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Abstract: Mobile learning technologies (MLTs) have been on the rise in both higher education and
organisational settings, but progress in implementing them within organisations has been uneven.
While there is evidence base for psychological predictors of acceptance across the globe, primarily
through the Technology Acceptance Model, Unified Theory of' Acceptance and Use of Technology, and
Theory of Planned Behaviour, these models and theories have limited contextual applicability in South
African higher education (SAHE). The review followed PRISMA-ScR guidance. Searches were
conducted in Scopus, Web of Science, PubMed, PsycINFO, and ERIC for studies published between
2019 and 2025. The synthesis suggests that acceptance is consistently related to perceived usefulness or
performance expectancy, perceived ease of use or effort expectancy, self-efficacy, and social influence.
These predictors, however, are more strongly moderated by perceived behavioural control, facilitating
conditions, anxiety, and trust in SAHE, reflecting infrastructural constraints, workload pressures, and
digital inequality. The review concludes that, although dominant acceptance models remain
theoretically sound, they need to be applied in the context of SAHE, with a focus on institutional-level
interventions. This implies that MLTs are best used as integrated resources rather than as complete
replacements for traditional teaching, and that platforms with lower friction are more acceptable to
employees.

Keywords: Higher education institutions, M-learning technologies, Psychological predictor, Staff acceptance, technology
acceptance.

1. Introduction

Mobile learning technologies (MLTs) are digital tools and platforms that can be accessed on
smartphones, tablets, and other portable devices to support teaching, learning, communication,
assessment, and professional development. In higher education, these technologies have become
increasingly important because they allow staft and students to access learning materials, communicate
quickly, and support blended learning beyond the physical classroom. Their use expanded after the
COVID-19 pandemic, but institutional adoption has not automatically produced consistent staff
acceptance or sustained use [1, 2. Aside from that, they increase the likelihood of learning and
replication and, in certain instances, enhance structural disparities in digital literacy [3, 4-].

There is an emphasis on staft acceptance, as this relates to whether MLTs become part of routine
university practice. Staft’ can affect their adoption in daily routines. Although these platforms are
available within institutions, staft may be unwilling to use them if they find the systems cumbersome,
unreliable, poorly aligned with their work, or inadequately supported by the institution [57]. However,
psychological factors such as PU, EOU, SE, SI, PBC, trust, and anxiety continue to play a pivotal role in
technology adoption [6, 7]. Most of these factors form part of elaborated models such as TAM [87,
UTAUT/UTAUT?2 [97, and TPB [87. However, the validity and suitability of these models in the
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context of higher education, particularly for analysing the socioeconomic and technological
environment, have not been fully explored [9, 107.

The theoretical conception of TAM holds that perceived ease of use (PEOU) and perceived
usefulness (PU) are critical for identifying how users will accept new technologies [117].
UTAUT/UTAUT?2 builds on these issues by adding social influence, facilitating conditions, and
hedonic motivation, among others. In contrast, TPB focuses on attitudes, subjective norms, and PBC as
key factors in understanding technology adoption [8, 12, 187. Indeed, these models have been adopted
and have demonstrated an essential role in understanding technology adoption in workplaces and
education, providing a strong theoretical basis for the field. The success of these models is well
established, and South African universities are increasingly adopting blended learning in response to the
COVID-19 pandemic; yet, no robust studies exist on the functioning of psychological predictors in the
SAHE sector [5, 14, 157].

The existing literature lacks sufficient information on whether the established models apply to
developing environments, where challenges such as socioeconomic inequality, unequal access to
technology, low levels of digital literacy, and attitudes towards new technology exist [16, 17]. In
addition, the models are incomplete because they do not consider cultural factors and trust in the
technology, which play crucial roles in determining model acceptance but have not been included in
current models [18, 197. Moreover, Letjani et al. [97] highlight that South Africa's digital infrastructure
and access to technological resources differ from those in the Global North, potentially affecting the
relevance of such models and necessitating adaptations to local contextual factors.

When universities decide to implement MLTs as part of their digital transformation, it is necessary
to understand the psychological barriers and facilitators to technology adoption. If used without a
proper understanding of employees' perceptions and uptake of such technologies, there is a risk of
poorly implemented technologies that may widen inequalities and hinder the perceived benefits of
mobile learning [20, 217. The current study is a scoping review aimed at identifying gaps in the
literature, summarising the literature, and exploring the implications for SAHE. This study will enable
educators, policymakers, and technology developers to understand how well current models and
theories apply in South Africa and how they can be applied effectively to enhance the successful
implementation of MLTs, resulting in a better digital learning environment. Accordingly, research
questions were formulated:

1.1. Research Questions

RQ1: What psychological predictors of MLT acceptance among higher education staft have been
reported in the literature?

RQ2: Which theoretical frameworks have been used to explain MLT acceptance?

RQ3: What contextual factors influence statt acceptance of MLTs?

RQ4: What evidence gaps exist regarding MLT acceptance in South African higher education?

2. Theoretical Framing
2.1. Technology Acceptance Model

The TAM is an information systems theory that explains how users are encouraged to accept and
utilise new technology, assuming that PEOU and PU are the drivers of technology acceptance [7, 16].
The principal concept is that when employees believe an ML'T will enhance their job performance and is
user-friendly, they are more inclined to accept and use the technology. For instance, when a firm
launches a mobile learning application as a training initiative for employees, PU would be determined
by employees' belief that the application enables them to gain pertinent skills and enhance their job
performance [22, 237. PEOU would be based on the app's level of intuitiveness and ease of use [247].
Meanwhile, there has been considerable debate about the weakness of TAM, which uses PU and PEOU
as the only predictors of technology acceptance. Tomic et al. [257] argue that additional variables, such
as social influence, organisational support, and individual characteristics related to innovation or
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resistance to change, are predictors that cannot be explicitly modelled by TAM. The role of social
influence and enabling conditions in explaining technology acceptance has been emphasised [127.
Research indicates that social influence may be a key factor in determining the acceptance of M-learning
in organisations, particularly when top-level leaders or colleagues promote its use [26, 27].

2.2. Unified Theory of Acceptance and Use of Technology

The UTAUT [137] and later UTAUT2 [127] models are more comprehensive and better suited to
capturing the complexity of technology acceptance. While UTAUT presents eight (8) constructs,
making it a more thorough method, UTAUT2 was built upon the original model in 2012 by introducing
additional factors: hedonic motivation, price value, and habit, which are particularly pertinent to
consumer technology [12, 187. Performance expectancy (PE) in an M-learning situation captures
employees' beliefs that mobile learning would lead to better learning outcomes [277]. If employees
believe M-learning tools can help them acquire new competencies, they are more likely to adopt the
technology.

Meanwhile, one of the model's critical arguments concerns the complexity of measuring and
applying it in practice. For instance, hedonic motivation (enjoyment of using the technology) is more
likely to occur in consumer use of technology but less so in a work context, where it is more closely
associated with PE [28, 297. Similarly, UTAUT2 was built on Western cultural assumptions and may
not be directly applicable to non-Western cultures. For instance, social influence might not work
equally well across organisational contexts or geographical areas, and price value can pose a hindrance
in economically strained settings where mobile devices are not widely available. Venkatesh et al. [12]
found that habit and hedonic motivation were significant predictors when consumers were involved, but
less so when applied in the workplace. This raises the question of whether all UTAUT2 constructs are
equally applicable across various technologies.

2.8. Theory of Planned Behaviour

TPB [87, the choice to behave in a specific way is the most reliable predictor of behaviour and is
determined by three major factors: attitude towards the behaviour, subjective norms, and perceived
behavioural control [87]. TPB has been widely adopted in studies to understand the psychological
factors underlying technology adoption [307]. For instance, if workers are convinced that MLTs are
easy to operate, aligned with their work requirements, and supported by the organisation, their
intentions to use these technologies will be stronger. TPB has also been criticised for emphasising
psychological factors without considering external environmental factors that may influence adoption.
For example, employees may have the right attitudes and intentions towards adoption; however, if their
mobile devices are outdated or the learning content is poorly designed, adoption will still be slowed [31,
327]. The theory has also been criticised for focusing on behavioural intention (BI) as the next step
towards behaviour. Evidence from Alade et al. (337 supports the premise that attitudes and perceived
behavioural control are powerful predictors of technology adoption. However, they further posit that
external conditions suggest that, although TPB helps in the decision-making process, it may not
capture the external factors and obstacles influencing adoption.

3. Materials and Methods

This scoping review followed the PRISMA-ScR reporting guidance and the methodological
framework proposed by Arksey and O'malley [347 as refined by Levac et al. [357]. The review was
designed to map recent evidence on psychological predictors of employee acceptance of mobile learning
technologies and to interpret its implications for South African higher education. A protocol was
developed before screening began. It specified the review questions, databases, eligibility criteria,
screening procedure, data-charting categories, and synthesis approach. The protocol was not registered,

but all screening decisions and extraction records were documented using Covidence. The databases
searched were Scopus, Web of Science, PubMed, PsycINFO, and ERIC. Searches covered studies

Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 10, No. 9: 174-189, 2026

DOI: 10.55214/2576-8484.v1019.13568

© 2026 by the authors; licensee Learning Gate



177

published from January 2020 to December 2025. The search combined terms for mobile learning,
acceptance, psychological predictors, and higher education or workplace learning. The search string was
adapted to each database's indexing rules [367.

The search entailed identifying relevant keywords, using Boolean operators, and applying inclusion
and exclusion criteria to narrow the results, as presented in Table 1. The search terms were carefully
chosen to align with the key themes of the review: mobile learning technologies, employee acceptance,
and psychological predictors. The main ideas were divided into several keywords and associated terms,
designed to be as sensitive as possible in the search. The search terms were: TITLE-ABS-KEY(("mobile
learning" OR m-learning OR "mobile learning technology" OR "mobile app" OR smartphone) AND
(employee OR staft OR worker OR workforce OR "corporate learner") AND (acceptance OR adoption
OR "behavioural intention" OR "behavioral intention" OR "technology acceptance") AND (attitude OR
motivation OR "self-efficacy" OR anxiety OR trust OR "perceived usefulness" OR "perceived ease of
use" OR "social influence" OR "learning readiness")). Subsequently, the eligibility criteria for this
review were carefully considered, ensuring that only relevant studies were included and that the review
remained focused on the following constructs:

Table 1.
Inclusion and Exclusion Criteria.

Inclusion Criteria

Exclusion Criteria

Rationale

Peer-reviewed journal manuscripts

Non-peer-reviewed articles, conference
papers, theses, and unrelated literature.

Ensures inclusion of high-quality, credible
sources with scientific rigour.

Studies published from 2020 to the
present.

Studies published before 2020 or those
that are outdated do not reflect current|
trends in MLTs.

Focus on recent research to capture the
latest developments and trends in MLTS'
acceptance.

Publications written in English.

Publications written in languages other
than English.

To maintain consistency and feasibility in
data extraction and analysis.

Studies focusing on MLTs,
acceptance, and psychological
predictors.

Studies unrelated to mobile learning,
employee acceptance, or psychological
predictors.

Ensures relevance to the research topic,
which is centred on the intersection of the
constructs.

Studies involving employees or adult
learners in professional or higher

Studies focused on children or populations|
outside the context of adult learning.

Focus on adult learners in professional or
higher education.

education.

3.1. Selection and Screening Process

The review for this study was conducted in several steps: titles and abstracts were screened,
tfollowed by a full-text review, and data were extracted [21, 37]. To reduce bias and ensure the validity
of the selection process, two researchers conducted independent reviews, and potential disagreements
were addressed by engaging a third reviewer [20, 887. To further ensure the quality and transparency
of the process, the Covidence platform was used to automate study selection, screening, and data
extraction [7].
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Studies from databases/registers (n = 956) References from other sources (n = 0)
Scopus (n = 168) Citation searching (n = 0)
Web of Science (n = 298) Grey literature (n = 0)
S PubMed (n = 89)
- PsycINFO (n = 298)
= ERIC (n = 103)
= |
[}
R References removed (n = 238)
Duplicates identified manually (n = 4)
> Duplicates identified by Covidence (n = 231)
Marked as ineligible by automation tools (n = 1)
Other reasons (n = 2)
A
Studies screened (n = 736) —>| Studies excluded (n = 337)
v
%o Studies sought for retrieval (n = 399) —>{ Studies not retrieved (n = 0)
c
o ¥ .
B | Studies assessed for eligibility (n = 399) | | Studies excluded (n = 344)
Wrong setting (n = 29)

Wrong outcomes (n = 117)

Wrong intervention (n = 83)

No sustainable focus (n = 68)

No Clear Focus (n = 22)

Non targeted interventions (n = 25)

O

Included studies ongoing (n = 0)
L Studies awaiting classification (n = 0)

N covidence

Studies included in review (n = 55)

Included

Figure 1.
PRISMA-Covidence extraction of final included studies.

Figure 1 presents the PRISMA report of 966 records identified across four databases: Scopus (n =
168), Web of Science (n = 298), PubMed (n = 89), and PsycINFO (n = 298), plus an additional 103
records from ERIC. No records were identified through other sources. Following the removal of
duplicates and other records (n = 238), 736 studies remained for title and abstract screening. Of these,
337 studies were excluded, leaving 399 studies for full-text retrieval and eligibility assessment. All 399
studies were successfully retrieved. Full-text assessment resulted in the exclusion of 344 studies because
they had the wrong settings (n = 29), wrong outcomes (n = 117), wrong interventions (n = 83), no
sustainable focus (n = 68), no clear focus (n = 22), or non-targeted interventions (n = 25). Consequently,
55 studies were included in the final review. In addition, Cohen's kappa (k) was employed to assess inter-
rater consistency during screening and respondent selection [387.

PO-P
Cohen's k Formula: kK = 1_P:
P. = (0.45 X 0.44) + (0.55 X 0.56) = 0.198 + 0.308 = 0.506
Po—P 0.928-0.506 0.422
k=" k= —k = = 0.854
1-Pe 1-0.506 0.494

The inter-rater reliability analysis yielded a Cohen’s kappa of 0.854, indicating almost perfect
agreement between raters. This suggests that the coding/classification process was highly reliable and
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that the observed agreement was not attributable to chance [16, 397. After selecting the studies, data
extraction began. Relevant data were extracted from the included studies using the Covidence platform.
Study characteristics, psychological predictors, methods, and results were systematically derived and
tabulated. The final list of studies was included in the review following full-text screening and the
resolution of inconsistencies. The Covidence platform also facilitated tracking of included studies,
making the process transparent and reproducible.

The review protocol was developed a priori and guided by the PRISMA-ScR framework [347. The
protocol was not formally registered; however, all procedures were documented on the Covidence
Platform prior to study screening. The evidence-mapping process involved four iterative steps:
tamiliarisation with the included studies, initial coding of the extracted data, creation of descriptive
categories, and identification of overarching themes [1, 77]. This iterative process ensured that the

synthesis remained grounded in evidence and conceptual connections across studies.

Table 2.
Data Charting Process.
Author Country Sample Population Traits Outcomes Design Bias
Size Examined Examined
Aboderin and | Nigeria 317 Distance  e- | Age, ICT | Academic Cross- Moderate self-
Govender learners skills, performance | sectional report bias,
[40] motivation, survey good analysis
self-
regulation
Abu-AlSondos, | Jordan 412 University PU, PEOU, | Acceptance SEM Strong  model
etal. [41] students trust, mobility | of mobile e- fit,  validated
learning constructs
Al Ahbabi and | UAE NR Hospital Technology COVID-19 Case study Context-
Ahmad [42] administrators | readiness, management specific, limited
integration effectiveness generalisation
Alade, et al. | Multinational | 46 Workplace Just-in-time Knowledge Experimental | Strong design,
[33] employees learning, acquisition small sample
usability efficiency
Alkhateeb and | Middle East 240 University System Student SEM Robust ~ LMS
Abdalla [437] students quality, ease | satisfaction evaluation
of use
Antonczak and | Europe NR Knowledge Mobility, Innovation Conceptual No  empirical
Burger- workers collaboration practices validation
Helmchen [37
Benslimen, et | Europe Simulated | Network Failure Network Modelling/si High internal
al. [217] systems prediction reliability mulation validity
accuracy (technical
scope)
Bentley, et al. | Global 1025 Farmers Accessibility, Knowledge Online Large sample,
[44] relevance uptake survey self-selection
bias
Konyani, et al. | Malawi 326 Nursing Digital E-learning Survey Contextually
[24] students literacy, preparedness strong,  Cross-
infrastructure sectional
Brage, et al. | Global 68 studies | Radiographers | Reporting Diagnostic Systematic Rigorous
[45] competence performance | review synthesis,
secondary data
Cervini, et al. | USA >30,000 EV users Temperature EV adoption | Longitudinal | Strong causal
[467] ZIP codes sensitivity regression inference
Chadwick et al. | India 241 Rural adults Al-enabled Diabetes risk | Quasi- Pre-post
[2] behaviour reduction experimental | strengthens
nudges inference
Edo et al. [47] | Nigeria 215 Bank staff Perceived Fintech ML- Innovative,
risk, adoption enhanced survey bias
usefulness survey possible
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Emmett, et al. | Global 22 studies | Health Usability, ECG Qualitative Heterogeneous
[48] professionals workflow fit adoption review evidence
experiences
Al Fehaidi and | Middle East 180 Employees System Satisfaction Survey Narrow scope,
Khan [38] usability acceptable
rigour
Halbert, et al. | Global NR Social media | Exposure, CVD risk | Narrative Non-systematic
[49] users behaviour perception review synthesis
Hmoud  and | Middle East 263 University Attitudes, Mobile SEM Strong
Salah [17] employees self-efficacy learning construct
adoption validity
Hsiao, et al. | Taiwan 398 Trainees TAM Continuous SEM Continuance
[50] variables, use intention modelling
satisfaction robust
Huseynov, et | Tirkiye 512 Bank App usability | Adoption ML High predictive
al. [207] customers traits likelihood prediction accuracy
Jabbar et al. | Gulfregion 201 Academic staft | Communicati | Work Survey Limited
[51] on efficiency performance inferential
depth
Khan and | Global 742 Academic Research Knowledge Bibliometric Objective
Gupta [7] papers literature trends mapping mapping,
database bias
KRuciapski [327] | Europe 245 Employees Enjoyment, M-learning SEM High
motivation acceptance explanatory
power
Kumoji, et al. | Kenya 601 Micro- Digital Platform Latent class | Reduces
[52] retailers capacity adoption analysis aggregation
bias
Liébana- Europe 524 Consumers Trust, Use Multi- Method
Cabanillas, et biometrics intention analytic SEM | triangulation
al. [16]
Marcus-Quinn | Ireland NR Secondary Accessibility Inclusion Conceptual Triangulation
and Hourigan teachers awareness quality review strength
[55]
Milner and | Multinational | 412 University Attitudes to | Classroom Comparative | Smaller sample
O'Reilly [67] lecturers smartphones management | survey
Mwalukasa Tanzania 284 University Access, skills Academic Mixed Reliable
[564] students information methods instruments
use
Vaiopoulou et | Greece 412 Parents Perceptions of | Educational Instrument Strong
al. [87] apps value validation psychometrics
Walle [187] Africa 498 App users Trust, risk, | Adoption SEM-NN Advanced
usefulness prediction hybrid predictive
modelling

3.2. Evidence Mapping

As shown in Table 2, 55 studies were identified as eligible for evidence mapping. These studies
investigated psychological factors influencing technology acceptance, mobile learning adoption, or
digital learning behaviours in higher education and workplace learning environments. The included
studies spanned 2020 to 2025 and were primarily from the Global North, with the Global South
underrepresented. The evidence base was geographically representative, spanning studies in Europe,
North America, the Middle East, Asia, and some African countries, including South Africa, Tanzania,
Malawi, and Nigeria. The distribution of studies shows that research on mobile learning adoption has
increased since the COVID-19 pandemic, pointing to the rapid digitalisation of higher education
institutions worldwide. The majority of studies used quantitative survey designs and SEM, with fewer
using qualitative, mixed-methods, experimental, or longitudinal designs. This reflects a strong focus on
describing BI and acceptance relationships, while comparatively little emphasis is placed on

understanding how acceptance develops over time or within specific institutional contexts.
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3.8. Mapping of Psychological Predictors

Table 3 presents a synthesis of several psychological constructs frequently mentioned in the
reviewed literature. The most commonly cited predictors of M-learning acceptance were performance-
related beliefs, which included PU and PE [557. Employees were more likely to accept MLTs when
they believed that MLTs would positively affect their professional performance, teaching effectiveness,
learning outcomes, and communication efficiency [407. Similarly, effort expectancy, a subscale of effort-
related beliefs, and PEOU were also identified as relevant predictors [387. The evidence was consistent
with the intuitive, easy-to-use, and work-friendly nature of these technologies, leading to high adoption
intentions and long-term use.

Table 3.

Psychological Predictors of MLT Acceptance.
Predictor Frequency (n) % of Studies
Perceived Usefulness 41 74.5%
Ease of Use 38 69.1%
Self-Efficacy 33 60.0%
Social Influence 29 52.7%
Facilitating Conditions 27 49.1%
Trust 18 32.7%
Anxiety 15 27.8%
Habit 11 20.0%

Furthermore, self-efficacy was another consistent predictor: for instance, research repeatedly shows
that increased self-efficacy in technological skills is linked to higher levels of engagement with mobile
learning platforms and lower resistance to learning through media [9, 487. In the meantime, self-
efficacy also seemed to increase ease of use and decrease technology-related anxiety. Social influence and
subjective norms were among the secondary predictors reported very often [267]. Regarding employees'
perceptions of the legitimacy and acceptance of technology, the evidence indicates that institutional
culture, peer endorsement, managerial support, and leadership encouragement are all factors. However,
the impact of these effects varied across organisations and cultures. Anxiety and trust in the technology
were important affective factors for acceptance. These constructs were less commonly investigated than
usefulness or self-efficacy, but they seemed especially relevant in situations of digital inequality.

Evidence Base

(n = 55 Studies)

Y

Geographical Theoretical Psychological Research Giicamen
Distribution Frameworks Predictors Methods ogmeS
Global North ; g
. Africa/ UTAUT/ Perceived X Behavioural .
Europe, Asia, South Afica TAM UTAUT2 Usiikness Ease of Use | (Self-Efficacy | |Social Influence|  Survey | | SEM | |Mixed Methods| |~ toution Adoption | | Engagement
Middle East
Figure 2.

Evidence Map of Literature on Psychological Predictors of MLT Acceptance.

Figure 2 shows the evidence map of the literature on psychological predictors of employee
acceptance of M-learning technologies. It summarises the distribution of evidence across geographic
context, theory, key psychological predictors, methods, and accepted outcomes identified in the
reviewed studies.
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3.4. Mapping of Theoretical Claims

The evidence map in Figure 3 indicates that technology use is still primarily guided by three
theories: TAM, UTAUT/UTAUTZ2, and TPB. Among these frameworks, TAM was the most widely
used, particularly in research examining factors influencing the intention to adopt (e.g., PU and PEOU).
The most frequently cited models in research on PE, EE, SE, and FC were UTAUT and UTAUT?2,
whereas attitudes, subjective norms, and PBC were most often examined using TPB [20, 307. The
evidence suggests substantial theoretical convergence across studies. Regardless of the specific
framework employed, similar psychological constructs consistently emerged as determinants of
acceptance behaviour. This indicates that the differences between models may be less important than the
recurring predictors they seek to explain.

Perceived Usefulness /
Performance Expectancy
(Very High Frequency)

Perceived Ease of Use /
Effort Expectancy
(High Frequency)

Self-Efficacy
(High Frequency)

Social Influence
(Moderate-High Frequency)

|__—W

Psychological Predictors
of MLT Acceptance

— Perceived Behavioural Control /
Facilitating Conditions
(Moderate Frequency)

Trust
(Moderate Frequency)

Anxiety
(Low-Moderate Frequency)

Habit / Hedonic Motivation
(Low Frequency)

Figure 3.
Evidence Map of Psychological Predictors of ML'T Acceptance.

Figure 3 summarises the relative prominence of psychological constructs reported across the
reviewed literature. PU/PE, PEOU/EE, and SE emerged as the most frequently reported predictors of
MLT acceptance, followed by SI, PBC, FC, trust, anxiety, and habit-related constructs. Meanwhile, the
most commonly analysed frameworks for mobile-enabled learning acceptance in the literature are TAM
(PU, PEOU, attitude, BI) and UTAUT/UTAUT? (PE, EE, SI, IFC, hedonic motivation, habit) [56-587.
One of the most important South African studies at a historically disadvantaged university employed
TAM to explain technology acceptance in teaching and learning, and the application of usefulness/ease-
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of-use beliefs has remained pertinent in that context. Even though some work in South Africa focuses on
students, it still informs the context for employees because of the structural similarity of many
acceptance pathways (usefulness—intention; ease-of-use—usefulness; self-efficacy—ease-of-use) across user
groups. Meanwhile, research consistently suggests that usefulness/PE, ease of use/effort expectancy,
and self-efficacy/enjoyment/anxiety are among the most prevalent predictors of educational technology
adoption [327]. Although facilitating conditions are relevant worldwide, they are more structurally
relevant in resource-constrained situations and shape perceptions of control and risk. In the case of
MLTs, including platforms, data, or assessments, factors such as anxiety (fear of error, lack of
confidence) and trust (in the system, privacy, and reliability) can determine acceptance [12, 37].

3.5. Mapping of Outcomes Associated with M-Learning Acceptance

The evidence map revealed that most studies measured behavioural, adoption, and continuance
intentions, or actual system use, as primary outcomes. Fewer studies focused on educational outcomes,
including teaching eftectiveness, employee productivity, learning performance, or organisational
performance [6, 537. The literature, therefore, remains largely acceptance-oriented, and little evidence
is provided regarding the long-term educational and organisational gains of MLTs. In other positive
studies, acceptance was found to be correlated with increased engagement, communication, learning
flexibility, and efficient access to learning materials [597]. However, the evidence also reinforced that
positive results were achieved when mobile technology was used alongside and integrated with other
instructional approaches.

In addition to individual factors, the evidence also identified several contextual factors that affected
MLTs. Examples of facilitating factors included infrastructure reliability, technical support, digital
readiness, workload compatibility, and organisational support, which were cited across multiple studies
as critical to the success of the adoption process [24, 547. These factors were assumed to be external
variables, but the evidence shows that they indirectly influence acceptance by shaping users' perceptions
of control, confidence, and risk [207. The predictive factors were mostly the same, but studies in
resource-poor settings focused significantly more on perceived behavioural control, institutional
support, and infrastructure reliability. This indicates that feasibility-related factors can have as much
impact on acceptance of SAHE as attitudes towards technology.

4. Discussion

Employees' perceptions of M-learning appear theoretically familiar (usefulness/performance
expectancy, ease/effort, self-efficacy, attitude, intention) but, in practice, more control-heavy,
supportive, and risky. This aligns with broader syntheses of TAMs, in which PU and PEOU are
recurring core factors in the adoption of m-learning, while external factors enhance explanatory value
[87]. The gap the study suggests is the difference between which predictors matter and when and why
they translate into action: in resource-variable environments, PBC is a gatekeeper, such that high PU
does not result in uptake if staff expect poor connectivity, inadequate training, or incompatibility with
workloads [377]. The latter focus is consistent with reviews of African-context higher education, which
find that residual implementation limitations and distributional imbalances in readiness determine what
can be done, rather than what should be desired, and that mechanisms of sustained use (habit) and
affective responses (technostress) have undergone little testing [57, 587.

The combination of mapping evidence suggests that M-learning is most effective as an
augmentation rather than a substitution, and that the most plausible benefits are achieved when
adoption minimises friction and increases interaction density in blended designs. This is consistent with
evidence suggesting that integrating mobile learning can enhance engagement and learning outcomes
in higher education, which are heterogeneous and depend on pedagogy and the quality of
implementation rather than on the tool itself [55, 597. The mapped evidence shows that high-uptake,
low-barrier platforms (WhatsApp) are being utilised for rapid communication, microlearning, and
continuity to enhance teacher—student interaction and learning support [2, 517. However, the weakness
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is also evident: most positive studies continue to focus on perceived engagement rather than objective
performance, and they rarely involve strong comparators (mobile versus conventional); instead, they
mostly confound mobile learning with general digital supplementation [20, 24].

4.1. Evidence Gaps

One of the most significant gaps identified in the literature is the limited empirical testing of
established technology acceptance theories within African higher education institutions. Although
TAM, UTAUT/UTAUT?2, and TPB dominate the global literature, most empirical validations have
originated in North America, Europe, and Asia. Comparatively few studies have examined whether the
underlying assumptions, predictor relationships, and explanatory power of these models remain stable
in African educational environments. The available African studies tend to adopt these models without
critically examining their contextual appropriateness or whether additional constructs are required to
explain acceptance behaviour under conditions of technological uncertainty. The evidence mapping also
shows that, in studies on the acceptance of M-learning, TPB has been studied significantly less than
TAM and UTAUT. PBC proved to be a key factor in resource-poor settings, but few studies have fully
examined the synergy among attitudes, subjective norms, and PBC in driving employees' uptake of
MLTs [55]. For SAHE, this gap is particularly important because psychological beliefs and practical
considerations influence decision-making.

While many studies examine technology acceptance worldwide, few specifically address the South
African university context. Consequently, current knowledge is largely derived from extrapolating
results from international settings that vary widely in resource availability and infrastructure. This gap
is especially worrisome in the context of the current digital transformation in South African universities
and the increasing significance of M-learning in enabling flexible, blended learning. This imbalance is
problematic because staft are key to the successful implementation and institutionalisation of MLTs.
Their acceptance directly impacts pedagogical integration and sustainability.

4.2. Implications for South African Higher Education

Institutions need to move from platform adoption to implementation readiness within the
university. Before introducing new mobile learning tools, decision-makers need to evaluate staft
workloads, connectivity, device access, digital confidence, technical support, and data affordability [597.
Universities need to go beyond one-time technical training for staff development. Staft’ development
should involve peer mentoring, guided practice, mini-demonstrations, discipline-specific use cases, and
ongoing support. The intention should be to build self-efficacy and lower anxiety.

For platform design, institutions should prioritise low-friction tools that are mobile-first, easy to
navigate, compatible with existing learning management systems, and accessible under low-bandwidth
conditions. For infrastructure, universities should invest in reliable connectivity, device access support,
help desk services, and policies that reduce data burdens on staff and students. For pedagogy, mobile
learning should be integrated into blended teaching design. It should support communication,
microlearning, feedback, assessment reminders, and flexible access, but it should not be presented as a
tull substitute for structured teaching.

5. Conclusion

This scoping review integrated existing evidence on the acceptance and use of MTs among
employees working in South African institutions of higher learning, with a specific focus on
psychological predictors, adoption—outcome relationships, interventions grounded in models and
theories, and the comparative significance of focused and general strategies. It was discovered that the
core drivers of acceptance are theoretically aligned with global evidence, with PU/performance
expectancy, PEOU/effort expectancy, self-efficacy, attitude, and behavioural intention at the centre.
However, they are expressed more contextually: in South Africa, these psychological predictors are
more closely connected to PBC, facilitating conditions, anxiety, and risk. The implication is that
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acceptance depends not solely on motivation but also on staft members’ realistic evaluations of
teasibility, given variable infrastructure, workload, and imbalanced institutional support.

It was equally evident that a mobile learning application is most effective as a secondary support in
a blended design, rather than as a complete substitute for traditional teaching. Mobile platforms,
especially familiar, low-friction tools, continuously enhance interaction and engagement density,
whereas improvements in learning and performance are determined by the instructional design’s
pedagogical alignment and the organisation’s capacity to support it. It was also discovered that
interventions consistent with TAM, UTAUT/UTAUT?Z, and TPB are more promising than traditional,
skills-only training because of their superior ability to address belief formation, confidence, norms, and
perceived control; however, no comparative intervention studies with a high level of rigour in South
African higher education were found. The study also supports the idea that staff-specific solutions are
more effective than general interventions, as they directly enhance performance beliefs and build self-
efficacy in the workplace.

5.1. Policy and Practice Implications

This review identifies several priorities: (i) studies that involve only employees (without including
other stakeholders) to distinguish between academic and administrative/professional staft; (ii)
longitudinal and quasi-experimental designs to study sustained use, the formation of habits, and
intention-use disconnects; (iii) the presence of objective outcomes (indicators of teaching quality,
throughput, and assessment performance) in addition to perceptions; and (iv) well-described and theory-
consistent interventions that will permit replication and comparison, with a need to know who benefits
from mobile learning and under what circumstances. In terms of policy, institutions should shift their
tocus from platform adoption to implementation preparedness. That is, policies that lower perceived risk
and raise perceived control tend to have a greater effect on acceptance. In practice, staft’ development
should focus on confidence-building solutions: show tangible performance improvements, make the
technology easy to use, fit it into the workflow, scaffold self-efficacy through peer modelling and
continuous guidance, and employ blended strategies that integrate formal systems with a familiar
mobile tool.

5.2. Limitations and Future Research Agenda

This review has several limitations that should be acknowledged. First, the review was constrained
by database coverage and indexing bias. Much of the SAHE literature on M-learning and technology
acceptance is published in regional or institution-based journals, which are not always indexed in major
international databases. Consequently, some applicable studies might not have been included, especially
locally based ones.

Second, the review was based primarily on peer-reviewed journal articles, whereas institutional
reports, policy documents, conference proceedings, and doctoral theses were not included extensively.
Since most South African university mobile learning projects are carried out and assessed within their
institutions, this likely leads to a lack of practice-based evidence.

The definition and operationalisation of mobile learning were also highly heterogeneous, ranging
from informal messaging programmes to mobile-enabled learning management systems, making
synthesis and cross-study comparison difficult.

Subsequent studies should therefore focus more on employee-oriented, role-sensitive research that
distinguishes between academic, administrative, and professional staff, as they have different
responsibilities and incentives for adopting mobile learning.

Longitudinal and experimental or quasi-experimental designs are required that go beyond intention
and PU to investigate sustained use, use formation, and habitual use, yielding more measurable
outcomes over time.

The evidence base would also be considerably advanced by carrying out direct tests of theory-
congruent acceptance interventions (TAM-, UTAUT-, or TPB-informed programmes) against

Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 10, No. 9: 174-189, 2026

DOI: 10.55214/2576-8484.v1019.13568

© 2026 by the authors; licensee Learning Gate



186

traditional training models. Objective performance measures should also be included in further research:
teaching quality measures, assessment results, throughput rates, and completion of professional
development, combined with self-reported perceptions. The addition of grey literature and
implementation case studies would provide useful information on the institutional policies that
determine implementation in practice.
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