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The use of digital technology and information and com-
munication technology (ICT) based teaching tools has 

long been part of higher education (HE). Numerous stud-
ies have examined the advantages and disadvantages of 
using technology in HE (Fidalgo et al., 2020). Since spring 
2020, however, the use of ICT tools in education in gen-
eral, and in HE in particular, is no longer an issue (Szabó 
et al., 2022). In parallel with the outbreak and the continu-
ing threat of COVID-19, HE globally switched to distance 
learning. Consequently, the question of what influences 
the acceptance of technology-based education in HE and 

what factors will make students effectively and willingly 
use online learning has become particularly important.

There is a wealth of study on technology adoption in 
HE contexts; a wide range of models and variables have 
been studied. These factors have now become so diverse 
that it is often difficult to see them in a coherent way, thus, 
it is hard to tell if something has been investigated or if 
there’s more to discover. Singh and Thurman (2019) found 
46 definitions of online learning alone. Accordingly, many 
factors have been identified that influence technology 
adoption in some way. These variables are often educa-
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tion-related, but in some cases, they refer to the general 
acceptance of technology. The multiplicity of variables 
means that variables with similar meanings are often 
included in the models under different names. Research 
results on the same factor are not published under the same 
name, generating confusion, and making it difficult to 
generalize the results and formulate a common vision. As 
research on technology adoption has become an important 
topic in HE, it is essential to contextualize the variables 
already studied, their interrelationships, and the research 
gaps that emerge from them.

Research, which explores and categorizes the vari-
ables that appear in online learning technology adoption 
research, has not yet been performed. The purpose of 
this study is to offer a framework that identifies and cat-
egorizes the factors that affect the acceptance of online 
learning. Based on these considerations the main research 
questions of this study are:

RQ1: What are the factors that emerge in HE online 
learning acceptance research using technology adoption 
models?

RQ2: What is the exact content (definition or descrip-
tion) of these variables and what is their relationship to 
each other? How do they affect adoption?

RQ3: Based on the interrelationships of the variables 
used, what are the main nodes and themes that emerge in 
the research of online learning? 

RQ4: What research gaps are outlined based on the 
examination and grouping of the variables?

In order to answer our research questions, on the basis of 
a thorough analysis of the variables found in the articles col-
lected, we determine and categorize the factors contributing 
to the adoption of online learning in higher education using 
the Technology Acceptance Model (TAM) and the Unified 
Theory of Acceptance and Use of Technology (UTAUT) 
(Keszey & Zsukk, 2017). These two models are the domi-
nant technology adoption models in general and in online 
learning. We developed a framework that helps understand 
the interrelationships and differences between these factors. 
In the analysis, we grouped 143 variables (127 antecedent, 11 
outcome, and 5 moderating variables) of different titles based 
on 47 articles and created 6 categories in total. We provide 
tables detailing the results already available on the factors of 
technology acceptance and help identify the nodes, gaps, and 
contradictions. The detailed analysis and the resulting impli-
cations of the established framework provide future direction 
in the research of the topic.

Method

Sample selection process
Our goal is an in-depth understanding of the factors used 
in the articles to explain the acceptance and adoption of 
online learning. Based on this goal, our approach to ana-
lyzing the selected studies is more in a framework-based 
than in a bibliometric way (Paul & Criado, 2020), therefore 
a more qualitative focus was applied. Accordingly, the aim 
of the selection process was not to identify and analyze all 
the articles published on the topic but to develop a sample 

from which to build the framework. To ensure that our 
sample was still based on a sufficiently systematic choice. 
We collected articles for the analysis using the process 
shown in Figure 1 (PRISMA; Moher et al., 2009). 

In an educational context, Abdullah and Ward (2016) 
found that 85% of research used TAM or UTAUT while 
15% used other models. Similarly, based on systematic 
reviews, Kaushik and Verma (2019) and Granić and 
Marangunić (2019) found that studies on online learning 
adoption predominantly use TAM or UTAUT. In our 
analysis of factors that relate to online learning adoption, 
we draw on TAM and UTAUT and present those articles 
that examine the adoption factors of online learning with 
the application of these two models.

Figure 1 
Process flow of the article selection process

Source: own compilation

As our objective was not to present publication trends or 
provide statistics on the publications within the topic but 



4
VEZETÉSTUDOMÁNY / BUDAPEST MANAGEMENT REVIEW
VOL . 55., ISS. 5. 2024 / ISSN 0133- 0179  DOI: 10.14267/ VEZTUD.2024.05.01

STUDIES AND ARTICLES

rather to comprehend the underlying meaning of the vari-
ables used, we had to decide how to narrow down the num-
ber of studies. To this end, we restricted the range of articles 
in the study, both in terms of quality and time span. 

As a first step, we used the Scopus search engine with 
the keywords “TAM” or “UTAUT” and “higher educa-
tion”. In addition to the three keywords, the restriction 
“article” was also applied; we only analyzed research 
published in this format. The search included the lan-
guage “English” as input. Finally, we filtered the period 
to the interval from January 2018 until December 2021, 
the date of the selection process. First, this timeframe 
resulted in a sufficient number of publications containing 
the most recent research findings, second, previous liter-
ature reviews of technology adoption in HE online learn-
ing have collected and analyzed academic work until 2018 
(Kaushik & Verma, 2019; Sarker et al., 2019; Martin et 
al., 2020). 

We subjected the resulting proprietary database of 239 
articles based on the search options to the PRISMA filter-
ing criteria to retain only research relevant to the research 
question. Of the 239 hits, 3 duplicate items were detected, 
leaving 236 items after filtering. We further narrowed 
down the range of articles and created a selection of the 
237 articles based on journal ranks. We ranked articles (by 
journal) using the Scimago Journal Rank website (www.
scimagojr.com), filtering out Q2, Q3, and Q4 ranked arti-
cles, leaving only Q1s (Keszey, 2020). Subsequently, we 
filtered out articles that did not use a quantitative research 
method. In combing through the 68 remaining articles, we 
excluded 10 that did not relate to higher education or online 

learning. From the remaining 58 articles, we removed 11 
that were not based on the testing of structural effects of 
TAM or UTAUT. 

A list of the selected 47 studies can be found in the 
Supplementary material.

Overview of the studies
We coded the 47 selected articles according to the fol-
lowing aspects: theoretical models used, context (online 
learning, mobile learning, social media, online learning 
environment), size of the sample, theoretical model struc-
ture (dependent, moderator, mediator, and independent 
variables), contribution of variables to technology adop-
tion, and significant and non-significant effects. 

The articles can be grouped into four themes based 
on their context. In the 16 articles classified under online 
learning, the authors focus on the adoption of online learn-
ing or tools to support it. Fourteen studies relate to mobile 
learning, examining the use and adoption of mobile 
phones as smart devices for learning. The central theme 
of seven studies is technology adoption related to social 
media, which functioned as a platform for collaboration 
and interaction in online classes. The online learning 
environment (OLE) context was the focus of ten papers. 

In terms of sample sizes, the studies vary between 
150 and 1,385. Articles belonging to the categories TAM 
and UTAUT. TAM alone was used in 30 articles, UTAUT 
in 13, while the two models were combined in 4 arti-
cles. Besides TAM and UTAUT, some articles involved 
other technology acceptance models (e.g. Diffusion of 
Innovations, Theory of Planned Behavior). 

Figure 2
Meta-framework

Source: own compilation



5
VEZETÉSTUDOMÁNY / BUDAPEST MANAGEMENT REVIEW
VOL . 55., ISS. 5. 2024 / ISSN 0133- 0179  DOI: 10.14267/ VEZTUD.2024.05.01

STUDIES AND ARTICLES

Meta-framework

Our study summarizes and organizes the variables that 
may affect technology adoption using an iterative coding 
procedure. Research on technology acceptance in higher 
education has investigated the contribution of different 
independent, mediating, and moderating variables to the 
outcome variables, most often intention to use and actual 
use. To organize these variables into a meaningful struc-
ture, we created a meta-framework (Figure 2) following an 
iterative process. 

First, as the name of the variables alone often did not 
properly indicate its real meaning, we collected the defi-
nitions or, when it was not provided, the description (i.e. 
scales) of the 143 variables and grouped them accordingly. 
Based on the definitions or descriptions, both researchers 
independently created groups covering the meanings of 

the variables. After grouping the variables separately, we 
discussed the result and redesigned the groups together. If 
there was a discrepancy, we modified existing groups or 
created new groups. After a new round of the individual 
grouping process, we reviewed the groups and redesigned 
them again. We continued this process until we both 
agreed on the groups and the grouping of the variables. 
After the classification process, small groups of variables 
with similar meanings began to emerge. We then created 
subcategories of these similar variables, which we further 
grouped together to form the main categories. 

In the next section, we present the main and sub-cate-
gories into which we classified the variables based on their 
definitions. Variables with similar meanings are indicated 
and analyzed in one batch. The articles that included the 
variables under study are referred to by the numbers found 
in the reference list. We also present the variables and their 

Table 1 
Learner main category

Source: own compilation
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Factors influenc-
ing learning

Self-regulated Learning [4] 1 1   1   

Engagement for Learning [10] 1 1  1    

Understanding [22] 1  1 1    

Cognitive gratification [3] 1 1  1    

Interest [22] 1  1 1    

Learning and applying learned knowledge capability [22] 1 1  1    

Grade Improvement [22] 1  1 1    

Programming Capability [22] 1 1  1    

Family responsibilities [22] 1  1 1    

Employment status [22] 1  1 1    

Relationship 
with technology

Self-efficacy [13], [17], [20], [42] 4 4 1 5    

Perceived self-efficacy [31] 1 1  1    

Computer self-efficacy [4], [16], [25], [34], [36] 5 5 2 7    

Self-motivation and confidence [22] 1  1 1    

Self-computer competency [34] 1 2  2    

Experience [42] 1 1 1 2    

Computer anxiety [29] 1 1   1   

Anxiety [26], [27] 2 2  1 1   

Perceived awareness [13] 1 1  1    

Innovativeness [18], [25] 2 2 1 3    

Personal innovativeness [20], [38], [39] 3 2 1 3    

Resistance to change [37] 1 1  1    

Attitude strength [30] 1 1  1    

Compatibility [11] 1 1   1   

Perceived compatibility [8], [9], [13] 3 3 1 4    

Job relevance [24] 1 1  1    

Attachment [37] 1 1 1 2    

Familiarity with classical digital tools [29] 1 1  1    

Familiarity with high-tech digital tools [29] 1 1  1    
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effects on the outcome variable in systematic tables. These 
role of the variables can be either antecedent, mediator, 
moderator or outcome, and the effect can be significant or 
non-significant depending on the strength of the evidence. 
Summary of the resulting tables are presented as each cat-
egory is discussed. 

Learner main category
The Learner category includes variables that are closely 
related to the inherent personal characteristics or knowl-
edge of the learner. Based on the definitions of variables 
in the selected studies, we divided this main category 
into two subcategories: Factors influencing learning and 
Relationship with technology. Variables in the subcatego-
ries are summarized in Table 1.

Factors influencing learning
Factors influencing learning include personal character-
istics that may specifically affect an individual’s learning 
effectiveness and learning outcomes. These variables are 
essential factors for online learning, as the reduced pres-
ence of an instructor compared to face-to-face teaching 
requires the ability to self-manage, and a certain level 
of engagement and motivation to complete the learning 
process (Martin et al., 2020). Self-regulated learning [4] 
helps the ability to work, learn, manage time, and plan 
independently, since in online learning environments with 
little instructor presence, learners need to manage their 
learning workflow autonomously. Engagement for learn-
ing [10] not only affects their performance but also their 
behavior and intentions and is therefore an important fac-
tor in the acquisition of knowledge and skills. Cognitive 
gratification [3] refers to the focus on acquiring and 
understanding information, knowledge and understand-
ing, self-education, and learning. 

Relationship with technology
The characteristics of relationships with technology are 
independent of the given technology (online education), 
referring to the general personal characteristics and 
knowledge of the learner that existed before the specific 
technology was used. In this subcategory, we include 
those variables that reflect a general user attitude, behav-
ior, emotions, or knowledge of technology in general.

Self-efficacy [13, 17, 20, 42], Perceived self-efficacy 
[31], and Computer self-efficacy [4, 16, 25, 34, 36] are the 
learner’s self-belief in their ability to perform tasks with 
the help of technology. Researchers have concluded that 
self-efficacy is a key component of the acceptance of edu-
cational systems; learners with low self-efficacy will not 
be able to cope with a complex system, will not put in 
much effort, and will therefore be less likely to overcome 
the challenges they may face when using the system [13]. 
Contrary, Computer anxiety [29] is a response to perceived 
threats of technology when it is too difficult to use or when 
the benefits of use outweigh the user’s efforts. This signifi-
cantly affects the user’s behavior, makes them less willing 
to think about using the technology, and increases their 
anxiety about using it. These variables can affect technol-

ogy acceptance in the initial, so-called phase 0, as even 
trying can be sabotaged by fear and anxiety. 

Perceived awareness [13] refers to the extent to which 
users are aware of, understand, and subsequently exploit 
the beneficial features of the technology through its adop-
tion. Innovativeness [18, 25] and Personal innovativeness 
[20, 38, 39] indicate that users who are willing to innovate 
are more willing to try to use technology than those who 
are reluctant to change their habits [18, 39]. Resistance to 
change [37] refers to the difficulty of breaking with rou-
tine and the emotional stress that this entails, making this 
variable a barrier to technology adoption.

The intention to use technology can be significantly 
influenced by the values, norms, current needs, intentions, 
or past experiences of the learner, which is by definition 
the Compatibility variable [11, 8, 9, 13]. Compatibility can 
also be linked to Attachment [37], i.e., the bond connect-
ing a person’s self and the device that is developed in the 
user because of object-human interaction. When design-
ing and implementing technical parameters and features, 
hardware and software developers should also focus on 
the user’s goals and needs when using the system.  

Environment main category
The Environment category includes those variables whose 
content is related to the role of a third party, beyond the 
scope of the learner or the technology itself. Based on 
their content, the variables in this main category could 
be sorted into two subcategories, Social influence and 
Support. Variables in the subcategories are summarized 
in Table 2.

Social influence
Social influence includes variables that refer to the role of 
the community that may impact the user’s acceptance of 
the technology. Social characteristics [6] is the umbrella 
term that includes social influence, relational capital, and 
social impact. Social influence is one of the main vari-
ables in UTAUT measuring the extent to which a learner 
is interested in what the people most important to them 
(e.g. peers, tutors and friends) think about the new system 
they are using. 

The variables External factors [389], External influ-
ence [39], and the TAM2 variable Subjective norms [14, 
17, 24, 35, 36, 37] are also similar in meaning to this vari-
able. When users start to use and gradually learn about a 
technology, they encourage their peers to use it. For the 
variables Social recognition [43], Personal integrative 
gratification [3], and Social image [35], not only opinions 
but also recognition of the external environment matter. 
Users expect to be recognized for their skills and abilities 
when using the system or innovation and seek to develop 
a positive image of themselves through subjective norms 
or peer influence. 

Support
The variables in the Support subcategory may play an 
important role in the implementation, operation, and sup-
port of the system and, although not directly for all vari-
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ables, may impact the user’s acceptance of the technology. 
Support can come from several sources. On a macro level, 
it can be from the state or government; on a micro level, it 
can be the university, either by creating a supportive envi-
ronment or through content development.

Government support [19, 20] is defined as the influ-
ence of the governing bodies of the country, as a measure 
of support for technology. Another variable with a social 
context is Learning traditions [4], which encompasses 
long-established educational cultures, learning habits, tra-
ditions, and routines (e.g. students are grouped by age; a 
teacher teaches, and students listen; instruction is deliv-
ered in a classroom). Innovation can also disrupt or change 
these practices; thus, learning traditions may serve as a 
barrier to the adoption of a new system, as it can lead to 
resistance to innovation.

The variables Senior leadership support [190] and 
Institutional support [2], however, can impact adoption at 
the micro level, closer to the learner. If users see that the 
leadership is committed and involved in the dissemination 
of technology; if they ensure that the right environment, 
rules, and policies are in place to ensure quality online 
learning activities (e.g. technical infrastructure, technical 

requirements, incentives); and if the use of technology is 
included in the long-term vision of the management, then 
organizational resistance to adopting new technology will 
be lower [19]. 

Vendor support [19] condenses the operator’s general 
service tasks into a single variable, including user educa-
tion, infrastructure provision, security control, and data 
accessibility. Technical support [17] examines the impact 
of the existence of a team providing technical support and 
advice from the university. The meaning of vendor support 
and technical support covers the institutional and human 
side of service delivery and refers to the extent to which 
the organization supports the learner in using technology. 

The variables Content quality [15, 36], Learning con-
tent quality [20], (Perceived) Information quality [13, 15, 
17, 36], provided by the organization (university), refer 
to the relevance, reliability, quality, and timeliness of the 
materials and information (e.g. lectures, exercises, tests) 
provided to the users (students) for learning purposes. 

Technology main category 
Technology includes variables where researchers focused 
more on the specific characteristics and physical proper-

Table 2 
Environment main category

Source: own compilation
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Social 
influence

Social Characteristics [6] 1 1  1    

Social Influence [1], [5], [13], [16], [20], [21], [23], [26], [27], 
[30], [32], [33], [40], [43], [46], [47] 16 12 10 15 2   

Peer influence [25] 1  1 1    

External factors [38] 1 1   1   

External Influence [39] 1 1  1    

Subjective Norms [14], [17], [24], [35], [36], [37] 6 4 3 6 1   

Social recognition [43] 1 1  1    

Personal Integrative gratification [3] 1  1 1    

Social Image [35] 1 1 1 1    

Social trust [14] 1 1  1    

Reputation [25] 1  1 1    

Support

Government support [19], [20] 2 2  2    

Learning Tradition [4] 1 1  1    

Senior leadership support [19] 1 1  1    

Employer encouragement [27] 1 1 1 1    

Institutional Support [2] 1 1 1 2    

School support [25] 1 1  1    

Vendor support [19] 1 1  1    

Technical Support [17] 1 1 1 2    

Content Quality [15], [36] 2 1 2 3    

Learning Content Quality [20] 1 1  1    

Information Quality [15], [17], [36] 3   2 3   

Perceived Information Quality [13] 1   1    
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ties of the technology to be implemented and used (i.e., 
not only a device but also a complete system). We cre-
ated three further subcategories for ease of interpretation: 
Availability, Characteristics, and Safety. Variables in the 
subcategories are summarized in Table 3.

Technology availability 
Technology availability variables refer to characteristics 
related to the usability and availability of technology. 
Availability of resources [13], Perceived accessibility [36], 
and Access device [2] are related to the availability of the 
necessary technological resources, such as hardware, soft-
ware, or internet connection; the availability of the system; 
and the technology. On the contrary, Perceived barriers 
[29] and Mobile device limitations [20] include factors that 

hinder adoption, like costs, short battery life, software 
problems, inadequate user interface, or low bandwidth on 
the internet connection for mobile devices. 

Technology characteristics 
Technology characteristics [6] and Task-technology fit [6, 
11, 43] indicate the extent to which a given technology sup-
ports and assists an individual in performing a given task. 
Experienced users select the tools and technologies that 
offer the greatest benefits to perform their job, while those 
that cannot provide the right value (e.g. better results) are 
ignored. Competitive advantage [19] shows how much 
more advantage a given device or system offers over other 
systems in possession of similar characteristics based on 
the objective features of technology. For example, in the 

Table 3 
Technology main category

Source: own compilation
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Technology 
availability

Availability of Resources [13] 1 1  1    

Perceived Resource [24] 1 1  1    

Perceived Accessibility [36] 1 1  1    

Accessibility [22] 1 1  1    

Access Device [2] 1 1 1 2    

Perceived barriers [29] 1 1   1   

Mobile Device Limitations [20] 1  1 1    

Technology 
characteristics

Technology Characteristics [6] 1 1  1    

Task-Technology Fit [6], [11], [43] 3 3 1 2 2   

Competitive advantage [19] 1 1  1    

Storage Mechanism [22] 1 1  1    

Personalization [45] 1 1 1 2    

User Interface [20] 1 1  1    

Trialability [8], [9] 2 2 2 4    

Observability [8], [9] 2 2 1 3    

Complexity [8], [9] 3 2 2 4    

Technological complexity [25] 1 1  1    

Mobility [45] 1 1 1 2    

Perceived Mobility Value [31] 1 1  1    

Sharing [22] 1 1  1    

Attendance [22] 1  1 1    

Submissions [22] 1 1  1    

Cost advantage [19] 1 1  1    

Price value [5] 1 1 2 3    

Financial factor [38] 1 1   1   

Safety of technology

Privacy [2] 1 2  2    

Perceived Security [13] 1 1  1    

Security concerns [19] 1 1  1    

Perceived Trust [13] 1 1  1    

Trust [5], [20], [32] 3 4 1 4 1   
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case of a cloud-based system, this could be faster service, 
simpler installation and upgrade process, lower payment, 
or more flexible access. 

Several studies have used technology-specific vari-
ables that refer to the characteristics of the technology: 
Personalization [45], User interface [20], Trialability 
[8, 9], Observability [8, 9], Complexity [8, 9, 19], and 
Mobility [45] are all attributes that can affect technology 
adoption. Indeed, the design of a given device can play a 
major role in technology acceptance, as Personalization 
and Observability can help to create a user’s intention to 
use it [45, 8, 9], and the Trialability and Testability of the 
technology can reduce uncertainty and possible resistance 
[8, 9].

The monetary characteristics of the technology are 
incorporated into the models through the variables 
Price value [5], Cost advantage [19], and Financial fac-
tor [38]. While the latter refers to the need for financial 
inputs indispensable for the user to use the technology 
(e.g. purchase of software and hardware), cost advan-
tage refers to the characteristics of the technology that 
allow certain costs to be saved (e.g. operating and main-
tenance costs). 

Safety of technology
Privacy [2], Perceived security [13], and Security con-
cerns [19] all focus on the importance of, and concerns 
about, information and data security. Perceived trust [13] 

and Trust [5, 20, 32] can be defined as the user’s confi-
dence in the system’s ability to provide a reliable and effi-
cient service. Several factors can affect the user’s trust, 
such as the level of security of data and transactions, or the 
level of privacy protection. 

Knowledge sharing main category
In this main category, we included variables that relate to 
how knowledge is shared among the participants of the 
learning process with the help of technology. This main 
category distinguished itself from the others, as the abil-
ity to transfer and share knowledge is a very important 
part of the perception of technology in an educational 
context. We have further broken down this category into 

Interaction and Collaboration subcategories. Variables in 
the subcategories are summarized in Table 4.

Interaction
Interaction variables focus on communication between 
the individual learner and community, or individual-com-
munity and instructor. We have grouped several variables 
with related meanings here. Interactivity [20], Interaction 
[18, 22] Interaction with peers and lecturers [7, 11], 
Interaction for learning [10], Satisfaction with social 
integrative gratification [3], and Online communication 
[10] deal with the exchange of messages, communication 
with lecturers and peers, and possibilities and perception 
during online learning. 

Table 4
Knowledge sharing main category

Source: own compilation
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Knowledge 
sharing

Collaboration

Engagement [7], [27] 2 2  1 1   

Active collaborative learning [7] 1 1   1   

Collaboration for learning [10] 1 1   1   

Collaboration and engagement [11] 1 1   1   

Collaborative learning [12] 1 1  1    

Collaboration [45] 1 1  1    

Social media use [7], [12] 2 2   2   

Social networking sites usage [11] 1 1   1   

Interaction

Interactivity [20] 1 1  1    

Interaction [18], [22] 2 2  2    

Interaction with peers [7], [11] 2 2  2    

Interaction with lecturers [7], [11] 2 2      

Social integrative gratification [3] 1 1  1    

Learning community [27] 1  1 1    

Interaction for learning [10] 1 1  1    

Online communication [10] 1 1   1   

Student motives to communicate [10] 1 1  1    

Social Isolation [33] 1 1  1    
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In contrast, Social isolation [34] has the opposite 
meaning, i.e., an individual’s social absence or a low num-
ber of meaningful interactions with others that make them 
socially isolated. The lockdown imposed by COVID-19 
reduced opportunities for contact and interaction, lead-
ing to isolation at a global level. In such an environment, 
for example, the variable Student motives to communicate 
[10] can be important because the cooperation that devel-
ops during learning can positively influence students’ 
motivation to communicate, which in turn contributes to 
reducing drop-out. 

Collaboration
Collaboration includes variables that are closely related to 
learner collaboration and knowledge sharing. Engagement 
[7, 27], Active collaborative learning [7], Collaboration and 
engagement [11], Collaborative learning [12], Collaboration 
for learning [10], and Collaboration [46] all refer to a teach-
ing method whereby students and learners work together, 
sharing information, ideas, and opinions, and understand-
ing each other’s perspectives to achieve a learning goal. In 
contrast to individual learning, those who actively learn 
together can exploit each other’s strengths. Hence, the par-
ticipants’ communication skills, self-esteem, motivation, 
critical thinking, and learning outcomes are enhanced. 

Collaboration using social networking sites and social 
media is cited as a specific example.  Social media use [7, 
12] and Social networking sites usage [11] are factors in the 
development of collaborative learning and engagement. 

Organizational infrastructure main category
In the Organizational infrastructure main category vari-
ables not only focus on the human resources and organiza-

tional support needed for technology adoption (part of the 
Environment main category), but also on the adequacy and 
availability of the technology, provided by the organization 
(here mainly by the HE institutes). We included variables 
that emphasize the integration of technology into the organi-
zation. Variables in this category were not further disaggre-
gated as they all related to a specific aspect of infrastructure. 
Variables in the category are summarized in Table 5.

Most of the variables here are linked to the facilitat-
ing conditions of using the technology. Facilitating condi-
tions is a main UTAUT variable (occurs in 15 articles) and 
refers to the extent to which an individual believes that the 
use of the system is supported by the organization and an 
efficient technical infrastructure [47]. System quality [17, 
36], Quality of the system [15], Service quality [15], and 
Quality of services [39] were almost identical in definition 
to the Facilitating conditions in the articles. 

Facilitating conditions can therefore be described as 
the organizational Infrastructure [2], defined as the set 
of basic systems and technical services necessary for 
the proper and efficient functioning of the organization 
(i.e., university). Infrastructure includes, for example, 
the availability of internet, electricity, communication 
facilities, or computer rooms and laboratories, just like 
Connected classroom climate [47]. Similarly, the variables 
Technology readiness [19] of the organization, Technology 
compatibility [19], and Task characteristics [6] attempt 
to describe the degree of connection and fit between the 
organization and the technology from two angles. On the 
one hand, they measure the readiness of the organization 
to adopt the new technology (e.g. availability of the nec-
essary platforms, technical infrastructure or specialized 
human resources). On the other hand, they also indicate 

Table 5
Organizational infrastructure main category

Source: own compilation
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Organizational 
infrastructure –

Infrastructure [2] 1 1 1 2  

Facilitating Conditions [1], [13], [16], [20], [21], [23], [25], [26], [27], [32], [33], [40], [41], [46], [47] 15 10 8 18  

Connected Classroom Climate [39] 1 1    

Technology compatibility [15] 1 1    

Task Characteristics [17], [36] 2 1 2 2 1

Technology readiness [15] 1 1   1

Quality of Services [47] 1 1   1

Service quality [19] 1 1   1

System Quality [6] 1 1   1

Quality of the system [19] 1 1   1
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the degree of fit of the new technology with the organiza-
tion’s current technology, systems, processes, problems to 
be solved, tasks, activities, culture, etc. 

Technology perception main category
The variables herein refer to the learner’s perceptions and 
feelings related to a given educational technology. These 
are not objective characteristics of the technology (as in 
Technology main category) but the subjective perception 
of the user. Within this category, we separated two addi-
tional subcategories for ease of interpretation. Variables in 
the subcategories are summarized in Table 6.

Utilitarian attributions
Utilitarian attributes deal with the utility or functional 
value of an object (Batra and Ahtola, 1991). The variables 
were assigned to this subcategory according to the extent 
to which the individual considers the technology to be 
functional and useful in the learning process. This sub-
category includes the basic TAM and UTAUT variables, 
thus, most of the studies included them in the research. 
Perceived ease of use, one of the main variables of TAM 
(was used in 32 studies) and similarly, Effort expectancy, 
the main variable of UTAUT (in 14 studies), are both refer 

to the amount of energy and effort required to use the tech-
nology as perceived by the user. Recognized usability [19] 
has a similar meaning but with a different name. 

Perceived usefulness (part of TAM – 32 studies) and 
Performance expectancy (part of UTAUT – 14 studies) 
refer to the perceived performance improvement achieved 
by the user using the technology. Recognized usefulness 
[19] has a similar meaning. It is noteworthy that all the 47 
articles used these two UTAUT or TAM baseline variables 
in their theoretical models, either as independent or medi-
ating variables. 

Relative advantage(s) [8. 9. 25] is also a variable in 
this subgroup; it indicates the extent to which the learner 
assumes that the new system or innovation is better than 
the old, traditional technology. 

Hedonic attributions
Hedonic attributes of a technology deal with the emo-
tional or sensory experiences of the user (Batra & Ahtola, 
1991). We use this subcategory to classify variables that 
deal with a learner’s sense of satisfaction or pleasure when 
using the technology. Perceived enjoyment (TAM-3) [6, 8, 
9, 10, 12, 31, 36], Enjoyment [19, 22, 42] Hedonic moti-
vation (UTAUT-2) [1, 5, 40], and Hedonic gratification 

Table 6 
Technology perception main category

Source: own compilation
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Technology 
perception

Utilitarian 
attributions

Relative Advantage(s) [8], [9], [25] 3 3    

Perceived Usefulness 
[1], [2], [3], [4], [6], [7], [8], [9], [10], [11], [12], [14], [15], [18], [20], [22], 
[24], [25], [28], [29], [31], [34], [35], [36], [37], [38], [41], [42], [43], [44], 
[45]

32 30 3 9 24

Performance Expectancy [5], [13], [16], [21], [23], [26], [27], [30], [32], [33], [39], [40], [46], [47] 14 14 3 13 4

Perceived Ease of Use
[1], [2], [3], [4], [6], [7], [8], [9], [10], [11], [12], [14], [15], [18], [20], [22], 
[24], [25], [28], [29], [31], [34], [35], [36], [37], [38], [41], [42], [43], [44], 
[45]

32 32 2 12 22

Effort Expectancy [5], [13], [16], [21], [23], [26], [27], [30], [32], [33], [39], [40], [46], [47] 14 13 6 17 2

Recognized usability [5], [13], [16], [21], [23], [26], [27], [30], [32], [33], [39], [40], [46], [47] 1  1 1  

Recognized usefulness [19] 1  1 1  

Hedonic 
attributions

Perceived Enjoyment [6], [8], [9], [10], [12], [31], [36] 7 8  8  

Enjoyment [18], [22], [42] 3 2 1 3  

Hedonic Motivation [1], [5], [40] 3 4  3 1

Hedonic Gratification [3] 1 1  1  

Student Satisfaction [6], [11] 2 2   2

Satisfaction [22], [27] 2 2 1 3  
Research Students 
Satisfaction [7] 1 1   1

Perceived Playfulness [1] 1 1  1  

Computer Playfulness [36] 1 1 1 2  

Perceived Convenience [4] 1 1  1  
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[3] carry the meaning of the user’s perceived enjoyment, 
pleasure, and fun when using the system. For example, in 
mobile learning, emoticons and games can help to make 
learning more enjoyable, which can reinforce the inten-
tion to use [3]. Similarly, Perceived playfulness [1] and 
Computer playfulness [36] are associated with feelings 
of curiosity, exploration, and enjoyment. Perceived con-
venience [4] encapsulates the convenience factors expe-
rienced during use (e.g. temporal, and spatial freedom 
in the case of MOOCs). Student satisfaction [6, 11] and 
Research students’ satisfaction [7] are defined as the sense 
of successful and satisfactory learning experiences used 
as independent variables in the studies.

Moderator variables
The variables presented were all the main effects in the 
research models. We found very few studies that included 
any moderating variables [11, 17, 33, 42], in which a total 
of four moderating variables were examined. These are 
factors that can influence the strength and even direc-
tion of the relationships between variables. [11] and [17] 
examine three moderating variables (Age, Gender, and 
Experience). Fear of the virus (Corona fear; [33]) has an 
attenuating effect on the relationship between Expected 
performance and Intention to use, and a strengthening 
effect on the relationship between Peer influence and 
Intention to use. Geographical areas in article [42] does 
not significantly moderate the impact of most predictors 
on their exogenous constructs.

Outcome variables
Our aim was primarily to present the variables that affect 
the adoption of online learning, but it is important to note 
that the output variables were different in many cases, 
with different variables measuring technology adoption. 
Table 7 presents the moderator and outcome variables.

Based on TAM, Attitude is one possible consequence 
of the factors listed previously. In the context of technol-
ogy adoption research, it is defined as an individual’s gen-
eral affective, i.e., emotional, mood response to the use of 
new technology, and is usually included as a mediating 
variable between independent variables and Intention 
to use. In the studies listed, attitudes of students toward 
online learning and learning technologies were investi-
gated in 16 articles. 

(Behavioral) Intention to use is defined as a deliber-
ate, thoughtful decision to make an effort to carry out an 
action. The variable is a significant predictor of actual use, 
which is evidenced by the fact that in all 18 articles in 
which it is used as a mediating variable, it has a positive, 
significant effect on final use. Behavioral intention to use 
was used not only as a mediating but also as an outcome 
variable in 18 articles, followed by Actual use or Actual 
usage behavior in 15 articles, indicating that the user actu-
ally uses the technology. 

The variables related to adoption, Acceptance [1, 47] 
and Intention to adopt or Adoption [19, 45], examine the 
literal adoption of the technology as an outcome variable. 
Performance [6, 7, 10, 11] is used in the articles as a vari-

Table 7 
Moderator and outcome variables

Source: own compilation
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Age [17], [26] 2      2

Gender [17], [26] 2      2

Experience [17], [26] 2      2

Geographical areas [42] 1      1

Corona Fear [33] 1      1

Outcome 
variables

Quality of use [28] 1    1

Quantity of use [28] 1     1  

Acceptance [1], [47] 2     2  

Actual Use [2], [13], [14], [16], [17], [36], [41], [42], [44], [46] 10     10  

(Behavioral) Intention to use 
[1], [2], [3], [4], [6], [8], [9], [10], [13], [14], [15], [16], [17], [18], 
[20], [21], [22], [23], [24], [25], [27], [29], [30], [31], [32], [33], [35], 
[36], [37], [38], [39], [40], [41], [42], [43], [46]

32    18 18  

Actual/Usage/Use Behaviour [21], [22], [23], [24], [33] 5     5  

Performance [6], [7], [10], [11] 4     4  

Collaborative Authoring [12] 1     1  

Adoption / Intention to adopt [19], [45] 2     2  

Persistence in online courses [26], [27] 2     2  

Attitude [1], [2], [9], [14], [16], [21], [23], [25], [31], [34], [36], [37], [41], 
[42], [43], [44] 16    15 1  
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ety of variables, such as academic, learning, and student 
performance. Collaborative authoring [12] is explained 
by the variables examining the collaboration required for 
researchers as academic actors to work online. The use 
of Quantity of use and Quality of use [28] variables refer 
to the quantity and quality of students’ participation in 
online learning. These variables are included in the stud-
ies as final outcome variables. 

Discussion

In this study, we analyzed and categorized the variables 
that were found to affect the adoption of educational tech-
nologies in the selected studies as explanatory or explained 
variables using either UTAUT or TAM. We found 127 
independent, 11 outcome, and 5 moderating variables in 
the 47 articles. We created a framework to shed light on 
the relationships between the variables and trends in their 
use. The research resulted in a meta-framework with six 
main categories. We further subdivided these six catego-
ries into subcategories to provide a complete picture of 
the variables under study. In addition to the presentation 
and grouping of the variables, some implications became 
apparent during the development of the meta-framework.

Of the six main categories, Technology had the same 
number of variables as Learner, resulting in the two most 
populous categories (30 variables). This is somewhat sur-
prising as in the field of online learning past frameworks 
concentrate mainly on the learner, course+instructor, 
and organization (Martin et al., 2020; Martin & Bolliger, 
2022). While these are important elements of online learn-
ing, the role of technology is brought to the fore in research 
on online learning technology adoption.

Technology has not only a large number of variables 
but also a high number of unique variables, i.e., used by 
only one study. Thus overall, the variables associated with 
the different technologies are not universally accepted 
factors and it is difficult to generalize about their role. 
However, some important implications emerge.

Although with different designations, the availability 
of technology was identified as an important aspect in 
many of the studies. While the use of some technologies 
in education is obvious to many, it is also necessary to 
consider circumstances and technical requirements that 
are not yet available or not self-evident for certain social 
groups or countries. When designing a system, it is worth 
considering and investigating factors that may be barriers 
to technology adoption at the device level. 

Variables related to technology safety and trust have 
received relatively little attention in the research. This is 
interesting for several reasons. First, a high proportion 
of the effects examined are significant (only 1 out of 10 
effects was not significant) (Table 3). To gain students’ 
trust, online learning systems must offer high-quality 
services in a secure manner. On the other hand, in most 
technology acceptance models, the perceived risk and 
trust factor (Siegrist, 2021) is considered significant, thus 
it may be worthwhile strengthening this factor in the case 
of education through further research.

The variables classified in the Learner category appear 
just as often as the technology-related variables, which is 
surprising given that the key actor in technology accep-
tance is the learner who experiences and uses technology. 
Without knowledge of the learner’s intentions, needs, feel-
ings, and experiences, there is no point in introducing a 
new technology, as individual characteristics are essential 
to the development of adoption. This main category was 
the only one in which the factors related to education were 
distinctly separated. Although variables related to the 
industry context, i.e., education, also appeared in the other 
main categories, they were only clearly distinguishable 
in the Learner category. Individual characteristics may 
become particularly important in the context of online 
learning, as the learner must achieve results independently 
without personal presence. 

In terms of the number of variables, the third main cat-
egory, Environment, included variables that might influ-
ence adoption in some external way beyond the learner 
and technology characteristics. Social influence is part of 
both TAM2 (subjective norms) and UTAUT (social influ-
ence) and the selected studies examined their effects often 
(29 effects in total), yet in many cases (13) this factor was 
not significant (Table 2). This may be because, although 
peer pressure or the presence of key people may have a 
strong effect on the adoption of certain technologies, these 
variables may be less important in the adoption of an edu-
cational system. The use of educational technologies is in 
many cases (and particularly during the pandemic) a man-
datory and essential condition for course completion. 

The other subcategory of Environment refers to sup-
port. The extent to which the student is supported in the 
use of online technologies plays a significant role in the 
selected studies (12 variables). The implementation of 
technologies represents a major investment in terms of 
financial, technical, and human resources, both at the 
national and institutional levels. Governmental and orga-
nizational leadership has a strong influence in supporting 
and disseminating educational technologies. At the same 
time, at the organizational level, the transition to online 
education must not lead to a deterioration in the quality 
of education. To ensure high standards, the HE institution 
should provide human and organizational support, and 
ensure the quality of the teaching material. Many of the 
teaching materials used in face-to-face teaching cannot be 
used in one-to-one online classes and need to be adapted. 

Knowledge sharing between the educators, the learner 
and peers seems to be an important aspect of online 
learning based on the number of variables investigated. 
The two subcategories, Collaboration and Interaction, 
appeared to be the most homogeneous in the analysis in 
terms of meaning. Interaction and cooperation are basic 
prerequisites of successful traditional learning; thus, 
researchers considered it important to investigate whether 
knowledge transfer and sharing in an online environment 
can be developed through communication and discussion. 
This has an important role to play in the research on tech-
nology acceptance in online learning in terms of learning 
outcomes and system effectiveness. Variables related to 
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interaction can be considered pillars of cooperative learn-
ing, without which there is no collaboration, task sharing 
among students, or feedback from instructors. 

Organizational infrastructure refers to the quality 
and quantity of the technology that is provided by the 
organization (HE institution). While the UTAUT factor, 
facilitating conditions, has a similar meaning, organi-
zational infrastructure includes the quality of services 
as well as the fit of technology with the available infra-
structure of the organization. These variables reveal that 
without the right infrastructure and its integration with 
existing systems, it is not possible to provide any online 
education. 

Finally, when learners meet the specific educational 
technology, they develop their subjective perception of 
the given technological solution. The perception of ease 
of use (effort expectancy) and usefulness (performance 
expectancy), are the most often investigated variables of 
the selected studies, as these are the basic factors of both 
TAM and UTAUT. Although education is fundamentally 
a utilitarian service, it is important to see that the more 
enjoyable the student feels their education is, the more 
willing they will be to learn. Although not as numerous 
as in the case of utilitarian characteristics, several stud-
ies have investigated the effect of hedonic characteristics 
of educational technology, and only 3 of the 26 effects 
examined were found to be non-significant (Table 6). 
With the rise of online technologies, gamification can be 
easily integrated into the teaching and learning process, 
creating intrinsic motivation for active participation. 
Although external motivators are important in learning 
(grades, scores, ladders), long-term engagement in learn-
ing requires an internal drive that can be more easily cre-
ated through hedonistic factors, like games.

Finally, we should also mention the outcome vari-
ables. Although Behavioral intention to use was used in 
most of the studies (32 cases), Actual use (15 cases) also 
appeared in several cases. There were relatively few mea-
sures of Performance, which suggests that most studies 
have insisted on the original models (TAM, UTAUT) in 
this respect. Although the output variables of technology 
adoption are logically actual use or intention to use, it 
would be important to also examine the factors that impact 
the learning outcome, at least as a mediating variable, and 
measure its impact on adoption.

Limitations
In addition to its contribution, the study has limitations. 
The selection process was limited to articles that used 
TAM or UTAUT. Although these are the two most used 
models in the literature, other models may include other 
types of variables. Based on the quantitative nature 
of TAM and UTAUT, only quantitative research was 
selected, thus, variables from qualitative research were 
not integrated into the model. The selection process has 
been limited to four years, in order to examine the most 
recent results. Finally, we limited the search to articles in 
English, so we did not examine variables from research 
available in other languages.

Conclusions and future perspectives

The meta-framework we created based on the selected 
studies aims to help researchers in the field of online learn-
ing to understand the variables and their effects that have 
already been researched in the field, and to include new 
variables to identify research gaps. In the following, we 
highlight some additional gaps and identify new research 
directions.

Variables related to education and learning are few 
among all variables. It may be worthwhile investigating 
pedagogy-related individual characteristics that could 
influence the process and effectiveness of learning. 
This could be the perception of innovation (webinars, 
Kahoot, virtual reality (VR), serious games) in the 
structure of the curriculum and the lesson, which could 
be a motivating force. Factors related to learning styles 
(Kolb’s learning styles) could also provide exciting 
results, as well as explore the extent to which synchro-
nous/asynchronous learning styles help the outcome. 
Although no educational technology-related variables 
were found in the collection, it could be worth explor-
ing whether the provided technology is compatible with 
education. The online platforms most used for distance 
learning, such as Teams or Zoom, were originally 
designed for maintaining friendships or work contacts 
and conducting meetings; many features (e.g. quality 
projection of video material and reporting functions) 
were not available at the beginning or after the start of 
distance learning. However, the technologies that were 
already in place (e.g. Moodle) were not necessarily inte-
grated with these systems. In many cases, this created 
a multi-platform problem, making life difficult for both 
students and educators.

In the context of technology, it may be a surprising 
finding that trust in and security of the technology are 
studied in only a few research articles, even though the 
topic is relevant, as proven by the selected studies. It would 
be worthwhile including these factors in further models, 
as either the perception of security related to data protec-
tion or the stability of the system can be compromised in 
real, everyday situations (e.g. loss of learning outcomes, 
temporary failure of a platform for collaboration or task 
submission). 

It is noticeable that the hedonistic perception of tech-
nology has been investigated by different variables, but 
the articles do not discuss the eudemonic dimension of 
the perception of technology, which is best described 
in terms of self-fulfillment, well-being, and flourishing 
(Ryan & Deci, 2009; Meybri et al., 2022). By considering 
and applying these factors, the learning process can be not 
only effective but also meaningful. 

Concerning the design of the models, we consider it 
important to highlight the negligible number of moder-
ating variables in the set. Several factors may influence 
the strength or direction of the effects, such as educational 
attainment, type of degree, field of education, or interests. 
It would be important to take these contextual aspects into 
account using moderating variables.
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Although one limitation of our research is that it 
only looked at selected articles from a limited period, 
model (TAM and UTAUT), and set, we believe that the 
meta-framework, based on more than 100 variables, can 
provide a basis for further analysis. Variables from addi-
tional articles written since our analysis or using different 
models can be easily incorporated into the framework and 
thus further enriched with these variables. Nevertheless, 
based on the experience of the analysis, in some cases the 
variables used in the research are new in name only, and 
have strong similarities in meaning. For future research 
to make a further contribution, it is important to create 
a certain coherence in the naming of variables, and thus 
facilitate both literature analyses and the development of 
new models, not to mention meta-analyses. 

Note

1  The articles in detail, extracting year of publication, specific theoretical 
model, context, sample size, and explanatory power of the tested mo-
del R2 can be found in the Supplementary material.
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Environment 274 Education and Information Technologies 0.020

[15] Alshurideh et al. 2021 X Mobile learning 566 Informatics 0.726

[16] Altalhi 2020 X X Online learning 169 Education and Information Technologies 0.661

[17] Ameen et al. 2018 X X Online learning 181 British Journal of Educational 
Technology 0.45

[18] Balouchi & Samad 2020 X Online learning 218 Education and Information Technologies 0.749

[19] Bhardwaj et al. 2021 X X Online learning 465 Computers, Materials and Continua -

[20] Chavoshi & Hamidi 2019 X X Mobile learning 257 Telematics and Informatics 0.437

[21] García Botero et al. 2018 X Mobile learning 587 Journal of Computing in Higher 
Education 0.13

[22] Gupta et al. 2021 X Online Learning 
Environment 300 IEEE Access -

[23] Hoi 2020 X Mobile learning 293 Computers and Education 0.19
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[24] Kaewsaiha & Chanchalor 2020 X Online Learning 
Environment 584 Education and Information Technologies -

[25] Khlaisang et al. 2019 X Mobile learning 1339 Interactive Learning Environments 0.84

[26] Lakhal & Khechine 2021 X Online learning 430 Education and Information Technologies 0.291

[27] Lakhal et al. 2021 X Online learning 759 International Journal of Educational 
Technology in Higher Education 0.245

[28] Larmuseau et al. 2018 X Online Learning 
Environment 161 Interactive Learning Environments 0.12

[29] Lazar et al. 2020 X Online learning 310 PLoS ONE 0.62

[30] Nistor et al. 2019 X Online Learning 
Environment 225 British Journal of Educational 

Technology 0.29

[31] Qashou 2020 X Mobile learning 402 Education and Information Technologies 0.514

[32] Rahman et al. 2021 X Social Media 300 Educational Technology Research and 
Development 0.577

[33] Raza et al. 2020 X Online Learning 
Environment 516 Journal of Educational Computing 

Research 0.289

[34] Reddy et al. 2020 X Online learning 1385 Education and Information Technologies 0.374

[35] Rejón-Guardia et al. 2019 X Online Learning 
Environment 267 Journal of Computing in Higher 

Education 0.75

[36] Salloum et al. 2019 X Online learning 435 IEEE Access 0.681

[37] Sánchez-Prieto et al. 2019 X Mobile learning 222 British Journal of Educational 
Technology 0.712

[38] Shorfuzzaman et al. 2019 X Mobile learning 160 Computers in Human Behavior 0.62

[39] Sidik & Syafar 2020 X Mobile learning 284 Education and Information Technologies -

[40] Sitar-Tăut 2021 X Mobile learning 311 Human Behavior and Emerging 
Technologies 0.576

[41] Sukendro et al. 2020 X Online learning 974 Heliyon 0.389

[42] Syahruddin et al. 2021 X Online learning 1291 Heliyon 0.351

[43] Vanduhe et al. 2020 X X Online Learning 
Environment 375 IEEE Access 0.547

[44] Wai et al. 2018 X Mobile learning 150 Journal of Librarianship and Information 
Science 0.164

[45] Yadegaridehkordi et al. 2018 X Online learning 209 Education and Information Technologies 0.412

[46] Yakubu & Dasuki 2018 X Online learning 286 Information Development -

[47] Yang et al. 2018 X Online Learning 
Environment 289 Journal of Educational Computing 

Research -

Basic models: T- TAM; U- UTAUT; O- other
Source: own compilation


