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Abstract: This study examined the relationship between learners' behavioural intention
and the adoption of mobile learning (mLearning) in an mHealth training program in Kenya.
The study is premised on the Unified Theory of Acceptance and Use of Technology
(UTAUT). The original data used in this study was drawn from an unpublished PhD thesis
on mLearning adoption by the author. The sample size of 354 was determined using
Yamane’s (1967) formula, and the study achieved 294 completed responses, representing
a response rate of 83.05%. A data collection instrument was designed, validated for low-
resource settings and items were tailor-made for mobile learning. The data was analysed
using descriptive statistics, Pearson correlation, and regression analysis. The descriptive
findings showed that overall behavioural intention to adopt mobile learning recorded a
high mean score (M = 4.43, SD = 0.85, N = 294). In addition, behavioural intention was
positively and significantly associated with mLearning adoption (r = .502, p < .01). The
regression analysis confirmed that behavioural intention significantly predicted mobile
learning adoption and explained 25.2% of the variance in adoption. The study concludes
that learners’ intentions and perceptions are important determinants of mobile learning
adoption in low-resource settings. Successful implementation of mlLearning should
therefore emphasise ease of use, perceived usefulness, institutional and social support,
learner knowledge, and adequate facilitating conditions.

Keywords: Digital learning, Digital pedagogy, mobile learning, behavioural intention,
technology adoption.

INTRODUCTION

The integration of Information and Communication Technologies (ICTs) and digital pedagogy
has contributed to the transformation in educational delivery. Digital technologies are an
important part of day-to-day life across many sectors, including health, agriculture,
commerce and education (Chernysh et al., 2023; Jelimo et al., 2024; Rahimi & Oh, 2024;
Reddy et al., 2020). More specifically, mobile devices are transforming the way individuals
learn, conduct business, communicate, access information, and interact with their social
and economic environments. Equally, mobile learning has become an integral part of
supporting flexible access to educational opportunities anytime, anywhere (Liu et al., 2024).
Mobile devices support learning in different locations and times, hence extending
educational opportunities beyond traditional face-to-face classroom environments (Aeni et
al., 2026; Gatotoh et al., 2020; Sarker et al., 2021; Zou et al., 2025). The widespread
availability and personal nature of mobile devices make them particularly relevant for
educational delivery (Alam & Mohanty, 2023; Naveed et al., 2023).

Notably, as mobile devices become increasingly accessible, their availability does
not translate into effective adoption for digital pedagogy (Antoninis et al., 2023; Mwansa et
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al., 2025). Learner characteristics, perceptions, technological capabilities, and the
surrounding social and institutional environment may influence whether mobile technologies
are ultimately adopted (Arifudin, 2025; Qashou, 2021). It is thus crucial for educators
intending to adopt digital pedagogy to understand the factors that influence adoption since
mobile technologies may offer practical alternatives to more expensive and infrastructure-
intensive educational technologies (George et al., 2023; Hsieh, 2024). Several studies
emphasise the potential of mobile learning to expand access to education providing learners
with greater flexibility over when, where, and how learning occurs (Gatotoh et al., 2020;
Jelimo et al., 2024; Kukulska-Hulme & Traxler, 2005). Similarly, other studies have
identified personalisation, collaboration, and learner autonomy as important affordances of
mobile learning (Parsons et al., 2024; Quan et al., 2024).

Digital learning research, including studies on mobile learning adoption, argues that
behavioural intention and contextual factors explain how access to technology is converted
into actual educational use (Chao, 2019; Valencia-Arias et al., 2024). Behavioural intention
denotes an individual's deliberate plan to engage in a particular behaviour. Within
technology-acceptance research, behavioural intention is generally understood as an
important proximal determinant of actual technology use (Alowayr, 2022; Chao, 2019;
Sahani et al., 2025).

This study is anchored in the Unified Theory of Acceptance and Use of Technology
(UTAUT). The theory was developed by integrating eight established theories and models of
technology acceptance (Venkatesh et al., 2003). UTAUT is particularly suitable for mobile
learning research because mLearning adoption involves both individual perceptions and
contextual conditions (Alowayr, 2022). This shows that learners’ will to use mobile learning
is shaped by both instrumental considerations and characteristics of the learning experience
(Aytekin et al., 2022; Wang et al., 2009).

The Unified Theory of Acceptance and Use of Technology has several constructs that
appear to be significant direct determinants of intention or usage of technology. In the
present study, behavioural intention is examined through the four core UTAUT
determinants: Performance Expectancy (PE), Effort Expectancy (EE), Social Influence (SI),
and Facilitating Conditions (FC). This approach enables the study to move beyond the simple
question of whether learners have access to mobile devices and instead examine the factors
associated with converting access into educational adoption Figure 1.
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A critical component of digital pedagogy adoption is performance expectancy.
Performance expectancy is the degree to which an individual believes that using a
technology will help achieve valued outcomes or improve performance (Venkatesh et al.,
2003). An end user’s expectation of a particular digital technology’s performance influences
their intention to adopt it (Sarfaraz, 2017). In a learning environment, performance
expectancy reflects learners' perceptions that mobile technologies can improve the quality
of learning and timeliness of feedback. In the context of mLearning, performance
expectancy significantly influenced behavioural intention to use mobile learning (Wang et
al., 2009). A systematic review of UTAUT applications in higher education found that
performance expectancy generally exerted the strongest influence on behavioural
intention. However, the review also cautioned that the relative importance of UTAUT
constructs varies across contexts and technologies. The study revealed a major focus on
learners from Asia and North America (Xue et al., 2024). This thus exacerbates the need for
the current study, which focuses on behavioural intention and mobile learning adoption in
low-resource settings.

Notably, the effort of the end user is key to technology adoption. In effect,
therefore, e expectancy proponents argue that if users of a technology perceive it to be
easy to use, then they are likely to accept and use it (Sarfaraz, 2017). Effort expectancy is
the level of ease associated with using a technology (Venkatesh et al., 2003). In mobile
learning, it concerns the extent to which learners perceive mobile learning applications and
platforms as easy to understand, navigate, learn, and operate (Gatotoh, 2017; Wang et al.,
2009). Indeed, Wang et al. (2009) reported that effort expectancy significantly influenced
behavioural intention to use mLearning. More broadly, systematic reviews identify effort
expectancy or perceived ease of use as one of the recurring determinants of mobile learning
acceptance.

Social influence is another important consideration for digital pedagogy adoption.
According to proponents of social influence, individuals have a likelihood of adopting an
innovation when they want to enjoy a sense of belonging (Sarfaraz, 2017). Social influence
studies suggest that if individuals perceive that important people in their social environment
believe they should use a particular technology, then they are likely to use it (Venkatesh et
al., 2003). In educational contexts just like other sectors, social influence may come from
peers, instructors, supervisors, institutional leaders, professional colleagues, and other
valued referents for learners (Butera et al., 2021; Sarfaraz, 2017). In mLearning specifically,
Wang et al. (2009) found that social influence was a significant determinant of intention,
with its influence differing across demographic groups. The finding suggests that the social
environment shapes learners' perceptions of whether mobile learning is appropriate and
worthwhile. This study therefore conceptualises social influence as a critical determinant
of adoption of technology in mobile learning.

Finally, facilitating conditions imply the extent to which technology users believe
that institutions and technical resources serve to enable technology use (Venkatesh et al.,
2003). Facilitating conditions are particularly important because behavioural intention
cannot easily translate into actual use in the absence of enabling resources. In mobile
learning, facilitating conditions include access to suitable devices, connectivity, technical
support, digital knowledge, learning resources, assistance from facilitators, and
compatibility between the learning platform and technologies available to learners
(Nikolopoulou, 2023; Sophonhiranrak, 2021). Several studies argue that facilitating
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conditions are a meaningful determinant of digital learning adoption (Bayaga & du Plessis,
2024; Twum et al., 2022). Notably, facilitating conditions are especially critical in low-
resource settings, where device access does not ensure reliable learning. Limited data, poor
connectivity, storage and battery constraints, lack of support, and insufficient app skills can
widen the gap between intention and actual adoption.

The present study was undertaken against the backdrop of high mobile telephony
penetration in Kenya and other parts of Africa (Gatotoh, 2017; Grzybowski, 2022; Kitimbo,
2021; Okello, 2024; van Zanden, 2023). This study examined the relationship between
learners’ behavioural intention and the adoption of mobile learning in an mHealth
community health training program in Kenya.

METHODOLOGY

The study was anchored in the pragmatism research paradigm. This paradigm was selected
due to its support for the integration of mixed methods, enabling a more comprehensive
exploration of the research problem (Elgeddawy & Abouraia, 2024; Sim et al., 2024).
Accordingly, the study employed a mixed-methods-compatible logic that values both
breadth and depth of understanding through the use of quantitative techniques to assess
relationships among key constructs.

The target population consisted of 3,081 participants drawn from the two phases of
the mHealth program. A sample size of 354 was determined using Yamane’s (1967) formula
for calculating sample sizes for finite populations (Umar & Wachiko, 2021). The study
achieved 294 complete responses, representing a response rate of 83.05%.

The location of the study was the six counties in Kenya selected from the thirteen
counties where the mHealth program had been implemented. The counties were stratified
into three categories based on their predominant socio-geographic characteristics. Urban
counties comprised Nairobi and Kisumu, reflecting high-density, highly serviced
environments. Rural counties included Kitui and Kakamega, representing predominantly
agrarian and dispersed settlements. Nomadic counties consisted of Samburu and Kajiado,
characterised by pastoralist mobility and semi-arid conditions.

Behavioural intention was operationalized using four constructs adapted from the
Unified Theory of Acceptance and Use of Technology (UTAUT): Social Influence (SI),
Performance Expectancy (PE), Effort Expectancy (EE), and Facilitating Conditions (FC). A 28
UTAUT-based behavioural intention items were adopted from a research instrument
developed by Venkatesh et al. (2003). Each construct was measured using multiple items
rated on a five-point Likert scale ranging from 1 = Strongly Disagree, 2 = Disagree, 3 =
Uncertain, 4 = Agree to 5 = Strongly Agree.

Cronbach's Alpha (a) was used to test internal consistency for behavioural intention
items computed alpha value of 0.915 was obtained. The descriptive statistics figures were
calculated for each of the items (mean and standard deviation). Pearson correlation analysis
was then used to assess the association between the behavioural intention and mLearning
adoption. Regression analysis was employed to estimate the extent to which behavioural
intention (via its UTAUT dimensions) significantly predicted mLearning adoption.
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RESULTS

A descriptive analysis was conducted to examine learners’ behavioural intention to adopt
digital learning by assessing their intention to use mobile learning across 28 UTAUT-based
behavioural intention items. Mean scores and standard deviations were computed to
summarise the distribution of responses, as presented in Table 1.

Table 1: Behavioural Intention UTAUT constructs

UTAUT constructs Statement | Mean | Std. Deviation
Social Influence (SE) SE1 4,28 778
SE2 4.24 .770
SE3 4.44 714
SE4 3.88 1.232
SE5 4.08 1.078
SE6 3.83 1.101
SE7 4.34 .856
Performance Expectancy (PE) | PE1 4.59 .633
PE2 4.48 .628
PE3 4.46 .710
PE4 4.53 .651
PE5 4.52 .656
PE6 4.40 775
PE7 4.44 .703
Effort Expectancy (EE) EE1 4.45 .813
EE2 3.08 1.487
EE3 4.32 773
EE4 4.49 .606
EE5 4.41 719
EE6 4.41 .758
EE7 4.35 .800
Facilitating Conditions (FC) FC1 3.80 1.132
FC2 4.38 .809
FC3 4.43 775
FC4 4.31 .961
FC5 3.94 1.127
FCé6 4.19 1.004
FC7 4.50 .639
N=294 x=4.43 | SD = 0.85

The results of the aggregate behaviour intention to adopt mobile learning yield a
mean score (M = 4.43, SD = 0.85, N = 294). These results imply a high level of agreement
across the UTAUT constructs, suggesting strong behavioural intention toward mobile
learning adoption among the learners.

Mean scores for Social Influence (SE) items ranged from 3.83 to 4.44, indicating that
learners generally perceive positive encouragement from peers, instructors, and significant
others to adopt mobile learning. On the other hand, Performance Expectancy (PE) recorded
consistently high means (4.40 to 4.59) with low standard deviations, indicating strong and
uniform perceptions that mobile learning improves academic performance and efficiency.
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The narrow spread of scores demonstrates stable perceptions across the sample.
Most Effort Expectancy (EE) items showed high means (4.32 to 4.49) and moderate
variability, indicating that learners generally find mobile learning easy to use. EE2 is a
notable exception (M = 3.08, SD = 1.487*), reflecting substantial disagreement and wide
variability in perceptions of ease of use for that particular item. This suggests that mobile
learning is broadly perceived as user-friendly; however, certain aspects may still pose
usability challenges for some learners. Finally, Facilitating Conditions (FC) show moderately
high means (3.80 to 4.50) but with higher standard deviations than other constructs,
indicating variability in access to resources, technical support, and enabling infrastructure.
FC1 (M = 3.80, SD = 1.132) and FC5 (M = 3.94, SD = 1.127) suggest uneven availability of
support and resources. FC7 (M = 4.50, SD = .639) reflects strong agreement that some
enabling conditions are reliably available.

To examine the relationship between behavioural intention and mobile learning
adoption, a Pearson correlation analysis was conducted. Table 2 presents the Pearson
correlation coefficients examining the relationship between the four indicators of
behavioural intention, Social Influence (SI), Performance Expectancy (PE), Effort
Expectancy (EE), and Facilitating Conditions (FC) and the adoption of mobile learning
(mLearning).

Table 2: Correlation for the Individual Indicators of Behavioural Intention and Adoption
of mLearning

Social Performance Effort Facilitating
Influence Expectancy (PE) | Expectancy Conditions
(Sh (EE) (FO)
Adoption of | Pearson .348* .358* 416 336
mLearning Correlation
Sig. (2- | .000 .000 .000 .000
tailed)
N 294 294 294 294
**_ Correlation is significant at the 0.01 level (2-tailed).

All correlations were statistically significant at the 0.01 level, indicating meaningful
associations between each behavioural intention construct and mLearning adoption.

The results show that Effort Expectancy (EE) had the strongest positive correlation
with mLearning adoption (r = .416, p < .001), suggesting that learners who perceive mobile
learning as easy to use are more likely to adopt it. Performance Expectancy (PE) (r = .358,
p < .001) and Social Influence (SI) (r = .348, p < .001) also demonstrated moderate positive
correlations, indicating that learners’ perceptions of usefulness and the influence of
important referents both contribute to adoption. Facilitating Conditions (FC) showed the
weakest, though still significant, correlation (r = .336, p < .001), implying that supportive
technical and organizational conditions play a role, albeit to a lesser extent. These results
underscore the importance of strengthening user support, enhancing perceived usefulness,
and fostering positive social and institutional environments to promote successful mLearning
uptake. Further, a correlation for overall behavioural intention, combining all four
constructs, was conducted as shown in Table 3.
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Table 3: Correlation for the Combined Indicators of Behavioural Intention and Adoption
of mLearning

Behavioural Intention
Adoption of mLearning | Pearson Correlation | .502

Sig. (2-tailed) .000

N 294

**_ Correlation is significant at the 0.01 level (2-tailed).

The results showed a moderate, positive correlation between behavioural intention
and mLearning adoption (r = .502, p < .01), indicating that higher behavioural intention was
associated with a greater likelihood of adoption. These findings reinforce the central role
of behavioural intention in shaping adoption outcomes. It highlights the importance of
strengthening motivational and contextual factors when implementing mLearning
initiatives. The study hypothesised that Ho: Learner behavioural intention has no significant
effect on the adoption of mLearning within the mHealth community health training
programme in Kenya. To test this hypothesis, a simple linear regression model was fitted:
Y = 1.004 + 0.766X was fitted. where Y represents mLearning adoption, and X represents
behavioural intention.

The regression analysis showed that the model was statistically significant, F(1, 244)
= 82.02, p < .001, with behavioural intention explaining 25.2% of the variance in mLearning
adoption (RZ = .252). Behavioural intention emerged as a significant positive predictor, B =
0.766, SE = 0.085, B = .502, t(244) = 9.06, p < .001. This indicates that a one-unit increase
in behavioural intention corresponds to a 0.766-unit increase in mLearning adoption.

The null hypothesis was therefore rejected, indicating that behavioural intention
significantly and positively predicted mLearning adoption. These findings demonstrate that
behavioural intention is a significant and meaningful predictor of mobile learning adoption,
underscoring its importance for institutions seeking to implement mLearning initiatives.

DISCUSSION

The findings establish that behavioural intention is an important determinant of digital
learning and specifically mobile learning adoption. Learners who expressed stronger
intentions and more favourable perceptions towards mobile learning were more likely to
adopt it (Hasan et al., 2025; Hossain et al., 2021; Sahani et al., 2025).

The overall regression results show that behavioural intention explained
approximately one-quarter of the variation in mobile learning adoption. In spite of
substantial contribution, the remaining unexplained variance suggests that other factors
may also influence adoption. These may include learner characteristics, technology
infrastructure, device functionality, connectivity, instructional design, digital literacy, and
contextual factors. These findings are consistent with multiple studies showing that
behavioural intention can significantly influence digital learning adoption on its own.
However, they also indicate that adoption is typically shaped by multiple factors operating
together, rather than by behavioural intention alone (Al-Emran et al., 2020; Grani¢, 2022;
Gupta et al., 2021; Moya & Camacho, 2021). Notably the study established that among the
four dimensions examined, performance expectancy recorded the highest overall
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descriptive mean. This suggests that learners generally recognised the educational benefits
of mobile learning, including faster completion of learning activities, improved access to
information, quicker feedback, and improved learning outcomes. These perceptions are
important because learners are likely to be motivated to adopt a technology when they
believe that it will improve their performance or provide meaningful educational benefits.

CONCLUSION

The study concludes that the four UTAUT-informed dimensions of behaviour intention, social
influence, performance expectancy, effort expectancy, and facilitating conditions support
adoption of digital mobile learning. It further concludes that access to mobile devices is
necessary; it is not sufficient to ensure adoption. Mobile learning initiatives in low-resource
environments should therefore address both behavioural and contextual factors by
enhancing perceived usefulness, ensuring user-friendly features, fostering supportive social
and institutional environments, and providing adequate facilitating conditions. This will
ensure that mLearning programs can better support sustained learner engagement and
effective adoption. The findings have important implications for educational institutions
seeking to implement mobile learning in low-resource settings.

RECOMMENDATIONS

Based on the findings of this study, it is recommended that training institutions design digital
learning initiatives that intentionally strengthen behavioural intention by enhancing
perceived usefulness, simplifying user experience, and fostering supportive social and
institutional environments. For digital pedagogy to succeed, learning institutions should
strengthen contextual enablers, including reliable connectivity, technical support, and
well-designed instructional materials for effective adoption of mobile learning in
low-resource settings.
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