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ABSTRACT 

As the world shifts to e-learning, IoT is becoming increasingly important in the learning and teaching 
environment. The key concerns are the elements that influence academics’ behavioral intention to adopt 
IoT, and how the whole operation affects their performance. However, there is a research gap in past studies 
that have not addressed this issue sufficiently. As a result, this study employed the Unified Theory of 
Acceptance and Use of Technology (UTAUT) as a guideline to examine the factors that influence 
academics’ behavioral intentions to use IoT. Furthermore, the moderating effects of both gender and level of 
experience on this relationship were inspected. The structural models were validated, and the predefined 
hypotheses were presented (n = 321). The results from the Structural Equation Modeling approach using 
Amos 26 indicate that performance expectancy, social influence, and effort expectancy directly influenced 
behavioral intentions to utilize IoT. The findings also showed that facilitating conditions were the most 
important determinant of academics’ actual usage of IoT. The structural model was further investigated 
according to the experiences of the male and female academic groups. The findings revealed a different 
pattern of strength and significant relationships between groups with the overall model, implying that gender 
and experience act as moderators. This study provides a wealth of antecedents from which to construct a 
thorough theory of IoT adoption. The theory explores the elements that influence academics’ willingness to 
utilize IoT from the standpoints of the technology itself, social context, and individual user characteristics. 
By employing the proposed approach, Universities can modify their EL strategies to make the most of their 
resources and in turn improve efficiency.  
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1. INTRODUCTION  

The traditional face-to-face learning approach 
is no longer enough in today’s quickly evolving 
information society of web-based e-learning 
(EL) environments [1]. With EL, learners may 
develop their knowledge, strategize their learning 
routes and tactics, and access a wide range of 
information and self-directed learning 
experiences [2]. The COVID-19 pandemic, 
which forced the closure of all academic 
institutions, further highlighted EL’s 
technological importance and its many 
advantages [3]. However, EL relies heavily on 
the internet as its information gateway and uses 
various cutting-edge technologies to access 
online educational programs [4].   

The internet has recently become a vital, 
omnipresent communication network that 
connects billions of people across several 
platforms. EL can not only allow learners to 
access educational information on the internet 
but can also extend its services through EL help 
and community knowledge-sharing networks [5]. 
EL materials may be transferred through the 
internet swiftly and efficiently. Significant 
advancement has further improved the internet’s 
ubiquity in ICT, namely by the effortless linking 
of common devices to a ubiquitous information 
network known as the Internet of Things (IoT) 
[6]. The phrase “IoT” was invented by Ashton 
[7].  IoT extends the benefits of the ordinary 
digital internet to physical items, with the 
primary objective of linking everything [8].  
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Currently, IoT connects over 25 billion 
devices worldwide. Despite its novelty, the 
possibility of applying IoT in the education 
sector piqued the curiosity of many academics 
[9]. The current era is characterized by smart 
learning, which combines EL and IoT [10].  The 
arrival of IoT has impacted earlier models of EL, 
allowing EL to adopt a more participatory 
approach [11]. According to Mathivanan et al. 
[12], most universities will adopt IoT to boost 
EL. However, studies have shown that IoT 
integration continues to be challenging for most 
users, particularly academics [13]. Scholars have 
discovered the factors that affect academics’ 
adoption of technology-based learning [14]. 
However, there has been a lack of thorough 
studies to validate their usage of IoT. Most 
previous studies have concentrated on 
technology concerns around IoT, with little focus 
on its actual adoption. 

There haven't been many attempts up to now 
to look at factors connected to the real adoption 
of IoT. Additionally, there haven't been any 
studies done on academics' behavioral intents to 
use IoT. In order to give higher education (HE) 
administrators more information regarding the 
acceptance of and effects of this technology on 
academics, researchers should do further 
empirical study. To provide them with guidelines 
on how to use IoT in EL for HE, this study 
sought to answer that question. Guidelines were 
determined based on the empirical evidence on 
psychological factors that may impact academic 
intention and use, as shown by the UTAUT [15]. 

1.1 Study Context 

It is thought that EL would provide an 
answer to the growing need for HE in many 
developing countries. HEIs from these nations 
are thus urged to participate, promote, and 
coordinate high-quality learning, teaching, and 
research [16]. Nonetheless, studies demonstrate 
that IoT usage for EL at HEIs is still in its 
infancy [17]. The Malaysian government has 
made an effort to advance IoT in many areas. 
The Malaysian Ministry of Science, Technology, 
and Innovation (MOSTI) predict IoT will 
significantly influence Malaysia’s economy in 
the coming years [18].     

The ICT sector in Malaysia has to be 
improved to increase the nation’s output. 
MOSTI, a pioneer in Malaysia’s IT industry, 
unveiled the National IoT Strategic Plan in 2015 

[18]. By 2025, it is anticipated that Malaysia’s 
IoT industry will reach $42.5 billion [19]. The 
current problems and challenges encountered in 
the supply chain concerning implementing 
Industry 4.0 (IR4) have also been highlighted by 
Malaysia's Ministry of International Trade and 
Industry. This was done to further promote the 
necessity for an IoT curriculum. Except for a few 
private colleges with specialized engineering 
disciplines, none of the Malaysian research 
universities (MRUs) have used IoT for EL 
systematically. The IoT-heavy programs that 
they do have are isolated, unconnected, and 
disconnected. 

2. LITERATURE REVIEW 

EL is determined by three factors: first, it is 
networked, enabling it to share training or 
information; second, conventional internet 
technologies are used to deliver it to the 
computer user; and third, it focuses on the most 
comprehensive understanding of learning that 
goes beyond the typical training paradigms [20]. 
The demands for flexible modalities of 
educational curriculum delivery in HE from the 
standpoint of EL have steadily risen [21]. Several 
elements are at play now that encourage an 
increase in academics participating in EL [22]. 

HEIs recognize the value of a student’s 
ongoing education that is flexible to their own 
time, creating the convenience needed for 
learning without taking away from working time 
[23]. Moreover, IoT can be useful in universities 
because it increases learners’ interaction with 
digital resources, combines autonomous control 
and higher infrastructure reliability, and enables 
open access to anything without requiring a 
particular path or service. Today, the adoption of 
technology tools by academics is crucial to EL’s 
success [24]. IoT is a pervasive technological 
phenomenon that fosters invention in various 
disciplines, EL being one of them. For instance, 
Vharkute and Wagh (2015) discovered that 
combining several EL apps with the aid of the 
IoT is associated with students’ pleasure.  It 
ensures that student and instructor interaction is 
enhanced while offering a cost-effective 
education. IoT is regarded as the primary 
supplier of the smart agent for EL contexts [25]. 
The IoT application’s scope permits switching 
from an EL model of knowledge transmission to 
a collaborative kind that advances knowledge 
transmission [26]. Animations, online lessons, 
virtual classroom study materials, video tutorials, 
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and many more resources can be misused as part 
of an EL method. IoT allows academics to use 
various educational approaches, including 
personal, active, and participatory models [27]. 
IoT is evolving to become a key component of 
modern EL. By building the right infrastructure 
and using it to its full potential, institutions may 
reap the rewards of IoT-based EL models [28]. 

2.1 Conceptual Model and Hypothesis 
Development 

Based on ideas of human behavior, 
researchers have tried to explain why users adopt 
new technologies. However, there are certain 
limitations to these technology adoption models 
in determining how open individuals are to 
embracing new technologies [29]. The UTAUT 
uses the fundamental components based on eight 
standard technology acceptance models to solve 
these constraints [15]. This study used this model 
to explore the potential factors of academics’ 
behavioral intention (BI) and IoT adoption in EL. 

2.1.1 Performance Expectancy and 
Academics’ Intention to Use IoT 

Performance expectancy (PE) refers to the 
notion that using technology would improve a 
person’s ability to execute his job [15]. The PE 
idea, which foresees academics’ BI  to use 
emerging technologies, is frequently included in 
the UTAUT [30]. For instance, Sung et al. [31] 
used the UTAUT to examine mobile learning in 
the South Korean setting and concluded that PE 
is strongly related to BI. IoT can speed up 
academic work, shorten wait times, and improve 
customer impressions of service quality. 
Numerous researchers have employed the 
UTAUT, and there is evidence of a relationship 
between PE and the BI use technology [32]. 
Studies have also shown that PE significantly 
affects a person’s long-term motivation to use 
EL [33]. As a result, the present study formulated 
the following hypothesis:  

H1: PE is positively associated with academics’ 
BI to use IoT in EL. 
 
 2.1.2 Social Influence and Academics’ 
Intention to Use IoT 
 

The social influence (SI) component of the 
UTAUT measures how important adopting a new 
technological instrument is to a person [15]. 
Studies have examined the impact of SI, such as 

the influences of close acquaintances, on 
people’s adoption behavior [34]. SI includes the 
users’ assessment of whether those who are 
significant to them believe they should engage in 
the action [15]. For instance, Jain and Jain [35] 
claimed that teachers who interact with students 
have a stronger BI to adopt new technology in 
the classroom. Additionally, SI has impacted the 
adoption of IoT [36]. As a result, Hypothesis 2 
suggests:  

H2: SI is positively linked to academics’ BI to 
use IoT for EL. 
 
2.1.3 Effort Expectancy and Academics’ 

Intention to Use IoT 

The formal definition of effort expectancy 
(EE) is the degree of comfort associated with 
using technology instruments. The main use of 
EE, a crucial component of the UTAUT, is to 
gauge users’ intent to use technological tools 
[37]. Jang and Koh [38] have highlighted the 
impact of EE in determining the acceptability of 
learning technologies. Researchers like Kaliisa et 
al. [39] have highlighted an association between 
EE and BI in contemporary technology. Other 
studies that have used the UTAUT have also 
found EE and BI to be related [40]. 
Consequently, Hypothesis 3 was proposed as 
follows:  

H3: EE is positively related to academics’ BI to 
use IoT for EL. 

 

2.1.4 Facilitating Conditions and Academics’ 
IoT Usage Behavior 

Facilitating circumstances (FC) are the idea 
that there are sufficient administrative and 
technical infrastructures in place to make the 
system simpler to utilize [15]. It is believed that 
having access to training and support will make 
it easier for businesses to embrace new 
technologies. In this study, FC was evaluated 
based on academics’ perceptions about their 
capacity to obtain the tools and help they need to 
utilize IoT. FCs have a favorable impact on 
individuals’ inclinations to utilize technology 
[41]. As a result, the present study suggested 
that: 

H4: FCs are positively related to academics’ IoT 
UB in EL. 
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2.1.5 Behavioral Intention and Academics’ 
IoT Usage Behavior 

A person's level of dedication to a certain 
action may be a sign of BI [14]. As a result, the 
degree of academics’ dedication to accepting and 
implementing IoT to achieve their educational 
objectives may indicate their BI toward IoT 
usage in EL [27]. Therefore, Hypothesis 5 
implies: 

H5: Behavioral intention is positively related to 
academics’ IoT usage behavior. 

2.1.6 Moderating of Gender and Experience  

Learner characteristics are a crucial factor for 
effective EL settings [42]. Understanding the 
intended audience is essential while building EL. 
Kwiek and Roszka [43] estimate that almost half 
of all academics worldwide are women. 
However, there hasn’t been abundant research on 
how gender variations impact academics’ 
attitudes towards the usage of IoT in EL. The 
trend of technology adoption and usage is 
skewed toward one gender over the other [44]. 

Furthermore, it has been discovered that 
people who use technology but are inexperienced 
prefer minimum effort. They are more likely to 
be swayed by the attitudes of people in their 
social circle and are also less concerned with FC 
[15]. Given that the academic participants of this 
research used IoT voluntarily, the moderating 
effects of gender and IoT experience were also 
added to the research framework to improve the 
model’s predictive validity.  It is hypothesized 
that experience with IoT leads to altered 
perspectives of PE, EE, SI, and FC, which thus 
impact differently upon the BI to use EL. 
Henceforth, the subsequent hypotheses were 
formulated: 

H6. Gender moderates the relationships between 
(a) PE, (b) EE, and (c) SI and academic’ BI to 
use IoT in EL. 

H7. Academics’ level of experience with IoT 
moderates the relationships between (a) PE, (b) 
EE, and (c) SI and their BI to use IoT in EL. 
 
3. METHODOLOGY   

3.1 Participants and Procedure 

Academics from five Malaysian research 
institutions (MRUs), namely UPM, UKM, UM, 

USM, and UTM, were included in the study's 
sample. The scale for data collection was created 
using elements from the accessible literature. 
The factors were assessed using 44 questions 
collected from earlier investigations [15,45].  A 
sample size of 50 is deemed inadequate for factor 
analysis, 300 is tolerable, and 500 is very good, 
while 1000 is excellent [46]. The present study 
got 321 replies from 350 dispersed 
questionnaires (91.71% response rate). The 
questionnaire had two primary elements to assess 
the theoretical model: (1) demographics of 
respondents and (2) development measures of the 
model. For this research, all components of the 
original UTAUT were integrated and changed. A 
5-point Likert scale was defined, ranging from 1 
(strongly disagree) to 5 (strongly agree). 
 
3.2 Measures 

EE stands for the degree of comfort 
associated with using technology. In line with 
this, the initial seven items covered perceptions 
of difficulty and usefulness in using IOT during 
EL [15]. A sample item is as follows: ‘I find this 
technology to be simple to use, and IoT in EL 
would be easy for me to understand’ (α = 0.808). 
Furthermore, a six-item scale that evaluated PE, 
work fit, extrinsic motivation, relative benefit, 
and technology-predicted output was used to 
measure PE [47]. A sample item is ‘Using IoT 
for EL helps me to do tasks quickly’ (α = 0.808). 
Moreover, SI was measured using Venkatesh et 
al.’s [15] ten-item scale. An example of an item 
is as follows: ‘IoT is something that individuals 
significant to me would advise me to use’ (α = 
0.867). Next, eight items measured FC [15]. A 
sample item is ‘I have the necessary resources to 
implement IoT in education’ (α = 0.702). The BI 
component was further measured using five 
items [48]. A sample item is ‘I aim to adopt IoT 
technologies during EL during the next few 
months’ (α = 0.857). Finally, UB, defined as the 
actual frequency of the usage of a particular 
technology, was measured using eight items [15]. 
A sample item is ‘I intend to use IoT service in 
the future’ (α = 0.814).  

3.3 Questionnaire Development 

With the assistance of three language 
specialists, the questionnaire was translated into 
Malay to evaluate the face and content validity 
and to guarantee their adaptation to the regional 
cultural environment. A pilot study was then 
carried out on 30 academics to assess the 



Journal of Theoretical and Applied Information Technology 
28th February 2023. Vol.101. No 4 

© 2023 Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                    E-ISSN: 1817-3195 

 
1380 

 

reliability of the instruments (SI, α= .76; EE, α = 
.75; PE, α =.74, FC, α =.79, BI, α = .76, UB, α = 
.78). Based on participant feedback, the 
questionnaire was then further improved to 
increase its face validity. The primary sample of 
the study did not include any academics who 
took part in the pilot study. 

3.4 Demographics 

The respondents who participated in the 
study had an average age of 41 years (SD=2.87), 
with the majority being males (N = 179, 56%). A 
fraction of the respondents (71.02%) reported 
having less than five years of experience in the 
online teaching field.  Moreover, most of the 
respondents (N = 299, 93.2%) have Ph.D. 
degrees. A fair amount of them (47.6%) were 
also senior lecturers (see Table 1). 

 
Table 1: Responders' backgrounds. 

Sample Chrematistics Frequency (%) Mean SD 
Age   41 2.87 
Gender     

Male 179 56   
Female 142 44   

Online teaching experience     
<5 years 228 71.02   
>5 years 93 28.9   

Background in education     
PhD 299 93.2   
Master 22 6.8   

Position in education     
Professors 42 13.1   
Associate professors 107 33.5   
Senior lecturers 152 47.6   
lecturers 18 5.8   

 
In addition to acceptable levels of reliability, 

the reliability test further revealed considerable 
composite reliability for all construct items. The 
loading for the PE build was less than 0.5. The 
lowest loading can be eliminated if the extracted 
average variance (AVE) is lower than the 
threshold level [49]. Therefore, PE Item PE4 was 
removed. Each scale has a Cronbach’s α score 
between 0.652 and 0.902, which indicates 
satisfactory reliability for each construct. The 
lowest loading can be deleted if the AVE is less 
than the normal level [50]. 

4. DATA ANALYSIS  

The kurtosis and skew values, which are 
between ±2, which reflect the bounds of 

normality, validated the data’s normal 
distribution in SPSS v.26. SEM analysis was 
used in the investigation. SEM includes the 
exploration of complex models such as 
moderation and mediation. Moreover, using the 
AVE and construct reliability, reiterates the high 
validity and construct reliability (CR). 

4.1 Descriptive statistics of constructs 

Table 2 displays the means and standard 
deviations for the study constructs. The results 
reveal that FC is significantly above average for 
the respondents, while EE appears to be a little 
higher. On average, it is perceived that SI to use 
of IoT among academics is above average 
compared to PE. 

Table 2: Descriptive statistics of latent constructs. 
Constructs Mean SD 

PE 3.654 0.567 
SI 3.783 0.585 
EE 4.06 0.569 
FC 3.816 0.67 
BI 3.75 0.671 
UB 3.873 0.528 

Note. PE= Performance Expectancy, SI = Social influence, FC = 
Facilitating condition, EE= Effort Expectancy, BI = Behavioral 
intention, UB= Usage behavior. 
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4.2 Data preparation  

The measurement model was validated by a 
reliable approach to demonstrate that certain 
items replicate the unobserved constructs [51]. 
The outcomes of the CFA showed that the 
measurement model was acceptable with strong 
factor loadings for all of the items on the 
predictable factors and commonality of each item 
over 0.50. The results show that all the constructs 
achieved convergent concept validity. The 

number of items for each construct is listed in 
Table 3 as follows: PE (5 items), SI (7 items), 
FC (4 items), EE (4 items), BI (5 items), and UB 
(3 items); altogether there are a total of 28 items. 
The present study used AMOS 26 software to 
examine the data. Convergent validity is 
concluded for all constructs when the AVE is 
more than 0.50 and the CRs for all scales are 
better than 0.80. 

 
Table 3. AVE and construct reliability of study instruments. 

Construct Initial item Final No. of items AVE CR 
PE 6 5 0.657 0.905 
SI 10 7 0.538 0.890 
EE 7 4 0.597 0.855 
FC 8 4 0.607 0.860 
BI 5 5 0.642 0.899 
UB 8 3 0.576 0.800 

Note. PE= Performance Expectancy, SI = Social influence, FC = Facilitating condition, EE= Effort 
Expectancy, BI = Behavioral intention, UE= Usage behavior. 

Kline (2016) suggested using model fit 
indices such as the χ2/degree of freedom ratio 
(CMIN/DF), the comparative fit index (CFI), the 
Tucker–Lewis index (TLI), the goodness-of-fit 
index (GFI), Incremental Fit Index (IFI), and 
Normed Fit Index (NFI). The fit indices’ values 
equal to or greater than 0.90 are considered 
satisfactory [52]. Moreover, the model is 
considered adequate if the root means squared 
error of approximation, (RMSEA) is between 
0.03 and 0.08. The model of the current study 

had high fit indices: CMIN/DF = 2.028, p < 0.01, 
CFI = 0.956, GFI = 0.903, IFI = 0.957, TLI = 
0.950, NFI = 0.918, RMSEA = 0.049.  
The correlations between constructs varied from 
0.293 to 0.657, as shown in Table 4. When R2 is 
smaller than AVE, discriminant validity is 
declared. (Henseler et al., 2015). Every AVE 
value exceeded the values of R2, demonstrating 
the excellent discriminant validity of the 
constructs. 

Table 4: AVE and R2 for study instruments 
No. Construct 1 2 3 4 5 6 
1 PE 0.657      
2 SI 0.398 0.538     
3 EE 0.293 0.405 0.607    
4 FC 0.454 0.452 0.407 0.597   
5 BI 0.521 0.533 0.436 0.544 0.642  
6 UB 0.341 0.462 0.344 0.381 0.459 0.576 

Note. PE= Performance Expectancy, SI = Social influence, FC = Facilitating 
condition, EE = Effort Expectancy, BI = Behavioral intention, UB= Usage behavior. 

 

5. RESULT AND DISCUSSION  

5.1 Structural Model 

PE, SI, FC, EE, and BI are exogenous 
variables in this model, whereas BI and UB are 
endogenous variables. As seen in Figure 1, PE 
had a significant association with BI (β = 0.324, 
p-value = 0.000). Thus, H1 was supported. This 
outcome is consistent with earlier research [53], 

in which PE was discovered to significantly 
impact the intention to use new technologies by 
academics. Therefore, this finding suggests that 
academics who anticipate adopting IoT as a 
helpful EL tool are more likely to have the 
intention to utilize IoT.  

This study also found that SI had a major 
impact on BI among Malaysian academics (β = 
0.497, p = 0.000). Hence, H2 was supported. In 
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particular, the results of this research are in line 
with the idea that academics from the Southeast 
Asian context are more influenced by the SI 
factor in their intention to use IoT, unlike other 
counterparts [54]. Their decision to use IoT may 
be readily influenced by peer or media pressure. 
Hence, IoT service providers need to consider 
the SI factor to encourage the adoption of IoT. 
The findings further support the UTAUT [15], in 
which SI is positioned as a key factor. This 
finding can be attributed to the comparatively 
significant effect of close co-workers and 
acquaintances in educational environments. 
Furthermore, Zhao et al. [55] found that people’s 
opinions mattered when selecting whether to 
embrace new technologies in the collectivist 
cultures of Asian countries.  

Furthermore, the findings showed that EE is a 
significant predictor of BI in adopting EL (β = 

0.192, p = 0.000), supporting the conclusions of 
prior research, such as that of Alammary et al. 
[56] on academics from Saudi Arabia. Therefore, 
H3 was accepted. Additionally, the results of the 
path coefficient show that the FC (β = 0.233, 
t=2.939, p = 0.000) is significantly related to UE, 
thus, supporting H4. The findings align with 
other studies, such as that of Paul et al. [57] on 
Ugandan academics. Paul et al. [57] 
demonstrated that FC improves the UB to adopt 
modern technologies for EL. Additionally, the 
results of this study also confirmed the 
association between BI and UB among 
academics adopting IoT for EL (β = 0.451, p = 
0.000), which supports Venkatesh et al.’s [15] 
UTAUT. Finally, the exogenous constructs 
explained 76.3% of the variance in BI, and BI 
was responsible for 51% of the variance in UB 
(Table 5 and Figure 1). 

 
Table 5: Unstandardized and standardized regression weights in the hypothesized path model. 

Hypothesis  Relationship β S. E Beta C.R p Decision 
H1 BI ← PE 0.324 0.050 0.316 6.537 *** SU 
H2 BI ←SI 0.497 0.057 0.500 8.675 *** SU 
H3 BI ←EE 0.192 0.050 0.184 3.885 *** SU 
H4 UE ← FC 0.233 0.057 0.288 4.113 *** SU 
H5 UE ←BI 0.451 0.068 0.486 6.671 *** SY 

Note. PE= Performance Expectancy, SI = Social influence, FC = Facilitating condition, EE= Effort Expectancy, BI = Behavioral 
intention, UE= Usage of e-learning, SU= Supported. 

 

 
Figure 1. Study’s structural model 

 
Further investigation on the moderating role of 
gender on the intention to use IoT and its 
relations with the four factors of the model (as 
indicated in H6) was performed. Findings 
revealed that PE, as proposed in H6a was 
significantly different between males (β = 0.440, 
p< 0.05) and females (β = 0.250, p< 0.05). This 
finding is consistent with that of Venkatesh et al.  
[15] and contrary to that of Gupta et al. [58]. 
However, the results also revealed that gender 

did not moderate the relation between the other 
two factors (SI and EE) and BI. Thus, H6b and 
H6c were rejected.  

Moreover, the results showed that experience 
moderated the relation between the factors (PE, 
SI, and EE) and BI. Thus, H7a, H7b, and H7c were 
supported. Thus, in line with other studies [59], 
academics’ previous experience using IoT 
technologies will help them. This is because IoT 
provides greater performance, is easy to use, is 
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welcomed by their colleagues, and previously 
enabled their creative abilities to be unleashed. 

IoT is relatively new in Malaysia, so users’ 
experience with IoT would play a critical role. 

Table 6: Moderating effects of gender and experience level. 
Hypothesized paths Gender t p Experience t p 

Male 
(n = 
179) 

Female 
(n = 142) 

5> 
(n = 228) 

5< 
(n = 93) 

BI ← PE 0.440* 0.250* 2.093 0.037 0.237* 0.616* 2.157 0.032 
BI ←SI 0.243 0.175 0.619 0.536 0.692* 0.168* 2.837 0.005 
BI ←EE 0.354 0.555 1.666 0.096 0.469* 0.055* 2.200 0.028 

Note. PE= Performance Expectancy, SI = Social influence, FC = Facilitating condition, EE= Effort Expectancy, BI = Behavioral 
intention. *p < 0.05. 

 
6. CONCLUSIONS 

This study, which was directed by the 
UTAUT, provides a thorough knowledge of the 
variables influencing IoT adoption in EL among 
academics. Practitioners and academics will find 
it useful to use the verified adoption model to 
investigate how widely used technology is 
becoming to permeate daily life. In this study, 
the importance of IoT was discussed, along with 
a particular emphasis on EL. SI was found to be 
the most significant predictor among the 
antecedents of the BI toward IoT technologies. 
Furthermore, to fill a clear gap in the literature, 
this study evaluated the effects of gender and 
experience on the factors influencing academics’ 
BI toward IoT. Findings showed that the PE’s 
influence on BI varied significantly depending 
on participants’ gender.  Moreover, experience 
had a moderating effect on all other factors 
influencing BI. 

We expect that this study can help HEIs get 
more scientific understanding of EL utilizing 
IoT. The fact of IoT adoption for digital learners 
should be acknowledged by educators and 
curriculum writers in the twenty-first century. 
For the purpose of enhancing the academic staff's 
knowledge and skills, HEIs are required to 
provide lectures and courses. Thus, users’ 
perceptions of EE to use IoT can be improved, 
which may evoke their intention to use IoT. 
Although FC has no direct effect on the usage of 
IoT, its intention should not be ignored. 
Academics anticipate an IoT application that is 
helpful and simple to use. Thus IoT service 
providers are recommended to supply consumers 
with this kind of application and other related 
services. By creating a user-friendly and reliable 
IoT interface and platform, IoT can deliver more 
efficient and effective services. Additionally, 
HEIs should consider the SI factor’s impact on 

academics’ embrace of IoT. Even if HEIs cannot 
alter it, reference groups may be inferred as 
crucial to the spread of IoT. Therefore, HEIs 
must find early adopters and encourage their use 
of IoT services so that they may act as a model 
for future efforts to promote broad 
dissemination. Additionally, universities in 
Malaysia must integrate IoT into one or more 
current courses, such as programming, 
networking, ubiquitous computing, data mining 
and acquisition, computer security, embedded 
systems, databases, and others to meet industrial 
demands and close the gap. 

7. LIMITATIONS AND DIRECTIONS FOR 
FUTURE RESEARCH  

There are some limitations with this study. 
The recommended approach, at start, did not 
account for real user behavior. However, a large 
body of empirical evidence backs up the causal 
link between BI and UB. A longitudinal study 
design provides more information than a cross-
sectional research strategy, researchers should 
mention in their second point. Thirdly, although 
the present study intended to investigate the 
academic acceptability of IoT in EL, Malaysia 
was the only country of interest. Future research 
should widen its focus to analyze IoT 
acceptability in other developing nations. This 
will ensure further validation of the model 
proposed in this study. This is because diverse 
societal attitudes, governmental restrictions, and 
conventions may influence the model differently. 
Furthermore, future research should replicate the 
present study using various IoT product 
categories to increase the research model’s 
generalizability. Qualitative research is also 
suggested for future studies to better understand 
customers’ attitudes towards IoT. 
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