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ABSTRACT

Purpose. This systematic literature review examines how firms utilise artificial intelligence (Al) as a stra-
tegic rather than purely operational resource and develops an integrative conceptual framework of the Al
strategic lifecycle. Design/methodology/approach. A PRISMA-guided search identified 147 peer-reviewed
articles published between 2020 and 2025 across major scholarly databases, including Elsevier (Scopus),
Emerald, Springer, and Wiley. The evidence is synthesised through five dominant theoretical lenses: dynamic
capabilities, resource-based view (RBV), knowledge-based view (KBV), technology acceptance model (TAM),
and disruptive innovation theory (DIT). Findings. Dynamic capabilities and RBV explain how organisations
mobilise data, algorithms, and Al-related human capital to build and sustain competitive advantage in sectors
such as public administration, energy, human resource management (HRM), and research-intensive industries.
KBV highlights the role of absorptive capacity and knowledge-sharing routines in transforming Al outputs
into innovation, particularly in user-facing contexts such as healthcare and hospitality. In these sectors, TAM
is central, emphasising trust, ease of use, and perceived usefulness as key drivers of adoption. In finance,
DIT elucidates competitive disruption and incumbent response strategies triggered by Al-enabled entrants.
Practical implications. The review provides recommendations for practitioners, including investing in organ-
isational learning and absorptive capacity and ensuring transparency of Al-enabled interfaces to translate Al
investments into sustainable performance gains. Originality/value. By integrating five theoretical perspectives,
the review develops a model of the Al strategic lifecycle, offering both a consolidated foundation for future
research and a forward-looking agenda for managers seeking to leverage Al as a strategic asset.
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OPUTMHAJIbHASA CTATbA

CrpaTermyeckuit }KU3HEHHbIMA LMK UCKYCCTBEHHOTO
UHTENNEKTa: KOHUenTyasbHas MoAeNb Ha OCHOBE
CUCTeMaTU4ecKoro o63opa nureparypbil

X. Jlam6ep, O. lapaHuHa
CaHkT-leTepbyprckuit rocynapcTBeHHbI yHuBepcuteT, CaHkT-Tetepbypr, Poccuiickas @enepaums

AHHOTAL KA
Uenb. B naHHOM cTaTbe Ha OCHOBE CMCTEMATUUECKOro 0630pa nuTepaTypbl MOKa3aHo, KakuM 06pa3om KoMna-
HWMU UCNONb3YHT UCKYCCTBEHHBINM MHTeNNeKT (MW) He TONbKO Kak OnepaLyMOHHbIN, HO Npexae BCEro Kak cTpaTe-
rMYeckui pecypc, u pa3pabotaHa MOAenb XXM3HeHHOro uukna MM Ha ctpaTternyeckom yposHe. Metogonorus/
noaxopa. [Monck Hay4yHbIX NyBAMKALKMIA, NPOBELEHHbIA B COOTBETCTBMM C npoTokonom PRISMA, no3sonun Bbl-
aBuTb 147 peueH3npyeMblx cTaTel, ony6nmnkoBaHHbIX B nepuon 2020-2025 rr. B BegyLmMxX Hay4YHbIX 6a3ax AaH-
Hbix (Elsevier/Scopus, Emerald, Springer, Wiley). MHTepnpeTaums pe3ynbTaToB BbICTPOEHA C MCMOJIb30BAHMEM
NATU LOMUHUPYHOLWMX TEOPETUYECKMX KOHLLENUMIA: TEOPUM AMHAMUYECKMX CNOCOBHOCTEN, pecypCHOM Teopum
dupmbl (resource-based view, RBV), Teopun 3HaHuin (knowledge-based view, KBV), Mogenu npuHaTms texHono-
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rui (technology acceptance model, TAM) 1 Teopun pa3pyLumTensHbix MHHOBaUuMM (disruptive innovation theory,
DIT). Pesynbratbl. Teopusi guHaMmuecknx cnocobHocten n RBV 06bacHAIOT, KaknuM 06pa3om opraHm3aumm mc-
NONb3YIT AaHHble, ANTOPUTMbI U YenoBeyeckuin Kanutan B chepe W ang co3paHus u nogaepXaHus ycTtomnym-
BOIO KOHKYPEHTHOrO NpeuMyLLecTBa B TakMX OTPACNSX, KaK rOCyLapCTBEHHOE yrpaBfieHue, SHepreT1ka, ynpas-
NeHne nepcoHanoM u HaykoeMkue oTpacaun. KBV nogyepkuaet ponb Nornowatolein CnocobHoCT U NpakTuK
obMeHa 3HaHuaMK ans npeobpa3oBaHus pesynstatoB MM B MHHOBaLWMK, 0COBEHHO B OPUEHTUPOBAHHbIX HA
noNb30BaTeNs CEKTOPAX, TAKMX KaK 34paBOOXPAHEHME U FTOCTUHUYHbBIN BU3HecC. B 3TuX cekTopax LeHTpanbHoe
MecTo 3aHuMaeT TAM, B paMKax KOTOpOW J0BEPUE, NErKOCTb MCMOMb30BaHUS M BOCNIPUHMMAEMAs NONE3HOCTb
BbICTYMAIOT K/IOYEBbIMM ApariBepaMu NpUHATUS TexHonornin M. B drnHaHcoBOM cekTope Teopus paspyLumTenb-
HbIX MHHOBALMI PacKpbiBaeT MEXaHU3Mbl KOHKYPEHTHOIO pa3pyLieHus U CTpaTernm pearupoBaHus AencTByo-
LMX UTPOKOB Ha NOSIBNEHWE HOBbIX Y4AaCTHWMKOB, Ucnonb3ytolwmx M Ha cTpaTternueckom yposHe. MpakTuueckue
BbiBOAbl. 0630p NpepnaraeT npakTMYeckMe pekoMeHaaLmMu, Takue Kak MHBECTULLMM B OpraHu3aumnoHHoe 06-
y4YeHMe M pa3BMTME MOINOLLAOLLEN CMOCOBHOCTH, a Takxke obecneveHne npospavyHoctn MN-uHTepdencos, 4to
nossonsert npeobpasosaTb BnoxeHns B UM B nokasatenun apdbektmsHoCTU. OpUrMHANbHOCTL/LLEHHOCTb. Ha oC-
HOBE MHTEerpaLmMmn NIt TeoOpeTUYeCcKMX KOHLENUUA NpeasioxkeHa MoAeb CTPAaTerMyeckoro XXM3HEHHOro UMKIa
MW, uTo ogHOBpEMEHHO CO3aeT OCHOBY A1 AaNIbHENLWMX UCCNef0BaHMI 1 GOPMUPYET OPUEHTUPOBAHHYIO HA
Oynyliee NOBeCTKY AN MEHELKEPOB, CTPEMSLLMXCS MCNonb30oBaTh MM Kak cTpaTermyeckmin akTms.

Knioyesbie c108a: NCKYCCTBEHHbIM MHTENNEKT; CTpAaTErMueCcKnii MeHedXXMEHT; MHHOBALMU; NPUHSATUE TEXHOMO-
rMiA; pecypcHas Teopus GUpMbl; AMHAMUYECKMe CnoCoOOHOCTH; paspyLUMUTeNbHbIe MHHOBALMMK; 3HAaHNEBAs TEOPUS
dupMbI
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Introduction

Artificial Intelligence (AI) has emerged as a trans-
formative force in modern business, prompting
companies to integrate Al into their strategic
planning and decision-making. In this review,
strategy is understood as an organisation’s high-
level plan aimed at achieving long-term goals and
sustaining competitive advantage, in contrast to
operational approaches focused on day-to-day ef-
ficiency and routine optimisation [1].

Within this context, artificial intelligence
broadly encompasses technologies that simulate
or augment human cognitive capabilities, including
perception, reasoning, learning, decision-making,
and creativity [2]. This set includes symbolic Al,
machine learning (ML), deep learning, natural lan-
guage processing (NLP), and generative Al. Sym-
bolic Al systems, such as expert systems, rely on
explicit rules and logic, whereas ML algorithms,
including deep learning, enable systems to learn
from data and enhance their performance over time.
NLP enables human-like language understanding
and communication, whereas generative Al gener-
ates new, creative content from learned patterns [3].

Al provides organisations with a distinctive com-
petitive advantage by significantly enhancing their
decision-making capabilities. AI enables firms to
predict trends, interpret complex market dynam-
ics, and make informed strategic choices, for ex-
ample, regarding market entry, resource allocation,

and innovation investments [4]. It also reshapes
managerial processes by supporting opportunity
identification and rapid adaptation to competitive
shifts, ultimately altering the strategic perspective
of decision-making [5].

Recognising the challenges posed to strategy-
level management by the disruptive nature of Al,
such as data privacy concerns, this systematic liter-
ature review (SLR) aims to consolidate fragmented
knowledge, synthesise empirical and theoretical
findings, and identify existing gaps to guide future
research and managerial practice. The review is
intended to support both scholars seeking concep-
tual clarity and practitioners developing strategies
for leveraging Al as a long-term competitive asset.

Methodology
Given the complexity and multidisciplinary na-
ture of Al and strategic management, we chose
a systematic literature review (SLR) as the most
rigorous method to ensure comprehensive, un-
biased coverage and reproducible results. While
narrative or critical reviews may provide deeper
conceptual interpretations, they often lack sys-
tematic procedures, which can lead to bias or
selective representation [6]. Scoping reviews, al-
though comprehensive, typically do not provide
in-depth synthesis or critical appraisal of findings,
which was essential for our objectives. Thus, an
SLR approach aligned best with our aims for com-
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prehensiveness, theoretical grounding, and meth-
odological transparency.

We followed the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses)
guidelines to enhance the review’s transparency
and replicability [7]. PRISMA provided clear pro-
tocols for documenting each step of the literature
search and selection process, which is crucial for
managing the extensive volume of publications
across diverse academic fields. Figure 1 presents the
PRISMA flow diagram used in this study, outlining
each stage of the selection process.

Our search strategy combined Al-related key-
words, such as machine learning, generative Al, and
NLP, with strategic management terms, including
strategic planning and competitive strategy. The
search was conducted across the databases of major
publishers: Elsevier (Scopus), Emerald, Springer,
and Wiley.

To ensure the quality of the evidence base, we
restricted the final sample to peer-reviewed arti-
cles published between 2020 and 2025 in journals
rated 4%, 4 or 3 according to the Academic Journal
Guide (AJG) 2024. The AJG 2024! classification was
chosen due to its reliability and quality by focus-
ing exclusively on top-tier journals indexed in the
highest-quality databases such as Scopus. The over-
whelming majority of such journals are indexed in
Scopus, ensuring that the core dataset derives from
high-quality Scopus-indexed publications.

Certain methodological limitations must be
acknowledged. One challenge concerned distin-
guishing strategic studies from operational ones.
We excluded papers whose primary focus concerned
routine optimisation rather than strategic trans-
formation. Of the 358 retrieved papers, 203 were
excluded as operational in scope and 2 as irrelevant.
We classified a study as strategic if its core pur-
pose related to long-term organisational direction,
competitive positioning, capability development,
or strategic renewal.

Thus, through this methodological process, 153
papers met the inclusion criteria, and 147 were ul-
timately analysed after full screening.

Figure 1 summarises methodological approaches,
and descriptive statistics of the final sample, includ-
ing publication year distribution, and sectors.

! Academic Journal Guide 2024. Chartered Association of Busi-
ness Schools. URL: https://charteredabs.org/academic-journal-
guide/academic-journal-guide-2024 (accessed on 20.03.2024).
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Fig. 1. Prisma method of data selection
Source: Compiled by the authors.

Strategic use of Al
through theoretical lenses

Analysing theoretical foundations used across the
reviewed literature highlights frequently cited
theories and provides valuable insights into how
these theoretical choices reflect deeper strate-
gic concerns specific to different sectors. Five
dominant frameworks emerge: Dynamic Capa-
bilities (DCs), the Resource-Based View (RBV), the
Knowledge-Based View (KBV), the Technology
Acceptance Model (TAM), and Disruptive Innova-
tion Theory (DIT). Their prominence underscores
broader strategic issues, such as resource alloca-
tion, capability development and technology ac-
ceptance, which organisations grapple with when
integrating Al into their strategies (Fig. 2). Figure 2
shows how frequently each theoretical lens ap-
pears across major sectors included in the review.

Al literature is broadly divided into several do-
mains. A general perspective explores Al-driven
innovation, examining how Dynamic Capabilities
(DCs) influence the success of Al adoption across
sectors and how firms align their internal Al re-
sources with external market factors to achieve
strategic advantage. At the same time, numerous
sector-specific studies focus on Al-driven capabili-
ties in such sectors as energy or healthcare, with
particular attention to (1) knowledge-management
practices that maximise strategic benefits from Al
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Theory Usage By Field
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Fig. 2. Theory usage by field

Source: Compiled by the authors.

(KBV), (2) TAM-related issues of trust, transparency
and perceived usefulness, and (3) strategic respons-
es to potentially disruptive Al technologies (DIT).

Dynamic capabilities and RBV are frequently
foundational in sectors like the public sector, hu-
man resource management (HRM), energy, and re-
search and innovation. This finding indicates that
these sectors perceive Al not only as a technologi-
cal tool but also as a strategic enabler requiring
firms to leverage internal resources, adapt rapidly
to environmental changes, and restructure organ-
isational processes. The recurring use of these theo-
ries suggests that organisations recognise that AI’s
strategic value hinges on their ability to transform
resources and competencies to maintain competi-
tive advantages continually.

Interestingly, HRM diverges slightly, with the
Knowledge-Based View (KBV) replacing dynamic
capabilities as the secondary theory. This shift
highlights the unique strategic role of human ex-
pertise, organisational knowledge, and learning
processes that are essential to successfully deploy-
ing Al in HR-focused initiatives, where knowledge
management significantly influences competitive
positioning. Indeed, KBV is primarily linked to the
staff’s know-how in explaining a company’s per-
formance, indicating employees’ capacity to use Al
meaningfully. Such capability can form the basis of

a competitive advantage that is difficult to imitate
and therefore plays a central strategic role [5].

Conversely, sectors involving high levels of user
interaction and behavioural complexity, such as
hospitality, finance, and healthcare, demonstrate
a marked preference for the Technology Acceptance
Model (TAM). This preference underscores a critical
strategic insight: the ultimate success of Al in these
contexts depends not merely on organisational
readiness or resource availability but fundamentally
on user acceptance and interaction. In hospitality
and healthcare, specifically, RBV, alongside TAM,
reinforces that user acceptance alone is insufficient;
firms must also strategically align their internal
resources to exploit the benefits of Al technologies
fully [2].

Meanwhile, finance frequently employs dis-
ruptive innovation theory alongside TAM. This
finding highlights a strategic environment that is
particularly sensitive to AI’s transformative and
industry-altering potential, where businesses are
increasingly focused on anticipating and navigat-
ing disruptions created by new Al-driven financial
technologies.

Thus, the theoretical patterns identified in this
analysis (Fig. 2) do not merely represent academic
preferences but provide profound insights into the
strategic imperatives and challenges different sec-
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tors encounter when integrating Al. Table 1 sum-
marises the leading theoretical frameworks used
across sectors.

Theoretical approaches

of Al in strategy
This section discusses the findings through the
lens of five major theoretical frameworks rather
than by industry sector. Recent research increas-
ingly demonstrates that Al acts as a cross-sectoral
strategic catalyst, reshaping organisational pro-
cesses, market structures, and sources of competi-
tive advantage [5].

Accordingly, we examine how each theory, Dy-
namic Capabilities (DCs), the Resource-Based View
(RBV), the Knowledge-Based View (KBV), the Tech-
nology Acceptance Model (TAM), and Disruptive
Innovation Theory (DIT), has been used to explain
Al-enabled strategic transformation. To ensure con-
ceptual clarity and methodological transparency,
each subsection: (1) outlines the theory’s relevance
to AI; (2) synthesises its applications across mul-
tiple sectors; (3) identifies its theoretical contribu-
tions; and (4) highlights limitations, criticisms, or
unresolved gaps.

Figure 2 provides an overview of how often each
theoretical lens appears across the major sectors
reviewed, and Table 2 synthesises the main findings
for each framework.

Dynamic capabilities

Dynamic capabilities theory focuses on an organi-
sation’s ability to sense opportunities or threats,
seize (mobilise resources for) those opportunities,
and transform by reconfiguring competencies in
response to changing environments [8, 9]. Within
Al contexts, dynamic capabilities provide a mecha-
nism to explain how strategic transformation un-
folds through iterative sensing, experimentation,
and renewal [10]. Merely acquiring Al technology
is insufficient; firms must build supporting capa-
bilities such as data analytics expertise [11], agile
governance structures [12], and organisational
cultures that encourage experimentation [13] to
adapt and innovate with Al.

This finding helps explain the growing diver-
gence between fast-moving firms that scale Al
effectively and slower incumbents that struggle
despite comparable technological investments.
Organisations with strong DCs can reconfigure as-
sets, redesign workflows, and integrate Al-enabled

Table 1
Leading theoretical frameworks
of industry-specific studies

Industry Leading models
Energy Dynamic capabilities
and RBV
Public sector Dynamic capabilities
and RBV
Research Dynamic capabilities
and innovation and RBV
HRM RBV and KBV
Financial TAM
Healthcare TAM
Hospitality TAM

Source: Compiled by the authors.

insights into strategic decision-making, thereby
achieving sustained renewal [14].

Those with strong dynamic capabilities can re-
align resources and routines around Al-driven op-
portunities, achieving sustained strategic renewal
[14]. The main criticism by [15] is that the concept
can be abstract and difficult to measure, leading
to ambiguity in empirical studies. In Al contexts,
a major unresolved issue concerns how DCs emerge
for technologies that evolve too rapidly to allow
stable capability formation. Many Al-related capa-
bilities are identifiable only retrospectively, making
proactive capability building difficult [16]. Chowd-
hury et al. [17] also argue that dynamic capabilities
theory risks tautology and may overlap with other
frameworks. Thus, scholars increasingly recom-
mend combining DCs with RBV or KBV to capture
both resource foundations and the adaptive pro-
cesses required for AI-driven transformation.

Thus, while valuable for studying organisational
adaptation to Al, it should be applied with clear defi-
nitions and combined with complementary perspec-
tives (e.g., the resource-based view) to capture AI’s
strategic impact. Successful Al adoption requires
continuous organisational learning and agility.
Firms need dynamic capabilities to integrate Al into
core processes and adapt as Al and markets evolve
[18]. In finance, stronger capabilities enhance the
benefits of Al. Song et al. [19] show that the positive
effects of Al on financial decision efficiency are con-
ditional on high levels of learning-based capabilities.
In manufacturing and services, the lens explains

10
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Al-driven reinvention (e.g., servitisation), with ab-
sorptive capacity moderating the impact of Al on
innovation [20]. In the public sector, organisations
must reconfigure their competencies to harness Al
in response to shifting policy demands. In health-
care, individual capabilities have enabled Al-based
innovation; Abadie et al. 2023 [21] combine dynamic
capabilities with innovation diffusion models to ex-
plain Al adoption in hospital operations. Across sec-
tors, the theory emphasises that high strategic agil-
ity and learning capacity are crucial for deploying
Al successfully to achieve a competitive advantage.

Overall, the DC perspective highlights that AI’s
strategic value emerges not from the technology
itself but from an organisation’s ability to learn, in-
tegrate, and reconfigure in response to Al-enabled
opportunities.

Resource-based view (RBV)

The Resource-based view (RBV) posits that a firm’s

competitive advantage stems from unique re-
sources and capabilities that are valuable, rare, in-
imitable, and well-organised (VRIO criteria). RBV
explains why some firms gain lasting Al-enabled

advantages while others do not [22]. Applied to Al,
RBV frames data, algorithms, and human exper-
tise as strategic assets that can generate sustained

advantage if they meet VRIO conditions. It high-
lights that AI strategy should go beyond short-
term gains to developing in-house assets, such as

proprietary algorithms or data pipelines, that meet
VRIO conditions [23]. This perspective clarifies the

emerging performance gaps between firms that
treat data as a core asset and those that do not.

In the Al era, RBV is used to analyse how Al-
related resources (e.g., proprietary data, specialised
algorithms, and human Al expertise) drive perfor-
mance. When these resources are difficult to imi-
tate, deeply embedded in organisational routines,
and protected from competitors, they yield durable
advantages. If effectively developed and protected,
Al becomes a resource that enables value creation,
which competitors cannot easily replicate. Empiri-
cal work applies RBV to diverse sectors. Ardito et al.
[24] model “Al capability” in e-commerce as a stra-
tegic resource of technical skills and management
practices, thereby boosting performance through
innovation and decision-making. In public services,
RBV emphasises internal capacity and knowledge
assets; unique data and expertise can improve ser-
vice delivery [25]. Across finance, healthcare, and

energy, stronger Al infrastructures, data assets, or
Al-skilled personnel yield superior outcomes [5,
26]. However, Al’s strategic value is not automatic;
it depends on acquiring and nurturing resources
competitors cannot match [27].

RBV faces criticisms in Al contexts. One is that
it is static, assuming enduring advantages, while in
fast-moving fields, assets like algorithms are quickly
commoditised [28, 29]. Scholars thus integrate RBV
with dynamic perspectives, stressing the need to re-
fresh and recombine resources [30]. Another limita-
tion is RBV’s inward focus, which overlooks external
factors such as regulation [25], industry standards,
and inter-organisational data ecosystems [31]. In
highly interconnected Al markets, these external
elements significantly shape the value of internal
Al resources. Despite its gaps, RBV remains a foun-
dational lens. Its limitations have encouraged more
integrative frameworks (for instance RBV and DCs
or RBV and KBV) that capture both the stock of Al
resources and the adaptive processes necessary to
leverage them.

Knowledge-based view (KBV)

The knowledge-based view is an extension of the
RBYV that singles out knowledge (information,
know-how, and intellectual capital) as the most
critical resource for competitive advantage [32].
KBV is highly pertinent to Al in corporate strategy
because Al technologies are fundamentally con-
cerned with knowledge; they gather data, identify
patterns, generate insights, and sometimes even
create new knowledge (e.g., predictive models or
recommendations).

KBV posits that firms that effectively create, in-
tegrate, and apply knowledge outperform competi-
tors; Al amplifies these processes by automating
insight generation and accelerating organisational
learning [33].

Literature across sectors has applied KBV to un-
derstand AI-driven transformation. In manufactur-
ing, for example, Al adoption has been linked to
a firm’s absorptive capacity, a knowledge-centric
capability. Qu and Kim [34] demonstrate that intro-
ducing Al in Chinese apparel companies enhances
open innovation outcomes only when the firm can
effectively absorb and utilise external knowledge;
Al is viewed as a strategic tool to facilitate knowl-
edge absorption and, consequently, innovation.
This finding aligns with KBV’s notion that lever-
aging new knowledge (from AI analytics or external

11
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data) is key to innovation. In the energy and finance
sectors, firms utilise Al to analyse vast amounts of
data (technical or market knowledge), supporting
strategic decisions. The value lies in how well the
firm’s knowledge management processes can in-
corporate Al outputs [35]. Similarly, in healthcare,
Al-enabled systems (such as diagnostic decision
support tools) illustrate KBV by amplifying what
organisations know and can do [34]. Maltsev and
Yudanov [36] discuss AI’s role through a knowledge-
based lens, arguing that effective Al adoption trans-
forms the firm’s knowledge stock and capabilities.

Overall, the KBV positions Al simultaneously
as a knowledge source, a knowledge processor, and
a knowledge amplifier, explaining why firms with
superior knowledge-integration practices benefit
more from Al initiatives.

The KBV contributes theoretically by explaining
the mechanism of Al-enabled strategic change as
one of knowledge creation and distribution. It pos-
its that Al’s strategic impact enhances the firm’s
ability to generate insights (e.g., identifying pat-
terns in large datasets), disseminate knowledge
rapidly, and apply it to new products or processes.
For instance, an Al-driven analytics platform can
convert raw data into knowledge about customer
behaviour; KBV helps articulate how that new
knowledge becomes a strategic asset [37]. The per-
spective also sheds light on organisational learn-
ing: Al can catalyse continuous learning, enabling
firms to accumulate organisational knowledge more
quickly than their competitors and thus sustain in-
novation [38]. Nonetheless, there are some limita-
tions to KBV’s application in the Al context. First,
KBV traditionally assumes knowledge resides in
human actors, whereas Al systems introduce non-
human knowledge repositories (models, embed-
dings, synthetic knowledge). This raises questions
about knowledge governance and integration [39].
However, Al systems introduce non-human reposi-
tories of knowledge (models, databases), this raises
questions about how firms govern and integrate Al-
generated knowledge with the human-generated
one [39]. Another challenge is distinguishing prac-
tical knowledge from noise: Al can produce over-
whelming volumes of information, and without
proper knowledge management, firms may struggle
to translate this into strategic action [40].

Additionally, like RBV, KBV does not inherent-
ly account for the social or ethical dimensions of
knowledge use. Trust in Al-produced insights, ac-

ceptance of algorithmic decisions, and cultural bar-
riers all influence whether knowledge generated by
Al becomes strategically useful [41]. Organisations
must also manage cultural and tacit knowledge is-
sues [42], encouraging employees to learn from Al
insights and share their expertise, which may ex-
tend beyond what classic KBV models capture.

Despite these gaps, the KBV remains a power-
ful lens for understanding AI’s role in strategy, es-
pecially when combined with dynamic or human-
centred considerations to address how knowledge
is absorbed and utilised.

Technology acceptance model (TAM)

The technology acceptance model is a well-estab-
lished framework that explains individuals’ adop-
tion of new technologies based on their perceived
usefulness (the belief that the technology will en-
hance job performance) and perceived ease of use
(the belief that it will be free of effort) [43]. TAM
is highly relevant for Al in strategic contexts be-
cause, ultimately, the success of Al initiatives of-
ten hinges on whether people, employees, manag-
ers, or customers accept and effectively utilise Al
systems [44].

Even highly sophisticated Al strategies fail when
end users resist or do not trust the system, mak-
ing TAM central to understanding adoption across
sectors.

Thus, numerous studies have employed TAM
to investigate Al adoption at the user level across
various sectors. For example, researchers have ex-
tended TAM to study clinicians’ or patients’ inten-
tions to use Al-driven systems (such as diagnostic
Al tools or chatbots) in healthcare. Lee [13] finds
that in UAE hospitals, classical TAM factors must
be coupled with organisational and strategic sup-
port factors to predict Al adoption, highlighting
that management support and training significantly
influence the perceived usefulness of Al systems.

In manufacturing, Qu and Kim’s [34] study of
apparel firms incorporates TAM constructs, dem-
onstrating that the perceived usefulness and ease
of use of Al technologies among employees me-
diate adoption, which in turn drives innovation
outcomes. TAM or related models have also been
applied in HR management (e.g., to study whether
HR staff will trust Al recommendations in recruit-
ment) and public sector services (to gauge citizen
acceptance of Al-enabled e-government) [45]. The
broad takeaway is that human factors, such as trust,
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ease of interface, and straightforward utility, con-
sistently play a crucial role in AI adoption, whether
the context is a nurse using an Al diagnostic aid or
a finance analyst utilising an Al-driven decision
support tool [46].

The TAM framework contributes by focusing
on the micro-level drivers of Al-enabled transfor-
mation, user attitudes and behaviours. It reminds
strategists that, beyond acquiring Al technology,
organisations must ensure users find the Al system
beneficial and user-friendly [47]. This theoretical
lens explains aspects of strategic change, such as
the speed and extent of Al implementation: if em-
ployees readily accept an Al tool due to high per-
ceived usefulness, the firm can more quickly inte-
grate that tool into its processes (realising strategic
benefits sooner). TAM thus helps predict imple-
mentation success and can guide interventions (e.g.,
training to improve perceived ease of use, or pilot
programmes to demonstrate usefulness). However,
TAM has known limitations when applied to com-
plex systems, such as Al. One criticism is that TAM
is too simplistic and individualistic, largely ignoring
organisational and contextual factors [48]. Indeed,
studies often find it necessary to extend TAM with
additional variables or frameworks (as with the
TAM-TOE integrated model in the manufacturing
study or adding organisational support in health-
care). It also overlooks organisational readiness,
institutional pressures, and system-level enablers
that frequently shape enterprise Al adoption [49].
Another gap is that classic TAM does not explicitly
include factors such as trust, transparency, or the
pivotal ethical considerations for AI [50]. For ex-
ample, users might consider an Al system advanta-
geous yet still hesitate to use it if they mistrust its
decisions or worry about potential bias [51]. Recent
research in healthcare highlights this issue: Meyer
et al. (2024) [52] show that recognition of bias in Al
systems can undermine trust and acceptance. Such
findings illustrate that TAM’s original constructs
may need augmentation, e.g., incorporating the
perceived credibility or fairness of Al, to capture
fully why specific Al applications face adoption re-
sistance. In summary, TAM provides a foundational
understanding of user adoption, which is relevant
for Al strategies. However, managers and scholars
must address their blind spots by considering richer
psychological and contextual factors (often using
TAM alongside theories like UTAUT, trust models, or
institution-based views in Al deployment studies).

Disruptive innovation theory (DIT)
Disruptive innovation theory describes how new
technologies can initially target overlooked or
low-end market segments with a simpler, cheap-
er product, then improve over time to displace
established competitors eventually [53]. In cor-
porate strategy research, DIT has been a popular
lens through which to interpret the rise of Al as
a potentially disruptive technology [54]. The idea
is that AI could enable new entrants or business
models that start at the margins but rapidly evolve
to challenge incumbents, thereby transforming
industry structures [55]. Researchers have applied
DIT to Al across several domains. In the market-
ing sector, for example, Elgheit 2025 [54] posi-
tions generative Al as a disruptive innovation for
marketing firms. His study qualitatively finds that
small marketing agencies leverage generative Al
tools to produce content and services at lower cost,
targeting niche or underserved clients. This clas-
sic disruptive pattern could erode the advantages
of large agencies if those incumbents are slow to
respond [56]. In healthcare, analysts have debated
whether Al is a genuinely disruptive force or more
of a sustaining innovation. Shipton and Vitale
[57] examine Al in healthcare through the lens of
disruptive innovation, comparing it to past tech-
nological revolutions. Some argue that current Al
applications represent incremental improvements,
while others see potential for a paradigm shift in
care delivery [58]. This finding reflects a broader
cross-sector discussion: in finance, for instance,
fintech startups using Al (for robo-advising, algo-
rithmic trading, etc.) might be seen as disruptors
for traditional banks [59], and in education, Al tu-
tors could disrupt conventional teaching — but the
extent of disruption can be debated [60]. Overall,
DIT is used to explain the trajectory of Al impact:
whether Al enables new competitors to overturn
established firms eventually, and how incumbent
organisations strategise in response (either by
adopting the technology themselves or by focus-
ing on higher-end value that Al newcomers cannot
initially match).

The disruptive innovation perspective provides
insight into AI’s competitive and evolutionary im-
plications for strategy. It highlights aspects of AI-
enabled transformation, such as market entry and
displacement. For example, it can explain why small,
agile tech companies with Al at their core might
capture market share from large firms that are slow-
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er to innovate. It also frames strategic transforma-
tion as a potential industry-level shift, not just an

internal change: if Al is truly disruptive, it can rede-
fine customer expectations and the basis of compe-
tition (for instance, automating services that used

to require human experts, thus changing cost struc-
tures and quality benchmarks) [61]. However, DIT
faces several criticisms, many of which are ampli-
fied in AI contexts. A key critique is that DIT can be

challenging to apply predictively — it is often easier
to label a technology ‘disruptive’ in hindsight than

to know in advance [62]. In the context of AL, many
innovations touted as ‘disruptive’ may not entirely
displace incumbents but rather get co-opted or re-
main niche. Critics, such as Siddik et al. (2025) [63],
have also argued that the theory’s definitions can

be fuzzy, and not every major innovation (even if
transformative) follows the low-end encroachment

pattern. This fact holds for Al; some Al applications

are adopted directly by top-tier firms to enhance

their existing products (a sustaining innovation

pattern rather than a classic disruption from the

bottom) [64]. Some researchers caution that AI’s

current impact in specific sectors is evolutionary,
not revolutionary, requiring long-term integra-
tion with human expertise rather than wholesale

replacement [65]. Another limitation is that DIT
does not inherently address the ethical and soci-
etal disruptions Al brings (e.g., job displacement,
regulatory upheavals), focusing mainly on business

competition. Thus, while the disruptive innovation

theory provides a provocative lens for considering
Al’s strategic implications, urging companies to

anticipate possible upheavals in their industry, it
should be used with caution [66]. It benefits from

combining empirical analyses and other theories

(such as diffusion of innovation or socio-technical

systems theory) to judge which AI developments

are genuinely disruptive versus sustaining. In sum-
mary, DIT helps explain the transformative, and at
times turbulent, market-level changes prompted by
Al but it also faces challenges and critiques when

it comes to reliably guiding strategic decisions in

the face of emerging Al technologies.

Table 2 summarises the theoretical contributions,
sectoral applications, and remaining research gaps
across the five frameworks.

Based on the theoretical analysis, we propose
conceptualising Al-enabled strategy as a continu-
ous and iterative lifecycle rather than a linear pro-
gression (see Fig. 3). Each technological cycle begins

with foundational Technology Adoption (TAM), fo-
cusing on user acceptance of technology and ease of
use. Firms then progress by accumulating distinct

resources (RBV), which are integrated and ampli-
fied through knowledge-sharing practices (KBV).
This integrated knowledge facilitates continuous

renewal of organisational capabilities (dynamic ca-
pabilities). Eventually, these renewed capabilities

enable firms to respond proactively to disruptive

innovations and reshape market dynamics (DIT).
Crucially, the cycle restarts as Al technology evolves

[67, 68], reinforcing that sustained strategic advan-
tage requires perpetual engagement in this ongoing

loop of adoption, resource accumulation, knowl-
edge integration, capability renewal, and disruption

management.

Directions for future research

While the literature on Al as a strategic asset rap-
idly evolves, several important gaps and opportu-
nities remain for future investigation. These op-
portunities span theoretical, methodological, and
sector-specific domains and reflect the continuing
need to understand how Al reshapes organisation-
al strategy in diverse and dynamic environments.

Cross-theoretical integration. Future work
should develop integrative theoretical models that
combine multiple lenses, such as dynamic capabili-
ties, the resource-based view, the knowledge-based
view, and the technology acceptance model, to cap-
ture the multi-level nature of Al-enabled strategic
transformation. While most current studies apply
a single dominant theory, real-world Al implemen-
tation cuts across resource accumulation (RBV), ca-
pability development (DC), knowledge integration
(KBV), and user acceptance (TAM) simultaneously.
Developing such multi-theoretical approaches
would allow scholars to reconcile strategic, organ-
isational, and behavioural dimensions within uni-
fied frameworks, enabling richer explanations of
Al adoption, scaling, and performance outcomes.

Sectoral comparisons and underexplored indus-
tries. There is a clear need for comparative stud-
ies to analyse how strategic Al use varies between
public and private organisations, regulated and
non-regulated environments, and capital-intensive
versus service-oriented sectors. Sectors such as
education, agriculture, manufacturing (beyond in-
novation contexts), and creative industries remain
significantly under-represented in the strategic Al
literature. Future research should therefore target
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Table 2
Summary of findings
Theory Research question Finding and Key recommendations References
Dynamic How do firms proac- | Firms proactively build Al-specific dynamic capabilities [18-20]
capabilities | tively build dynamic | through systematic investments in absorptive capacity, con-
capabilities specific tinuous organisational learning, and agile processes. Specifi-
to Al? cally, strategic renewal occurs when firms integrate internal
How do dynamic competencies with external Al-driven knowledge, ensuring
capabilities influ- responsiveness to environmental shifts. Cross-sector empiri-
ence the success of cal evidence shows that robust dynamic capabilities signifi-
Al adoption across cantly moderate the relationship between Al adoption and
sectors? organisational performance, enabling firms to capitalise on
opportunities and innovate rapidly, especially in technologi-
cally turbulent sectors such as finance and healthcare
Resource- What makes Al- Al-related resources achieve sustained strategic value pri- [24, 27, 30]
Based View related resources marily through proprietary characteristics — unique data as-
sustainably valu- sets, specialised algorithms, and Al-specific human capital —
able and difficult to | that are costly to replicate and deeply embedded within
imitate? organisational processes. Effective strategic alignment of
How do firms align these internal resources with external market and regulatory
internal Al resources | contexts involves continuous recombination and updating,
with external market | bridging RBV’s inherent static limitations with a dynamic
factors for strategic perspective, thereby ensuring an enduring competitive ad-
advantage? vantage despite the rapid diffusion of Al technologies
Knowledge- | How do organisa- Effective strategic integration of Al-generated knowledge [34, 36, 38]
Based View | tions effectively with human expertise requires advanced knowledge-
integrate Al-generat- | management practices, emphasising absorptive capacity,
ed knowledge with explicit-tacit knowledge conversion, and adaptive learning
human expertise? mechanisms. Organisations that adopt these practices suc-
What knowledge cessfully leverage Al as a tool for amplifying human cogni-
management tive capabilities, facilitating rapid knowledge dissemination
practices maximise and innovative application, thereby creating competitive
strategic benefits advantages through accelerated organisational learning and
from AlI? strategic adaptability
Technology | What organisational | Organisational factors such as perceived management [13,47,
Acceptance | factors significantly | support, targeted training, and inclusive decision-making 51,52]
Model enhance user accep- | processes significantly enhance user acceptance of Al by
tance of Al technolo- | improving perceived usefulness and ease of use. Neverthe-
gies? less, adapting TAM to Al contexts necessitates incorporating
How should TAM be constructs such as trust, transparency, and ethical consid-
adapted to incorpo- erations — factors empirically demonstrated to profoundly
rate trust, transpar- influence adoption decisions, especially within highly
ency, and ethical regulated and ethically sensitive sectors like healthcare and
considerations finance
specific to Al?
Disruptive Under what condi- Al serves as a genuinely disruptive innovation primarily [54,58,
Innovation tions does Al act as when it initially addresses overlooked or underserved market 64, 66]
Theory a truly disruptive segments with simpler, cost-effective solutions, subsequently
innovation? challenging the market positions of incumbent firms. Strate-
How should incum- gic responses by incumbents should thus focus on proactive-
bents strategically ly identifying disruptive threats early, investing in strategic
respond to poten- agility to either co-opt or neutralise disruptive potential, and
tially disruptive Al continuously adapting their business models to integrate Al
technologies? technologies effectively — thereby mitigating the transfor-
mative threats inherent in disruptive innovation scenarios

Source: Compiled by the authors.
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these sectors, ideally through interdisciplinary ap-
proaches combining strategic management, data
science, behavioural sciences, and sector-specific
expertise.

Longitudinal and post-adoption studies. Most
existing research focuses on the drivers of Al adop-
tion and conceptual potential, rather than the real
processes through which Al systems are imple-
mented, scaled, institutionalised, or abandoned.
Longitudinal studies can help trace how Al strate-
gies evolve, how organisations manage setbacks or
unintended consequences, and what factors con-
tribute to sustained competitive advantage or de-
cline. Such studies should also examine governance
failures, ethical misalignments, and unintended
outcomes over time, offering empirical parallels to
the Al strategic lifecycle proposed in Fig. 3.

Conclusion

This systematic literature review highlights the
growing strategic importance of Al in contempo-
rary organisational contexts. Drawing from a com-
prehensive analysis of 147 rigorously selected
studies, this review shows that Al has moved far
beyond its early perception as an operational ef-
ficiency tool. Instead, Al now functions as a central
strategic resource that enables sustained competi-
tive advantage, supports continuous innovation,
and drives deep organisational transformation.

Our analysis demonstrated that Al integration
significantly alters organisational decision-making,
enhancing predictive accuracy, strategic agility, and
enabling innovative value creation.

The review highlights distinct theoretical ori-
entations aligned with sectoral contexts. Dynamic
capabilities and the resource-based view (RBV) are
dominant in public administration, human resource
management (HRM), energy, research, and innova-
tion. These theories emphasise the importance of
internal resource mobilisation, adaptive capacity,
and organisational agility necessary for strategically
leveraging Al. In HRM specifically, the prominence
of the knowledge-based view (KBV) underscores
the strategic necessity of managing and leveraging
knowledge assets, human capital, and organisa-
tional learning to maximise Al’s potential.

Conversely, in sectors marked by high behav-
ioural complexity and direct user engagement, such
as hospitality, finance, and healthcare, the technol-
ogy acceptance model (TAM) prevails, emphasising
that successful strategic integration of Al funda-

Technology
Adoption (TAM)

Resource
Accumulation (RBV)

Market Disruption &
Renewal (DIT)

Capability Renewal
(Dynamic
Capabilities)

Knowledge
Integration (KBV)

Fig. 3. The Al strategic lifecycle
Source: Compiled by the authors.

mentally hinges on user acceptance and interaction.
This theoretical focus highlights that strategic con-
siderations must extend beyond internal resource
optimisation to include psychological and user-
centric factors critical for Al adoption. In finance,
the notable application of disruptive innovation
theory (DIT) further illustrates sector-specific stra-
tegic concerns, particularly how AI-driven innova-
tions can potentially disrupt market structures and
challenge traditional incumbents.

Collectively, these theoretical lenses illustrate
the multifaceted impact of Al, positioning it simul-
taneously as a technological enabler, a knowledge
asset, a behavioural phenomenon, and a disruptive
force. Organisations seeking strategic advantage
from AI must navigate complex dynamics beyond
mere technical implementation. They must pro-
actively address broader organisational and insti-
tutional shifts, human-Al integration challenges,
and evolving market conditions. Future research
should continue to explore these complexities, with
a special focus on cross-sectoral comparisons, lon-
gitudinal analyses, and less-explored industries.
Moreover, the ethical, regulatory, and governance
challenges identified by this review necessitate con-
tinued scholarly attention to ensure Al innovations
remain transparent, accountable, and aligned with
societal values.

In conclusion, this review affirms that strategi-
cally implemented Al represents both a theoretical
and practical frontier, reshaping individual firm
strategies, transforming entire industries, and re-
defining our broader understanding of technology’s
role in strategic management.
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