-efficiency refers to a
person’s confidence level in their ability to successfully perform a
specific behavior (Rosen et al., 2009). People who have stronger self-
efficiency are more hopeful about using new information technology,
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adopt it more easily, and have a greater sense of satisfaction (Awajan
et al., 2021). Self-efficiency is defined as component of the self-
system, which includes a person's attitudes, talents, and cognitive
capabilities (Chen, 2022).

According to Cao et al., (2022), indicated that Self-efficacy
directly influenced SVA adoption intention. in addition, Elnagar et al.,
(2021) found a positive relationship between self-efficacy and
adoption of artificial intelligence.

Considering the above studies, the following hypothesis has
been framed:

H3: Self-efficiency is positively effect on students’ adoption
toward artificial intelligence in Lebanese education sector.

3.4.The effect of privacy and security on the adoption of
artificial intelligence in the Lebanese education sector

Security concern is known as one of the dimensions of the
overarching privacy concerns. According to Belanger et al. (2002),
privacy and security concerns should be understood as distinct.
Security is the state of being free from danger or threat and privacy is
the ability of an individual or group to seclude themselves or
information about themselves (Garfinkel et al., 2018, January).
According to Sahi et al., (2022) and Marikyan et al., (2022) revealed
that there is a positive relationship between privacy and security and
the adoption of artificial intelligence in the service industry. According
to Cao et al, (2022), indicated that perceived privacy were the
significant determinants to adopt the artificial intelligence in the
service industry. Moreover, according to Flavian et al., (2022)
indicated that customers' technological optimism increases, and
insecurity decreases, their intention to use robo-advisors. Considering
the above studies, the following hypothesis has been framed:

H4: Privacy and security are positively effect on students’
adoption toward artificial intelligence in Lebanese education sector.

3.5.The Effect of awareness on the adoption of artificial
intelligence in the Lebanese education sector

Awareness is the extent to which a target population is aware of
the artificial intelligence and formed a general perception of what it
entails. The concept of awareness appeared in innovation diffusion
theory, which states that the decision-making process for adopting new
technologies includes awareness, implementation and confirmation. It
is further defined as an individual’s active participation and increased
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interest in focal issues. The concept of awareness is central to human
behavior in the social science, criminal justice, and medical behavioral
science literature. Awareness is one of the most important components
of consciousness raising because it fosters an understanding of the
needs, events and processes and it is positively related to individuals’
attitudes and cognitive development (Akther & Nur, 2022).

A study explained the role of Al that puts customers into a very
passive role and reduces barriers to technology adoption. This analysis
explained how consumers become aware of robo-advisors, and how
this influences their acceptance by examining I[oT awareness,
users’ and continued intention to use IoT to bring clarity to the
growing yet fragmented literature on the path from IoT awareness to
the continued use of IoT (Flavian et al., 2022). Moreover, the results
indicated a positive relationship between awareness and intention to
use artificial intelligence (Koohang et al., 2022).

Considering the above studies, the following hypothesis has
been framed:

HS: Awareness is positively effect on the adoption of artificial
intelligence in the Lebanese education sector.

3.6.Conceptual Framework

In this study, a conceptual model was built to explore the impact
of five independent factors: perceived curiosity, electronic word-of-
mouth, self -efficiency, privacy and security, awareness, on the
dependent variable consumers adoptions of artificial intelligence.

Consumer's adoptions of

H1 Perceived curiosity

H2 Electronic word-of

H3 Self-efficiency artificial Intelligence
H4 Privacy and security

HS Awareness

Figure 1: Research Conceptual Framework.
Source: (Majdi.et al., 2021). Adjusted by the researcher.

(PRINT) : ISSN 3009-6308 oy (ONLINE):ISSN 3009-7738


https://www.sciencedirect.com/topics/social-sciences/internet-of-things

Yove gl Y1 aaadl JsY) aladl Jee Y1 &gy Alas

4.1.Variable’s Measurements

The conceptualization of the variables, as well as the measurement of
the variables, are presented in the table below:

Table 1: Variable’s measurement

Variables Measurement

Perceived 3 items on 5- point Likert scale according to
curiosity (Aburbeian et al., 2022)

Electronic | 4 items on 5- point Likert scale according to
word of (Jiwon, 2019)
mouth

Self-efficiency | 3 items on 5- point Likert scale according to
(Aburbeian et al., 2022).

Privacy and | 3 items on 5- point Likert scale according to
security (Musaev and Yousoof (2015); Sharma et al.
(2018))

Awareness 3 items on 5- point Likert scale
According to (Bhatt & bhatt 2016;
Amutha,2016; Hairhara & Pavithra2012;
Mobarek 2007)

Adoption 3 items on 5- point Likert (Bhatt & Bhatt,
toward 2016; Waite and Harrison, 2002 and Swaid
Artificial and wigard, 2007)

intelligence

4.2. Research Approach

The researcher will use a quantitative method in his research,
employing questionnaire responses as main data and literature
evaluations of preview studies as secondary data. Previous data and
literature studies were gathered utilizing a quantitative technique in
this study.

4.3.Population and Sample

All Lebanese students that had a previous experience toward
adoption the artificial intelligence in the Lebanese private Universities.
Withdrawing samples was chosen to be between the ages of 20 and
above, and of both genders. The sample selected from the population,
although it is randomly chosen.
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In this research convenience sampling is used, it is a sort of
non-probability sampling in which the sample is selected from a subset
of the population that is nearby. The sample's results are used to build
hypotheses regarding the entire population. In practice, the sample size
is determined by a variety of factors and skills possessed by the
researchers. In fact, the larger the samples, the more complicated and
diversified the subject.

4.4 Data Collection

This study's data gathered using a self-administered online
questionnaire between 30 May, 2023 and 30 August, 2023 in Lebanon.
The questionnaire was distributed to 500 students from the target group
using Google form with students have been heard about the artificial
intelligence or have been adopt the artificial intelligence in the
education level. 300 respondents were collected out of 500.

5. Descriptive Statistics

Descriptive statistics are a series of brief descriptive
coefficients that summarize a set of data. This approach is used in this
study to characterize the frequency for each gender, age, and other
variables.

5.1. Sample Profiling

Demographics are the different features of a population that
characterize it, such as age, race, ethnicity, education, economic level,
and so on.

Table 2: Descriptive Statistic for Gender

Valid Cumulative
Frequency | Percent | Percent Percent
Gender male 136 45.3 45.3 453
female 164 54.7 54.7 100.0
Total 300 100.0 100.0
Age 20-30 163 543 543 543
31-40 96 32.0 32.0 86.3
41-50 27 9.0 9.0 95.3
51-60 12 4.0 4.0 99.3
ol and 2 7 7 100.0
Total 300 99.7 100.0
100.0
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Valid Cumulative
Frequency | Percent | Percent Percent
Education high school 13 43 43 43
level Juat
graduate 88 29.4 29.4 33.7
study
Master 172 573 | 573 91.0
degree
PHD 27 9.0 9.0 100.0
degree
Total 300 99.7 100.0
100.0
Income $50-$200 178 59.3 59.3 59.3
$200-$800 80 26.7 26.7 86.0
$800-$2000 28 9.3 9.3 95.3
$2000-
$5000 14 4.7 4.7 100.0
Total
300 99.7 100.0
Marital status Married 79 26.3 26.3 26.3
Single 208 69.3 69.3 95.7
Divorced 6 2.0 2.0 97.7
Widowed 7 2.4 2.4 100.0
Total 300 99.7 100.0
100.0

Table 2 represents the gender of the 300 respondents in
Lebanon. The Female valid percent is (54.7 %) and male valid percent
is (45.3 %). The results show that females are higher were more
interested in adoption of technology than males.

Concerning the age of the respondents in Lebanon. Analysis of the
data collected showed that the valid percent were (54.3%) for 20- to
30 years old, (32%) for 31 - 40 years old, (9%) for 41 —50, (4%) for
51-60 years old, (0.7%) for 61 and more- to less than 60 years old. The
results show that highest respondents were between 20 - 30 years in
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Lebanon. The participants with age 20-30 were more interested in
Artificial intelligence than other age demography.

In addition, the findings show the respondents' educational
levels in Lebanon, with those with a high school representing (4.3%)
of valid percent, those with a graduate study representing (29.4%) of
valid percent, those with a master degree representing (57.3%) of valid
percent, and those with a PHD degree representing (9%) of valid
percent. The majority of respondents in Lebanon had a graduate
degree, followed by a master degree. Additionally, the results show
annual income level of respondents in Lebanon. Where the
respondents who had between $50 to Less - $200 (9.3%) of valid
percent, between $200 -$800 (26.7%) of valid percent, between $800
-$2,000 (20%) of valid percent, between $2,000 - $5,000 (4.7%) of
valid percent. Thus, the majority of respondents in Lebanon who had
an annual income between $50 to Less than $200 representing the
highest valid percent (59.3%). Moreover, findings also show the
marital status of the respondents in Lebanon, were married valid
percent is (26.3%), single valid percent is (69.3%), divorced valid
percent is (2%) and widowed valid percent is (2.4%). In Lebanon, the
percentage of single respondents is the highest.

5.2. Reliability Analysis

The Cronbach alpha test was thought to be a test that evaluates
the reliability and internal consistency of a questionnaire that contains
several Likert scales and questions. Cronbach alpha is based on the
replies provided for each variable (Qader & Albustanj, 2022).

The Cronbach alpha coefficient is a psychometric statistic used
to assess the internal consistency or reliability (internal validity) of test
questions, or how closely attached a group of items is. Alpha
Cronbach's alpha is regarded as a reliability measuring scale.

Table 3: Cronbach Alpha

Variables Items | Cronbach's Alpha if Item
Deleted
Perceived curiosity 3 0.787
electronic word-of-mouth 3 0.785
self-efficiency 4 0.727
Privacy and security 3 0.763
Awareness 3 0.764
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Adoption of artificial 3 0.781
Intelligence

The alpha coefficients for Perceived curiosity, electronic word-
of-mouth, self-efficiency, Privacy and security, Awareness, adoption of
artificial intelligence was (0.785), (0.787), (0.781), (0.727), (0.763),
and (0.764), as shown in the table 3 above.

5.3.KMO and Bartlett's Test

The Kaiser-Meyer-Olkin (KMO) Test assesses how well the
given data is suited for factor analysis. KMO determines how sufficient
each variable in the model is in respect to the overall model. This
statistic examines the variation level that may be shared by the
variables. The lower this level, the more suited the data is.

Table 4: KMO and Bartlett's Test

Variables KMO | Bartlett test | P
Perceived curiosity 0.500 819.103 0.000
electronic word-of-mouth 0.497 929.055 0.000
self-efficiency 0.500 131.398 0.000
Privacy and security 0.522 0.392 0.000
Awareness 0.628 93.962 0.000
Adoption of Artificial Intelligence | 0.501 22.455 0.000

The KMO test was used to assess the sampling appropriateness
of each model element and to forecast if the questionnaire objects were
likely to be factored based on the partial correlation and correlation.
The KMO test has a range of 0 to 1.0, with an average result of 0.5 or
above allowing factor analysis to proceed easily. All of the numbers
above, as stated in table 10, are between 0.0 and 1.0 and more than 5.
The second column shows the usage of the Bartlett measure, which
tests for variance homogeneity and that variances are equal for all
samples. It demonstrates that the assertion of equal variances is
accurate until such statistical tests as the ANOVA are done.

Table 5: ANOVA

Model Sum of Squares | Df | Mean Square F Sig.

1 Regression 17.925 5 3.586 226.3340.000°
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Residual 6.188 294 0.016
Total 24.113 299

a. Dependent variable: adoption of Artificial Intelligence

b. Predictors: (constant): perceived curiosity, electronic word-of-
mouth, self-efficiency, Privacy and security and Awareness.

The test statistic's F value is 226.334. The null hypothesis of
equal population means is rejected since the test statistic is
significantly greater than the significance level, and the researchers
conclude that there is a (statistically significant) significant difference
in population means. The test statistic has a p-value of 0.000, indicating
that it is statistically significant at that level. The test statistic's F value
1s 226.334. The null hypothesis of equal population means is r rejected
since the test statistic is significantly greater than the significance level,
and the researchers conclude that there is a (statistically significant)
significant difference in population means. The test statistic has a p-
value of 0.000, indicating that it is statistically significant at that level.

5.4.Correlation Coefficient

Pearson's Correlation Coefficient Correlation is a statistical
measure of the relationship between two variables. There might be a
positive (as one rises, the other falls) or negative (as one rises, the other
falls) link. Correlation strength can range from poor to strong. Pearson
Product Moment Correlation, sometimes known as Pearson
Correlation, is one of the most widely used correlation statistics
(Emerson, 2015). The correlation coefficient, r, denotes the degree and
direction of a linear relationship between two variables, x and y. The
linear model's dependability, on the other hand, is determined by the
quantity of observed data points in the sample. The correlation
coefficient r and sample size n must be considered simultaneously. The
results are presented in a such that, as can be seen table 12, the
correlations are replicated. The table presents the coefficient of
correlation, the value of its significance and the size of the sample.
What’s important in this table is the value of Pearson’ r — which varies
between +1 and -1, where +1 is a perfect positive correlation, and -1 is
a perfect negative correlation. 0 means there is no linear correlation at
all and the correlation coefficient that can be sig if it is <0.05.

Table 6: Correlations

(PRINT) : ISSN 3009-6308 oL, (ONLINE):ISSN 3009-7738



Yove gl Y1 aaadl JsY) aladl

Jlae Y1 & ga dlaa

Perceived |~ electronic self- Privacy |swaren essI
curiosit word-of- efficienc and
¥ mouth y security
Perceived  Pearson 1 303 067 244 206
curiosity  Correlation
Sig. (2-
tailed) .033 .644 .087 .150
N 300 300 300 300 300
- electronic Pearson 303" 1 000 377% 099
word-of - Correlation ’ : ) :
mouth Sig. (2
ig. (2-
tailed) .033 1.000 .007 496
N 300 300 300 300 300
self- Pearson
efficiency  Correlation 067 000 ! -062- -074-
Sig. (2-
tailed) .644 1.000 .669 611
N 300 300 300 300 300
Privacy and — Pearson 244 377" -.062- 1 -.095-
security Correlation
Sig. (2-
tailed) .087 .007 .669 510
N 300 300 300 300 300
209%* 271%* 386** 268**
AWareness  poarson .000 .000 .000 .000 1
Correlation 300 300 300 300
Sig. (2- 300
) tailed)
Adoption of
Artificial N 300 300 300 300 300
Intelligence

*_ Correlation is significant at the 0.05 level (2-tailed).

**_Correlation is significant at the 0.01 level (2-tailed).

The coefficient correlations range from +0.2 to +1. When the
value of the coefficients increases, it suggests that the relation between
the variables is becoming stronger. Tablel2 demonstrates that the
variables are greater than zero, demonstrating a positive association
between adoption of artificial intelligence and factors (perceived
curiosity, awareness, privacy and security, self-efficiency and
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electronic word-of-mouth). This table demonstrates that the variables
have a substantial linear connection. The regression line can be used to
model the population's linear connection between variables.

5.5.Multi Collinearity of Independent variables:

Multi collinearity occurs when there is a correlation between
independent variables in a regression model. This is contested since
the study's independent variables should be independent. Tolerance
and its inverse variance inflation factor, commonly known as VIF, are
examples of collinearity statistics. VIF defined the variance of a model
produced with only one term by the variance of a model constructed
with multiple parameters in the model that encapsulates other
components. In an ordinary test squares regression analysis, it
evaluates the severity of multi-collinearity. Because to collinearity, the
variance of a calculated regression coefficient is increased.

Table 7: Collinearity Statistics

Collinearity Statistics

Model Dimension Tolerance VIF

1 Perceived curiosity 0.697 1.437

electronic word-of-mouth]  0.443 2.258

self-efficiency 0.415 2414
Privacy and security 0.194 5.158
Awareness 0.192 5.235

a- Dependent variable: Adoption of Artificial Intelligence

To detect multicollinearity, the variance inflation factor and its
inverse, tolerance, can be utilized (VIF). When the tolerance value is
less than 0.2 or 0.1 and the VIF value is 10 or above, multicollinearity
is a problem. As shown in table 13, the tolerance is more than 0.5, but
the VIF quantities are all less than 10, suggesting that there is no
multicollinearity.

5.6.Hypotheses Testing Using Multiple Linear Regression Analysis

Hypothesis testing is a statistical technique for evaluating a
hypothesis about a population parameter by an analyst. Hypothesis
testing is the process of evaluating the plausibility of a hypothesis
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using sample data. This data might come from a larger population or a
data gathering system. Table 14 shows the R, R square, adjusted R
square, and standard error of the estimate, which may be used to assess
how well a regression model fits the data.

Table 8: Model Summary

R Adjusted R Std. Error of the
Model] R Square Square Estimate
1 .0863%| 0.743 0.740- 0.12531

a- Predictors: (constant), perceived curiosity, electronic word-of-
mouth, self-efficiency, Privacy and security, Awareness.

The value of the multiple correlation coefficient's R is
displayed in the R column. R may be seen of as one measure of the
quality of the dependent variable's prediction; in this situation, R=
0.863 indicates a good degree of prediction. The value of R square,
commonly known as the determination coefficient, is represented as
"R square." In this case, the value of R square is 0.743, indicating that
the independent variables (perceived curiosity, electronic word-of-
mouth, self-efficiency, Privacy and security, Awareness) explain 74%
of data variance is explained by the linear regression of the dependent
variable adoption of artificial Intelligence.

5.7. Regression Analysis

MLR, also known as multiple linear regression, is a statistical
approach that predicts the result of a response variable by integrating
a large number of explanatory factors. MLR attempts to model the
linear interaction between explanatory (independent) and response
(dependent) factors.

Table 9: Table of Coefficients

Unstandardized Standardized
Coefficients Coefficients
Model B | Std. Error Beta t Sig.
1 (Constant) ]0.101 0.179 0.566 {0.000
Perceived 16 53 | 0,029 0.232 7.569 |0.000
curiosity
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electronic

word-of- 0355 | 0.031 0.440 9.675 |0.000
mouth

self- 0.437 | 0.045 0.383 11.468 | 0.000
efficiency
Privacy and { 151 () 037 0.135 2.324 | 0.20
security

Awareness | gee | 0,031 0.132 2.232 10.028

a. Dependent Variable: Adoption of Artificial Intelligence

Table 9 shows the coefficient values for each variable, allowing
you to assess their significance. All factors in the table are significant
predictors since their p-value is less than 0.05. self-efficiency has the
most effect (beta=0.045), while Perceived curiosity has the lowest
(beta=0.029). By comparing linear approach. Every variable has a
significant positive impact on adoption of artificial Intelligence.

The hypotheses utilized in this study will be examined
depending on their P value, as shown in the table 9. This helps us to
determine whether or not these hypotheses are supported. If the
relevant P value is 0.05, the hypothesis is considered supported. In
table 16 hypotheses are tested as follows:

H1: Perceived curiosity has a positive effect on consumer toward
adoption of Artificial Intelligence

Regression result: Based on table 9 results consumer’s perceived
curiosity P value (p=0.000) which is lower than the significance
level of 0.05. Therefore, since P value is lower than 0.05. H1 is
supported.

H2: electronic word-of-mouth  has a positive effect on consumers
toward adoption of Artificial Intelligence

Regression result: Based on table 9 results electronic word-of-
mouth P value (p=0.000) which is lower than the significance
level of 0.05. Therefore, since P value is lower than 0.05. H2 is
supported. In this scenario, customers' adoption of Artificial
Intelligence is positively influenced by the electronic word-of-
mouth.
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H3: self-efficiency has a positive effect on consumers adoption of
Artificial Intelligence.

Regression result: Based on table 9 results consumer’s outcome
expectation P value (p=0.000) which is lower than the
significance level of 0.05. Therefore, since P value is lower than
0.05. H3 is supported. In this instance, it has a beneficial impact
on customers' adoption of Artificial Intelligence.

H4: Privacy and security in protecting them, it has a positive effect on
consumers

Adoption of Artificial Intelligence.

Regression result: Based on table 15results privacy and security
P value (p=0.020) which is lower than the significance level of
0.05. Therefore, since P value is lower than 0.05. H4 is supported.
In this scenario, customers' adoption of Artificial Intelligence is
positively influenced by their privacy and security.

HS: Awareness has a positive impact on consumers adoption of
Artificial Intelligence.

Regression result: The P value for consumer cues to action
(p=0.028) is lower than the significance level of 0.05, based on
table 9 findings. As a result, because the P value is less than 0.05,
HS5 is accepted. In this scenario, awareness had a favorable impact
on customers' adoption of Artificial Intelligence.

Table 16:

Number of .
. Hypothesis statement Results
Hypothesis

H1 Perceived curiosity has a positive | Supported
effect on consumer toward
adoption of artificial intelligence
in the educational sector

H2 Electronic word-of-mouth has a | Supported
positive effect on consumers
toward adoption of artificial

intelligence in the educational

sector

H3 self-efficiency has a positive effect | Supported

on consumers adoption of

artificial intelligence in the
educational sector
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Number of .
. Hypothesis statement Results
Hypothesis

H4 Privacy and security in protecting | Supported
them, it has a positive effect on
consumers toward adoption of
artificial intelligence in the
educational sector

HS5 Awareness has a positive impact | Supported
on consumers toward adoption of
artificial intelligence in the
educational sector

6. Discussions

The results of the study indicated that the Perceived curiosity,
E-WOM, self-efficiency, privacy and security and awareness are
positively influence on adoption toward the artificial intelligence.

Concerning the HI1, the findings indicated a positive
relationship between perceived curiosity and adoption toward artificial
intelligence. It means that the student has the pleasure and curiosity to
know and explore more about the artificial intelligence, that will help
the adoption of artificial intelligence in the educational sector. The
results are aligning with the previous studies (Chien et al., 2019; Kerr,
2020; Ceha et al., 2019; Chang, et al., 2013; Mustafa et al., 2022).

Regarding the H2, the results of the study indicated that there
is a positive relationship between E-WOM and adoption toward the
artificial intelligence. This means that the higher that the students have
heard positive comments and feedback about the artificial intelligence,
the higher that the student use the artificial intelligence. Additionally,
the learner become more interested in emanating the power of E-WOM
in building and developing an image toward artificial intelligence. The
findings of this study confirmed with the literature review (Simay et
al., 2023; Oday, 2021; Verma et al., 2023).

Refer to the H3, the findings indicated that there is a positive
relationship between self- efficacy and the adoption toward artificial
intelligence in the education sector. These results are consistent with
the recent studies (Awajan et al., 2021; Chen, 2022; Cao et al., 2022;
Elnagar et al., 2021). This explained that students who have stronger
self-efficiency employ a more proactive risk-preparation strategy in
order to adopt new technology. These kinds of students are more likely
to take risk on the adoption of artificial intelligence.
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Concerning the H4, findings indicated that privacy and security
significantly influences customers adoption toward artificial
intelligence, which means that privacy and security will be an essential
predicator to push students to adopt the new tools of technology related
to the education. These findings are in line with the previous studies
(Sahi et al., 2022; Marikyan et al., 2022; Cao et al., 2022; Flavidn et
al., 2022).

Finally, the findings demonstrate a positive relationship
between Awareness and consumers adoption toward artificial
intelligence. Thus, HS5 is accepted. This means that the more the
students are aware of the artificial intelligence, they will adopt these
kinds of technology. The results are in line with (Akther & Nur, 2022;
Flavian et al., 2022; Koohang et al., 2022).

6.1. Theoretical Implications

The study revalidates the Social Cognitive model theory and
proposed a theoretical model of the relationship between the factors
(perceived curiosity, EWOM, privacy and security, awareness, and
self- efficiency) affecting adoption toward artificial intelligence in the
educational sector in Lebanon. In addition, the findings of this study
aids in greater understanding, analyzing, then explaining consumer
behavior toward new technology. The study also provided essential
criteria for adoption of artificial intelligence and determining personal
and societal characteristics. This study supplied academics with a
thorough knowledge of the prime motivating elements of adoption of
artificial intelligence in the Lebanese educational sector. As a result,
the research serves as the foundation for further research into the
variables influencing students’ adoptions toward artificial intelligence.

6.2. Research Recommendations

The researcher suggests numerous approaches for
policymakers to cope with the findings of the study. As a result, the
study suggests to policymakers and managers of education institutions
to arrange several training and skills development for their instructors
to improve the Lebanese educational level.

Moreover, the study suggests for marketers to leverage positive
E-WOM to spread the word about successful Al implementations in
Lebanese education sector. Additionally, the study suggests that fast
tracking immersive literacy in policy makers, regulators and
politicians, they must be aware of these immersive technologies and
the activity that occurs on these immersive platforms. Accordingly, the
researcher suggested that Lebanese policymakers take note of the fact
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that self-efficacy has a beneficial effect on artificial intelligence in the
education sector, and that it is a good attribute to use. Thus, the decision
maker should develop training programs and resources to boost
educators' and students' self-efficacy in using Al tools. In addition, the
researcher suggested that information distribution is one of the most
powerful tools that can be used today to raise awareness and
emphasizing the importance of increasing awareness about Al benefits
and applications in education among stakeholders.

6.3.Limitations and Ideas for Future Research

There are major limitations to this study report that should be
considered:

First, the research is being conducted in Lebanon, which has a low
population density. Furthermore, Lebanon has one of the highest levels
of uncertainty avoidance. As a result, the findings may change for
various nations with varying degrees of uncertainty avoidance.

The second limitation in this research is that it only offered the Social
Cognitive belief model theory to investigate and limited factors that
affect adoption of artificial intelligence. An expansion of this research
might go towards developing new ideas or researching of new
variables such as expected regret, panic buying and perceived
pandemic, instead of the five variables (perceived curiosity, E-WOM,
privacy and security, awareness, and self-efficiency that could affect
the adoption of artificial intelligence. The third constraint is related to
the data gathering period and size. For future research, the researcher
suggests enlarging the size of sample and enlarge the period to have a
large number of respondents.
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