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Students’ use of personal mobile devices (PMDs), including smartphones, tablets, and laptops, in mathematics classrooms globally has become feasible due to the implementation of the bring your own device (BYOD) initiatives and policies in schools. Students’ academic use of PMDs in mathematics learning has been associated with increased motivation, enjoyment, and enhanced performance. While debates continue worldwide on the bans of PMDs in schools, it is noteworthy that students in Namibian basic education are not permitted to use PMDs in schools. This study employed a comparative nonexperimental quantitative research design to assess the perceived usefulness (PU) and behavioural intention (BI) to use PMDs in mathematics classrooms among 500 Namibian students and 209 teachers. The study employed a volunteer purposeful sampling method to select participating students and teachers from government schools in the Omusati and Khomas regions. Student selection was based on self-selection from full-class mathematics groups. Similarly, the study utilised volunteer purposeful sampling to recruit grades 4–12 mathematics teachers. Utilising structural equation modelling, the findings revealed that students expressed more positive ratings for PMD usefulness and intention than did teachers. Furthermore, PU significantly predicted students’ BI to learn mathematics with PMDs in school. Multigroup confirmatory factor analysis supported configural, metric, and scalar invariance in PU and BI factor structures across both participant groups. However, when students’ latent means of PU and BI are set to 0, the teachers’ latent mean parameter estimates are negative, suggesting potential disparities. Teachers should recognise and leverage students’ positive perceptions of PMDs to enhance motivation and engagement in mathematics learning. Simultaneously, ensuring consistent assessment across participant groups is essential, while addressing teachers’ PMDs reservations through professional development and support remains crucial.
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1 Introduction

The integration of students’ personal mobile devices (PMDs) in education, specifically through bring your own device (BYOD) policies, has received significant attention in recent literature. PMDs, such as smartphones, tablets, and laptops, are incorporated into school systems through mobile learning and BYOD initiatives (Musarurwa et al., 2019; Supriyadi and Kuncoro, 2023). BYOD policies regulate the use of PMDs for mathematics learning in schools (Arifjanova, 2022; Jatileni et al., 2023), encouraging students to bring their devices to class for seamless integration into daily mathematics instruction (Supriyadi and Kuncoro, 2023). These policies also enhance safety by teaching students how to protect the BYOD environment from risks (Halim et al., 2023). This advancement is crucial, as mobile learning and BYOD are already shaping the future of mathematics education (Supriyadi and Kuncoro, 2023).

The emergence of students’ PMDs in schools has created both educational opportunities and challenges (Dias and Victor, 2022). Scholars have highlighted the benefits of PMDs, such as personalised and ubiquitous access to educational resources (Cóndor-Herrera and Ramos-Galarza, 2021; Zogheib and Daniela, 2021; Budiarto et al., 2024). PMDs significantly enhance mathematics teaching and learning, allowing students to access various mathematics applications, interactive eBooks, and online resources (Curto Prieto et al., 2019; Umboh et al., 2021; Supriyadi and Kuncoro, 2023; Yanuarto et al., 2023). However, concerns about equity, security, and pedagogical integration have also arisen (Kaliisa and Michelle, 2019; Musarurwa et al., 2019; Nikolopoulou, 2020). This has led researchers to explore the complexities of PMD use in mathematics education and the implementation of BYOD policies (Attard and Holmes, 2019; Murray et al., 2019). Arifjanova (2022) and Musarurwa et al. (2019) argue that BYOD policies should be mandatory in schools allowing PMDs, to regulate their use. This study critically assesses the integration of PMDs in mathematics classrooms and the implementation of BYOD policies in schools.

Over the past years, Namibia has been reporting difficulties in students’ learning of mathematics and poor performance (Chirimbana et al., 2022; Hamukwaya and Ruttenberg-Rozen, 2022). The poor performance in mathematics has been associated with lower matriculation levels (Mutambara and Bayaga, 2020). Nonetheless, PMDs use in mathematics learning has been shown to make students more enthusiastic and active in the learning process, leading to improved learning outcomes among South African and Indonesian students (Mutambara and Bayaga, 2020, 2021; Umboh et al., 2021). However, the Ministry of Education Arts and Culture in Namibia has not been able to provide mobile devices to K-12 students to support the integration of technology in mathematics teaching and learning (Jatileni et al., 2023). Yet, the Ministry of Education Arts and Culture in Namibia disallows PMDs use in schools despite students and teachers being ready for their integration (Osakwe et al., 2017; Jatileni et al., 2023). The PMDs are banned in schools due to negative perceptions, even though they are used in higher education without formal BYOD policies (Musarurwa et al., 2019). There is possibly an unwarranted tendency to ban students use of PMDs in schools worldwide over negative perceptions. For example, the England’s Department for Education (DfE) has prohibited mobile phone use during the school day, citing minimising disruption and improving behaviour, sparking debates on PMDs’ effectiveness (Department for Education [DfE], 2023; Kemp et al., 2024). Conversely, Kenya has issued over one million Windows mobile devices to students and teachers in public primary schools to boost learning motivation through technology integration, serving as a good example in Africa (Fundi et al., 2024).

Earlier studies on PMD use in schools’ subjects such as science, technology, engineering, and mathematics (STEM) within the African context reported a lack of research. Mutambara and Bayaga (2021) asserted that there is limited knowledge about the perceptions and intentions of high school STEM students, their teachers and parents concerning the use of PMDs, especially in rural school settings. Prior research on PMDs use in education predominantly focused on the opinions of tertiary institutions’ students and lecturers in developed countries, providing scant information about school STEM students’ and teachers’ opinions (Mutambara and Bayaga, 2020). The integration of students’ PMDs in Namibian education is least assessed and even the previous studies on this topic carried a general assessment without focusing on mathematics teaching and learning. While Supriyadi and Kuncoro (2023) advise teachers and students to keep abreast of the latest developments in the teaching and learning of mathematics, no study in Namibia assessed the variation between teachers’ and students’ perceptions and intentions on PMDs use in mathematics.

To contribute to research in this area, this study compares Namibian students’ and teachers’ perceptions and intentions regarding PMDs’ use in learning mathematics through a BYOD policy implementation in schools. We compared students’ and teachers’ perceived usefulness (PU) and behavioural intentions (BI) regarding PMDs use in mathematics classrooms. The relationship between PU and BI variables in the context of students’ PMDs use for mathematics learning has been explored in research. Previous studies (Camilleri and Camilleri, 2017; Dubey and Sahu, 2021; Ortiz-López et al., 2024) have found that students’ and teachers’ PU significantly influence their adoption intention for technology-based education. PU plays a crucial role in shaping students’ and teachers’ BI to use PMDs for mathematics learning. Generally, there is a direct proportional relationship between PU and BI in the context of technology adoption (Wu and Du, 2012; Al-Adwan et al., 2023). Thus, when students and teachers perceive that PMDs are useful for mathematics learning and pedagogical needs, they are more likely to express a positive intention to use them. Conversely, if students and teachers perceive PMDs as less useful (low PU), their intention to use them (BI) may decrease. Moreover, PU is generally a stronger predictor of BI than perceived ease of use (PEOU) in the technology acceptance model (TAM) (Davis, 1989; Al-Adwan et al., 2023). This comparative study is vital for understanding students’ and teachers’ PU and BI on PMD use in classrooms, offering valuable insights into technology integration dynamics in mathematics teaching and learning. The first objective of this study was to assess how participants rated the PU and BI scales regarding the use of PMDs for mathematics learning in school. The second objective was to assess the direct effects of students’ PU on their BI towards learning mathematics with PMDs in school. The third objective was to test the measurement invariances for PU and BI factors between students and teachers. The final objective was to compare the latent mean differences between the students’ and teachers’ PU and BI factors regarding students’ mathematics learning with PMDs in school. This comparative analysis not only enhances the comprehension of how PMDs are perceived by the key educational stakeholders but also highlights the potential disparities in their intentions to use and allow these devices in mathematics classrooms.



2 Literature review and theoretical framework


2.1 Personal mobile device use in schools

Researchers studying the impact of students’ PMDs on educational performance have explored factors like attitudes, perceived usefulness, and perceived ease of use that influence educational stakeholders’ (students, teachers, parents and policymakers) perceptions, intentions and actual usage of PMDs in schools worldwide. Studies such as (Chatterjee et al., 2020; Cóndor-Herrera and Ramos-Galarza, 2021; Umboh et al., 2021; Zogheib and Daniela, 2021; Yanuarto et al., 2023; Oyedoyin et al., 2024) investigated these factors solely on students’ perceptions of learning mathematics and other subjects at school with PMDs. In addition, several researchers (Curto Prieto et al., 2019; Adov et al., 2020; Xu and Zhu, 2020; Yaniawati et al., 2022; Jatileni et al., 2023; Zakaria et al., 2023; Al-alami and Alhamami, 2024) studied these factors exclusively on teachers’ perceptions of integrating PMDs in the teaching of various subjects, including mathematics. In addition, a few recent studies, such as Mkude et al. (2023) and Mutambara and Bayaga (2020, 2021), have assessed students’ PMD use and BYOD policy implementation in schools from a multiple educational stakeholder perceptive. Such a focus in the literature has created a research gap in the alignment or misalignment between the educational stakeholders’ perceptions on PMD use in schools, since each group of stakeholders’ perspectives are assessed either differently or separately. This research focus has prompted the necessity for comprehensive analyses of these factors among groups of educational stakeholders regarding the use of PMDs in specific subjects and the implementation of BYOD policies in schools. Such scrutiny can contribute to a better understanding of these factors and the dynamics of technology adoption in educational settings and in mathematics learning (Attard and Holmes, 2019; Mkude et al., 2023). Moreover, such research informs the development of effective BYOD policies and enhances the understanding of the evolving role of PMDs in shaping contemporary education worldwide. Mkude et al. (2023) found that diverse modern technologies are commonly incorporated into school teaching and learning when there is a shared positive relationship between stakeholders’ perceptions and the use of technology. However, researchers such as Mkude et al. (2023) evaluated the perceptions of educational stakeholders as a collective group regarding modern technology usage in schools without examining the perspectives of individual stakeholder groups. This suggests a need for further research to enable meaningful comparisons between different groups of educational stakeholders concerning students’ learning subjects, such as mathematics, with PMDs in school.

Integrating students’ PMDs in mathematics classrooms can serve various purposes such as enhancing learning experiences, promoting collaboration, and providing access to a wide range of mathematical tools and resources (Fabian et al., 2018). Namibian students could use their PMDs to access mathematical tools and applications. Students in other countries commonly use applications like GeoGebra and Desmos for graphing, geometry, algebraic manipulations and learning functions (Chechan et al., 2023; Diharto et al., 2024). Diharto et al. (2024) reviewed the literature on a total of 23 applications that are mostly used in mathematics classrooms in schools. Applications including Geogebra, Linear Equation Aid, Construct, Hawgent dynamic mathematics software, Quizizz, Game Education, Maple, Cabri, Mathematic Equation Editor and Software Derive have been used in mathematics classrooms and reported to have helped improve students’ performance (Diharto et al., 2024). Such applications are used in teaching and learning topics such as geometry, mathematical modelling, algebra, arithmetic operations, fractions, and matrices among others. These topics are part of the Namibian grades 4–7, 8–9, 10–11 and grade 12 mathematics syllabi. Therefore, Namibian students could also utilise any of the 23 applications and more on their PMDs to enjoy learning mathematics in school if they are permitted. Most of the mathematical applications are developed by teachers and researchers and have helped students develop critical thinking and problem-solving skills and gain mathematical conceptual understanding (Diharto et al., 2024). Applications such as Google Classroom are used to facilitate mathematics learning. Abidin and Saputro (2020) described Google Classroom as a user-friendly educational platform that provides a seamless experience for both teachers and students, while also allowing teachers to enhance student learning through online tools. They found that Google Classroom effectively supports students’ mathematics learning by providing flexible access to resources and enabling knowledge construction through active participation in online forums, thus allowing efficient instructional practices (Abidin and Saputro, 2020). Students can also use their PMDs to access and store online mathematics resources, textbooks, videos, and tutorials. Additionally, Namibian students could use their PMDs to access different mathematics teaching websites, such as the commonly used Khan Academy, IXL Math, Desmos, Art of Problem Solving and Mathway.

Although there is an increase in the literature examining the benefits and challenges of PMDs in schools, there remains a need for further research to address the evolving technologies and their perceived impact on teaching and learning, particularly in specific subjects such as mathematics, where technological support may significantly impact performance. Ongoing research should explore the nuanced interactions between the key educational stakeholders’ perceptions to provide insights into the factors influencing the utilisation of students’ PMDs in diverse school subjects and the successful implementation of BYOD policies in schools. This study serves as a foundation for students, teachers, parents and educational policymakers to make informed decisions about the integration of PMDs in mathematics teaching and learning and the implementation of BYOD policies in the shifting modern education systems.



2.2 Technology acceptance model

The TAM framework accommodates the evolving use of PMDs in schools globally, given the dynamic nature of technology in education. The TAM has a developmental history that keeps advancing over time with continuous extensions emerging to incorporate additional variables (Davis et al., 2023). TAM was developed by Davis (1989) and Davis et al. (1989) as a revision of the Theory of Reasoned Action in Information Systems (Naeini and Krishnam, 2012). TAM has been a theoretical foundation, providing an understanding of individuals’ acceptance and usage of technologies in diverse sectors, including education (Granić and Marangunić, 2019).

The original also called the basic TAM has three factors: PU, PEOU and BI. Both PU and PEOU can directly affect participants’ BI towards using technology (Davis, 1989). The basic TAM model has been firstly expanded to include other external variables, attitude, and actual use factors (Davis et al., 1989). The expanded TAM model explains that PEOU and PU can be correlated, and they can both significantly impact users’ attitudes towards technology use (Davis et al., 1989). It further suggests that users’ attitudes influence their intention and, in turn, their actual behaviour to use technology (Davis et al., 1989). Thus, through attitude as a mediator, both PEOU and PU can influence the participants’ intention and behaviour to use technology (Davis et al., 1989). Nonetheless, PU and PEOU can be significantly influenced by external variables that chronologically determine the user’s intentions and actual use of technological devices (Venkatesh and Davis, 2000). The framework further depicts that PU can have both a direct and an indirect significant influence on users’ intentions to use technology (Davis, 1989; Zaied, 2012). Later, the original TAM was extended into TAM 2, which incorporates additional theoretical constructs such as social influence and cognitive instrumental processes. Thereafter, TAM 3 was developed to include factors such as trust and perceived risk. The Unified Theory of Acceptance and Use of Technology is another influential model that builds upon the original TAM. These extensions and adaptations of TAM can be integrated to capture additional factors that influence the acceptance and use of PMDs (Venkatesh et al., 2012). Despite these developments, the general aim of TAM remains to provide a comprehensive understanding of technology acceptance behaviour (Davis et al., 2023).

This model has been widely applied in various education contexts to examine the acceptance, adoption and use of technology (Naeini and Krishnam, 2012). The TAM’s applicability to PMDs use in schools and mathematics classrooms is apparent in previous research that assessed either students’ or teachers’ PU and BI factors (Mutambara and Bayaga, 2020; Açıkgül and Şad, 2021; Jatileni et al., 2023). In the school’s jurisdiction, the TAM serves as a valuable theoretical framework that researchers use to explore how stakeholders of education perceive and accept PMDs use within the context of BYOD policies. The model suggests that the participants’ perceptions of PMDs’ usefulness and the ease with which these devices can be integrated into the mathematics learning process are critical factors influencing their acceptance (Jatileni et al., 2023). Furthermore, the implementation of BYOD policies in schools serves as a contextual component influencing participants’ perceptions of PMD use in mathematics classrooms. This theoretical framework guides studies in exploring the intricate interplay between students, teachers, school policies and technological advancements, contributing to a nuanced understanding that ultimately influences the successful integration of PMDs in schools.

This study mainly aims to assess the PU and BI factors of the participants regarding the acceptance to use PMDs in the context of mathematics education in schools. Within the framework of the TAM, PU is posited as a key determinant of BI than PEOU (Davis et al., 1992). This suggests that students and teachers are more likely to accept and use PMDs when they perceive them as useful, rather than focusing on the ease of using them. Generally, PU has been established and considered the strongest predictor of BI, a relationship that is well established and documented in the seminal work of Davis (1989) and Davis et al. (1989) and further supported by Davis et al. (1992). Therefore, this study builds upon two of the basic TAM constructs PU and BI, which share a proven, strong fundamental relationship when compared to the PEOU and BI relationship. Hence this study explores the TAM proposition depicted in Figure 1 that PU strongly influences both students’ and teachers’ BI to accept PMDs use in mathematics teaching and learning. While the abilities of PU and PEOU to predict BI may differ across various contexts and technologies, PU consistently emerges as a more significant factor in influencing users’ intentions towards technology usage within the basic TAM framework (Davis, 1989; Davis et al., 1989, 1992). Therefore, the assessment of PU and BI constructs in this study is grounded on the established predictive principles of the TAM framework, emphasising the critical role of PU in forecasting the potential acceptance of PMDs in mathematical pedagogy.

[image: Figure 1]

FIGURE 1
 Conceptual hierarchies of PU and BI among students and teachers.


PU refers to the extent to which a person believes their work performance can be enhanced by using technology, such as when the technology helps them complete a task more efficiently (Davis, 1989). In the context of this study, PU refers to the perceptions that students’ PMDs use can contribute to improving mathematics education from both the students’ and teachers’ perspectives. One of the main reasons why students and teachers accept PMDs use in mathematics classrooms is their perception that it will help improve teaching and learning (Mutambara and Bayaga, 2020). While both PU and PEOU contribute to participants’ BI, research often indicates that the PU of technology has a more significant impact on shaping users’ adoption and use of the technology. Thus, if students and teachers perceive PMDs as useful for achieving their mathematics goals or improving performance, they are likely to have a positive intention to use them, even if ease of use is not perceived as extremely high.

BI refers to a person’s cognitive representation of their proximal determinant to use a given technology (Davis, 1989; Mutambara and Bayaga, 2020; Zogheib and Daniela, 2021). In the context of this study, BI pertains to both students’ willingness to learn mathematics with PMDs at school and teachers’ willingness to integrate or facilitate mathematics lessons in which students use PMDs for learning. Building on prior research (Teo, 2019; Mutambara and Bayaga, 2020, 2021), we formulated four research questions (RQs) and corresponding hypotheses (Hs) for this study.


RQ1: How did the participants rate the PU and BI scales regarding the use of PMDs for mathematics learning at school?

H1: The student group has a higher rating for both the PU and BI factors.

RQ2: How does the students’ PU directly relate to their BI towards learning mathematics with PMDs in school?

H2: Students’ PU has a statistically significant, positive and direct effect on their BI.

RQ3: Are students and teachers assessing PU and BI similarly to students’ mathematics learning with PMDs in school?

H3: Students and teachers assess the PU and BI factor structures similarly.

RQ4: Are there significant latent mean differences between students’ and teachers’ PU and BI factors on students’ mathematics learning with PMDs in school?

H4: Students have a statistically significant high PU and BI regarding their PMDs for mathematics learning.
 




3 Methodology


3.1 Instrument development

The study employed a closed-ended survey as the research instrument to collect data from both participant groups. For validity purposes, the survey instruments for students and teachers used in this study were developed from existing survey tools. In the students’ survey, the initial four questions gathered their details, including age, gender, region and whether they owned any PMDs. In the teachers’ survey, participants’ information, such as age, gender, region, teacher qualification and years of teaching experience, formed the initial five questions. In addition, the survey tools for both groups collected data on factors other than PU and BI used in this study. The items of the PU and BI factors for the students’ survey instrument for data collection were developed from (Hopkins et al., 2016; Pramana, 2018; Hoi, 2020). The PU and BI factors for the teachers’ survey instrument were developed from (Okyere-Kwakye et al., 2016; Chatterjee et al., 2020; Xu and Zhu, 2020; Hoi and Mu, 2021). To further validate the survey instruments, we conducted separate pilot studies with 50 participants from each group to evaluate their BYOD knowledge and perceptions and to test the factors’ internal consistency. Based on the pilot results of the factor analyses, inter-item correlations, reliability tests and experts’ review, we modified the survey tools to suit the aim of our study and its target population before the final data collection. Moreover, survey items with too low and too high inter-item correlations, those with factor loadings below 0.50, and those loading on more than one factor were excluded from the finalised tool to ensure that the theoretical construct under measurement was validated. For the two factors used in this study, each survey item in both groups was rated on a five-point Likert scale, with 1 indicating strongly disagree and 5 indicating strongly agree.



3.2 Data collection

Data collection was designed based on the participants’ groups and the methodological design of the study. We used confirmatory factor (CFA) multigroup analysis, a part of structural equation modelling (SEM), which has now become the popular methodology for nonexperimental research (Byrne, 2016). In both groups, the study followed a volunteer purposeful sampling using a quantitative nonexperimental research design to collect data from ninth graders and grades 4–12 mathematics teachers from the Omusati and Khomas regions. Purposeful sampling aided in selecting participants relevant to the research questions. Ninth-grade students represent the Namibian basic education students’ population, chosen for their unique position of being neither in the primary level, where comprehension might be limited, nor in the senior secondary level, where BYOD intentions for mathematics learning might be excessive in school. They bridged both levels, providing a nuanced understanding. Additionally, Grades 4–12 mathematics teachers were chosen to share diverse perspectives, including varied educational backgrounds, teaching experiences and styles based on BYOD for mathematics learning in school. Collecting data from both urban schools in Khomas and rural schools in Omusati ensures varied insights, contributing to comprehensive and targeted data collection. Regarding the students, 12 government schools, seven from the Omusati and five from the Khomas regions, participated. Students were self-selected from full-class Grade 9 groups. Mathematics teachers distributed 508 questionnaires during school hours, which students completed using paper and pencils. The teachers collected and transmitted the surveys via Zoom for the researcher’s recording. The data were then entered into the Webropol survey system, producing 500 usable surveys. On the other hand, 209 teachers from public schools in both regions completed a self-administered online survey through a shared Webropol survey link. Data for students were collected from January–March 2022, and the teachers’ data were collected from March–June 2022.



3.3 Participants’ demographics

The participants in this study consisted of two groups: students (n = 500) and teachers (n = 209), totalling 709 participants. Notably, both students and teachers were from the same regions. In the paper-and-pencil survey, 500 ninth-grade students participated. Half (50%) attended seven schools in Omusati, while the remaining half (50%) were from five schools in the Khomas region. Among the students from Omusati, 52% were girls and 48% were boys. In Khomas, 60% were girls, and 40% were boys. Of the students from Omusati, 64% (159) owned PMDs, and 75% (188) of the students from the Khomas region owned PMDs, such as laptops, smartphones or tablets, that they use to access the Internet outside the school premises. Conversely, 36% (91) of the students from Omusati and 25% (62) of the students from Khomas did not own PMDs that access the Internet. Additionally, 209 mathematics teachers in Grades 4–12 from the Omusati and Khomas regions completed the online survey. Of the total teachers, 60% taught mathematics in Omusati schools and 40% taught in Khomas schools. In Omusati, 61% of teachers were female, and 39% were male, while in Khomas, 58% were female, and 42% were male. Both student and teacher participants from the Omusati region represent rural schools, while those from Khomas represent urban schools. Teachers from both regions had not experienced students learning mathematics with PMDs in school. In addition, students from both regions had not learned mathematics with PMDs in school. Table 1 presents the demographic details of the participants, categorised by gender, group and region.



TABLE 1 Participants’ demographic information (N = 709).
[image: Table1]



3.4 Data analysis procedures

The data were analysed in a series of steps using IBM SPSS Statistics 27 and IBM SPSS Amos 27. First, we conducted principal component analysis (PCA) for students’ and teachers’ perceived usefulness (PU) and behavioural intention (BI). This process involved merging or combining the related PU and BI items from both the students’ and teachers’ PCAs. Furthermore, we tested the interfactor correlation and conducted reliability tests for the merged PU and BI items. To ensure the validity, reliability and generalisability of the measurement model to the studied population, we conducted a SEM CFA for PU and BI factors. This CFA analysis was performed on the entire participant group. Subsequently, we conducted separate CFAs for the students’ and teachers’ groups to assess the fit of the hypothesised measurement model and factor structures to the observed data within each group. Next, we assessed the predictive power of the students’ PU on their BI towards learning mathematics with PMDs in school. Thereafter, we conducted tests for measurement model invariance (MMI) across the participants’ groups to ensure that the measurement properties remained consistent across the subgroups before comparing the latent group means. The PCA output of the student data revealed the extraction of two distinct components with eigenvalues above 1. The first component, BI, consists of seven items, while the second component, PU, comprises five items (see Table 2). The students’ PCA showed no cross-loadings.



TABLE 2 Rotated component matrixa loadings of latent variables for students (N = 500).
[image: Table2]

The teachers’ PCA output showed cross-loadings. In the teachers’ survey tool, eight items measured the BI component, and seven items assessed the teachers’ PU component. PCA successfully extracted these two components from the teachers’ data. However, two items from the BI component exhibited cross-loadings on both the BI and PU components. Despite strong loading on their primary construct, BI, compared to PU, we removed these two items, as they appeared to be weak measures of either BI or PU (Collier, 2020). After excluding the initial BI3 and BI8, the PCA output for teachers’ data immediately showed two components with eigenvalues above 1: BI with six items and PU with six distinct indicators (see Table 3). PU7 was not extracted from the teachers’ data. The Kaiser–Meyer–Olkin measure of sampling adequacy was very good for both students (0.929) and teachers (0.928), and Bartlett’s test of sphericity was significant for both (p = 0.000). The BI and PU factors among students explained 57% of the variance in intentions, while among teachers, these factors accounted for 78% of the variance in intentions towards BYOD for students’ mathematics learning in school.



TABLE 3 Rotated component matrixa loadings of latent variables for teachers (N = 209).
[image: Table3]

The subsequent step involved combining the related BI and PU indicators from both students’ and teachers’ extracted components. This was achieved by merging them and adding cases to create single BI and PU items, consequently forming BI and PU factors for both participant groups. Related indicators are those that measure the same content concerning BI or PU in students as in the teachers’ surveys. They were merged to create a single large dataset that included the teacher and student groups. The following students’ BI indicators were merged with the teachers’ BI indicators: (BI5s and BI1t = BI_Comb1), (BI1s and BI4t = BI_Comb2), (BI7s and BI6t = BI_Comb3), (BI6s and BI2t = BI_Comb4), and (BI3s and BI3t = BI_Comb5). Two items from the students’ extracted indicators, BI2 and BI4, did not match any BI indicators in the teachers’ extracted indicators. Additionally, item BI5 in the teachers’ extracted items did not match any BI item in the students’ extracted items. The following students’ PU items were merged with the teachers’ PU items: (PU2 s and PU4 t = PU_Comb1), (PU4s and PU1t = PU_Comb2), (PU3s and PU6t = PU_Comb3), and (PU5s and PU2t = PU_Comb4). Item PU1 in the students’ extracted items did not match any PU item in the teachers’ extracted items. In addition, items PU3 and PU5 in the teachers’ extracted items did not match any item in the students’ extracted items. Items that did not match each other were left unmerged and are excluded from this study.

Third, we evaluated the internal consistency of the four PU and five BI merged variables. Cronbach’s alpha has faced criticism for its reliability assessment (Abubakar et al., 2016; Sijtsma and Pfadt, 2021). Consequently, we computed composite reliability alongside Cronbach’s alpha to provide an alternative measure of reliability. The BI and PU factors showed good (˃0.80) Cronbach’s alpha and composite reliability (Hair et al., 2021; Table 4).



TABLE 4 Construct reliability tests for combined factors (N = 709).
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Fourth, we computed the mean of the PU and BI merged indicators to assess the inter-factors correlation. The variables PU and BI exhibited a strong positive correlation, r = 0.721 and p < 0.001. Fifth, we conducted a preliminary CFA to test the factorial structure of the merged BI and PU factors on both participants as a whole group. Table 5 shows the estimated paths of the indicators, unstandardised regression weights, standardised regression weights, critical ratio (CR) or t-values and p-values <0.001. The fit indexes showed a good fit model, meaning that the model fits the combined data well. The χ2 = 83.699, df = 25, χ2/df = 3.348 < 5.0, p = 0.000, standardised root mean squared residual (SRMR) = 0.0241 < 0.05, root mean squared error of approximation (RMSEA) = 0.058 < 0.08, the goodness of fit index (GFI) = 0.974, Tucker–Lewis index (TLI) = 0.975 and the comparative fit index (CFI) = 0.983 all >0.90 (Byrne, 2016; Keith, 2019).



TABLE 5 Confirmatory factor analysis for combined variables (N = 709).
[image: Table5]

Sixth, we conducted two separate CFAs for the student and teacher samples to assess if the model fit the data of each group. The teachers’ CFA results showed stronger loadings on both factors when compared to those of students. Loadings for the PU factor ranged between 0.65–0.74 for the students and 0.78–0.92 for teachers. The loadings for BI ranged between 0.60–0.73 for students and 0.75–0.94 for teachers. Based on the CFA model fitness criteria by Byrne (2016) and Taimalu et al. (2021), our CFA models for both samples demonstrate good data fit (see Table 6).



TABLE 6 Model fitness of the measurement models across the group samples.
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4 Results

This study first analysed how students assess their PU and BI levels towards learning mathematics with PMDs in school. Second, the study assessed the direct effects of students’ PU on their BI towards learning mathematics with PMDs in school. Third, the study analysed whether measurement invariance existed between the student and teacher groups in the assessment of PU and BI factors on students’ mathematics learning with PMDs in school. Finally, the study assessed whether there are significant latent mean differences in the students’ and teachers’ PU and BI factors regarding students’ mathematics learning with PMDs in school.


4.1 PMD usefulness and intentions scale ratings by the participants

In response to RQ1, Table 7 presents the descriptive results of how the PU and BI scales were rated by the student and teacher groups. The student group showed higher or more favourable ratings for both the usefulness and intentions scales of PMDs, while the teacher group showed lower or less favourable ratings for the usefulness and intentions scales of PMDs. Therefore, H1 (the students’ group has a higher rating for both the PU and BI factors) is accepted.



TABLE 7 Descriptive statistics of perceived usefulness and behavioural intention factors.
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4.2 The direct relationship between students’ PU and BI factors on mathematics learning

In response to RQ2, Figure 2 shows that PU directly and significantly predicted the students’ BI to learn mathematics with PMDs in school (β = 0.821, t = 10.891, p ≤ 0.001). The model depicted in Figure 2 demonstrated acceptable fitness (χ2 = 244.039; df = 52; χ2/df = 4.693 < (5.0); p = 0.000 < (0.001); SRMR = 0.0326 (<0.05); RMSEA = 0.072 (<0.08); GFI = 0.932 (>0.90); TLI = 0.923 (>0.90) and CFI = 0.945 (>0.90) (Byrne, 2016). Therefore, H2 (students’ PU has a statistically significant, positive and direct effect on their BI) is accepted. PU accounts for 67% of the variance in students’ intentions to learn mathematics with PMDs in school. In a previous study concerning these teachers, it was found that PU (β = 0.715, t = 8.972, p < 0.001) was the highest and strongest significant predictor of the teachers’ assessed BI towards students’ learning of mathematics with PMDs through BYOD in school (Jatileni et al., 2023). Yet, in this study, the teachers’ PU and BI were slightly weaker than those of the students. In addition, the teachers’ PU predictive abilities of BI towards students learning mathematics with PMDs in school are marginally lower than that of students.

[image: Figure 2]

FIGURE 2
 Path model of the direct relationship between students PU and BI.




4.3 Measurement invariance in the PU and BI factors on students’ mathematics learning

We conducted a series of multigroup CFA models to perform measurement model invariance tests (MMITs) across the student and teacher groups in response to RQ2. The participating students and teachers in this study did not fill out the exact same survey instrument. While both groups had the PU and BI factors on their surveys, the differences were that the students responded as PMD users, while the teachers responded as PMD facilitators in a mathematics classroom. Thus, the wording of the PU and BI factor items for each group was slightly different, necessitating MMITs. Conducting the MMITs aligns with Putnick and Bornstein (2016), who emphasise the importance of first assessing construct invariance before testing mean differences across groups or measurement occasions. Moreover, when comparing groups, there is an underlying assumption that the instrument assesses the same constructs across all groups. If this assumption is met, the comparisons become valid, enabling a meaningful interpretation of the differences or similarities between the groups.

The MMITs in this study examined whether the students and teachers understood and assessed the PU and BI survey measures similarly. Moreover, the MMITs determined if the factor loadings of PU and BI indicators were equivalent and did not differ across the participants’ change of groups. Finally, the MMITs ensured that measurement properties, including factor loadings and intercepts, remained consistent across participant groups, making the scales equivalent between students and teachers. Thus, students’ and teachers’ understanding of PU and BI indicators ought not change with the change in their group. If a lack of measurement model invariance exists, it indicates that the meaning of the PU and BI constructs is shifting between the student and teacher groups (Byrne, 2016; Collier, 2020). To ensure a good fit for both groups before making comparisons, the hypothetical structure should be assessed (Milfont Taciano and Fischer, 2010). Accordingly, we assessed invariance in this study with the three most recommended MMITs, configural, metric and scalar, which are necessary for making meaningful comparisons of group latent means (Gregorich, 2006; Keith, 2019; Taimalu et al., 2021).

The configural invariance test is the initial MMIT and it tested the unconstrained model across the student and teacher groups. It assessed the extent to which the PU and BI factors best represented the data for students and teachers. This test examined whether the overall structure of the constructed measurement model was equivalent across the participant groups (Byrne, 2016; Collier, 2020; Tan and Pektaş, 2020). Since no equality constraints are imposed on the model at this stage, its judgement is based only on the adequacy of goodness-of-fit statistics. The measurement model based on the participants groups has ensured configural invariance, (χ2 = 161.524; CFI = 0.967; TLI = 0.951; RMSEA = 0.058; see Table 8).



TABLE 8 Invariance testing with nested (increasingly constrained) models for PU and BI in factors.
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If configural invariance is supported, all following MMITs require the imposition of equality constraints across groups (Byrne, 2016). Given the supported fitness of the unconstrained model, we constrained factor loadings to be equal across groups to test for invariance in metric and scalar. We used the Amos automated multi-group analysis approach with specifications for the measurement weight and measurement intercepts equality constraints. Metric invariance was used to test for the equivalence of the item loadings on the factors. This test established the equivalence of the basic meanings of the constructs via factor loadings across the student and teacher groups. Metric invariance assesses whether each indicator or item contributes to the latent construct in the same way across both participant groups (Byrne, 2016; Putnick and Bornstein, 2016; Collier, 2020; Tan and Pektaş, 2020). This MMIT supported that we achieved the matric measurement invariance of the PU and BI factors model across the student and teacher groups (χ2 = 183.296; CFI = 0.963; TLI = 0.952; RMSEA = 0.057; see Table 8). After equating factor loadings for students and teachers, we observed χ2 variations between unconstrained and constrained models using nested model comparisons.

Metric invariance examines differences in unconstrained and constrained measurement weights (Milfont Taciano and Fischer, 2010; Collier, 2020). A non-significant change in χ2 indicates an acceptable model fit (Abubakar et al., 2016). To achieve metric invariance, the χ2 change from unconstrained to constrained models should be non-significant (p > 0.05; Milfont Taciano and Fischer, 2010; Collier, 2020). Conversely, a significant change (p < 0.05) suggests varying meanings of unobservable constructs across groups (Collier, 2020). However, the χ2 test’s sensitivity to sample size affects the χ2 change difference test, leading to the potential over-rejection of invariance (Cheung and Rensvold, 2002; Byrne, 2016; Keith, 2019; Taimalu et al., 2021). Consistent with Cheung and Rensvold’s (2002) perspective, in this study, invariance decisions were based on ΔCFI values rather than χ2 values. A ΔCFI <0.01 indicates evidence of invariance (Cheung and Rensvold, 2002; Byrne, 2016; Keith, 2019; Taimalu et al., 2021). Thus, we used Cheung and Rensvold’s (2002) ΔCFI <0.01 threshold.

Having established configural and metric invariance, the next step was to assess support for scalar invariance. This involved constraining both the factor loadings and measurement intercepts to be equal across groups and comparing the changes in the models. In intercept invariance, we extended metric invariance by constraining the intercepts of measured variables to be equal across student and teacher groups. The measurement model ensured scalar invariance, suggesting that not only are the factor loadings equivalent, but the item measurement intercepts are also equivalent across groups (χ2 = 226.366; CFI = 0.953; TLI =0.947; RMSEA = 0.060; see Table 8). All our models showed ΔCFI values within the <0.01 cutoff point, indicating non-rejection of the null hypothesis of invariance. Therefore, H3 (students and teachers assess the PU and BI factor structures similarly) is accepted. Fourth, factor variance and fifth, error variance invariance MMITs are not necessary for meaningful comparisons of group means (Gregorich, 2006; Keith, 2019; Taimalu et al., 2021). Hence, they are not discussed in this study. Based on the results (see Table 8), we conclude that our CFA model had a reasonably good fit across the groups, confirming that the PU and BI factor structures for students’ mathematics learning with PMDs in school are assessed similarly by both students and teachers.



4.4 Differences between the assessment of PU and BI by students and teachers

Given that measurement invariance across groups was established, we compared the groups’ latent means of the PU and BI factors for the students and teachers to find differences. We constrained the students’ latent means of PU and BI to 0, while freeing the teachers’ group means from constraints. By setting the student means to zero, we established a reference point for comparison, ensuring that the model is identifiable. Thus, we uniquely estimated the parameters based on the observed data. Consequently, the teachers’ mean was then estimated relative to this set reference. When the students’ latent means of PU and BI are set to zero, the teachers’ latent means are PU (M = −0.433, t = −4.668, p ≤ 0.001) and BI (M = −0.336, t = −3.984, p ≤ 50.001). The latent mean parameters, estimated for teachers, were negative, below the reference group mean (students = 0).

These results indicate that students’ perceptions of the usefulness of their PMDs for mathematics learning in school are significantly higher than those of teachers. Similarly, the results indicate that students expressed significantly higher intentions to learn mathematics with their PMDs in school compared to teachers’ intentions for students’ mathematics learning with PMDs. Therefore, H4 (students have a statistically significant high PU and BI regarding their PMDs for mathematics learning) is accepted. Table 9 provides a summary of these results. Practically, when we constrain the mean of the students to zero, the latent variables become standardised. The differences in mean values for the standardised variables (teachers’ mean values) are, in practice, represented by Cohen’s d effect size values. Both the effect size for PU (0.5) and BI (0.4) indicate a medium effect size (0.3–0.5), according to Cohen’s criteria. Therefore, both PU and BI have substantial effects, suggesting their importance in the context of students learning mathematics with PMDs in school. In practical terms, this means that the mean differences between these groups (PU and BI) were substantial relative to the variability observed in our data.



TABLE 9 Latent means difference of PU and BI by comparing teachers’ values against students’ values.
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5 Discussion

In a previous related study, teachers in these regions had PU as the strongest predictor of BI towards students’ learning of mathematics with PMDs in school. Grounded in that, this study’s first objective was to assess how the students and teachers rated the PU and BI scales on PMD use for mathematics learning in school. The results show that the participating students had an even more positive assessment of PU (M = 4.02, SD = 0.864) towards learning mathematics with their PMDs in school than their teachers (M = 3.58, SD = 1.175). Moreover, students showed a more positive assessment of BI (4.14, SD = 0.788) towards learning mathematics with their PMDs in school than their teachers (3.8220, SD = 1.05998). These findings suggest that, on average, students expressed a more positive perception of the usefulness of PMDs for mathematics learning in schools compared to their teachers. It further indicates a slightly higher level of agreement or positive sentiment among students towards the intention to utilise PMDs for mathematics learning in schools than among teachers. These results align with those of Mutambara and Bayaga (2021), who found that PU had the highest mean rating among students, teachers and parents regarding the usefulness of mobile learning for STEM subjects in South African rural schools. Additionally, the BI factor had the participants’ third-highest rating. Moreover, Alkindi et al. (2022) indicated that students worldwide are more likely to have higher BI towards the use of mobile learning applications than teachers in the study area.

Although this study did not explore the reasons for the students’ higher ratings of PU and BI towards learning mathematics with PMDs in school, some previous studies allow us to speculate about the reasons. Students are from a younger generation and are often more familiar and comfortable with technology, including PMDs and their applications (Adipat et al., 2021). Students generally exhibit greater interest in and enthusiasm for incorporating such technology into their school learning experiences (Kuleto et al., 2021). Nonetheless, Yeng’s (2023) study revealed that mathematics teachers’ familiarity and competency in integrating instructional technology, such as PMDs use, in mathematics teaching can be affected by their knowledge, frequency of use of PMDs and access and ownership of digital tools. Thus, mathematics teachers who are less familiar with technological tools, such as PMDs, educational software and the Internet, may struggle to facilitate instructional technology in their teaching, thereby limiting opportunities for students to interact with diverse learning tools like PMDs (Yeng, 2023). It is also noticeable that in this study, neither the students nor the teachers had previous experience with PMDs in their classrooms.

The study’s second objective was to examine whether students’ PU directly influences their BI for learning mathematics with PMDs in school. The results revealed a strong predictive relationship, with PU significantly explaining 67% of the variance in students’ intentions to learn mathematics with PMDs. This aligns with PU’s significance in predicting students’ intentions to use mobile devices for mathematics and various subjects in school (Zheng and Li, 2020; Mutambara and Bayaga, 2021). Our findings suggest that students intend to use PMDs for mathematics learning in school, believing that they will enhance their learning and save time. Their intentions are influenced not only by their belief in increasing performance but also by the perceived benefits of PMDs use in mathematics learning. Concurringly, Qi (2019) found that the academic use of PMDs by students can contribute to improved academic performance. If schools allow PMD use, students will aim to connect to the school Wi-Fi, accessing the Internet to support their mathematics learning. They also intend to use PMDs for tasks set in the classroom by their mathematics teachers, aiming to enhance their learning and improve results.

Recent studies worldwide have highlighted a positive relationship between mobile device usefulness and motivation to learn, which, in turn, positively affects students’ outcomes in STEM subjects and reading abilities. For instance, hedonic motivation, defined as the fun and pleasure from enjoying mobile technology in learning mathematics, strongly predicted Turkish high school students’ intentions and actions in learning mathematics (Açıkgül and Şad, 2021). Our results further align with Dias and Victor (2022), who showed positive learning outcomes from students’ PMDs use in classrooms. Zogheib and Daniela (2021) demonstrated a positive relationship between students’ PMD use, such as cell phones, and their perception of their impact on academic performance. Additionally, Kemp et al. (2024) analysed the relationship between the 2022 Programme for International Student Assessment (PISA) results and non-mobile phone use among students in schools. Their results revealed a negative relationship between phone bans in schools and student academic achievement in mathematics, reading and science across 81 member countries of the Organisation for Economic Cooperation and Development. Therefore, results from approximately 700,000 students worldwide showed that countries with bans on students’ use of PMDs such as mobile phones in schools, tend to have lower PISA scores (Kemp et al., 2024). Their results further demonstrated that when schools ban mobile phones on their premises, students’ average scores in mathematics, reading, and science decline by approximately 9.1 points (Kemp et al., 2024).

Some time ago, all technology was claimed to offer only a ‘glitter effect’. Yet, some researchers argue that this ‘glitter effect’ might be precisely what is needed to motivate slightly reluctant students to start studying. PMDs could serve as the starting point for them to feel motivated in their studies. In a comparable study, Curto Prieto et al. (2019) evaluated the online application Kahoot, which enables students to respond to online tasks created by the teacher through mobile devices and to check their results instantly. Their findings revealed highly positive benefits for mathematics and science learning, highlighting the potential of online learning with PMDs in classrooms. In the studies conducted by Taleb et al. (2015), students positively evaluated the effect of mobile devices on their mathematics learning. This agreement in results of various research globally suggests that students’ intentions to learn mathematics with PMDs are influenced by their positive perceptions of PMD usefulness for learning mathematics and other subjects in school. Despite the potential benefits, the use of students’ PMDs in Namibian schools has not been formally introduced. The government through the Ministry of Education Arts and Culture is expected to provide mobile devices and computers for information communication technology integration across curricular subjects, but prior research (Waiganjo, 2021; Nkengbeza et al., 2022; Ndjukuma and Haufiku, 2023) has shown shortage of these devices in schools. Though students possess their own PMDs, they are not permitted to use them within school premises (Osakwe et al., 2017; Jatileni et al., 2023). Based on the findings of this study and previous research, this research seeks to leverage student owned PMDs to supplement the limited availability of devices in government schools. If PMDs prove useful, students are more likely to advocate for BYOD in mathematics learning.

The third objective of the study was to test multigroup invariances between students and teachers regarding students’ mathematics learning with PMDs in schools, leading to the formulation of the third research question aimed at identifying invariances between student and teacher groups. We analysed whether students and teachers assessed PU and BI factors similarly, testing for measurement invariance in these factors across both groups in the context of students’ mathematics learning with PMDs in school. The goal was to identify differences in how students and teachers perceive the usefulness of PMDs for students’ mathematics learning in a BYOD school setting. Within the same research question, we also explored variances in how students intend to learn mathematics with PMDs through BYOD, compared to teachers’ intentions in facilitating this learning process. In a similar study, Teo (2019) utilised multigroup CFA to evaluate students’ and teachers’ intentions to use technology in education. Their results demonstrated the validity of six variables, including PU and BI, in explaining intentions to use technology in education for both student and teacher groups in a South-East Asian country. Correspondingly, their multigroup CFA results provided support for configural and metric invariance as well as scalar invariance in their data, mirroring our study’s outcomes.

Our results indicate that both students and teachers evaluated the PU and BI factors’ structures similarly regarding students’ mathematics learning with PMDs in school. These results indicate that both groups recognised the PMDs’ usefulness and convenience in making mathematics learning easier, saving time and contributing to achieving better results in mathematics. Similarly, Jarry (2024) observed a consistent evaluation of PU and BI in the adoption and utilisation of Google Classroom for learning among both students and teachers in an Indian private higher educational institution in Greater Noida. In addition, Mutambara and Bayaga (2020) found a non-statistically significant difference between students’ and teachers’ assessment of PU and BI among other factors on the use of mobile learning for STEM subjects. This alignment in perceptions between students and teachers regarding the PU and BI factor items supports the reliability and validity of the measures in capturing participants’ shared understanding of the effectiveness of PMDs in mathematics education.

In addition, our findings add to Dias and Victor’s (2022) study, which revealed that students and teachers are equally optimistic about the impact of PMDs use on student motivation, communication, collaboration and research abilities. The results further indicate that students’ intentions to learn mathematics with PMDs align with teachers’ intentions to facilitate this learning process. Both groups shared intentions related to PMDs’ efficacy in improving students’ mathematics results. Teachers aim to increase students’ PMD usage in alignment with classroom tasks, and their intentions to allow students to access the school’s Internet for learning mathematics align with students’ intentions to use the school’s Wi-Fi for mathematics learning. Furthermore, the results confirm that both groups intend to recommend PMDs for effective mathematics learning to their friends and colleagues. Arthur-Nyarko et al. (2020) highlight the potential of PMD usage in education generally, suggesting BYOD policies as a solution for overcoming challenges like limited access and high costs of the Internet.

The final objective of this study was to compare the structural parameters of the model between the student and teacher groups. This involved examining the overall structural relationships between the PU and BI factors by assessing whether the means of these factors were equivalent across the student and teacher groups regarding students’ mathematics learning with PMDs in school. Based on this objective, the fourth research question compared the students’ and teachers’ latent means to estimate the group of participants that had stronger PU and or BI. Like descriptive means that summarised and compared the central tendencies of PU and BI within our participant groups, latent means of the PU factor indicated teachers’ significantly lower perceptions of students’ PMDs’ usefulness for mathematics learning in school compared to students’ perceptions. Likewise, teachers have shown significantly lower intentions towards students learning mathematics with PMDs in school when compared to students’ intentions. This implies that although PU significantly predicted students’ and teachers’ BI and that both groups assessed PU and BI similarly, students highly anticipated learning mathematics with PMDs in school. Teachers value PMDs’ usefulness and are willing to permit their use for students’ mathematics learning in schools. However, they may feel unprepared to effectively facilitate lessons in which students are learning mathematics with PMDs.

In their study, Taleb et al. (2015) found that teachers perceive that mobile devices positively motivate students to learn mathematics. Thus, participating teachers in their study showed a strong interest in integrating mobile technology into mathematics education. However, our findings are different from Mutambara and Bayaga’s (2020), whose results showed no significant difference between students and teachers on factors such as PU that predict BI to adopt and use mobile learning in STEM subjects. The inconsistency in results is attributed to what Müller and Leyer (2023) termed the intention–behaviour gap. They identified this gap in teachers’ intention to integrate digital elements into teaching, highlighting that while teachers may value the usefulness and express intentions to use mobile devices in teaching, they may not align their actions with these intentions. Teachers can simultaneously believe in the usefulness of PMDs for mathematics learning while acknowledging the challenges associated with controlling their use in the classroom (Jatileni et al., 2023). Teachers are perhaps more willing to abandon the use of PMDs against the interest of students due to their uncertainty about its benefits to mathematics education. Therefore, providing teachers with opportunities to familiarise themselves with PMDs is crucial for effective implementation in teaching, as efforts to become familiar with digital elements significantly impact actual usage (Müller and Leyer, 2023).



6 Implications and recommendations

This study offers implications and recommendations for educators, policymakers and educational administrators to gauge the impact of students’ PMD use on mathematics academic performance. It explored the feasibility of implementing BYOD initiatives and policies as technological pathways to support PMDs enhanced mathematics learning in schools. The findings are crucial to all education stakeholders, providing an enhanced understanding of how PMDs are perceived by students and teachers. The study further highlights potential disparities in students’ and teachers’ perceptions of PMDs usefulness and intentions in mathematics classrooms. Based on the main findings, we recommend that mathematics teachers familiarise themselves with technological tools, including PMDs, educational software and the Internet. Additionally, they should focus on enhancing their intentions and knowledge to effectively integrate PMDs into mathematics teaching. In-service teachers may enrol themselves in courses that offer training programmes that cover topics like digital safety, information literacy and the responsible use of technology in mathematics teaching. This will help mathematics teachers learn how to leverage technology for active learning by designing engaging lessons and facilitating collaborative problem-solving using PMDs as digital tools.

Teacher training institutions should ensure that mathematics teachers receive training in integrating different technologies into their teaching practices. This includes the effective use of PMDs in mathematics classrooms as adaptive learning tools that personalise instruction based on student needs. Future teachers should be familiarised with mathematics educational applications such as Kahoot, interactive software and online resources that can enhance teaching and learning. To maximise PMD effectiveness, we recommend that Ministries of Education empower teachers by providing them with access to digital learning materials and necessary training on how PMDs can be integrated into teaching different mathematics topics. Additionally, Ministries of Education worldwide should promote digital education by providing schools with electricity and Wi-Fi connections that would enable teachers to effectively integrate PMDs use into mathematics learning. Ministries of Education, through regional directorates, should encourage teachers’ intentions to integrate PMDs by facilitating continuous professional development channels for training and sharing experiences and best practices. For countries without a BYOD policy for education, their educational policymakers should consider developing a national BYOD policy for basic education as a guide for implementing BYOD in mathematics classrooms.



7 Limitations and future research

This study acknowledges the theoretical and practical limitations. While PU is a stronger predictor of BI, other factors, such as PEOU and attitudes, are essential components of the TAM framework but were not part of this study. Future studies in the context of PMDs use in mathematics classrooms could assess both PU and PEOU abilities to predict students’ and teachers’ BI. Future studies on PMDs in mathematics classrooms may investigate how PU and PEOU factors predict students’ and teachers’ BI, mediated by attitude, to provide valuable insights. Considering all TAM factors together can yield a comprehensive understanding of teachers’ and students’ intentions. Furthermore, examining both PU and PEOU helps identify potential barriers and facilitators to PMDs use in mathematics classrooms. Additionally, assessing all TAM factors together can help predict whether the participants intend to use PMDs in mathematics classrooms based on their attitudes, as attitude plays a crucial role in shaping BI. Practically, the participants in this study did not experience BYOD in mathematics classrooms. Future research could explore TAM factors among students and teachers who already use PMDs in mathematics classrooms.

Ultimately, our participants formed only a limited number of students and teachers from two out of 14 educational regions in Namibia. Generalising their views to the entire Namibian student and mathematics teacher population may not be accurate. Future research should expand the study context to other parts of the world where students are not permitted to use PMDs in schools to enhance the robustness of the topic and enable comparison across diverse educational systems and cultures. The study should further be expanded to include views from various educational stakeholders regarding students bringing their PMDs to school to offer a holistic understanding of the topic. Future research should investigate how teachers perceive PMD usefulness aligns with mathematics educational goals, and potential challenges to inform BYOD policy decisions. Finally, future research on this topic should explore both the advantages (bridging theoretical concepts with practical applications) and potential drawbacks (such as distractions or inequities) associated with students bringing their PMDs to school.
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