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Abstract
The purpose of this research is to investigate factors affecting the acceptance and 
use of mobile technology in learning mathematics based on the Unified Theory of 
Acceptance and Use of Technology 2 (UTAUT2) model. The study group comprised 
of 1640 students attending different types of high schools and grade levels. The 
results of the study revealed both direct and indirect effects of exogenous variables 
on Behavioral Intention and Use Behavior in mobile technology acceptance of high 
school students in learning mathematics. It was also found that the theoretical model 
was confirmed adequately based on the regression coefficients, the significance of 
the regression coefficients, and the goodness of fit indices obtained from the SEM 
analysis. The strongest predictors of Behavioral Intention were Hedonic Motivation 
and Habit, respectively. Exogenous variables of the study together explained 76% of 
the variance in Behavioral Intention and 13% of the variance in Use Behavior.

Keywords Technology acceptance · UTAUT2 · Mobile technology · Learning 
mathematics · Structural equation modeling

1 Introduction

Thanks to rapid developments in mobile and wireless technologies, access to 
information has become easier and cheaper (Wu et  al. 2012). In addition, with 
the advanced technology development and high level of connectivity to the Inter-
net via wireless networks at schools, students and teachers are able to use their 

 * Kübra Açıkgül 
 kubra.acikgul@gmail.com; kubra.acikgul@inonu.edu.tr

 Süleyman Nihat Şad 
 nihat.sad@inonu.edu.tr

1 Department of Mathematics Education, Faculty of Education, İnonu University, Malatya, 
Turkey

2 Department of Curriculum and Instruction, Faculty of Education, İnonu University, Malatya, 
Turkey

/ Published online: 27 February 2021

Education and Information Technologies (2021) 26:4181–4201

http://orcid.org/0000-0003-2656-8916
http://orcid.org/0000-0002-3169-2375
http://crossmark.crossref.org/dialog/?doi=10.1007/s10639-021-10466-7&domain=pdf


1 3

mobile devices including smartphones, tablet computers, and laptops in class-
rooms for teaching and learning (Wong 2014). These developments have revolu-
tionized the know-how in education (Awadhiya and Miglani 2016) and led to the 
emergence of the concept of mobile learning (m-learning) (Hamidi and Chavoshi 
2018). Mobile learning has been widely accepted as a useful tool in education 
thanks to the unique features of mobile devices (Christensen and Knezek 2017).

Since content matters in terms of technology use in education (Graham et al. 
2009), it has been deemed important to examine mobile learning applications in 
detail for different subjects such as mathematics, science, and social sciences in 
order to fully reveal the benefits of mobile learning (Chung et  al. 2019). Previ-
ous researches have shown that mobile learning has positive effects on cognitive 
features such as students’ math success (e.g., Hung et al. 2014; Kyriakides et al. 
2016; Riconscente 2013) and problem-solving skills (Haydon et al. 2012; Saedi 
et al. 2018). Moreover, the researches have shown that the use of mobile technol-
ogy while learning mathematics also supports the development of affective out-
comes among students including attitude (Riconscente 2013), motivation (Hung 
et  al. 2014; Wijers et  al. 2010), self-efficacy (Hung et  al. 2014), and interest 
(Kyriakides et al. 2016). Despite the abovementioned advantages, the implemen-
tation of mobile learning is a difficult and complex endeavor (Cheon et al. 2012; 
Wang et al. 2009). Mobile learning is a method that combines the use of multi-
ple new technologies including online networking, mobile content, and mobile 
devices, and has a higher level of uncertainty and risk in individuals’ perceptions 
that may lead them to reject or delay acceptance of mobile learning (Kim and 
Rha 2018). Thus, the acceptance of mobile technologies by learners is considered 
very important in order to maximize the advantages of mobile learning (Abu-Al-
Aish and Love 2013; Botero et al. 2018; Wang et al. 2009). In order to increase 
the acceptance of mobile learning, it is necessary to determine and consider the 
factors that affect learners’ acceptance of mobile learning system (Abu-Al-Aish 
and Love 2013; Arain et  al. 2019; Wang et  al. 2009). Although mobile devices 
are increasingly used among students (Nikolopoulou 2018), there are not enough 
studies on the adoption of mobile technologies (Çukurbaşı et  al. 2016; Horzum 
et al. 2014; Nikolopoulou 2018).

In cooperation with a local communication company, Turkish Ministry of 
National Education has provided schools in Turkey with internet infrastructure 
starting from 2003; and with the launch of the FATIH (Movement of Enhanc-
ing Opportunities and Improving Technology) project in 2010, teachers and stu-
dents in high schools were granted tablet computers to a great extent in Turkey 
(Açıkgül and Şad 2020). These developments imply that high school education in 
Turkey has experienced m-learning for about a decade now. As a matter of fact, 
Turkey is among one of the 11 leading countries which have recently achieved 
state-sponsored integration of ICT investments, in terms of size and number of 
tablets granted to students (Tamim et al. 2015). However, there are very few stud-
ies (Çukurbaşı et al. 2016; Horzum et al. 2014) examining the acceptance levels 
of students of these and such mobile technologies in Turkey. Therefore, in this 
study, it was considered important to investigate the factors affecting the mobile 
technology acceptance of high school students in learning mathematics.
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2  Literature review

2.1  Mobile learning

M-learning is recognized as one of the most important emerging trends of current 
educational practices (Nikou and Economides 2017; Wu et al. 2012). It has become 
increasingly popular due to the low cost of telecommunication facilities and the 
high quality of mobile devices (Park et al. 2012). With its emergence, the concept 
of m-learning has attracted the attention of many researchers and various definitions 
of mobile learning have been made. For example, Crompton (2013 p. 4) defined 
m-learning as “learning across multiple contexts, through social and content interac-
tions, using personal electronic devices”. Crompton and Burke (2018) also stated 
that mobile learning refers to learning which involves the use of a mobile device. 
Similarly, many researchers (e.g. Aljuaid et  al. 2014; Hamidi and Chavoshi 2018; 
Park et al. 2012) have defined it as learning via portable tools such as phones, Palms, 
Windows CE machines and iPods, personal digital assistants (PDAs), audio players, 
and electronic books, etc., featuring the devices used for mobile learning. Martin 
and Ertzberger (2013 p.77), on the other hand, defined m-learning as “learning that 
occurs when learners have access to information anytime and anywhere via mobile 
technologies to perform authentic activities in the context of their learning”, empha-
sizing its ubiquitous nature.

Since m-learning convey learning out of school, learners have the opportunity to 
learn anytime and anywhere without the time and place limits (Chung et al. 2019; 
Hamidi and Chavoshi 2018; Martin and Ertzberger 2013; Wijers et al. 2010). With 
always accessible mobile devices, learning content can be sent to and recorded by 
students easily (Hamidi and Chavoshi 2018). It allows learners to collaborate and 
share ideas (Hamidi and Chavoshi 2018; Wijers et al. 2010). It also supports indi-
vidualized learning by allowing students to work at their own pace (Cheon et  al. 
2012). Previous researches have reported that thanks to these advantages m-learning 
positively affects students’ achievement (Hwang and Wu 2014; Martin and Ertz-
berger 2013), learning motivation (Hwang and Wu 2014; Wijers et  al 2010), atti-
tudes (Hwang and Chang 2011; Martin and Ertzberger 2013), communication skills 
and creativity (Lai and Hwang 2014), and problem-solving skills (Lai and Hwang 
2014; Saedi et al. 2018).

2.2  M‑learning in teaching mathematics

Mobile technologies and applications are also seen as potentially effective peda-
gogical tools for teaching and learning mathematics (Sollervall et al. 2012). Mobile 
devices are not limited to traditional equipment and materials found on shelves in 
math classrooms. Instead, resource diversity increases with portable, accessible, 
internet-enabled mobile devices, and students are offered access opportunities both 
at school and outside of school (Attard and Northcote 2012; Borba et  al. 2016). 
Combined with the touch screen feature, the dynamism and visualization features of 
mobile devices offer students the opportunity to directly interact with mathematical 
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events (Larkin and Calder 2016). Students involved in learning mathematics with 
mobile devices have the opportunity to explore mathematics independently, learn 
mathematics through cooperation and teamwork, learn mathematics in real-life situ-
ations, visualize and research mathematics dynamically, and learn mathematics eas-
ily (Baya’a and Daher 2009).

Despite the well-reported advantages of mobile learning in mathematics educa-
tion, it also has various technical limitations including limited performance, limited 
processing power, limited memory capacity, short battery life, small screen sizes, 
small key-in size, reduced input capabilities, slow downloading, and cost (Aljuaid 
et al. 2014; Baharom and Hussain 2013; Wang et al. 2009). Besides these limitations 
and challenges, many researchers (e.g. Al-Emran et al. 2018; Awadhiya and Miglani 
2016; Wang et  al. 2009) pointed out that the success of mobile learning largely 
depends on learners’ acceptance and adoption of mobile learning. The importance 
emphasized by the researchers on mobile learning has increased the interest in 
researches on investigating the acceptance of mobile learning by students and edu-
cators (Al-Emran et al. 2018; Nikou and Economides 2017).

2.3  Technology acceptance models and unified theory of acceptance and use 
of technology

Recently, many theoretical models have been developed to understand the factors 
affecting the acceptance and use of technology. The Technology Acceptance Model 
(TAM), developed by Davis (1989), is the most effective and widely used model to 
explain individuals’ acceptance of information systems (Botero et al. 2018; Šumak 
and Šorgo 2016). TAM provides a parsimonious and theoretic model to examine 
the factors that lead to the acceptance of information systems (Davis et al. 1989). 
Although TAM is accepted as the easiest and most robust model, it is stated that 
information systems give weak and mixed results in acceptance studies (Benba-
sat and Barki 2007; Šumak and Šorgo 2016). Thus, Venkatesh et  al. (2003) pro-
posed a unified model called Unified Theory of Acceptance and Use of Technology 
(UTAUT), taking into account the conceptual and experimental similarities between 
eight leading models in the field of information technology acceptance research in 
order to eliminate the limitations of individual technology acceptance models and to 
synthesize their strengths. Among the 32 variables and 4 moderator variables in all 
eight models, 3 variables (Performance Expectancy (PE), Effort Expectancy (EE), 
Social Influence (SI)), which are the direct determinants of behavioral intention, and 
2 variables (Facilitating Conditions (FC) and Behavioral Intention (BI)), which are 
the direct determinants of use behavior (UB) and 4 moderator variables (age, gen-
der, voluntariness of use, and experience) have been empirically validated through 
empirical studies (Venkatesh et al. 2003).

The UTAUT model (Venkatesh et al. 2003) was developed in an organizational 
context for use in technology acceptance researches. Therefore, Venkatesh et  al. 
(2012) aimed to expand the model to the consumer context by adding new compo-
nents and relationships to the model. The researchers added to the model three new 
exogenous variables regarding the consumer context: Hedonic Motivation (HM), 
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Price Value (PV), and Habit (H). In the model, PE, EE, SI, FC, HM, PV, and H 
function as direct determinants of behavioral intention (BI); while FC, H, and BI are 
used as direct determinants of using behavior (UB), and gender, age, experience var-
iables are included as moderator variables. UTAUT2 model is presented in Fig. 1.

Empirical studies have shown that UTAUT and UTAUT2 models have more 
explanatory power than other technology acceptance models (Šumak and Šorgo 
2016). Therefore, UTAUT models have become frequently used in the field of infor-
mation technologies since they were developed. For example, UTAUT has been 
used in different fields including e-Learning systems (Lin et al. 2013), mobile infor-
mation services in tourism (Fuchs et al. 2012), mobile banking (Zhou et al. 2010), 
and virtual learning environment adoption (Šumak et al. 2010); while UTAUT2 has 
been used in mobile banking (Alalwan et al. 2017), mobile shopping (Tak and Pan-
war 2017), and consumer adoption mechanism for the third-party mobile applica-
tions (Vinnik 2017).

One of the subjects where the UTAUT model is frequently used is mobile learn-
ing (e.g. Abu-Al-Aish and Love 2013; Alasmari and Zhang 2019; Botero et al. 2018; 
Cheng et al. 2011; Fagan 2019; Jairak et al. 2009; Sultana 2020; Wang et al. 2009). 
However, Hew et al. (2015) point out that there are not enough studies which use 
the UTAUT2 model and focus on mobile applications. Indeed, there are fewer stud-
ies in the literature investigating mobile technology acceptance using the UTAUT2 
model (Arain et  al. 2019; Escobar-Rodríguez et  al. 2014; Moorthy et  al. 2019; 
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Fig. 1  Components and relations of UTAUT2 model (Venkatesh et al. 2012)

4185Education and Information Technologies (2021) 26:4181–4201



1 3

Nikolopoulou et al. 2020). In this study, the factors affecting high school students’ 
acceptance of mobile technology in mathematics learning were investigated using 
the UTAUT2 model, since it is the synthesis of the most widely used technology 
acceptance models, it is one of the most up-to-date technology acceptance models, 
the model explains a higher variance within the consumer context and it has limited 
use in mobile learning studies. In the study, the definitions of the components in 
UTAUT and UTAUT2 models were adapted and used for high school students’ use 
of mobile technology in learning mathematics. Explanations of the components and 
the study results regarding their effects in the model are presented below:

Behavioral Intention (BI): It is the strength of students’ intention to perform a 
specified behavior using a mobile technology in learning [mathematics] (Fish-
bein and Ajzen 1975). Previous researches (Botero et al. 2018; Cheng et al. 2011; 
Nikolopoulou et al. 2020; Sultana 2020) have shown that behavioral intention in 
the context of mobile learning has a direct effect on use behavior.
Performance Expectancy (PE): It is the degree to which a student believes 
that using mobile technology will provide benefits in performing [mathematics] 
activities (Venkatesh et al. 2003, 2012). Many researches (Abu-Al-Aish and Love 
2013; Arain et  al. 2019; Fagan 2019; Nikolopoulou et  al. 2020; Sultana 2020; 
Wang et al. 2009) suggested that performance expectancy is a significant predic-
tor of behavioral intention within the context of mobile learning.
Effort Expectancy (EE): It is the degree of ease associated with students’ use 
of mobile technology in learning [mathematics] (Venkatesh et  al.  2003, 2012). 
Many researches (Abu-Al-Aish and Love 2013; Jairak et al. 2009; Sultana 2020; 
Wang et al. 2009) found that effort expectancy is a significant predictor of behav-
ioral intention within the context of mobile learning.
Social Influence (SI): It is the degree to which a student perceives that important 
others (e.g., friends and family) believe she or he should use the mobile technol-
ogy in learning [mathematics] (Venkatesh et  al. 2003, 2012). Many researches 
(Abu-Al-Aish and Love 2013; Botero et al. 2018; Cheng et al. 2011; Jairak et al. 
2009; Moorthy et  al. 2019; Nikolopoulou et  al. 2020; Wang et  al. 2009) found 
that social influence has a significant effect on behavioral intention within the 
context of mobile learning.
Facilitating Conditions (FC): It refers to students’ perception of resources or 
support available to use mobile technology in [mathematics] learning (Ven-
katesh et  al. 2003, 2012). Previous researches found that facilitating condition 
has a direct significant effect on behavioral intention (Botero et al. 2018; Escobar-
Rodríguez et al. 2014; Jairak et al. 2009) and use behavior (Botero et al. 2018; 
Nikolopoulou et al. 2020) within the context of mobile learning.
Hedonic Motivation (HM): It refers to the fun or pleasure derived from using 
a mobile technology in learning [mathematics] (Venkatesh et  al. 2012). Previ-
ous researches (Arain et al. 2019; Moorthy et al. 2019; Nikolopoulou et al. 2020) 
showed that that hedonic motivation can be a significant predictor of behavioral 
intention within the context of mobile learning.
Price Value (PV): It is the students’ cognitive trade-off between the perceived 
benefits of the mobile applications in learning [mathematics] and the monetary 
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cost for using them (Venkatesh et  al. 2012). Moorthy et  al. (2019) found that 
price value has a direct impact on the behavioral intentions of higher education 
students in Malaysia within the context of mobile learning.
Habit (H): It refers to the extent to which students tend to perform behaviors 
using mobile technology automatically in learning [mathematics] (Limayem et al. 
2007). There are research results showing that habit has a direct effect on behav-
ioral intention within the context of mobile learning (Arain et  al. 2018; Moor-
thy et al. 2019; Nikolopoulou et al. 2020). Moreover, In the UTAUT2 model, it 
was determined that habit is a direct predictor of use behavior. (Venkatesh et al. 
2012).

2.4  The current study

As summarized above mobile technology acceptance is one of the factors affecting 
the use of mobile technology in education. However, no study has been found on the 
factors affecting the acceptance and use of mobile technology in learning mathemat-
ics. Specifically, in this study, the factors affecting the acceptance and use of mobile 
technology in mathematics learning of high school students were investigated within 
the framework of UTAUT2 model.

As explained in literature review, mobile learning acceptance studies have 
revealed that PE, EE, SI, FC, HM, PV, H variables are significant predictors of BI, 
while FC, H and BI variables have direct significant effect on UB. Accordingly, in 
this study we examined the direct and indirect effects of PE, EE, SI, FC, HM, PV, H 
variables on BI, and the BI, FC and H variables on use behavior within the context 
of mobile technology acceptance according to the UTAUT2 model (Venkatesh et al. 
2012). On the other hand, although the UTAUT2 model includes the moderator 
effect of gender, age and experience variables, it has been frequently reported that 
gender (Alasmari and Zhang 2019; Cheng et al. 2011; Moorthy et al. 2019; Nikolo-
poulou et al. 2020; Wang et al. 2009), age (Alasmari and Zhang 2019; Cheng et al. 
2011; Nikolopoulou et al. 2020) and experience (Alasmari and Zhang 2019; Nikolo-
poulou et al. 2020) variables do not have a significant moderation effect in mobile 
learning acceptance studies in the literature. Therefore, the moderator variable effect 
was not investigated in this study. We tested the following hypotheses using Struc-
tural Equation Modeling:

H1: PE has a positive effect on BI to use mobile technology to learn mathemat-
ics.
H2: EE has a positive effect on BI to use mobile technology to learn mathemat-
ics.
H3: SI has a positive effect on BI to use mobile technology to learn mathematics.
H4: FC has a positive effect on BI to use mobile technology to learn mathemat-
ics.
H5: HM has a positive effect on BI to use mobile technology to learn mathemat-
ics.
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H6: PV has a positive effect on BI to use mobile technology to learn mathemat-
ics.
H7: H has a positive effect on BI to use mobile technology to learn mathematics.
H8: FC has a positive effect on using mobile technology (UB) to learn mathemat-
ics.
H9: H has a positive effect on using mobile technology (UB) to learn mathemat-
ics.
H10: BI has a positive effect on using mobile technology (UB) to learn math-
ematics.

3  Method

3.1  Participants and procedure

A total of 1640 students attending secondary education in the province of 
Malatya, a metropolitan city located in the eastern part of Turkey, participated in 
the study (Age: Mean = 15.90, S = 1.01, Range = 13–19). The information about 
the participating students and their schools are presented in Table 1.

Before data collection, necessary permissions were obtained from the local 
authorities. The students were informed about the purpose of the research. We 
worked with students who volunteered to participate in the study.

Table 1  Students and 
school characteristics of the 
participants (n = 1640)

n %

Gender
  Male 803 49
  Female 837 51

Type of high school
  Science 293 17.9
  Anatolian 1235 75.3
  Private 112 6.8

Grade level
  Grade 9 443 27
  Grade 10 669 40.8
  Grade 11 391 23.8
  Grade 12 137 8.4

Frequency of using mobile technology in learning mathematics
  Never 324 19.8
  Rarely 396 24.1
  Sometimes 531 32.4
  Generally 307 18.7
  Always 82 5
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3.2  Measures

Information about participants’ gender, age, grade level, type of high school and 
mobile technology use behaviors were collected with an initial questionnaire form. 
In order to determine the mobile technology use behavior in learning mathematics, 
students were asked to indicate their frequency of using mobile technology in learn-
ing mathematics by selecting one of the options: "never", "rarely", "sometimes", 
"generally", and "always". Mobile Technology Acceptance Scale for Learning 
Mathematics developed by Açıkgül and Şad (2020) was used to measure PE, EE, SI, 
FC, HM, PV, H, and BI.

3.2.1  Mobile Technology Acceptance Scale for Learning Mathematics (m‑TASLM)

In their study, Açıkgül and Şad (2020) developed m-TASLM to measure the accept-
ance levels of high school students in learning mathematics based on the UTAUT2 
model developed by Venkatesh et  al. (2012). This likert type scale has a 5-point 
response set ranging between Strongly Disagree and Strongly Agree. Content valid-
ity of the scale was proved statistically using LawShe (1975) technique. As a result 
of the exploratory factor analysis conducted to test the construct validity, a construct 
was obtained with 36 items under 8 factors that explains 66.068% of the total vari-
ance. The scale included 6 items in PE factor, 3 items in EE factor, 5 items in SI fac-
tor, 5 items in FC factor, 4 items in HM factor, 3 items in PV factor, 4 items in H fac-
tor, and 6 items in BI factor. The follow-up confirmatory factor analysis confirmed 
the 8-factor construct of the scale (χ2/df = 2.44; RMSEA = 0.044, RMR = 0.058, 
SRMR = 0.041, CFI = 0.99, GFI = 0.90, AGFI = 0.89, NFI = 0.99, NNFI = 0.99).

The reliability of the scale was estimated through test–retest analysis (r = 0.932, 
p =  < 0.05), Cronbach Alfa (α ≥ 0.86), CR (≥ 0.87) and AVE (≥ 0.62) coefficients, 
which yielded favorable results proving the reliability of scores obtained from 
the scale. As a result, the m-TASLM was found to be a valid and reliable instru-
ment to measure high school students’ acceptance levels of mobile technologies in 
learning mathematics (Açıkgül and Şad 2020). Also, in this study Cronbach Alpha 
coefficients yielded favorable results proving the reliability of scores: PE = 0.93, 
EE = 0.90, SI = 0.91, FC = 0.90, HM = 0.92, H = 0.89, PV = 0.89, BI = . 93, and 
total = 0.97.

3.3  Data‑analysis plan

Structural equation modeling (SEM) was carried out using the AMOS software pro-
gram to test the direct and indirect relationships (depicted in Fig.  1) between the 
variables PE, EE, SI, FC, HM, PV, H, BI, and UB. A two-stage approach was used 
in SEM analysis (Kline 2011). First, the relation of observed structures with latent 
structures was examined by testing the measurement model. Second, the relation-
ships between latent structures were examined by testing the structural model. While 
interpreting SEM results, the goodness of fit indices were regarded acceptable when 
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χ2 / df ≤ 5; GFI, AGFI, CFI, NFI, and TLI ≥ 0.90; SRMR, RMSEA ≤ 0.80, and 
they were considered perfect when χ2/df ≤ 3; GFI, AGFI, CFI, NFI and TLI ≥ 0.95; 
SRMR, RMSEA ≤ 0.60 (Brown 2006; Hair et  al. 2014; Tabachnick and Fidell 
2013). Moreover, to provide evidence whether the mediation effect of BI between 
exogenous variables (PE, EE, SI, FC, HM, PV, H) and UB is significant, we used the 
bootstrapping method, which is a powerful and useful tool commonly used to test 
the statistical significance of indirect influence in mediation models (Koopman et al. 
2015).

Finally, to test whether the measurement is susceptible to common method vari-
ance (CMV) Harman’s single factor test was used and the one-dimensional struc-
ture of the mobile technology acceptance scale in learning mathematics was tested 
with CFA (Podsakoff et al. 2003 p.889). As a result of the analysis, it was seen that 
the one-dimensional model was not confirmed (χ2/df = 14.07; RMSEA = 0.185, 
RMR = 0.18, SRMR = 0.10, CFI = 0.92, GFI = 0.45, AGFI = 0.38, NFI = 0.91, 
NNFI = 0.92), which means the measure does not suffer from common method 
variance.

4  Results

Correlations between variables and descriptive statistics are presented in Table 2.
The skewness and kurtosis values in Table 2 are in the range of ± 1, which indi-

cates that the distribution of the data of the variables is close to normal (Hair et al. 
2014). In addition, all variables were found to be significantly correlated with each 
other in positive direction.

4.1  Measurement model

In the measurement model, there are 8 latent variables PE, EE, SI, FC, HM, PV, H, 
BI and 36 observable variables. Relationships between latent variables and observ-
able variables were investigated through CFA, which revealed that all path coeffi-
cients are significant and standardized factor loads range between 0.815 and 0.854 in 
PE factor, between 0.840 and 0.867 in EE factor, between 0.716 and 0.878 in SI fac-
tor, between 0.641 and 0.893 in FC factor, between 0.822 and 0.901 in HM factor, 
between 0.816 to 0.897 in PV dimension, between 0.782 and 0.846 in H dimension, 
and between 0.794 and 0.861 in BI factor. The adequate goodness of fit indices (χ2/
df = 2794.131/563 = 4.963, p = 0.000; SRMR = 0.047; GFI = 0.911; AGFI = 0.895; 
CFI = 0.956; NFI = 0.945; TLI = 0.950; RMSEA = 0.049) confirmed the accuracy of 
measurement model.

4.2  Structural model

In the second stage of SEM, the hypothesized relationships between latent vari-
ables in Fig.  2 were tested. Before testing the model, univariate and multivariate 
normality assumptions were checked. It was determined that the z scores calculated 
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to detect the univariate outliers were between ± 3.29, suggesting no univariate outli-
ers (Tabachnick and Fidell 2013). Mahalanobis distance values were calculated to 
find multivariate outliers (p < 0.001) and a total of 227 cases were excluded from the 
analysis (Tabachnick and Fidell 2013). Moreover, the multivariate normality analy-
sis yielded a kurtosis value of 3.289 with a critical ration of 4.393), which is favora-
ble since a critical ration less then 5 is acceptable for multivariate normality (Bentler 
2006). In testing the structural model, the Maximum Likelihood estimation method 

Fig. 2  Research model

Fig. 3  Path diagram of the model, standardized path coefficients, and explained variance
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was used, as it is frequently used in cases where the assumption of multiple nor-
mality is satisfied (Kline 2011). Figure 3 shows the tested and validated structural 
model, and Table 3 shows the values for the regression coefficients and the signifi-
cance of the regression coefficients.

Table 3 shows that all paths are significant (p < 0.05). Also, perfect goodness of 
fit indices suggest that the research model fits well (χ2/df = 2.197, RMSEA = 0.029, 
SRMR = 0.006, GFI = 0.998, AGFI = 0.985, CFI = 0.999, NFI = 0.999, TLI = 0.996).

In Fig. 3, it is seen that the main indigenous variable is UB and other variables 
affect UB directly and indirectly. According to the confirmed model, PE (β = 0.14; 
t = 5.327; p < 0.05), EE (β = 0.06; t = 2.410; p < 0.05), SI (β = 0.08; t = 4.064; 
p < 0.05), FC (β = 0.07; t = 2,665; p < 0.05); HM (β = 0.34; t = 14,991; p < 0.05), 
PV (β = 0.04; t = 2,074; p < 0.05), and H (β = 0.30; t = 15,207; p < 0.05) have sta-
tistically significant positive and direct effects on BI. As it is seen in Fig. 3, these 
variables altogether account for the 76% of the total variance in BI. This finding 
shows that variables have a large impact on BI (Cohen 1988). It was also found that 
FC (β = 0.13; t = 4.019; p < 0.05); H (β = 0.18; t = 4.814; p < 0.05), and BI (β = 0.11; 
t = 2.439; p < 0.05) have statistically significant positive and direct effects on UB.

Regarding the mediating roles in the model, BI was found to have a mediator 
role between PE, EE, SI, FC, HM, PV, H and UB. Although the paths between PE, 
EE, SI, FC, HM, PV, H variables and the BI variable and between the BI variable 
and the UB variable are statistically significant, the Bootstrapping Analysis was 
performed to determine whether the mediation role was statistically significant. 
5,000 bootstraps were performed and the bootstrap coefficient and 95% significance 
level confidence intervals were created in AMOS (Hayes 2018). The results of the 
Boostraping analysis are shown in Table 4.

As seen in the Table  4, the confidence intervals for PE, EE, SI, FC, HM, and 
H variables do not include zero, and indirect effects are statistically significant 
(p < 0.05). On the other hand, the indirect effect was not statistically significant for 
PV, since the confidence intervals calculated for the indirect effect of the PV vari-
able on UB included 0. Accordingly, it can be said that the BI variable has a sig-
nificant mediating role between the variables PE, EE, SI, FC, HM, H, and the UB 

Table 3  Regression coefficients 
for the tested model and values 
for the significance of regression 
coefficients

χ2 = 10.987; df = 5 (*p < 0.05; *** p = 0.000)

Intercorrelations B β Se CR (t) p

BI <--- PE .147 .136 .028 5.327 ***
BI <--- EE .062 .063 .026 2.410 .016*
BI <--- SI .084 .080 .021 4.064 ***
BI <--- FC .071 .071 .027 2.665 .008
BI <--- HM .330 .341 .022 14.991 ***
BI <--- PV .034 .037 .016 2.074 .038*
BI <--- H .291 .301 .019 15.207 ***
UB <--- FC .135 .134 .033 4.019 ***
UB <--- H .172 .178 .036 4.814 ***
UB <--- BI .108 .108 .044 2.439 .015*
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variable, but it is not a significant mediator between the PV variable and the UB 
variable. As a result, about 13% of the variance in the UB variable is explained indi-
rectly by PE, EE, SI, HM variables, both directly and indirectly by FC and H varia-
bles, and directly by BI variable (see Fig. 3). This finding may suggest that variables 
in the UTAUT2 model together have a moderate effect on UB (Cohen 1988).

5  Discussion

This research has proposed a model to explore the effect of the high school students’ 
acceptance of mobile technology in learning mathematics on their use behavior 
based on the UTAUT2 model. As a result, all hypothesized effects in the model were 
proved as supported by the previous research findings. Below these findings were 
discussed in the light of relevant literature.

The significant effect of performance expectancy on BI shows that as students 
perceive using mobile technologies promises an increase in their performance in 
mathematics, they have stronger intentions to use mobile technologies in learning 
mathematics. Contrary to this finding some previous researches (Botero et al. 2018; 
Cheng et al. 2011; Jairak et al. 2009; Moorthy et al. 2019) reported that PE has no 
significant effect on BI, whereas many studies have revealed the positive effect of PE 
on BI in the context of mobile learning (Abu-Al-Aish and Love 2013; Arain et al. 
2019; Fagan 2019; Nikolopoulou et al. 2020; Sultana 2020; Wang et al. 2009).

Next, it was found that EE is a significant positive predictor of BI. This find-
ing indicates that students expect the mobile technologies to be easy and should not 
require much effort in learning mathematics. This result supports the results of the 
previous studies which reported that EE has a significant effect on BI (Abu-Al-Aish 
and Love 2013; Jairak et al. 2009; Sultana 2020; Wang et al. 2009). On the other 
hand, there are many studies in the literature that indicate that EE has no significant 
effect on BI (Alasmari and Zhang 2019; Arain et al. 2018, 2019; Botero et al. 2018; 
Cheng et al. 2011; Nikolopoulou et al. 2020; Moorthy et al. 2019). These conflicting 

Table 4  Standardized direct, indirect and total effects after boostrapping

CI Confidence Interval (%95); *p < 0.05

Effect BI UB

Direct Indirect Total Direct Indirect(CI) Total

PE 0.136 - 0.136 - 0.015*(0.003-0.030) 0.015
EE 0.063 - 0.063 - 0.007*(0.001-0.016) 0.007
SI 0.080 - 0.080 - 0.009*(0.002-0.018) 0.009
FC 0.071 - 0.071 0.134 0.008*(0.001-0.018) 0.142
HM 0.341 - 0.341 - 0.037*(0.009-0.067) 0.037
PV 0.037 - 0.037 - 0.004(0.000-0.011) 0.004
H 0.301 - 0.301 0.178 0.032*(0.007-0.059) 0.210
BI - - - 0.108 - 0.108
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results may be due to research participants’ skills and experiences of using mobile 
technologies in general or particularly in learning contexts. It is believed that as 
individuals’ skills and experiences to use mobile technologies increase, the effect 
of effort expectation on behavioral intention may decrease as they can easily use 
mobile technologies.

In this study, a significant relationship was found between SI and BI. This find-
ing shows that the social milieu surrounding the learners (e.g. peers, teachers, and 
families etc.) have an impact on their intention of using mobile technology in learn-
ing mathematics. Similarly, in many studies, the positive effect of social influence 
on behavioral intention in the context of mobile learning has been reported (Abu-
Al-Aish and Love 2013; Botero et al. 2018; Cheng et al. 2011; Jairak et al. 2009; 
Moorthy et al. 2019; Nikolopoulou et al. 2020; Wang et al. 2009). Contrary to these 
studies, there are studies which found no predictive relationship between SI and BI 
(Alasmari and Zhang 2019; Arain et al. 2018, 2019; Fagan 2019; Sultana 2020).

Another finding of the study is the significant predictive impact of FC on BI. 
It can be said that when students perceive their knowledge, skills and resources as 
favorable to learn mathematics, their intention to use mobile technology to learn 
mathematics is also enhanced. Some previous research agrees with this finding, 
revealing a significant relationship between FC and BI (Arain et  al. 2018; Botero 
et al. 2018; Escobar-Rodríguez et al. 2014; Jairak et al. 2009). On the other hand, 
there are studies that do not detect a significant predictive relationship between FC 
and BI (Alasmari and Zhang, 2019; Arain et al. 2019; Moorthy et al. 2019; Nikolo-
poulou et al. 2020; Sultana 2020).

The research finding regarding the positive effect of HM on BI indicates that as 
the pleasure/joy students get from using mobile technology in learning mathemat-
ics increases, their intention to use these technologies also increases. This finding 
is consistent with the results of the studies in the literature (Arain et al. 2018, 2019; 
Moorthy et al. 2019; Nikolopoulou et al. 2020). On the other hand, in a study on 
factors influencing student acceptance of mobile learning in higher education, Fagan 
(2019) reported that HM has no significant effect on intention.

Another finding of this research is the significant effect of PV on BI, which 
suggests that mobile technologies (mostly state founded Tablet PCs in this case) 
used in mathematics learning and the low cost of internet connection have a pos-
itive effect on behavioral intention. Similarly, Moorthy et  al. (2019) found the 
significant effect of PV on behavioral intention. On the contrary, in their study 
of mobile phone acceptance of university students studying in Greece, Nikolo-
poulou et al. (2020) found that price value does not have a significant effect on 
intention. Considering that recently Covid-19 has led to higher demands for lap-
top and mobile devices around the world, Price Value (PV) might have become 
a more relevant and imperative factor. In Turkey, after Covid-19 forced schools 
to turn to distance education, the Ministry of Education immediately began sup-
plying free tablet PCs to students with financial difficulties. Also, major national 
service supplier communication companies granted all customers 8 gigabytes of 
free internet quota to access to the national learning management system called 
EBA (Educational Information Network). Thus, Price Value might still have a 
positive effect on their behavioral intention. However, for those who had to make 
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extra expenses for one or more (considering many siblings) mobile devices, 
behavioral intention or use behavior might not be a matter of voluntary action, 
but an obligation imposed during the Covid-19 period. Thus, the importance of 
Price Value can be more objectively evaluated after the Covid-19 period, when 
most classes turn to face-to-face again.

This research also found the predictive positive effect of H on BI, which sug-
gests that as the frequency/priority of using mobile technology increases so as 
to become a habit, the intention to use mobile technology in learning mathemat-
ics is positively affected. Similarly, Arain et  al. (2018), Moorthy et  al. (2019), 
and Nikolopoulou et al. (2020) reported the positive effect of habit on intention, 
whereas Fagan (2019) found no predictive relationship between these variables.

Exogenous variables of the study together explained 76% of the variance 
in BI. This finding shows that the effect of exogenous variables on BI is great 
(Cohen 1988). It is also found that the strongest predictors of BI are HM and H, 
respectively. Similarly, Moorthy et al. (2019) showed that the strongest predic-
tors of BI were H and HM. Also, Arain et  al. (2019) and Nikolopoulou et  al. 
(2020) determined that habit is the strongest predictor of behavioral intention. 
This finding indicates that a student with a high hedonic motivation and who 
has developed a habit of using mobile technology is more likely to accept the 
use of mobile technology in mathematics learning than a student with a lower 
hedonic motivation and mobile technology usage habit. These findings stress the 
importance of designing mobile technology applications to encourage students’ 
hedonic motivation and mobile technology use habits in learning mathematics.

The finding about the direct predictive value of H, FC, and BI, in the order 
of strength, on the reported frequency of using mobile technologies in learning 
mathematics is consistent with the previous research findings (for FC see Botero 
et  al. 2018; Nikolopoulou et  al. 2020; Venkatesh et  al. 2012; for H see Ven-
katesh et al. 2012; and for BI see Botero et al. 2018; Cheng et al. 2011; Nikolo-
poulou et al. 2020; Sultana 2020; Venkatesh et al. 2012).

Another finding of this research is that the exogenous variables (e.g. PE, 
EE, SI, FC, HM, H, and BI) explain only 13% of the variance in use behav-
ior through direct and indirect effects. This finding indicates a moderate effect 
(Cohen 1988). Venkatesh et  al. (2012) reported that the UTAUT2 model 
explained 74% of the variance in behavioral intention and 52% of the variance in 
use behavior. In this study, however, while the result about behavioral intention 
(76%) was found consistent with the original model, the variance explaination 
percentage for use behavior (13%) was lower than expected. The low variance 
explaination rate in mobile technology usage behavior may have resulted from 
the low frequency of actual use of mobile technologies in mathematics learning 
as reported in Table 1.

As a result, the results of this study and many other studies on mobile tech-
nology acceptance revealed the positive effects of PE, EE, SI, FC, HM, PV and 
H perceptions on mobile technology acceptance and use among students. If 
favorable perceptions of PE, EE, SI, FC, HM, PV and H can positively affect 
the acceptance and use of mobile technology, it should be ensured that the 
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expectations of the students are met with mobile learning environments designed 
by considering these factors.

6  Limitations and future directions

Participants of this research is limited with high school students who were 
enrolled in public schools in a province in the east of Turkey and who volunteered 
to participate in the study. Thus, despite the inclusion of students from different 
school types (Science, Anatolian and Private High School), the results may not 
be easily generalized to students in other schools or classes. Also, considering 
that the predictors in the model account for only 13% of the UB and about 20% 
of the sample reported they never use mobile technology to learn Mathematics, 
the result might not reflect samples with extensive usage of mobile technologies 
in learning Mathematics. In this study, students’ mobile technology acceptance 
and use levels were measured based on their perceptions. Venkatesh et al. (2003) 
stated that as individuals gain experience, their perceptions may change. This 
study is cross-sectional, measuring the perceptions at one given point in time 
across a sample population. Repeated measurement studies can provide a better 
understanding of the relationships between variables and the consequences of any 
changes in students’ perceptions over time. Furthermore, in this study, students’ 
levels of accepting mobile technology in learning mathematics were examined. 
Factors affecting the acceptance levels of students for different fields (science, 
social sciences) can be investigated comparatively in future researches.

7  Conclusion

This is a pioneering study to examine high school students’ levels of acceptance 
and use of mobile technology in learning mathematics in Turkey. It is also unique 
in using UTAUT2 models for the adoption of mobile technology in maths learn-
ing. As a result of SEM analysis in the research, all of the research hypotheses 
(H1-H10) were accepted. The results of this study reveal both direct and indirect 
effects of PE, EE, SI, FC, HM, PV, and H variables on BI and UB in mobile 
technology acceptance of high school students in learning mathematics. In the 
study, it was found that the theoretical model was confirmed adequately based 
on the regression coefficients, the significance of the regression coefficients, and 
the goodness of fit values obtained from the SEM analysis. The important results 
of the study are as follows: (a) PE, EE, SI, FC, HM, PV, and H variables have 
significant positive direct effects on BI. (b) The variables FC, H, and BI have 
significant positive direct effects on UB. (c) PE, EE, SI, FC, HM, and H vari-
ables have significant positive indirect effects on the UB variable, and BI play a 
significant mediator role on these effects. (d) PV does not have a statistically sig-
nificant indirect effect on the UB variable, over the mediator role of the BI vari-
able. Our results provide the basis for research on mobile technology adoption in 
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mathematics learning and expand this literature on UTAUT2. It will also contrib-
ute to the development of application environments that will enable practitioners 
to accept and use mobile technology in mathematics learning.
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