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Abstract
Many seem to believe that today’s pre-service teachers as born after 1980 are digi-
tal natives, or that they are “native speakers” of the digital language. Nevertheless, 
there is no evidence that their digital native characteristics determine whether or 
not they would use technology in the classroom. Although not widely evaluated, 
the four-factor, 21-item Digital Nativity Assessment Scale (DNAS) was one of the 
first instruments to assess digital nativeness (DN). This study aim is to explore the 
influence of pre-service teachers’ DN on their intention to use technology in the 
future classroom in Serbia, by evaluating the DNAS on Serbian sample and using 
it for measuring the DN. Six variables were incorporated to examine their mutual 
relationships based on technology acceptance model: digital nativeness, behavioral 
intention (BI), perceived usefulness (PU), perceived ease of use (PEU), subjective 
norm (SN), and technological complexity (TC). Data were collected from 688 pre-
service teachers in Serbia. Exploratory factor analysis confirmed a four-factor model 
for the DNAS, and Serbian pre-service teachers demonstrated a high level of DN. 
To evaluate the hypothesized model structural equation modeling was utilized. The 
suggested model had a good fit for describing the BI of Serbian pre-service teachers, 
accounting for 27.1% of the variance in BI. It was found that direct dominant predic-
tors of BI are digital native traits, perceived usefulness, and perceived ease of use. 
Significant influence of digital native traits on all other variables in the model was 
also confirmed. The implications for theory and practice are discussed.
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1  Introduction

Almost every aspect of civilization is influenced by technology. Todays’ educa-
tion has the explicit goal of assisting students in becoming digitally literate citi-
zens capable of coping with the dynamics and complexities of today’s society 
(Fraillon et  al., 2014). Technology integration in education has gotten a lot of 
attention and discussion among educational stakeholders, due to COVID-19 
sweeping the globe. Because of that, teachers and teacher educators are urged to 
use technology into their classrooms, either as a learning aid (i.e. through various 
synchronous online teaching platforms) or a formative evaluation method (Straub, 
2009; Zhao & Zhao, 2021). However, this advancement demands the effective 
integration of technology into learning and teaching environments (OECD, 2015; 
Siddiq et al., 2016). For this purpose, it is important to understand the behavioral 
characteristics of students and especially their teachers as any attempt to integrate 
technology into the learning and teaching process relies heavily on the support of 
teachers engaged (Prensky, 2007).

Prensky (2001) introduced the phrase “digital natives” referring to people born 
after 1980 who are conversant with digital technology, and utilize them for a vari-
ety of purposes as they grew up in the digital era. “Digital immigrants” has been 
coined to characterize their older counterparts, who rather than growing up with 
digital systems, learn about them later in life (Prensky, 2001).

According to Prensky (2001) digital natives: are accustomed to getting infor-
mation in a very short period of time; enjoy parallel processing and multitasking; 
prefer visuals to text rather than the other way around; operate best when they 
are connected; prefer access that is random (like hypertext); thrive on frequent 
rewards and instant gratification; would rather play games than do “serious” 
work. Digital nativeness is defined in this study as the degree to which a person 
embodies the traits associated with digital natives.

Nevertheless, some academics dismiss the concept of the digital native, 
even calling it a myth (Bennett & Maton, 2010; Kirschner & De Bruyck-
ere, 2017). However, Judd’s (2018) findings show that the term is still being 
utilised in studies. Despite harsh criticism, the digital native frame has had 
such an influence on academics and practitioners that it continues to inform 
research practice in education (Kesharwani, 2020; Kirschner & De Bruyckere, 
2017; Helsper, 2020; Huang et al., 2021). Wilson et al. (2020) suggest that a 
greater understanding of this suggested phenomena or the continuous devel-
opment of a better model for comprehending the needs of generations beyond 
1980 are both required.

The researchers argue about whether age or other variables should be used 
to define digital natives (Huang et al., 2021). Socially advantaged older people 
have been found to be more tech-savvy than socially disadvantaged younger 
ones (Hsieh et al., 2011). Thinyane (2010) found that not only are students in 
a single developing country diverse in terms of technology usage and expe-
rience, but that there are also differences in students’ experiences among 
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developing and developed countries. Helsper (2020) analysed internationally 
comparative datasets and found that young people continue to face challenges 
in participating in digital societies. Differences exist in access, digital media 
use, skills, as well as the positive and negative effects that result. Inequalities 
will remain until the socio-digital environment improves (Helsper, 2020). On 
the other hand, Huang et al. (2021) found that experienced university teachers 
in China also demonstrate clear digital native traits that are similar to those of 
digital native students.

Helsper and Eynon (2010) noted that a multigenerational perspective has been 
exaggerated, and that all individuals living in the digital age should have comparable 
characteristics, regardless of generation. It is more important to determine if a person’s 
digital orientation is determined by their date of birth or by their level of experience, 
exposure, or competence with new technologies (Helsper & Eynon, 2010).

This study aims to distinguish digital users based on their behavioral characteris-
tics rather than their age. For that purpose, we used Digital Natives Assessment Scale 
(DNAS), a 21-item, 4-factor model (Teo, 2013), to measure digital nativeness. Despite 
the fact that it has not been widely validated, the scale could be useful in evaluating 
participants’ attitudes and behaviors in relation to the common traits associated with 
digital natives.

Researchers are struggling to understand what are the obstacles and motivators for 
teachers’ use of technology in schools. By concentrating on teachers’ acceptance of 
technology, a large body of literature has been published about the factors that influ-
ence this inclusion (Straub, 2009). The Technology Acceptance Model (TAM) has 
dominated the research scene. Individual behavioural intention to use technology is 
studied as a dependent variable in most studies on technology acceptance in educa-
tion, as it have been proven to impact actual use (Mei et al., 2018; Teo, 2009b; Teo & 
Milutinović, 2015; Teo et al., 2017).

Many variables can influence teachers’ intentions to use technology for future teach-
ing. Scherer et al. (2019) summarized the current body of research on pre-service and 
in-service teachers’ technology acceptance based on TAM by analyzing 114 empirical 
studies using a combination of meta-analysis and structural equation modeling tech-
niques. They found that TAM explains technology acceptance well, yet, the importance 
of external variables has been stressed out.

Because of their current status as students, and possibly digital natives, as well as 
their future profession as teachers, pre-service teachers from a developing country were 
chosen for this study. Pre-service teachers, who are digital natives according to Pren-
sky’s (2001) description, should be eager to employ technology in the classroom just 
because they have grown up with it. However, there is no evidence that their DN traits 
actually predict their intention to use technology in the classroom. From the literature, 
no research concerning the influence of digital native traits on pre-service teachers’ 
adoption of technology has been located. This research will focus on examining the 
DNAS scale on Serbian sample for measuring digital native traits in order to investigate 
the influence of these characteristics on pre-service teachers’ intention to utilise tech-
nology in future teaching using the extended TAM.
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2 � Literature review

2.1 � Research in technology acceptance

Several intention-based acceptance/adoption theories have been developed 
throughout the years to explain and predict technology uptake. The majority of 
them have been empirically tested in a variety of educational settings. Some of the 
most popular and studied models and theories are Fishbein and Ajzens’ theory of 
reasoned action (TRA) (Fishbein & Ajzen, 1975), technology acceptance model 
(TAM) (Davis et  al., 1989), Ajzens’ (Ajzen, 1991) theory of planned behavior 
(TPB), and the unified theory of acceptance and use of technology (UTAUT) 
(Venkatesh et al., 2003). In these, technology acceptance was defined or assessed 
as a behavioral intention, and/or use (self-reported or observed) (Davis, 1989; 
Davis et al., 1989; Pynoo et al., 2012; Venkatesh et al., 2003). Teo and van Schaik 
(2012) evaluated four models (TAM, TPB, TRA, and integrated) to see which 
one predicted pre-service teachers’ intentions to utilize technology the best. The 
results, however, show that the models’ explanatory power is similar.

Due to its ability to explain variance in the intention to use technology or 
actual usage, as well as the ease with which it can be specified within structural 
equation modeling frameworks, the TAM has gained popularity and is arguably 
the most powerful framework for describing users’ acceptance of technology in 
education (Scherer et  al., 2019). The TAM mainly comprises perceived ease of 
use (PEU), and perceived usefulness (PU) in explaining behavioral intentions 
(BI) directly or indirectly (Davis, 1989). PEU is defined as “the degree to which 
a person believes that using a particular system would be free of effort” while 
PU refers to “the degree to which a person believes that using a particular sys-
tem would enhance his or her performance” (Davis, 1989, p. 320). The degree 
of willingness to use technology reflects one’s behavioral intention. Furthermore, 
according to the TAM, users’ perceptions of a technology’s usefulness and ease 
of use affect their attitudes toward it, which influence their behavioral intentions 
to use it. On the other hand, Venkatesh et al. (2003) argue that when constructs 
linked to performance and effort expectations are included in the model, the atti-
tudinal components become insignificant. Thompson et  al. (1991) found that 
attitude had no relevance in the presence of such other constructs. Additionally, 
Teo (2009a) found that attitude had no effect on the overall variance accounted in 
technology usage by a sample of pre-service teachers showing the TAM’s attitude 
construct to be unnecessary. Hence, attitude toward use of technology was omit-
ted from this study.

The TAM defines the relationships between users’ PU, PEU, and their BI (Davis 
et al., 1989; Pynoo et al., 2012; Venkatesh et al., 2003). The direct and indirect influ-
ences of PEU and PU are proposed to affect intention to use technology. Further-
more, the PEU is hypothesized to have a direct significant influence on PU.

Based on the previous, the following hypotheses were formulated:
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H1: perceived usefulness (PU) significantly influences behavioral intention 
(BI).
H2: perceived ease of use (PEU) significantly influences behavioral intention 
( BI).
H3: perceived ease of use (PEU) significantly influences  perceived useful-
ness (PU).

TAM has been widely praised; however, its parsimonious nature, robustness, and 
predictive ability have been criticized for being restricted to a specific context and 
for offering only basic information about the adoption of a certain technology (Tsai, 
2015). Since the original TAM was designed and verified as a model to be utilized 
in western developed countries, critics also focused on its limited application in edu-
cation settings in developing countries (Teo et al., 2018). Furthermore, in develop-
ing countries, there has been little study on pre-service teachers’ intentions to use 
ICT in their teaching practice (Teo & Milutinović, 2015; Teo et al., 2017).

There have been suggestions that the model should be extended and expanded 
with external variables to address more sophisticated educational relationships in 
order to improve its explanatory power (Abdullah & Ward, 2016). Multiple extended 
TAM models have been proposed and validated for understanding the intention of 
pre-service and in-service teachers to utilize different technologies (e.g., Fathali & 
Okada, 2018; Mei et al., 2018; Munoz-Carril et al., 2020; Teo et al., 2017; Teo & 
Van Schalk, 2009). Different external variables from other theories, such as TRA, 
TPB, and UTAUT, have been adopted in these extended TAMs. There is a body of 
research with extended TAMs in investigating the acceptance of technology among 
pre-service teachers (Liu et  al., 2019; Mei et  al., 2018; Teo & Milutinović, 2015; 
Teo et al., 2017; Teo et al., 2019a, 2019b). In order to investigate pre-service teach-
ers’ intention to use technology among Serbian participants an extended TAM was 
used in this study.

2.2 � Subjective norm

Subjective norm is defined in TRA (Fishbein & Ajzen, 1975) as “the person’s per-
ception that most people who are important to him or her think he or she should or 
he or she should not perform the behavior in question” (p. 302). The degree to which 
pre-service teachers in Serbia regard the expectations of the “essential” or “refer-
ent” people (e.g. leaders, teachers, students, colleagues) in our study is referred to 
as the subjective norm. As digital natives function best when networked with other 
people, we expect that subjective norm will be an important factor in determining 
pre-service teachers’ intentions to use technology.

One of the key variables in the TRA, TPB, and UTAUT theories, with direct or 
indirect influence on BI is subjective norm or social influence. The original TAM 
was extended in many educational contexts by incorporating subjective norm as an 
external variable (Ma et al., 2005; Teo & Milutinović, 2015). Multiple meta-analy-
ses using teacher samples found that SN had a positive influence on both PEU and 
PU (Abdullah & Ward, 2016; Schepers & Wetzels, 2007; Scherer et al., 2019).
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In the combined meta-analysis with structural equation modeling of 114 empiri-
cal studies, Scherer et al. (2019) found subjective norm to be one of the most impor-
tant predictors of PU, and important in predicting PEU. Abdullah and Ward (2016) 
in the meta-analysis of 107 scholar papers found positive influence of SN on both 
PEU and PU, with larger effects on PEU, which was also confirmed in meta-analysis 
of Scherer et al. (2019). Mei et al. (2018) found a significant influence of SN on PU 
in a research exploring the factors that influence pre-service EFL teachers’ intention 
to utilize Web 2.0 technology for language instruction in the People’s Republic of 
China. Similar results were confirmed by Teo and Milutinović (2015) in the study 
on pre-service teachers’ intention to utilise technology in the mathematics classroom 
in Serbia. In the research on technological adoption, the impact of SN on behavioral 
intentions has been well documented (Taylor & Todd, 1995; Teo et al., 2019a). Pre-
vious research on university students’ intentions to use Internet-based technologies, 
have also confirmed the influence of subjective norm on PU, PEU and BI (Huang 
et al., 2020b).

Based on the above, we formulated the following hypotheses:

H4: SN significantly influences PU.
H5: SN significantly influences BI.
H6: SN significantly influences PEU.

2.3 � Technological complexity

Thompson et al. (1991) used Rogers and Shoemakers’ (Rogers & Shoemaker, 1971) 
definition of complexity as “the degree to which an innovation is perceived as rela-
tively difficult to understand and use” (p. 154) to define complexity of PC use. In 
our study, students’ perceptions of the difficulties with understanding and using 
technology are referred to as technological complexity (TC). Although TC and PEU 
may share some similarities, these two constructs are considered different because 
the PEU measures the effort needed to use technology, whereas TC refers for the 
amount of time and difficulty it takes to understand and use technology (Teo et al., 
2018).

In order to examine technology acceptance among pre-service teachers, Teo 
(2009b) surveyed 475 participants in Singapore and found that TC has a significant 
influence on PEU. In another study, Teo et al. (2018) investigated English teachers’ 
intentions to use technology in their classroom practice in China and found that PEU 
was significantly negatively influenced by TC. This relationship was also confirmed 
in subsequent studies on university students’ acceptance of different online technol-
ogies (Khlaisang et al., 2021; Teo et al., 2019b).

Although pre-service teachers are in the age group that represent digital natives 
who are supposed to be familiar and grew up with technology (Huang et al., 2021; 
Prensky, 2001; Teo, 2016), they may still meet certain challenges when using it for 
learning. Additionally, since they are used to receiving information really fast and 
thrive on instant rewards and gratification, it is reasonable to expect that additional 
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time demanded for learning how to use some technology might negatively influence 
their perception of ease of use.

Therefore, we proposed the following hypothesis.

H7: TC significantly negatively influences PEU.

2.4 � Digital natives

Prensky (2001) used the phrase “digital natives” in educational settings to 
describe a young generation of pupils who utilise a variety of technologies and 
are fluent in the digital languages of computers, digital games, videos, and social 
media on the Internet.

New generations are constantly connected to the rest of the world through a 
variety of technologies that have become ingrained in their daily lives (Prensky, 
2001; Bennett et al., 2008). According to previous studies, younger people place a 
greater importance on the PU of new technology and perceive it easier to use than 
older generations (Chung et al., 2010). Because they are more familiar with and 
oriented to omnipresent technology, younger generations are more likely to per-
ceive them as effortless than older generations (Chung et al., 2010). Morris et al. 
(2005) found that individual differences among users are essential in understand-
ing how and why users choose various technological choices. However, although 
pre-service teachers in this age group are familiar with Internet use and grew up 
with technologies (Huang et al., 2021) not all of them are digital natives. Partici-
pants who used technology for longer periods of time scored higher on the DNAS, 
suggesting that the participants’ computer experience influenced their perception 
of their digital native status (Teo, 2016). While most pre-service teachers con-
sidered themselves to be digital natives, Teo et al. (2016) found that significant 
differences were identified primarily in perceived competence and years of com-
puter usage, with no significant differences observed for age or gender.

Metallo and Agrifoglio (2015) found that digital natives are under more social 
pressure to use Twitter, and they believe it to be easier to use, although less use-
ful, than digital immigrants. Perceived usefulness, instructors’ influence, compat-
ibility, and behavioral intention were shown by Kesharwani (2020) to be more 
important factors in DNs’ acceptance of an IS than that of digital immigrants 
under sequential belief updating.

Zhao and Zhao (2021) emphasized the importance of including variables such 
as digital native traits when studying users’ technology adoption. They found that 
digital native traits were significantly related to PU, PEU, computer self-efficacy, 
attitudes, and BI, indicating their ability to predict university faculties’ adoption 
of online teaching.

Pre-service teachers with a greater level of digital nativeness are more likely to 
see technology as an easy to use beneficial tool in their future teaching. Also, the 
social pressure on digital natives to use technology is greater (Metallo & Agri-
foglio, 2015), and they will be more open to use it in their future classroom.

Therefore, we formulated the following hypotheses:
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H8: digital nativeness (DN) significantly influences perceived usefulness (PU).
H9: digital nativeness (DN) significantly influences subjective norm (SN).
H10: digital nativeness (DN) significantly negatively influences technological 
complexity (TC).
H11: digital nativeness (DN) significantly influences perceived ease of use 
(PEU).
H12: digital nativeness (DN) significantly influences behavioral intention (BI).

2.5 � DNAS in measuring pre‑service teachers’ digital native traits

Teo (2013) proposed Digital Natives Assessment Scale (DNAS), a self-report 
instrument, which has been designed to measure digital native traits. Teo (2013) 
recognized four characteristics that distinguish students’ digital native (DN) traits 
as they: have grown up with technology (Tech), rely on graphics to communi-
cate (Graph), are comfortable with multitasking (Multi), and thrive on immediate 
gratification and rewards (Reward).

Multiple researches have used the DNAS to assess students from various cul-
tures and to investigate correlations between digital native traits and other tech-
nology-centric variables since its release (Akçayır et  al., 2016; Shonfeld et  al., 
2021; Wang et al., 2019; Yurdakul, 2018). Few research, on the other hand, has 
sought to validate the structure in diverse populations (Chen et al., 2016; Huang 
et  al., 2021; Teo, 2016; Teo et  al., 2016; Wagner & Acier, 2017; Wilson et  al., 
2020). According to previous validation studies, the DNAS instrument verified 
by Teo (2013) and the accompanying model structure fit the data in French, Turk-
ish, Taiwanese, and Chinese populations. Although it was not found to be entirely 
applicable in the United States population (Wilson et al., 2020) it contributes to 
the debate about digital nativeness. For example, Huang et  al. (2021) assessed 
DNAS’ factor structure among Chinese university professors and examined their 
“digital native” characteristics. Their findings back up the DNAS’ measurement 
invariance across age, technology use years, teaching experience, and technol-
ogy-assisted teaching years.

2.6 � Present study

This study aims to examine the four-factor structure of the DNAS, the level of 
pre-service teachers’ digital native traits and whether DN in connection with the 
above discussed variables might significantly predict pre-service teachers’ inten-
tions to utilize technology for teaching in Serbian primary schools. This study’s 
utilization of pre-service teachers is designed to help us better understand how 
future teachers, as probably digital natives, could respond to technology.

Serbia is a developing country in south-eastern Europe with a population of 
7.12 million people. Serbian primary education is free and compulsory, and it is 
divided into two cycles of four years each: grades one to four and grades five to 
eight. Secondary education is available for free, although it is not compulsory. 
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Teachers at primary schools (grades one to four) receive their education at facul-
ties of education, whereas those in upper primary (grades five to eight) and sec-
ondary schools obtain their education at faculties that specialize in related fields 
(faculties of language, science, arts, and so on) (UNESCO-IBE, 2011).

Only a few studies have looked at the variables that impact Serbian pre-ser-
vice teachers’ intentions to utilize technology to date, mainly in the mathemat-
ics classroom (Milutinović, 2016; Teo & Milutinović, 2015; Teo et  al., 2017). 
Researchers in Serbia, as well as those in other developing countries, are inter-
ested in knowing more about the important factors in implementing technology in 
the classroom (Mei et al., 2018; Teo et al., 2014; Kafyulilo et al., 2015).

Using the above-mentioned acceptance theories and models, a research model 
was constructed for this study (see Fig.  1), which encapsulates six main factors: 
PEU – perceived ease of use, PU – perceived usefulness, TC – technological com-
plexity, SN – subjective norm, BI – behavioural intention to use technology, and DN 
– digital nativeness.

In accordance with the hypotheses, this study tries to answer the following 
research questions:

•	 Is the DNAS four-factor structure, which was previously identified, also present 
among pre-service teachers in Serbia, and what is the level of their digital native 
traits?

•	 How well does the research model (TAM plus digital nativeness, technological 
complexity, and subjective norm) describe intentions of pre-service teachers to 
utilize technology in Serbian primary schools?

Fig. 1   Research model. Note: PEU = perceived ease of use, PU = perceived usefulness, TC = technologi-
cal complexity, SN = subjective norm, BI = behavioural intention to use technology, Graph = reliant on 
graphics for communication, Reward = thrive on instant gratifications and rewards, Multi = comfortable 
with multitasking, Tech = grow up with technology, and DN = digital nativeness
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3 � Method

3.1 � Research participants and procedure

There were 688 pre-service teachers from faculties for teacher education in Serbia 
that participated in this study. In addition, each student who took part in the study 
was given informed permission, stating that their participation was optional, that 
any data gathered was de-identified, and that the information supplied was only for 
educational reasons. Justice, respect, autonomy, kindness, and secrecy were all pro-
tected as ethical values. The Research ethics Committee of the university affiliated 
with this study authorized all of the research techniques utilized in this investigation.

With their consent, pre-service teachers voluntarily participated in this research. 
The mean age of the participants was 20.92 years (Standard deviation (SD) = 2.76), 
and 9.6% (66) were males. The items in the survey were all provided in Serbian 
and were completed in the Google form questionnaires. Participants were informed 
about the study’s aim as well as their right to withdraw from the questionnaire at any 
time before or during completing it. The survey took about 15 min to complete.

3.2 � Instrument

In this study, the two-part multi-item research instrument is designed to explore 
participants’ intentions to use technology. The first part of the survey was intended 
for collecting participants’ demographic information, such as gender and age. The 
second part was designed for collecting participants’ self-reports on six variables 
and consisted of subscales for DN – digital nativeness (21 items - DNAS), PEU 
– perceived ease of use (4 items), PU – perceived usefulness (4 items), TC – techno-
logical complexity (3 items), SN – subjective norm (3 items), and BI – behavioural 
intention to use technology (3 items). Five-point Likert scale (from 1 = strongly dis-
agree, to 5 = strongly agree) was used to measure each item, except for DN where 
seven-point Likert scale was used (from 1 = strongly disagree, to 7 = strongly agree). 
Listed in the Appendix are all the items utilized in this examination, which were 
drawn from multiple published sources with well-documented reliabilities.

The author translated the DNAS and other scales, which were then evaluated by 
professor of English as a foreign language at the same university. Iterations were 
addressed as long as both translators were not in agreement. An external bilingual 
individual then edited a common version, which was subsequently back translated 
into English.

Thinyane (2010) found that use and access to different technologies is very 
diverse in developed and developing countries. However, mobile phone is a tool that 
South African students have a lot of access to and usage of (Thinyane, 2010). Yong 
and Gates (2014) also found that majority of students have full access to mobile 
computer, smart phone, and broadband Internet. To avoid these potential differ-
ences. we used the term technologies (i.e. personal computer, laptop, smartphone, 
tablet and Internet) instead of computer in all research scales.
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3.3 � Data analysis

An exploratory factor analysis (EFA) was utilized to investigate the underlying 
structure of the DNAS. We employed structural equation modeling (SEM) to ana-
lyse the data, which involves first testing for normality of the data and then build-
ing the research model. SEM is useful for analysing observed and latent variables 
relationships (Hoyle, 2011), and it is consistent with how hypotheses are concep-
tualized and stated statistically. Statistical operations were carried out with SPSS 
17.0 and Amos 18.0, and the maximum likelihood approach was utilized to estimate 
parameters.

Following recommendations of Anderson and Gerbing (1988), in a two-step 
approach, we started by estimating the measurement model, followed by estimating 
the structural model. The measurement model depicts how effectively unobserved 
(i.e. latent) constructs are measured by the observed indicators (i.e. items in the sur-
vey). Using the six constructs for this study, the measurement model was described 
as a congeneric model with uncorrelated errors. The hypothesized relationships in 
the model between the endogenous and exogenous variables were investigated in the 
next step.

Researchers propose a minimum sample size of 200 (Boomsma, 1987) when 
employing maximum likelihood estimation in SEM to obtain reliable findings. For 
data analysis in this study maximum likelihood was considered to be an appropriate 
approach because the sample size was 688.

Researchers have also advocated Hoelter’s critical N, which specifies how small a 
sample size must be for a result to be no longer significant (alpha = 0.05). Given the 
sample size of 688, and Hoelter’s critical N of 335, SEM is considered an acceptable 
approach for the analysis of the data.

Table 1   Descriptive statistics of the study constructs

Construct Mean Standard 
deviation

Skewness Kurtosis

Age 20.92 2.76 4.80 32.85
Perceived usefulness (PU) 4.21 0.80 −1.03 1.05
Perceived ease of use (PEU) 4.11 0.76 −0.78 0.49
Subjective norm (SN) 3.43 1.00 −0.31 −0.31
Technological complexity (TC) 1.94 0.88 0.83 −0.14
Behavioural intention to use technology (BI) 3.96 0.90 −0.82 0.59
Digital nativeness (DN) 5.53 0.90 −0.77 0.93
Grow up with technology (Tech) 5.89 1.11 −1.35 1.71
Comfortable with multitasking (Multi) 5.68 1.22 −1.08 0.73
Reliant on graphics for communication (Graph) 4.58 1.46 −0.34 −0.67
Thrive on instant gratifications and rewards (Reward) 5.97 1.00 −1.33 1.88
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4 � Results

4.1 � Descriptive statistics

The descriptive statistics of the variables as calculated by SPSS, are shown in 
Table  1. With the exception of TC, the means of all constructs were above the 
scale’s midpoint of 3.00 (4.0 for DN), which indicated mostly favorable responses 
to the constructs of the model. Except for the Age, the skewness and kurtosis were 
found to be within the level guidelines, i.e. |3| and |10| (Schumacker & Lomax, 2010; 
Kline, 2011). Therefore for this study’s data, univariate normality was assumed.

4.2 � DNAS analysis and pre‑service teachers’ level of DN

To investigate the underlying structure of the DNAS, an exploratory factor analysis 
utilizing principle components analysis (PCA) with varimax rotation was performed 
on the 21 items, similar to Teo (2013). The number of components was determined 

Table 2   Exploratory factor 
analysis of the DNAS

Extraction Method: Principal Component Analysis; Rotation 
Method: Varimax with Kaiser Normalization

Component

1 2 3 4

DN1 0.711
DN2 0.773
DN3 0.571
DN4 0.701
DN5 0.648
DN6 0.630
DN7 0.647
DN8 0.720
DN9 0.818
DN10 0.672
DN11 0.658
DN12 0.712
DN13 0.782
DN14 0.865
DN15 0.823
DN16 0.602
DN17 0.571
DN18 0.795
DN19 0.734
DN20 0.779
DN21 0.704
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using Kaiser’s eigenvalues-larger-than-one criteria, which retains all factors with 
eigenvalues larger than 1.0. Additionally, Hair Jr. et al. (2010) have recommended 
a factor loading of ± 0.50 for items to achieve the minimum level of practical sig-
nificance for interpretation. As shown in Table 2, the four-factor structure was con-
firmed with acceptable loadings of all items.

Based on this, according to Teo’s (2013) factor pattern, items were divided into 
four constructs and our research model was tested using a second order model for 
the DN.

As shown in Table 1, the DNAS constructs’ mean scores for pre-service teach-
ers varied from 4.58–5.97 (SD ranged from 1.00 to 1.46). Furthermore, cumulative 
percent of means below the scale’s midpoint of 4.0 for DN was 5.7%, for Tech 6.7%, 
Multi 10.2%, Graph 32.4%, and for Reward 4.7%. This answered the first research 
question.

4.3 � Evaluation of the measurement model

The measurement model with uncorrelated errors was evaluated using confirma-
tory factor analysis (CFA) and maximum likelihood estimation (MLE). We looked 
at Mardia’s (1970) normalized multivariate kurtosis value, since the MLE technique 
presume multivariate normality of the perceived variables. For the present sample 
data, the Mardia’s coefficient was 414.61, which was lower than 1520, as computed 
using the formula p (p + 2), where p (38) is the model’s number of observed items 
(Raykov & Marcoulides, 2008). We assumed multivariate normality of the data 
based on this.

We used the composite reliability (CR) and average variance extracted (AVE) to 
determine the data’s reliability, both of which are considered sufficient when they 
surpass or equal 0.50 (Fornell & Larcker, 1981). In addition, the items’ standardized 
estimates were examined. If an item’s standardized estimate is larger than 0.50, it 
adequately explains the underlying construct (Hair Jr. et  al., 2010). The construc-
tions’ standardized estimates, AVEs, and CRs, were all within acceptable limits 
(Table 3) except for Tech and Multi with AVEs less than 0.5. Nevertheless, since 
CRs for Tech and Multi were higher than 0.6, the convergent validity of the con-
structs was still adequate (Fornell & Larcker, 1981).

We used the ratio of the χ2 to its degree of freedom (χ2/df) and the minimum 
fit function (χ2), to assess the measurement model’s fit, with a value of 3.0 being 
regarded optimal (Kline, 2011). The Comparative Fit Index (CFI) and Tucker–Lewis 
Index (TLI) were also included, where acceptable fit is indicated by values greater 
than 0.90 (Hair Jr. et al., 2010; Schumacker & Lomax, 2010).

In addition, the root mean square error of approximation (RMSEA) was con-
sulted, with values less than 0.06 indicating good model fit, as well as the standard-
ised root mean residual (SRMR), with values less than 0.08 showing good model fit 
(Steiger, 2007). This study’s measurement model shows a acceptable fit to the data, 
according to CFA findings (χ2 = 1400.35, χ2/df = 2.25, CFI = 0.94, TLI = 0.93, 
RMSEA = 0.043 [90% CI: 0.040–0.046], SRMR = 0.043).
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Table 3   Estimates of the 
measurement model

PEU = perceived ease of use, PU = perceived usefulness, TC = tech-
nological complexity, SN = subjective norm, BI = behavioural 
intention to use technology, Tech = grow up with technology, 
Multi = comfortable with multitasking, Graph = reliant on graph-
ics for communication, Reward = thrive on instant gratifications 
and rewards, and DN = digital nativeness; UE = unstandardized 
estimates; SE = standardised estimates; AVE = average variance 
extracted; CR = composite reliability; α = Cronbach’s Alpha

Variable Item SE UE t-Value AVE CR α

PU PU1 0.80 0.92 26.15 0.68 0.89 0.89
PU2 0.90 1.03 31.97
PU3 0.88 1.00
PU4 0.69 0.77 20.97

PEU PEU1 0.85 0.95 23.62 0.61 0.86 0.86
PEU2 0.78 0.94 22.26
PEU3 0.82 1.00
PEU4 0.68 0.83 17.81

SN SN1 0.80 1.17 16.42 0.57 0.80 0.79
SN2 0.78 1.08 16.27
SN3 0.68 1.00

TC TC1 0.75 1.00 0.55 0.79 0.79
TC2 0.73 1.11 16.04
TC3 0.75 1.20 16.29

BI BI1 0.85 1.00 0.78 0.91 0.91
BI2 0.90 1.10 29.88
BI3 0.89 1.08 29.63

Tech DN1 Tech 0.61 0.99 11.70 0.42 0.78 0.79
DN2 Tech 0.67 1.30 12.42
DN3 Tech 0.56 1.00
DN4 Tech 0.69 1.65 12.65
DN5 Tech 0.71 1.65 12.87

Multi DN6 Multi 0.70 0.94 17.08 0.46 0.84 0.84
DN7 Multi 0.75 1.00
DN8 Multi 0.60 0.71 14.60
DN9 Multi 0.75 0.99 18.33
DN10 Multi 0.66 0.65 16.25
DN11 Multi 0.62 0.88 15.16

Graph DN12_Graph 0.65 0.85 16.57 0.57 0.86 0.85
DN13_Graph 0.78 1.00
DN14_Graph 0.83 1.12 21.29
DN15_Graph 0.85 1.14 20.37
DN16_Graph 0.62 0.75 15.85

Reward DN17_Reward 0.57 1.07 13.62 0.50 0.83 0.82
DN18_Reward 0.76 1.00
DN19_Reward 0.71 1.10 18.20
DN20_Reward 0.84 1.22 20.74
DN21_Reward 0.64 0.92 16.32
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4.4 � Evaluation of the structural model

After obtaining an acceptable fit for the CFA model (Fig. 2), the structural model’s 
fit was assessed using the same indices and goodness of fit criterias as for the CFA. 
The structural model in this study had an acceptable fit to the data, according to 

Fig. 2   Results of the hypotheses testing and standardised path coefficients. Note: PEU = perceived ease 
of use, PU = perceived usefulness, TC = technological complexity, SN = subjective norm, BI = behav-
ioural intention to use technology, Tech = grow up with technology, Multi = comfortable with multi-
tasking, Graph = reliant on graphics for communication, Reward = thrive on instant gratifications and 
rewards, and DN = digital nativeness. The numbers represent the values of standardized direct effects of 
variables. *** p < 0.001, ** p < 0.01, * p < 0.05

Table 4   Testing results of the hypotheses

* p < 0.05; ** p < 0.01; *** p < 0.001

Hypotheses Path Path coefficient t- value Results

H1 PU → BI 0.160 2.890** Supported
H2 PEU → BI 0.114 2.283* Supported
H3 PEU → PU 0.381 9.138*** Supported
H4 SN → PU 0.396 9.256*** Supported
H5 SN → BI 0.086 1.725 Not supported
H6 SN → PEU 0.213 5.170*** Supported
H7 TC → PEU −0.464 −10.275*** Supported
H8 DN → PU 0.109 2.538* Supported
H9 DN → SN 0.276 5.112*** Supported
H10 DN → TC −0.228 −4.356*** Supported
H11 DN → PEU 0.266 5.509*** Supported
H12 DN → BI 0.316 5.756*** Supported
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the findings (χ2 = 1501.54, χ2/df = 2.33, CFI = 0.93, TLI = 0.93, SRMR = 0.052, 
RMSEA = 0.044 [90% CI: 0.041–0.047]).

4.5 � Tests of the hypotheses

The results of testing all 12 hypotheses and three endogenous variables (per-
ceived usefulness, perceived ease of use, and behavioral intention to use technol-
ogy) are shown in Table 4, and in Fig. 2.

The findings indicated that pre-service teachers’ intentions to use technology in 
their classrooms were significantly influenced by DN, PU, and PEU. On the other 
hand, PU was significantly influenced by PEU, SN, and DN, while PEU was influ-
enced by TC, DN, and SN.

Out of five endogenous variables in Fig.  2, the direct predictors (TC, DN, and 
SN) explained 43% of the variance in the variable PEU. PU’s direct predictors 
(PEU, SN, and DN) explained 46.8% of its total variance. DN explained 7.6% of 
the variance in the SN, and 5.2% in TC. Finally, the findings indicated that six vari-
ables explained 27.1% of the total variance BI, including direct (DN, PU, and PEU) 
and indirect influences (TC, PEU, and SN). This provided an answer to the second 
research question.

5 � Discussion

This study’s goal was to investigate the four-factor structure of the DNAS scale for 
measuring the level and exploring the influence of digital native traits on pre-ser-
vice teachers’ acceptance of technology in Serbia. We created a study model that 
included TAM as the core framework, as well as digital nativeness, subjective norm, 
and technical complexity as external variables. Using structural equation modeling, 
we found that the suggested research model in this study has an adequate fit to the 
data collected.

5.1 � Factor structure of the DNAS and the level of pre‑service teachers’ digital 
native traits

The study’s initial goal was to assess the DNAS factor structure and investigate 
the digital nativeness level of Serbian pre-service teachers. Exploratory and con-
firmatory factor analysis results indicated that data fully fit Teo’s (2013) validated 
21-item, four-factor model for measuring the perception of digital native traits in 
Serbian pre-service teachers.

Our findings suggest that the DNAS is a reliable instrument for assessing Ser-
bian pre-service teachers’ digital native traits. This finding is consistent with previ-
ous studies among in-service teachers in China (Huang et al., 2021) and pre-service 
teachers in Turkey (Teo et al., 2016), and contrary to the study with American pre-
service teachers (Wilson et  al., 2020). One explanation for these results might be 
that in all research scales, we used the term technologies instead of computer to 
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prevent possible discrepancies. Technologies refer to personal computers, laptops, 
smartphones, tablets, and the Internet.

Because the majority of the responses on the DNAS items were above the 
mean level, our findings further suggest that Serbian pre-service teachers demon-
strated overall favorable digital native traits. On the other hand, cumulative percent 
for DNAS constructs’ mean scores below the scale’s midpoint of 4.0 varied from 
4.7% for Reward to 32.4% for Graph. This suggests that not all pre-service teachers, 
although born after 1980, exhibit clear digital native traits, particularly in terms of 
relying on graphics for communication. Furthermore, the mean values of the four 
constructions in the DNAS varied from 4.58–5.97 (SD ranged from 1.00 to 1.46), 
showing that pre-service teachers generally had a positive attitude toward these 
structures. This is consistent with a recent research (Teo et al., 2016), which found 
that pre-service teachers responded well to DNAS items (all items were between 
3.63 and 6.14, with SD range from 1.25–2.09). This is understandable consider-
ing that their mean age was 20.92 years (SD = 2.76) meaning that they were born 
and raised in an era when technology was ubiquitous in terms of accessibility and 
appeal. On the other hand, our results were more similar to those of Huang et al. 
(2021) and Zhao and Zhao (2021) who examined the digital native traits of uni-
versity teachers in China and intentions of Chinese university faculties to employ 
technology for online teaching respectively. Consistent with Wang et al. (2019), our 
findings suggest that given the extensive use of technology in educational settings 
for a variety of purposes, examining individual differences among pre-service, in-
service or university teachers by evaluating a number of characteristics of digital 
natives directly, may provide a more thorough assessment of digital nativeness than 
the age cohort method.

5.2 � Pre‑service teachers’ intentions to use technology

This study examined the extent to which DN, PEU, PU, SN and TC, influenced pre-
service teachers’ behavioral intention (BI) to utilise technology in the future class-
room. This was accomplished by determining the significant direct and indirect pre-
dictors and assessing the amount of variance in BI explained by PEU, PU, TC, SN 
and DN.

This study revealed that five factors, DN, PEU, PU, TC, and SN, explained 27.1% 
of the variance in BI using structural equation modeling. All of the hypotheses con-
cerning the key TAM variables were supported (H1 to H3), which is consistent with 
previous research in a variety of educational contexts (Liu et al., 2019; Milutinović, 
2016; Pynoo et al., 2012; Teo et al., 2018; Teo & Milutinović, 2015).

This study indicates that PU was a direct significant positive predictor of BI, 
implying that pre-service teachers who believe technology is helpful are more 
inclined to employ it in the classroom. This finding is consistent with research into 
the factors that impact pre-service teachers’ intention to use Web 2.0 tools in the 
classroom (Teo et al., 2019a). In addition, this study found that PEU has a significant 
effect on PU, which is consistent with previous TAM research (Mei et al., 2018; Teo 
et al., 2018; Liu et al., 2019; Teo, 2009b). The data demonstrate that PU mediated 
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the impact of PEU on BI. When Serbian pre-service teachers find technology ben-
eficial and easy to use, they are more likely to employ it in their future classrooms.

These findings, which are in line with previous research on pre-service teach-
ers’ technology acceptance (Fathali & Okada, 2018; Munoz-Carril et al., 2020; Teo 
et al., 2018), backed up the importance of PU and PEU in determining pre-service 
teachers’ intention to use technology.

Pre-service teachers in Serbia appear to need to acquire more favorable opinions 
about the efficiency and simplicity of use of technology in the classroom in order to 
be willing to utilize it on a regular basis in their teaching. This may be accomplished 
through gaining expertise with the use of technology in the classroom.

Contrary to Teo et  al. (2019a), and Huang et  al. (2020b), no significant effect 
of SN on BI was identified in this study,, rejecting the hypothesis H5. On the other 
hand, this was in accordance with the findings of other research (Lai & Chen, 2011; 
Motaghian et al., 2013; Teo & Milutinović, 2015), who found no effect of SN on 
BI. Because of the educational context which is more complex than everyday use of 
technology, it is possible that this study’s participants did not consider the sugges-
tions of significant individuals whose opinions they value as critical to their deci-
sions to employ technology in future teaching. Our results demonstrate that they 
respect their opinion only through PU and PEU, i.e. if they can demonstrate the use-
fulness and ease of using technology in the classroom.

Another explanation might be related to the fact that there were much more 
females in the sample than males comparable to a study with consistent results 
on the sample of pre-service mathematics teachers in Serbia (Teo & Milutinović, 
2015). Males, on the other hand, dominated the Teo et al. (2019a) pre-service teach-
ers study sample and were relatively equally distributed in the study of Huang et al. 
(2020b). Cheung et al. (2002) found that male undergraduate students’ intentions to 
utilize an Internet-based learning medium are influenced by subjective norm more 
than female students’ intentions. They argue that collectivist-based sample may be 
the reason for this result. Collectivism refers to a society in which people are born 
into strong, cohesive in-groups that continue to protect them for the rest of their 
lives in exchange for unquestioned devotion (Hofstede et al., 2005). Given the fact 
that according to Hofstede et  al. (2005) Serbia is considered to be a collectivistic 
society, it is possible that people who are influential in participants’ behavior may be 
their elders. Since they are often less familiar with technologies than younger gen-
erations and may not be competent with technology themselves, their recommenda-
tions are unlikely to impact young pre-service teachers’ technology use in the future 
classroom.

Furthermore, the findings reveal that PU moderated the effect of SN on BI. The 
lack of evidence for H5 and support for H1 and H4 demonstrated the mediating 
impact of SN on BI. The support for H4 is consistent with some earlier research 
(Huang et al., 2020b; Teo et al., 2019a, 2019b). Pre-service teachers in this study 
were unlikely to utilize technology for teaching merely because people who are 
important to them thought it should or should not be used; they needed to have a 
favorable attitude about usefulness as well.

In accordance with the findings of Huang et al. (2020b) and Abdullah and Ward 
(2016), subjective norm was also found to significantly predict PEU. In addition, the 
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fact that H2 and H6 were supported in this study and H5 was not, show that PEU 
had mediated the effect of SN on BI. When pre-service teachers think that people 
who are important to them will support their use of technology in the classroom, 
they perceive technology as easy to use, which leads to a positive behavioral inten-
tion to use it.

This study reported significant negative impact of TC on PEU suggesting that the 
more time and difficulty it takes for pre-service teachers to grasp and use technology 
in the classroom, the less they will perceive it as effortless i.e. easy to use. This is 
supported by a research involving university teachers in China (Teo et al., 2018). On 
the other hand, our findings contradict those of Huang et al. (2020a), who investi-
gated possible antecedents of perceived ease of Internet use for learning among Chi-
nese higher-education students. Because university students are digital natives who 
grew up with the Internet and technology, it is expected that they may have a better 
degree of technological proficiency than university teachers. It is likely that they do 
not see using the Internet for learning as a complicated activity. On the other hand, 
teachers and pre-service teachers may struggle with how to utilize technology to 
improve teaching and see it as a complex activity that affect their PEU, which may 
explain the significance of the TC-PEU connection. Also, in another study, Huang 
et  al. (2021) found that university teachers in China demonstrated characteristics 
similar to digital natives.

When it comes to integrating technology into the classroom, it appears to be more 
difficult than using the Internet for learning. The research’ conflicting findings can 
be more attributed to the diverse use of technology than generations polled in men-
tioned studies. This discrepancy emphasizes the need of taking context of technol-
ogy use into account when it comes to technological acceptance and behavior, not 
only user characteristics.

All of the hypotheses involving digital nativeness were supported (H8 to H12) 
demonstrating the power of DN in predicting pre-service teachers’ acceptance of 
technology in the future classroom. DN was shown to be a significant positive pre-
dictor of PU, implying that the more pre-service teachers perceive they have digital 
native traits, the more they perceive technology as being useful in the classroom. 
This finding is consistent with some other research on information systems accept-
ance (Kesharwani, 2020; Metallo & Agrifoglio, 2015). According to Kesharwani 
(2020), DNs are better than digital immigrants at evaluating usefulness of informa-
tion systems. Metallo and Agrifoglio (2015) examined the impact of generational 
differences on Twitter usage and found that digital natives perceive Twitter to be less 
useful than do digital immigrants. Most age-related research in the field of informa-
tion systems implies that older users find technology less useful than younger users 
(Chung et al., 2010; Morris & Venkatesh, 2000; Morris et al., 2005). Prensky (2007) 
claims that students are demanding that these [new] technology be integrated into 
their education “in part because they are things that the students have already mas-
tered and use in their daily lives, and in part because they realise just how useful 
they can be” (p. 41).

The fact that DN has a direct significant impact on the SN in this study indi-
cated that the more digital native traits pre-service teachers believe they possess, the 
more they perceive social pressure to use technology. According to studies, younger 
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generations, who probably have more DN characteristics, are more sensitive to 
social pressure from superiors and peers than elder generations (Vodanovich et al., 
2010). Metallo and Agrifoglio (2015) found that digital natives experience more 
social pressure to use Twitter than do digital immigrants. On the other hand, Morris 
and Venkatesh (2000) discovered that in the initial decision to adopt new technol-
ogy, older workers are more motivated by social factors than younger employees. 
Kesharwani (2020) found that instructors’ influence would better explain digital 
natives’ adoption of an IS than that of digital immigrants under sequential belief 
updating. Although the impact of social pressure varies depending on the technol-
ogy and context, it is clear that users with distinct digital native characteristics per-
ceive it differently.

This study revealed that DN has a significant negative impact on TC, confirming 
that the more pre-service teachers believe they possess digital native traits, the less 
time and difficulty it takes them to grasp and use technology. This is in line with 
Prensky (2001) who suggested that digital immigrants as “non-native speakers” 
of the digital language have additional challenges in adjusting to the new, rapidly 
changing technical world.

We discovered that DN has a significant effect on PEU, indicating that pre-ser-
vice teachers who believe they possess digital native characteristics are more likely 
to perceive technology as easy to use i.e. effortless. This is in line with findings 
of Metallo and Agrifoglio (2015) who found significant impact of DN-DI on PEU 
(p ≤ 0.001). Kesharwani (2020) stated that digital natives spend more time with 
omnipresent technology than digital immigrants, implying that DNs are more com-
puter-involved than DIs, and find technology more useful, and easier to use. Younger 
generations are more prone than elder generations to see technology as effortless 
since they are more accustomed with and oriented to it (Chung et al., 2010).

Our findings demonstrated that DN had the strongest explanatory power on BI. 
This was in line with Zhao and Zhao (2021). Pre-service teachers who believe they 
possess digital native characteristics are more likely to use technology in their future 
teaching. Under sequential belief updating, Kesharwani (2020) found that behavioral 
intention would better explain digital natives’ adoption of an IS than that of digital 
immigrants.

It is reasonable to believe that if pre-service teachers consider they have digital 
native traits, they will think utilizing technology in the classroom is useful and easy, 
feel social pressure to use it, think technology is less complicated, and will be more 
inclined to use it.

Although the results in this study supported all TAM hypotheses as expected, it 
revealed new information about digital nativeness and its link to other TAM varia-
bles, as well as subjective norms and technological complexity. When evaluating the 
factors that influence pre-service teachers’ acceptance of technology in the future 
classroom, we found that digital nativeness is a significant variable. The findings 
explain pre-service teachers’ intrinsic and extrinsic motivation to employ technol-
ogy in their future teaching in Serbia.
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5.3 � Limitation of the study and future research

This research has a number of limitations. First, data was obtained using self-
reports. While helpful and practical for technology acceptance studies, researchers 
have cautioned about using self-reports since the data may lead to response biases 
and may not reflect participants’ real feelings (Fan et al., 2006).

Second, other factors, such as information literacy (Çoklar et al., 2017), TPCK 
and experience (Teo et al., 2017; Milutinović, 2016) or satisfaction, perceived vol-
untariness, and habit (Chen et al., 2015), might be included in the model to better 
explain pre-service teachers’ intention to use technology in the future classroom.

Third, because our sample was limited to just pre-service teachers from a single 
developing country, the sample selection procedure may have been biased, limiting 
the generalizability of the findings in this study. This sample’s profile may not be 
representative of pre-service teachers in general due to cultural and socio-political 
factors. Additionally, in this research, there were far more female in the sample than 
male, and the effect of gender is usually related with culture, which may also intro-
duce a bias in the results.

To further explain disparities, future study may compare in-service teachers to 
pre-service teachers from developed and developing countries. An additional quali-
tative study, done as a supplement, could enhance interpretation of the results and 
depth of understanding pre-service teachers’ technology usage.

Furthermore, it would be useful to examine the relationships among experience 
with technology, digital competency, information literacy and digital native traits in 
the future research.

5.4 � Implications of the study

The findings contribute significantly to both theory and practice. This study 
addressed the research question of whether DNAS (Teo, 2013) could be useful in 
measuring the digital native traits by verifying the factorial structure of the DNAS 
using a sample of pre-service teachers in Serbia. Furthermore, the study validated a 
model that may be used to predict pre-service teachers’ use of technology in future 
teaching, which is the study’s theoretical contribution. This research has the poten-
tial to add to current arguments over the usefulness of DNAS and an extended TAM 
as a suggested model for explaining and predicting pre-service teachers’ technology 
usage, as well as existing literature on pre-service teachers’ technology acceptance. 
Furthermore, using an extended TAM in a developing country enables for the vali-
dation and robustness of the findings in both similar and different contexts.

The findings can help policymakers and teacher educators to get a better under-
standing of the factors that impact pre-service teachers’ acceptance of technology in 
developing countries like Serbia. The inclusion of DN to the TAM, which is already 
extended with SN and TC, adds to our comprehension of the issue. The findings of 
this study showed that an extended model with six variables (DN, SN, TC, PEU, 
PU, and BI) could be evaluated and examined among users in cultures where tech-
nological development is limited to determine the amount of variance explained in 
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technology acceptance among pre-service teachers. Other significant factors from 
the practice and theory, such as information literacy, experience, TPCK, satisfaction, 
perceived voluntariness and habit, should also be considered.

In terms of practice, this research has the potential to enlighten teacher educators 
in other developing countries with educational systems that are comparable to Ser-
bia’s, including countries in the Balkan area, Central Asia, and Latin America.

For example, all parties involved in pre-service teacher education (i.e. legisla-
tors, managers, and teacher educators) should encourage pre-service teachers to 
use technology and provide opportunities for them to do so successfully. Aside 
from digital skills, pre-service teachers should have their attitudes and percep-
tions addressed during their education. Furthermore, it should incorporate teach-
ing activities to assist pre-service teachers in cultivating positive attitudes toward 
technology’s usefulness and ease of use in order to improve their inclination to 
use it. If this were the case, pre-service teachers would be more motivated to use 
technology in their pedagogical practice in the future.

Digital technology immersion is not age-dependent, since elder populations 
could grow accustomed to it, while younger generations can focus on a smaller 
number of new technologies and their characteristics (Margaryan et al., 2011).

Several scholars have argued that today’s students are not “natively” competent 
(Bennett & Maton, 2010; Marksbury & Bryant, 2019). It should be clear that the 
terms “digital native” and “technological literacy” or “digital literacy” are not 
synonymous. In the study on the effects of pre-service teachers’ digital native 
traits and information literacy on online information search competency, Çoklar 
et al. (2017) found that both factors are significant predictors of competency with 
stronger correlations with information literacy than with digital native traits. Pro-
moting information literacy, coupled with improving technical skills, is essential 
for digital natives to fully exploit the Internet’s abundant potential (Çoklar et al., 
2017). According to the findings of Aharony and Gazit (2019), students who 
grew up with technology are more likely to have greater information literacy self-
efficacy. Shonfeld et al. (2021) found positive relationships between information 
literacy self-efficacy and digital native traits, as well as computer abilities.

Yurdakul (2018) found that technological pedagogical content knowledge 
(TPCK) competence is significantly influenced by digital native traits. TPCK 
consists of technological, pedagogical, and content knowledge (Mishra & Koe-
hler, 2006). It reflects a large body of advanced expertise on how to use technolo-
gies to enhance teaching. The results of a Serbian study examining the factors 
that may influence pre-service teachers’ adoption of innovative computer use in 
teaching mathematics showed that technological pedagogical content knowledge 
(TPCK) had the strongest explanatory power on BI, followed by experience and 
attitude (Teo et  al., 2017;Milutinović, 2016). Pre-service teachers’ TPCK needs 
to be upgraded through experience during education in order to result in positive 
attitudes towards applying technology and their acceptance of technology as use-
ful and easy to implement in teaching and learning. Consequently, the influence 
of this practice may increase the pre-service teachers’ intentions to utilise tech-
nology in their teaching.
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Digital nativeness may not imply pre-service teachers’ digital literacy, in its vari-
ous forms; digital fluency, and digital citizenship, but our findings demonstrate that 
it does influence their intention to use technology. Digital nativeness may also influ-
ence their TPCK, information literacy self-efficacy, information search competency. 
The findings of Della Ventura (2020) demonstrate that when students take control of 
the learning process via the use of technology, they may enhance their digital abili-
ties. Teachers should learn to recognize their students’ digital native traits encourag-
ing them to take charge of the learning process, teaching them the digital literacy 
pillars and allowing them to apply those pillars to meaningful purposes.

6 � Conclusion

This study investigated digital nativeness of pre-service teachers and its connec-
tion to the other variables that might predict intention to utilize technology in 
the future classroom in Serbia. The Technology Acceptance Model (TAM) was 
expanded to include digital nativeness, subjective norm, and technological com-
plexity to explain the participants’ intention to use technology.

Given the scarcity of similar studies in the Balkans, this study is one of the few 
that fills in gaps left by previous research on pre-service teachers’ digital native-
ness and technology adoption. It serves as a timely reminder to academics and 
practitioners to maximize the benefits of students’ familiarity with technology in 
order to help teachers and students achieve their learning outcomes.

Appendix. List of constructs and corresponding items used in this 
study

Digital nativeness (adapted from Teo, 2013)
I use the internet every day.
I use technologies for many things in my daily life.
When I need to know something, I search the internet first.
I use technologies for leisure every day.
I keep in contact with my friends through technologies every day.
I am able to surf the internet and perform another activity comfortably.
I can check email and chat online at the same time.
When using the internet for my work, I am able to listen to music as well.
I am able to communicate with my friends and do my work at the same time.
I am able to use more than one application on the computer at the same time.
I can chat on the phone with a friend and message another at the same time.
I use pictures more than words when I wish to explain something.
I use a lot of graphics and icons when I send messages.
I prefer to receive messages with graphics and icons.
I use pictures to express my feelings better.
I use smiley faces a lot in my messages.
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I wish to be rewarded for everything I do.
I expect quick access to information when I need it.
When I send out an email, I expect a quick reply.
I expect the websites that I visit regularly to be constantly updated.
When I study, I prefer to learn those that I can use quickly first.
Technological Complexity adapted from Thompson et al. (1991), Teo (2009b)
Using technologies is so complicated that it is difficult to know what is going on.
Using technologies involves too much time.
It takes too long to learn how to use the technologies.
Subjective Norm adapted from Taylor and Todd (1995), Venkatesh et  al. 

(2003), Teo (2009b)
People whose opinions I value will encourage me to use technologies.
People who are important to me will support me to use technologies.
People who influence my behaviour think that I should use the technologies.
Perceived Usefulness (adapted from Davis, 1989) Teo (2009b)
Using technologies will improve my work.
Using technologies will enhance my effectiveness.
Using technologies will increase my productivity.
I find technologies a useful tool in my work.
Perceived Ease of Use adapted from Teo (2009b)
My interaction with technologies is clear and understandable.
I find it easy to get technologies to do what I want it to do.
I find technologies easy to use.
It would be easy for me to become skillful at using the technologies.
Behavioural Intention to Use technologies in the Future Vocation (adapted 

from Davis, 1989)
I plan to use technologies often for teaching.
I will probably use technologies for teaching as soon as I start working.
I will use technologies for teaching in future.
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