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Abstract: Technological innovations are frequently associated with enhanced efficiency and
improved decision-making; however, their initial adoption has often been characterised by
notable resistance. This study examined the persistence of this phenomenon by synthesising
empirical evidence from the historical adoption of calculators, spreadsheets, and statistical
software, and by comparing these insights with contemporary developments in artificial
intelligence (AI). The findings indicated that resistance extended beyond technical limitations
and reflected a complex, multi-dimensional process shaped by individual factors such as
self-efficacy, perceived usefulness, and anxieties related to skill displacement as well as
organisational culture and broader systemic conditions. The evidence further demonstrated
that successful adoption was contingent upon structured support mechanisms, incremental
exposure to new technologies, and the clear articulation of value propositions. At the
organisational level, effective leadership, adequate resource allocation, and coherent policy
alignment emerged as critical enablers of sustained integration. Drawing on these insights, the
study proposed a multi-level conceptual framework that integrates individual, organisational,
and systemic determinants to guide future technology adoption. The framework underscores
that meaningful and sustainable integration depends on coordinated, cross-level interventions
rather than isolated initiatives. The framework also highlights the need for further empirical
research into AI adoption in under-resourced contexts. It calls for critical engagement with the
ethical implications of algorithmic decision-making in evolving socio-technical systems.

Keywords: artificial intelligence; innovation diffusion; socio-technical systems;
strategic integration; technology adoption; technology resistance; workplace
transformation

1. Introduction

Technological innovations have continually reshaped educational and
organisational practices, yet adoption is often uneven due to psychological, social, and
structural barriers. Studies show that while resource constraints such as limited capital
and digital literacy restrict uptake, intrinsic motivation and perceived competitive
advantage can drive selective adoption of new tools [1–3]. Similarly, the adoption of
artificial intelligence (AI) in higher education reveals a tension between the promise
of efficiency and ethical concerns about overreliance, bias, and inequity [4,5]. These
findings highlight that adoption is influenced not only by technology itself but also by
a complex interplay among user perception, institutional culture, and social context.

The role of external conditions, such as policy and governance, further mediates
adoption. Xiao et al. emphasise that access to digital infrastructure, regulatory
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support, and digital literacy initiatives significantly affect uptake, particularly in
developing contexts [6]. Notably, innovation-oriented organisational cultures and the
strategic implementation of Agile practices can significantly accelerate technology
integration, as Agile has been shown to serve as a critical enabler of innovation-driven
organisational transformation, supporting rapid adaptation to global changes and digital
disruptions [7]. United Nations Educational, Scientific and Cultural Organisation
(UNESCO) extends this perspective to AI, illustrating how inequitable access and
insufficient policy planning may exacerbate educational disparities, even when
technological capacity exists [8]. These studies collectively underscore that adoption
is contingent on an enabling ecosystem, not on individual readiness alone.

Historical evidence illustrates the importance of structured support and gradual
integration. Early resistance to calculators and spreadsheet software stemmed from
fears of skill erosion, workflow disruption, and accuracy concerns [9,10]. Structured
training, scaffolded learning, and iterative exposure, however, mitigated resistance and
enhanced competence [11,12]. Drawing parallels to contemporary AI adoption, these
patterns suggest that user confidence, incremental exposure, and demonstrable value
are crucial for successful implementation.

AI adoption in educational contexts presents both promise and caution. While
AI can automate routine academic tasks and enhance personalised learning, it also
raises ethical dilemmas and risks of widening inequities [4, 5, 8, 13]. These tensions
highlight the need for strategies that maximise AI’s benefits while addressing human,
organisational, and societal considerations, emphasising that AI complements rather
than replaces human expertise.

2. Study aims

This study explored the factors shapingAI adoption in education and organisations,
focusing on barriers, facilitators, and lessons from past technology integrations. The
study sought to provide insights to guide practical strategies for smoother, more
equitable AI implementation.

3. Literature review

A complex interplay of individual, social, and institutional factors shapes the
adoption of technology in educational and organisational contexts. Historical research
on calculators, spreadsheets, and statistical software demonstrates that adoption is
rarely determined by technical functionality alone. Teachers and professionals often
resisted the use of calculators and early spreadsheet tools due to fears of errors,
loss of expertise, and unfamiliarity with new workflows [9, 14, 15]. Conversely,
technologies perceived to offer tangible advantages such as enhanced efficiency,
improved problem-solving, or clearer analytics tended to be adoptedmore rapidly when
accompanied by structured guidance and support [11,16,17]. These findings illustrate
that adoption is fundamentally a socio-cognitive process in which users constantly
negotiate perceived risks and benefits within their professional and social contexts.

Empirical evidence emphasises the role of structured interventions and alignment
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with pedagogical or organisational goals. Statistical software such as the Statistical
Package for the Social Sciences (SPSS) has become dominant in the health sciences
and social research, with tool selection often reflecting the methodological demands of
specific study designs [10,12,18]. Scaffolding through guided instruction, step-by-step
demonstrations, and hands-on exercises enhances competence and engagement, but
overly prescriptive support can limit the development of independent problem-solving
skills. This balance between guidance and autonomy suggests that adoption strategies
must cultivate both skill acquisition and self-efficacy, reinforcing the need for
thoughtful implementation rather than mere availability of tools.

Resistance to technology adoption emerges from intertwined psychological and
structural dimensions. On the individual level, fear of skill loss, uncertainty, and anxiety
about technological complexity inhibit uptake [13,15,19]. At the organisational level,
cultural inertia, inadequate communication, and weak leadership support exacerbate
these delays [1, 2, 20]. These dual layers indicate that successful adoption initiatives
must address both users’ cognitive and emotional responses and the systemic conditions
that facilitate or constrain technology integration.

Contemporary AI adoption presents both continuities with, and departures from,
historical technology trends. Like earlier tools, AI can enhance efficiency, support
higher-order decision-making, and enable personalised learning experiences [4, 8, 21].
However, AI also introduces unique challenges, including ethical dilemmas, inequitable
access, and risks of over-reliance, which can undermine trust and agency in professional
settings [5, 13, 20]. This duality highlights the need to integrate AI thoughtfully into
existing workflows, leveraging lessons learned from calculators and spreadsheets while
remaining sensitive to the novel complexities posed by algorithmic decision-making and
predictive analytics.

The sustainability of technology adoption relies on the intersection of practical
utility, user support, and organisational readiness. The widespread use of Excel
illustrates that familiarity and perceived convenience often outweigh concerns about
accuracy, while gaps in training, infrastructure, or institutional support can limit
effective integration [15, 18, 22]. UNESCO further underscores that equitable access
and policy frameworks are essential to ensure that AI’s potential benefits are realised
without reinforcing existing disparities [8]. Taken together, these studies indicate
that effective adoption requires a multidimensional approach, one that simultaneously
addresses technological affordances, human factors, and organisational structures to
foster sustained, meaningful use.

4. Methods

4.1. Research design
This study used an empirical literature review as its main research approach,

analysing published empirical studies as primary data rather than merely as contextual
references, and found that definitions, operationalisations, and implementation actions
of scientific inquiry activities vary widely across studies, limiting the comparability
and validity of their results [23]. Adopting a systematic approach allows for the
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comparison of findings across studies and contexts, facilitating the identification of
persistent patterns of resistance and adoption throughout successive technological
waves; however, a key challenge is that many postgraduate students lack the skills to
conduct rigorous literature reviews, which can lead to biased or inaccurate conclusions,
underscoring the necessity for structured guidance in the processes of searching,
analysing, and synthesising existing research [24]. Empirical literature reviews are
increasingly recognised as capable of generating theoretical insight when they move
beyond description toward structured synthesis and interpretation [25–27].

Methodological literature emphasises that literature reviews constitute a rigorous
research methodology when conducted transparently and analytically, particularly
when inclusion criteria, analytical logic, and synthesis strategies are explicitly
articulated [16, 25, 28]. Conversely, reviews that rely on implicit selection processes
risk becoming narrative compilations that obscure rather than explain empirical
patterns. This study, therefore, prioritised analytical depth, conceptual coherence, and
reflexive interpretation over exhaustive coverage.

Insights from empirical methodological reviews further informed this design
choice. Research on lean manufacturing demonstrates that empirical fields often
privilege dominant methodological approaches, such as large-scale surveys, at the
expense of contextual and process-oriented understanding [1, 2, 26]. These findings
underscore the importance of integrating evidence from diverse empirical traditions
when examining technology adoption as a socio-organisational phenomenon.

4.2. Search strategy
To identify relevant studies, we conducted a careful, iterative search across

several leading academic databases, including Scopus, Web of Science, IEEE Xplore,
ERIC, and Google Scholar. This approach helped us identify 126 studies exploring
technology adoption, resistance, and use in both educational and organisational
settings. The findings show that while smart digital technologies can greatly
improve teaching, learning, and overall organisational efficiency, their success often
depends on infrastructure, digital literacy, and the specific context in which they are
implemented [16,21,27,29]. We used search terms that captured key ideas in adoption
research, such as perceived usefulness, resistance mechanisms, learning integration,
organisational change, and emerging digital tools, ensuring that our review covered a
wide range of technologies, from well-established systems to the latest innovations.

Citation chaining complemented keyword searching by tracing influential
empirical studies over time, thereby linking foundational work on calculators
and spreadsheets to contemporary studies on artificial intelligence and digital
transformation [9, 14, 15]. This process supported conceptual continuity and reduced
fragmentation across disciplinary boundaries, a common challenge in technology
adoption research [5,8].

Iterative refinement of the search strategy occurred alongside preliminary analysis,
allowing emerging themes to guide the identification of subsequent studies. This
reflexive approach aligns with qualitative synthesis principles, where analytical
sensitivity develops in tandem with evidence engagement [4,13,28].
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A total of 203 sources were initially identified for this literature review. After
removing duplicates and screening titles and abstracts, sixty full-text articles were
assessed for eligibility. Thirty-four primary studies were included in the analysis
(Figure 1). The final studies spanned diverse geographies, with sixteen from the
Global North and eighteen from the Global South, and varied sectors: ten from K-12
education, fourteen from higher education, and ten from corporate or organisational
contexts. Most sources were peer-reviewed (28), with six master’s theses included to
capture additional perspectives.

Figure 1. PRISMA flow diagram showing the selection of studies.

4.3. Inclusion and exclusion criteria
The review encompassed empirical studies utilising qualitative, quantitative, or

mixed method designs that examined human, organisational, or pedagogical aspects of
technology adoption, revealing that integrating quantitative and qualitative approaches
enables a more nuanced and comprehensive understanding of complex phenomena
by capitalising on the complementary strengths of both methods [30]. Eligible
studies addressed either established digital tools or advanced technologies and reported
empirical evidence on barriers, enabling conditions, or adoption outcomes [10,20,22].
This ensured that the review remained grounded in observed practice rather than
speculative projection. Studies were excluded where the focus was limited to technical
system performance without engagement with users, institutions, or social processes.
Conceptual papers lacking empirical grounding were also excluded, as they offered
limited insight into adoption dynamics shaped by lived experience and organisational
context [5,13,28].
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4.4. Data extraction and analytical procedure
Data extraction followed a structured framework that captured the research

context, technology type, methodological approach, reported challenges, facilitating
conditions, and adoption outcomes. This framework enabled systematic comparison
across studies while preserving contextual specificity [10,12,18]. Extracted data were
organised to allow iterative engagement rather than one-off coding.

The analysis employed thematic synthesis to identify recurring patterns, contrasts,
and tensions across empirical findings. Attention was paid to contradictory outcomes,
such as cases where training improved competence but failed to produce sustained
integration, highlighting the conditional nature of adoption processes [2, 11, 17].
This approach prioritised explanation and sensemaking over aggregation. Constant
comparison across studies supported the refinement of analytical categories, allowing
themes to evolve in response to empirical variation rather than being imposed a priori.
This interpretive stance aligns with qualitative synthesis methodologies that emphasise
analytical flexibility and theoretical sensitivity [4,13,28].

4.5. Theoretical anchoring and analytical rigour
The proposed framework draws on Socio-Technical Systems (STS) theory,

emphasising the dynamic interaction between social and technical subsystems and the
need to align individual behaviour with organisational infrastructure [1, 3]. While
Diffusion of Innovations (DOI) theory effectively explains adoption patterns [16, 27],
explicitly linking the framework to STS enhances its explanatory power at the systemic
level, where organisational structures and readiness shape outcomes [6, 13]. Unlike
calculators or spreadsheets, AI exhibits autonomous decision-making, creating an
interpretability gap that can heighten resistance [4, 9, 14], highlighting the need
to consider both human agency and technological capability alongside user skills,
perceptions, and support structures [3,19].

DOI provided a primary analytical lens, guiding interpretation of how relative
advantage, complexity, and compatibility influence adoption trajectories [16,27,28].
Historical cases of calculators, spreadsheets, and statistical software illustrated
how familiarity and institutional normalisation can outweigh accuracy or ethical
concerns [9, 14, 15], informing the understanding of contemporary AI adoption.
Analytical rigour was reinforced through iterative theme refinement, explicit
evidence-claim linkage, and careful consideration of empirical contradictions,
ensuring that theoretical insights remained grounded in observed practice and
transferable across contexts [4,5,8].

5. Results and development of an adoption framework

5.1. Patterns of adoption and resistance
Empirical analysis revealed recurring patterns in technology adoption across

educational and organisational contexts. Individual perceptions, such as confidence
in using new tools, perceived utility, and fear of skill loss, strongly shaped adoption
decisions [3, 15, 19]. Organisational culture and leadership also played a crucial
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role: supportive communication, clear governance, and agile management practices
facilitated smoother uptake, whereas inertia and poor guidance impeded it [1,2,7]. The
broader ecosystem, including access to digital infrastructure, equitable opportunities,
and policy support, further influenced adoption, demonstrating that technology
uptake depends on a complex interaction of individual, organisational, and systemic
factors [5,6,8].

Resistance was most pronounced where these factors were weak or misaligned.
Anxiety, uncertainty, and mistrust frequently slowed adoption, particularly when tools
threatened existing skills or disrupted familiar workflows [9,14,17]. Limited training
and insufficient institutional support compounded these barriers, delaying integration
despite the availability of functional technology [10,15,20]. Contemporary AI adoption
highlighted additional resistance points, including ethical concerns and inequitable
access, illustrating that promising technologies require careful attention to human,
cultural, and policy considerations [4,5,13].

5.2. Facilitators of successful integration
Empirical studies consistently emphasised the importance of structured support

and gradual exposure in fostering adoption. Scaffolded learning, mentoring, and
iterative practice have been shown to enhance student confidence and competence
while mitigating anxiety, with effective scaffolding requiring the deliberate design
of learning activities and support materials that are closely aligned with learners’
current abilities and potential developmental levels [11, 12]. Tools offering clear
advantages in efficiency, decision-making, or analytical power were adopted
more readily, particularly when aligned with professional goals and organisational
priorities [10, 16, 18]. Institutional policies, governance, and resource allocation
also proved critical, helping to sustain adoption over time and bridge equity gaps in
access [1,6,8].

Adaptability emerged as another key facilitator. Flexible training, context-
sensitive guidance, and opportunities for autonomous exploration promoted long-term
uptake [2,11,18]. Rigid or overly prescriptive interventions, on the other hand, often
limit engagement and innovation. These findings suggest that successful adoption
requires a balance between standardisation and flexibility, allowing technology to
enhance human and organisational capacity rather than constrain it.

5.3. Development of an integrated adoption framework
Research shows that successful technology adoption depends on a combination of

individual readiness, organisational support, and systemic facilitation (see Figure 2).
At the individual level, people are more likely to embrace new tools when they perceive
clear value, feel confident, and understand the risks, reflecting the socio-cognitive
negotiation that drives engagement. Organisational factors such as leadership, culture,
communication, and resource allocation can support or hinder adoption, while broader
systemic elements, such as policy, infrastructure, and equitable access, provide the
conditions for sustainable adoption. These levels interact dynamically: positive
experiences can boost organisational confidence and accelerate uptake, whereas
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systemic inequities may limit engagement even when individuals are ready. Lessons
from calculators, spreadsheets, and statistical software show that structured support,
gradual exposure, and visible demonstrations of value consistently facilitate adoption.
To make this framework actionable, leaders can use a structured checklist to guide
implementation. At the individual level, they should ensure users understand the value
of AI beyond its technical functions and feel confident in applying it in their work.
At the organisational level, leadership should provide support for experimentation,
allowing teams to learn through trial and error without fear of failure. The framework
also highlights the emerging “Digital Divide 2.0,” where differences in AI literacy, such
as familiarity with advanced tools or techniques, can create new inequities.

Figure 2. Technology Adoption and Lessons for Emerging Innovations.

6. Discussion

The study examined how technology adoption unfolded across educational and
organisational contexts, focusing on barriers, facilitators, and lessons from past
technologies, from calculators and spreadsheets to contemporary AI. It aimed to
provide insights to guide practical strategies for smoother, more equitable technology
integration. The synthesis of empirical evidence highlights that technology adoption
is not a single event, but a multi-level process shaped by individual readiness,
organisational support, and systemic facilitation. This study confirms that individual
perceptions of usefulness, confidence, and risk remain central to adoption decisions,
reinforcing established socio-cognitive theories of technology uptake [9, 14, 15].
However, the findings extend this understanding by emphasising that individual
readiness alone is insufficient; organisational and systemic conditions are equally
decisive. In practice, this means that even when individuals perceive clear benefits
from technology, adoption may stagnate if organisational leadership fails to provide
supportive structures or if policy and infrastructure barriers persist. This aligns with
existing literature that highlights organisational culture, leadership, communication,
and resource allocation as pivotal enablers or inhibitors of adoption [1,2,7].

A key contribution of this study is demonstrating how these levels interact
dynamically, producing feedback loops that shape adoption trajectories over time.
The framework shows that positive experiences at the individual level can reinforce
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organisational confidence, leading to expanded implementation and greater diffusion.
At the same time, systemic inequities can limit uptake even in otherwise supportive
environments [4, 13, 20]. This dynamic is particularly relevant to AI adoption,
where the technology’s complexity and novelty often amplify uncertainty and
resistance. Historical examples of calculators, spreadsheets, and statistical software
illustrate that structured support, incremental exposure, and clear demonstrations
of value consistently facilitate successful technology adoption. Similarly, the
Technology-enhanced Supportive Instruction (TSI) model, which integrates Microsoft
Excel with intentional teacher–student interactions, has been shown to effectively
engage students and support learning in both face-to-face and remote statistics
education, suggesting that AI adoption should likewise be conceptualised as an
iterative, adaptive process rather than a one-time implementation [11, 12, 17]. This
perspective is reinforced by evidence from small and medium-sized enterprises
in developing countries, which reveal that opportunities and challenges in digital
technology adoption are closely tied to organisational readiness, resource availability,
and contextual factors [31].

The study also underscores the importance of systemic enablers, including policy
alignment, infrastructure readiness, and equity considerations. While organisational
readiness can address many internal barriers, sustainable adoption requires external
conditions that support scalability and fairness [5, 6, 8, 31]. Without these conditions,
adoption may remain limited or exacerbate existing inequalities, particularly
in resource-constrained settings. Therefore, the findings reinforce the need for
multi-level strategies that align individual training and support with organisational
capacity-building and broader policy reforms. The framework offers a practical
guide to AI and technology adoption, showing that success depends on coordinated
actions across individuals, organisations, and systems. Grounded in STS theory, it
highlights the need to align user readiness and organisational structures for effective
integration. Importantly, it addresses AI’s autonomous decision-making, which creates
trust and interpretability challenges, emphasising that adoption strategies must tackle
both human and systemic factors to ensure sustainable, meaningful use. The study
contributes a multi-level framework that links individual readiness, organisational
support, and systemic infrastructure, offering both theoretical insight and practical
guidance for sustainable, equitable, and effective AI and technology adoption.

7. Study limitations and recommendations for future research

While this study offers a valuable synthesis of adoption patterns across historical
and contemporary technologies, it is limited by its reliance on published empirical
literature, which may be subject to publication bias and overlook adoption experiences
in under-resourced or non-academic settings. In addition, the evidence base spans
contexts with varying levels of digital infrastructure and organisational capacity,
making it difficult to determine how consistently the identified factors operate across
regions and institutions. Although the framework emphasises systemic enablers such as
policy, infrastructure, and equity, the literature does not yet provide uniform evidence
on how these dimensions unfold in low-resource or highly unequal settings, and the
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historical comparisons with calculators, spreadsheets, and statistical software may not
fully capture the ethical and governance complexities unique to AI. Consequently,
the framework should be viewed as a guiding lens rather than a definitive model.
Future research should broaden empirical investigations into underexplored contexts,
particularly examining AI adoption in low-resource educational and organisational
environments to assess the systemic dimensions of adoption frameworks. Longitudinal
studies are needed to capture how adoption trajectories evolve, while comparative
analyses across sectors could clarify whether adoption dynamics vary according to
professional culture and regulatory context. Evidence suggests that modern computing
presents transformative opportunities across industries, yet its adoption is often
limited by technical complexity, ethical concerns, and the need for scalable, secure
infrastructure [32]. In education, AI integration faces similar barriers, including
limited digital literacy, infrastructure gaps, and ethical challenges, highlighting the need
for practical, context-sensitive strategies to support implementation [33]. Moreover,
spreadsheet tools have been shown to improve assessment practices by providing
structured, instrumented approaches that enhance accuracy, analysis, and feedback [34].
Taken together, these findings underscore the imperative of embedding ethical
considerations such as trust, bias, and governance at the heart of technology adoption
strategies to ensure that AI and digital innovations are implemented responsibly and
equitably.

8. Conclusion

Resistance to adopting new technologies is a persistent challenge, shaped not
only by individual psychology but also by social norms and institutional structures.
Historical examples, from calculators to Excel and statistical software, show that initial
scepticism can give way to widespread adoption when users clearly see the value and
receive proper guidance, education, and support for integration. Today, organisations
face similar challenges with AI adoption, and lessons from these past experiences
offer practical guidance. Incremental exposure, hands-on training, pilot programs, and
transparent demonstrations of utility can help ease the transition and foster acceptance
among users. However, the pace of AI development after 2024 means that the
opportunity to build this positive engagement is closing quickly. Future research should
assess these strategies in a variety of organisational settings to identify what works
best in practice. More importantly, acting promptly is critical: without coordinated,
multi-level interventions, organisational inertia may set in, making it harder to
implement AI effectively and sustainably. Establishing supportive environments now
can ensure AI adoption is not only successful but also resilient in the long term.
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