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Although Intelligent Automation (IA) represents the future of business automation, the organizational imple-
mentation and sustainability performance of this emerging technological innovation is vastly understudied.
Understanding the implications of IA for sustainability is critical since leveraging these technologies shapes
operations and policies that can promote sustainable digitalization and automation practices. We study how

Sustainability . N L . . . . .

. R firms’ technological, organizational, environmental, and human resource contexts impact IA implementation.
Corporate social sustainability > R . . K . .
Implementation The study further explains how IA may associate with the firm’s triple bottom line while accounting for the

moderating role of corporate social responsibility strategy. The study surveyed 207 multinational firms in 2022
and used partial least square-structural equation modeling to test the hypothesized relationships. Results showed
that IA implementation is mainly determined by the characteristics of the firm’s internal environment, such as
absorptive capacity, employee socio-behavioral concerns, and social capital competency. IA may offer valuable
opportunities for boosting the firm’s economic and environmental sustainability performance. Nonetheless, IA is
a double-edged sword for social sustainability, harming social values in implementing firms with informal
corporate social sustainability strategies. Conversely, firms with formal corporate social sustainability strategy
have a significantly higher opportunity to transform the value of IA into social sustainability performance.
Findings are expected to assist managers and decision-makers with streamlining an impartial and sustainable
transition of organizations toward automation.

1. Introduction [3]. IA is revolutionary because of its unique features [4]. IA can

simulate human intelligence, interact with humans in real-time (e.g., via

Intelligent Automation (IA), also known as cognitive automation, has
become a trending buzzword in the age of digital industrial trans-
formation [1]. IA is a transformative solution that relies on the inte-
gration of Business Process Monitoring (BPM), Artificial Intelligence (A.
I), and Robotic Process Automation (RPA). The technological compo-
nents of IA have been around for the past decade [2]. However, recent
advancements in underlying automation technologies such as machine
learning systems, deep learning, or natural language processing have
empowered IA to streamline the end-to-end process unprecedentedly

speech or vision recognition), learn autonomously and adapt to new
business circumstances, make autonomous decisions, and predict
possible outcomes [2,5,6].

Industrial reports show that IA represents the future of process
automation, and the majority of leading businesses around the globe are
moving toward adopting IA solutions [7]. Despite the hype surrounding
this emerging technological innovation, the academic literature fails to
explain the factors that might affect how firms implement and use IA
[8]. Indeed, IA literature is embryonic, limited to a handful of recent
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studies offering theoretical insights into the strategic management of
this technology [2]. For example, as one of the earlier academic con-
tributions, Ref. [6] theoretically explained how the Covid-19 pandemic
pushed businesses toward IA implementation. Ref. [4] also conducted a
literature review to explain the intellectual state of IA technologies in
the service sector. Ref. [2] reviewed IA implementation cases among
industry leaders and provided several action principles to guide busi-
nesses across their IA implementation journey. More recent contribu-
tions to the IA literature involve assessing the impact of 5G on IA
evolution [9], defining the specification of efficient IA system prepara-
tion [10], and assessing IA implications for pharmacovigilance [11].
Despite these invaluable early contributions to the IA discipline, the
organizational implementation of IA is vastly unexplored. To our
knowledge, there is little to no empirical research on the determinants of
IA implementation among organizations. The Information System (IS)
literature proposes that adopting a technological innovation involves
multiple stages, from initial adoption to implementation and
post-implementation (confirmation) stages (e.g., Ref. [12]). The review
of the literature reveals that the IA implementation stage is even more
understudied. The business value of IA is scientifically underexplored,
and little has been done to understand the sustainability performance
implications of this technology.

This knowledge gap can be a significant risk factor for businesses
interested in IA, forcing them to move unthinkingly toward the adoption
journey. This gap can be detrimental to policy bodies and industrial
decision-makers responsible for facilitating the effective and sustainable
adoption of novel technologies such as IA across various industries and
sectors and preventing the corporate digital divide. Furthermore,
investigating the impact of IA on the sustainability performance of
businesses is critical in the age of Industry 5.0 for several reasons. First,
the ongoing digital industrial revolution (commonly recognized as In-
dustry 4.0) has not been entirely aligned with inclusive sustainability
[13]. The emerging Industry 5.0 widely acknowledges the importance of
technology  governance for  aligning  digitalization  with
socio-environmental values. Under such circumstances, IA imple-
mentation might raise serious ethical questions about the societal im-
plications. Therefore, understanding IA’s impact on sustainability might
help businesses address these ethical considerations, empowering them
to assess the effects of automation on employment, workforce reskilling,
and societal well-being. By doing so, companies can make informed
decisions, balancing technological advancements with social re-
sponsibility. Unfortunately, such knowledge of the ethical implications
of IA implementation is lacking. Second, regulatory bodies and social
actors progressively attempt to promote sustainable practices by regu-
lating emerging technologies, as recently seen via the European Com-
mission’s efforts to regulate ChatGPT usage in Europe under the Industry
5.0 agenda. Without a profound understanding of the impact of IA on
sustainability measures, businesses may face challenges in complying
with evolving regulations and fail to productively engage in shaping
policies and regulations related to IA. Third, the lack of knowledge
concerning the determinants of IA implementation and the underlying
sustainability impacts can lead to unintended consequences and risks for
the IA stakeholders. For example, such a lack of knowledge can mislead
businesses to undermine the effects of IA on employees, preventing them
from developing strategies (e.g., reskilling and upskilling programs) that
ensure a smooth transition. Furthermore, such lack of knowledge can
deviate businesses from considering influential drivers of IA imple-
mentation, possibly pushing them toward unsuccessful implementation
and causing them to miss the opportunity to strategically align IA with
the potential benefits for sustainability.

The present study addresses this critical knowledge gap by empiri-
cally studying factors that might determine IA implementation among
organizations. The study further measures the IA impacts on corporate
sustainability performance, striving to understand how IA application
affects the way a company achieves key metrics reflecting sustainability
across the three pillars of economic, environmental, and social
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dimensions [14,15]. This includes, among others, assessing the effect of
IA on corporate profitability, resource efficiency, carbon footprint
reduction, employee well-being, and customer satisfaction.

Since IA implementation is vastly unknown and the study is among
the first to explore this topic, we draw on the Technology, Organization,
and Environment (TOE) framework to include a wide range of factors
that might describe how organizations implement IA solutions.
Although intelligent automation is the future of work, we acknowledge
that IA is a disruptive technology that radically changes the workplace
environment. Experts believe that IA may intensify the issues of digital
skill gaps, employee resistance, job displacement, and job security [7,
16]. Concerning the role of human factors, the
Human-Organization-Technology (HOT)-fit theory has shown the
importance of demonstrating a fit between the human, technology, and
organizational circumstances while recognizing the possibility of
adopting innovative technology [17]. Therefore, we integrate the TOE
framework with the HOT-fit theory to have the theoretical basis for
investigating human resource-related factors that might determine IA
implementation. Further, we draw on the Resource-Based View (RBV) of
the firm [18,19] to have the theoretical support for assessing the
post-implementation sustainability performance effects of IA.

Finally, we draw on CSR and Environmental, Social, and Governance
policy background (e.g., Refs. [20,21]) and postulate that the ‘IA
implementation-sustainability performance’ association might be a
function of the firm’s Corporate Social Responsibility (CSR) strategy.
Formal CSR strategy in the present study refers to a documented and
structured strategic approach adopted by a company to integrate ethical,
social, and environmental considerations into its business operations. It
outlines specific goals, initiatives, and actions that align with the com-
pany’s commitment to responsible business practices, stakeholder
engagement, and sustainability, driving positive social and environ-
mental impact [22]. In this study, we measure if the associations be-
tween IA implementation and corporate sustainability performance
would be meaningfully different when accounting for the role of CSR
strategy. Accordingly, the present study strives to answer the following
research questions:

RQ1. What are the technological, organizational, environmental, and
human-based determinants of IA implementation among organizations?

RQ2. How would IA implementation affect organizations’ economic,
environmental, and social sustainability performance?

RQ3. How would the CSR strategy moderate the sustainability per-
formance effects of IA implementation?

The present study targets multinational manufacturing companies to
assess the IA implementation, underlying determinants, and sustain-
ability implications. IA implementation is believed to be highly conse-
quential to the sustainability performance of multinational
manufacturers due to their scale and impact on global resource utiliza-
tion, complex operations, regulatory compliance challenges, supply
chain sustainability considerations, technological potential, and stake-
holder visibility considerations. We expect this research to make notable
contributions to the theory and practice while answering the above
research questions. The study reviews the IA background and explains
how it is understood against relevant concepts such as classic automa-
tion and hyper-automation. The study contributes to the literature by (i)
identifying the determinants of successful AI implementation, (ii)
extending the TOE framework by incorporating human determinants,
(iii) exploring the impacts of IA implementation on the economic,
environmental, and social performance of firms, and (iv) exploring how
formal CSR strategy of firms may boost the sustainability benefits of IA
adoption and implementation. We draw on the Partial Least Squares-
Structural Equation Modeling (PLS-SEM) results to provide IA stake-
holders with theoretical and managerial insights that might facilitate
firms’ movement toward sustainable IA integration and utilization. The
findings of the study provide policymakers with a valuable basis on
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which to guide their efforts to boost the penetration rate of IA among
businesses. Furthermore, the study provides insight into the driving
forces behind IA implementation and its impact on sustainability per-
formance for managers of manufacturing companies.

2. Intelligent automation background

IA, also labeled cognitive automation, refers to using smart auto-
mation technologies such as A.I, BPM, and RPA to automate, streamline,
and scale business decision processes [7]. IA is the evolutionary step
from the classic process automation toward the futuristic vision of
hyper-automation [23]. IA revolutionizes traditional process automa-
tion in two ways. First, IA is not limited to the automation of discrete
routine tasks in the process chain, focusing on the automation of the
entirety of the workflow lifecycle [24,25]. Second, IA has the cognitive
capabilities to infer real-world business circumstances and autono-
mously make data-driven and informed decisions concerning a specific
process [3]. IA cannot be interchangeably used with hyper-automation,
as it is considered a stepping stone and a constituent of
hyper-automation [23]. While both concepts entail using A.I-driven
automation platforms and advanced technologies to streamline busi-
ness processes, hyper-automation is much broader in scope, involving
adopting various technologies such as the digital twin to achieve com-
plete automation in the organization as extensively as possible [26].

IA uniquely improves firm competitiveness and delivers value [2].
First and foremost, IA helps businesses identify disruptions and changes
throughout the business environment (e.g., market fluctuations or
Covid-related employee behavior changes) and proactively prepare
necessary strategic responses [6]. IA can augment the workforce,
improve human resource productivity, and reduce labor costs [1,25].
Through process consistency, IA increases the quality and accuracy of
business processes [27]. The resulting enhancements in response time,
customer services, and product quality improve customer satisfaction
[4,11]. IA also enhances adherence to regulatory requirements and
policies via automation-empowered consistency in security, reporting,
and compliance [28].

The technological constituents of IA and their institutionalization
process are relatively well-studied within the literature (see Table 1).
BPM involves technologies, tools, and techniques that allow businesses
to assess, model, and optimize their processes and strategies [29]. BPM
can be categorized as document-centric, integration-centric, and
human-centric variant. As an example, human-centric BPM mainly ad-
dresses business processes that are critically dependent on human
involvement [30]. The literature identifies various factors that may
impact the firm’s decision to implement BPM [31]. Examples include
corporate size, business sector, organizational culture, management

Table 1
Comparative overview of previous studies advancing IA knowledge.
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commitment, external stakeholders, and strategic alignment [29,32,33].
Previous studies, such as the work of [34]; have shown that BPM
implementation and the resulting managerial and technical BPM capa-
bilities can improve business performance. Alternatively, RPA,
commonly called software robotics, aims to automate back-office tasks
like accounting or record maintenance. RPA involves using chatbots and
software robots as well as combining application programming and user
interfaces to automate repetitive and routine tasks [28]. Budgetary
constraints, Information Technology (IT) capability, infrastructure,
management support, road-mapping ability, supply chain collaboration,
and government regulations are among the critical determinants of RPA
implementation in organizations [35]. The review of the literature re-
veals that RPA implementation may offer various benefits, such as
improved talent acquisition, data quality, employee productivity, and
reduced human errors [36,37]. A.l is the most studied and cutting-edge
technological constituent of IA. In the intelligent automation context, A.
I plays the role of a decision engine, which involves using complex al-
gorithms, deep learning, and machine learning to synthesize unstruc-
tured or structured data and create the knowledge base and business
intelligence for formulating data-driven predictions [3]. A.I has
numerous business implications, and as a result, a wide variety of factors
determine its adoption among businesses [38]. The compatibility and
complexity of A.I tools, managerial competencies, internal knowledge
competencies, regulatory forces, and competitive pressure are among
the widely acknowledged determinants of A.I implementation in orga-
nizations (e.g., Refs. [39,40]). Depending on the business application
type, A.I can offer diverse advantages, from prediction accuracy and
decision process efficiency to improved risk detection, human resource
cost reduction, or sales growth [41].

IA is a transformative digital solution that integrates A.I, BPM, and
RPA to gain the necessary cognitive, decision, and analytical capabilities
to streamline and simplify repetitive yet more complex tasks [23,28]. IA
is arguably more integrative and complex compared to its technological
components. The IA adoption process is consistently expected to be
more disruptive and challenging. IA is a new concept, and industrial
reports reveal that leading corporations in nearly every business context
are introducing ambitious and aggressive plans for future IA investment
and implementation [7]. The IA literature is equally embryonic, and
scholars have recently shown interest in investigating the business im-
plications of this concept [1], particularly as a response to the Covid-19
disruption [6]. The following table presents a overview of previous
studies that have contributed to advancing IA knowledge within the
existing literature. These studies have contributed to understanding
various aspects of IA implementation, its impacts, and associated
challenges.

Overall, the review of recent IA literature implies that various factors

Study  Focus Area Methodology

Key Findings

[4] IA impact on organizational knowledge and  Systematic review/conceptual
service work analysis
[6] IA implementation under Covid-19 Conceptual analysis
consideration
[8] The agility of IA implementation projects Expert consultation and total
interpretive structural modeling
[2] The strategic management of IA in Six years of in-depth analysis of IA
organizations implementation projects
[1] Investigating the engineering applications of A systematic review of IA literature
IA for business growth
[16] IA implementation impact on working Multi-theoretical synthesis and
conditions of tourism workers conceptual analysis
[9] Assessing the effect of 5G in IA evolution Systematic review/conceptual
analysis
[64] IA implication for boosting service quality Semi-structured interviews with

and the customer experience in tourism

tourism service managers in Cyprus

Provides a new conceptualization of IA. Offers a business value-based model of IA
for knowledge and service work

IA can boost business value but may increase worker automation anxiety. IA’s
technical capabilities and human skills should be merged to maximize value
Several factors might lead to the agility of IA projects, such as stakeholder
alignment or leadership

Offers 39 action principles to guide and empower top managers in managing the
IA implementation journey

Highlights the application of IA in various sections such as aviation or supply
chain. Highlights the underlying challenges of IA implementation

There are several social risks involved with the use of IA in tourism, such as job
displacement or income inequality

5G technology promotes various technical aspects of IA, such as industrial and
robotic control. It also addresses some technical challenges of IA usage

Formal CSR strategies enhance the social value of IA implementation, while
informal CSR strategies have a detrimental effect on the social value of IA
implementation
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in a business’s technological, organizational, and environmental con-
texts might affect the IA implementation process. Furthermore, studies
consistently acknowledge that human workforce characteristics also
play a critical role in how organizations approach and utilize IA. The
literature also points to the possible value gains of IA while warring
against the possibility of adverse effects on societal values. Considering
these facts, the present study draws on The TOE and HOT-fit frameworks
and RBV to have the theoretical support to assess and understand how a
wide variety of determinants might affect IA implementation and sus-
tainability performance in the corporate context. The following section
thoroughly discusses our decision to integrate TOE and HOT-fit frame-
works for such a purpose.

3. Theoretical development

Fig. 1 represents the theoretical framework of the study. This
framework proposes that IA is an integrative technology that is the
byproduct of integrating three cognitive technologies: A.I, BPM, and
RPA. The mainstream technology adoption literature widely acknowl-
edges that the adoption of technological innovation is a multifaceted
phenomenon, taking place across two discrete phases [42]; Ghobakhloo
et al., 2011). In the initial adoption phase, organizations decide whether
and how they will commit to acquiring and implementing new tech-
nology [39]. In the post-adoption (implementation) phase, organiza-
tions integrate and use technology extensively to support their business
operations [43,44]. As shown in Fig. 1, the present study concerns the
post-IA adoption phase, addressing both IA implementation and IA
performance assessment stages. Our decision to assess the business
performance effects of IA implementation follows the RBV of the firm
[12,18] IS success model, explaining that organizations can enjoy the
net benefits of new digital technology once it has been implemented and
strategically integrated within business operations. Indeed, the research
model in Fig. 1 draws on RBV and proposes that IA can be considered as
spanning information resources that, when leveraged strategically, can
lead to improved firm performance. This postulation also aligns with
[12] IS success model arguing that firms can benefit from improved
corporate performance when they integrate new digital technology into
their business operations and use it expensively.

Our theoretical framework assumes that a collection of environ-
mental, human-based, organizational, and technological factors de-
termines IA implementation in the corporate context. This assumption
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builds on the integration of the TOE framework and HOT-fit framework.
TOE framework, initially developed by Ref. [45]; has been extensively
used by scholars to investigate the technological innovation diffusion
processes within organizations [17,46]. This framework assumes that
technological, organizational, and environmental circumstances
directly determine the technology adoption process in an organization.
Under this framework, technological circumstances refer to the tech-
nical attributes of the technological innovation solution (either
off-the-shelf or bespoke products) that organizations intend to imple-
ment [47]. Organizational circumstances denote the firm-specific in-
ternal characteristics, such as resource-based attributes, that affect a
firm’s implementation behavior [48]. Finally, the external environ-
mental circumstances of the firm, such as competitive rivalry in a spe-
cific industrial context, constitute the environmental context of the TOE
framework [49]. Prior studies have extensively applied the TOE
framework to study the organizational implementation of various
technologies such as A.I [39]; Chen and Chen, 2021; [50], process and
robotic automation [51], business process monitoring [31], big data
analytics [52], blockchain [53], cloud enterprise resource planning
[54], and 3D printing [55]. Scholars such as [56] believe that the TOE
framework can be regarded as a solid theoretical basis due to several
advantages, such as a high freedom degree in choosing a variety of de-
terminants or compatibility with other mainstream theories such as the
Technology Acceptance Model (TAM) [57]. Despite these advantages,
scholars argue that TOE falls short in accounting for the role of human
resource circumstances in the general process of technology adoption in
organizations [46,58].

To address this shortcoming, scholars such as [49,59] have inte-
grated the TOE framework with the HOT-fit framework to account for
human attributes regarding the organizational implementation of new
technology. Initially developed by Ref. [60]; the HOT-fit framework
proposes that a firm’s human, organizational, and technological con-
texts may define the technology implementation behavior [61]. TOE and
HOT-fit frameworks share a similar ground concerning the organiza-
tional and technological determinants of technology implementation
[46]. They are also complementary since their integration would offer a
comprehensive set of environmental and human attributes that may
impact technological innovation diffusion at the organizational analysis
level [58]. Overall, both TOE and HOT-fit frameworks have provided
reliable theoretical bases for reliably predicting the determinants of
technology implementation in the corporate context. Table 2 briefly
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Table 2

A summary of selected TOE/HOT-fit literature on new technology implementation.

Technology in Society 74 (2023) 102301

Study  Theory Technology Adoption phase Determinants (Independent variables)
[59] TOE/HOT- Cloud computing Adoption decision Management innovativeness, HR IT technical competency, data security, complexity,
fit compatibility, costs, relative advantage, management support, resources, benefits,
government policy, and industry pressure.
[65] TOE/HOT- Hospital information system Adoption decision Relative advantage, compatibility, complexity, security issues, business size,
fit/DOI management support, infrastructure, financial resource, external pressure,
competition, vendor support, IT knowledge, competencies, IT expertise, and
management innovativeness

[66] TOE Industry 4.0 technologies (e.g.,  Initial adoption & Perceived value, costs, compatibility, information requirement, IT knowledge,

Al robotics, automation) Implementation digitalization road-mapping competency, environmental imposition, and competitive
pressure.

[53] TOE Blockchain Implementation decision Management support, business size, and IT innovation readiness.

(adoption vs non-adoption)

[67] TOE IIoT Adoption intention Relative advantage, expertise, infrastructure, compatibility, security, cost, firm
readiness, management support, vendor support, and competitive pressure.

[68] TOE Social commerce Adoption intention Perceived usefulness, security concerns, management support, organizational
readiness, business partner pressure, and consumer pressure.

[52] TOE/RBV Big data analytics Implementation (strategic use) Compatibility, complexity, observability, trialability, risk, relative advantage,
organizational readiness, management support, regulations, government support, and
competitive pressure.

[39] TOE/TAM Al Adoption intention Perceived ease of use, leadership support, perceived usefulness

[51] TOE IA/Robotics Adoption intention Relative advantage, complexity, cost justification, market position, employee
resistance, customer readiness, legal circumstances, customer experience, and
competition.

[50] TOE Al-empowered robotics Adoption intention & Potential Perceived benefits, compatibility, IT infrastructure, external pressure, vendor

use support, and government support.
[69] TOE Al Implementation (usage level) Relative advantage, complexity, firm size, technology competency, industry settings,

and regulatory forces.

Note. IIoT, Industrial Internet of Things; RBV, Resource-Based View.

reviews the selected previous studies that have drawn on TOE, HOT-fit,
or a combination of both for investigating the technology implementa-
tion determinants. The literature acknowledges that IA will fundamen-
tally alter the work environment as an integrative and disruptive
technology [62]. This technology is also knowledge and skill intensive,
significantly relying on the characteristics of human resources for
effective implementation [4,63]. Therefore, following [58,59]; we
believe integrating TOE with the HOT-fit framework allows us to ac-
count for the human resource attributes that may play a critical role in
shaping firms’ IA implementation.

4. Hypotheses development

Fig. 2 presents the proposed research model of IA implementation
among organizations. This figure presumes that 12 technological,
organizational, environmental, and human factors determine IA imple-
mentation. We selected the 12 factors based on a meta-analysis of
studies on factors that determine the implementation of IA technological
components, including BMP, Al, and RPA. The model also hypothesizes
that CSR moderates the relationships between IA implementation and
sustainability performance dimensions. Notably, the term investment
risk in the present study refers explicitly to the potential risks associated
with investing in different available IA products. We consider invest-
ment risk a technological factor because it directly relates to the eval-
uation and selection of technical products offered by vendors. Corporate
sustainability performance in the present study denotes how a company
achieves key metrics reflecting sustainability across the three pillars of
economic, environmental, and social dimensions [14,15]. This includes,
among other indicators, profitability, resource efficiency, carbon foot-
print reduction, employee well-being, and customer satisfaction. The
formal CSR strategy in the study refers to a documented and structured
strategic approach adopted by a company to integrate ethical, social,
and environmental considerations into its business operations. It out-
lines specific goals, initiatives, and actions that align with the company’s
commitment to responsible business practices, stakeholder engagement,
and sustainability, driving positive social and environmental impact

[22]. In this study, for the purpose of moderation analysis, we assessed if
the participating companies possess and implement such a formal
strategy. Each of the hypothesized relationships is discussed and justi-
fied in the following.

4.1. Investment risk

Technology acquisition and adoption can be significantly risky,
especially when the new technology is complex and tend to transform
business practices [4,70]. As a result, a rash technology investment
decision that might appear to be a proper strategic choice might even-
tually cost the business significantly more than it gains [71]. IA is a
complex and integrative technology that involves several investment
risks [1]. For example, an improper IA sourcing model that internalizes
all implementation processes might result in high costs, especially when
the organization lacks the necessary competencies to integrate a new [A
solution into the business processes effectively [2]. The literature ac-
knowledges that risks associated with the new technology investment
have been a significant barrier to technology implementation [72]. IA is
no exception since numerous risks can lead to investment failure [73].
According to Ref. [2]; numerous IA implementation projects have failed
to deliver value due to the lack of standardization in IA tools or
compliance risks of existing solutions. We propose that organizations
would be less strategically capable of successfully integrating IA into
business operations when they face certain uncertainties and risks
associated with IA solutions. Accordingly, we hypothesize that:

H1. Investment risk significantly affects IA implementation.

4.2. Cybersecurity risk

IA’s data-driven, decentralized, and integrative nature significantly
increases the risk of cyber-security threats [74]. Indeed, the ongoing
digital transformation under the Industry 4.0 framework has resulted in
an alarming increase in cyberattacks [75]. Despite recent advancements
in cyber protection mechanisms, many businesses are reluctant to
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consider IA due to the prevalence of cyber threats such as
ransomware-based attacks or stealing intellectual property [76]. Within
the A.I environment, all manner of information, from product designs,
confidential customer data, or trade secrets, can be at risk of
cyber-attacks. Cyberattacks can also target the RPA or BPM aspects of
IA, hijacking or disrupting production systems or inflicting severe
damage to Operations Technologies (OT) or IT infrastructure [37,77].
Recent studies reveal that the cyber risks of modern technological in-
novations act as a barrier to implementing IA solutions [78,79]. In
particular, Ref. [80] explain that manufacturers avoid automation and
intelligence technologies that expose them to major cyber risks.
Accordingly, we hypothesize that businesses would be less productive in
integrating IA solutions if they observe that available automation and
intelligence solutions expose them to operational disruption,
ransomware-based attacks, or breach of intellectual property:

H2. Cybersecurity risk significantly affects IA implementation.

4.3. Integrability

IA is an integrative technology that relies on vertical and end-to-end
integration to deliver its functions [2]. In the IA context, end-to-end
integrability implies that IA modules should facilitate the integration
of cyber-physical system components and the digital replica of business
systems [81]. IA should also facilitate the vertical integration of discrete
business components such as back-end systems, processes, operators,
and enterprise systems [25,82]. Recent studies show that technology
integrability is essential for adopting Industry 4.0 technologies such as
Al or process automation [83]. Ref. [84] notably showed that the
complexity or lack of integrability had been a critical barrier to adopting
Al-driven self-adaptive technologies among Japanese manufacturers. By
the same logic, we propose that businesses use IA for managing daily
operations more frequently and productively when available solutions
are adequately integrable with their existing operations technologies, IT
infrastructure, business processes management software, or back-end
systems.

H3. Integrability significantly affects IA implementation.

4.4. Strategic value

New technology’s value has long been acknowledged as a critical
determinant of innovation implementation and usage [52]. Strategic
value involves direct and indirect values that the business can gain by
implementing the new technology [85]. The strategic value of IA resides
in improving competitive advantage via enhancing labor productivity,
innovation capacity, production scalability, customer experience, and
process efficiency [1,3]. Therefore, the perceived strategic value of 1A
would expectedly have a substantial impact on organizations’ imple-
mentation behavior. Indeed, comparative studies published recently
reveal that strategic value gains drive businesses toward favorable
implementation behavior concerning A.I-empowered process automa-
tion [50], A.I-driven production systems [39], and robotic automation
(Ghobakhoo and Ching, 2019). Accordingly, and consistent with the
use-net benefit loop proposed in Ref. [12] IS success model, we hy-
pothesize that firms integrate and use IA more frequently and exten-
sively when they positively evaluate the strategic value gains of the
implemented IA solution.

H4. Strategic value significantly affects IA implementation.

4.5. Absorptive capacity

IA implementation is highly knowledge-intensive and inclusive,
requiring an enterprise-wide information-driven IA strategy [86,87].
The functionality of such a strategy involves preventing automation
fatigue, eliminating functional silos, and avoiding data uncertainties or
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algorithmic errors [88]. IA integration extends across the entire value
chain of the business, entailing stakeholder engagement as a part of the
adoption strategy [5]. Therefore, the firm’s ability to involve inter-
nal/external stakeholders in the IA implementation process, gather in-
formation on the state of the art of IA from internal/external sources,
and identify new technology implementation opportunities are expected
to be crucial to IA implementation [89]. In other words, the capacity to
acquire and exploit IA knowledge will improve firms’ capacity, readi-
ness, and technical competencies to progressively integrate IA solutions
[90]. Accordingly, absorptive capacity is expected to streamline the
implementation and exploitation of IA as it allows firms to redesign or
streamline the internal processes better according to the requirements of
Al-driven business process monitoring and automation [91]. We also
expect absorptive capacity to help with the firm’s ability to integrate IA
into legacy infrastructure and adapt to the dynamism of this technology.

H5. Absorptive capacity significantly affects IA implementation.
4.6. Digitalization technical competency

IA institutionalization entails the seamless integration of new tech-
nological solutions, such as software robotics or automation technolo-
gies, into existing information and operations technologies or legacy
enterprise systems [16]. Successful IA integration for creating a cohesive
digital ecosystem that supports decentralization and real-time capability
requires businesses to have a certain degree of digitalization technical
competency [24]. Digitalization technical competency for IA imple-
mentation is multifaceted. It involves various necessary competencies,
from digital technology governance capabilities or integrability and
interoperability of existing OT to the adequacy or seamless integrability
of IT infrastructure [50,83]. The enabling role of digitalization technical
competency for new technology implementation is well-documented
within the literature. For example, Ref. [88,92], showed that digitali-
zation technical competency propels manufacturers toward the pro-
gressive implementation of Industry 4.0 technologies. This competency
has been frequently reported to determine firms’ behavior concerning
the implementation of robotic process automation [35], A.I-empowered
industrial automation [50], and A.I-driven business process automation
(Ghobkhloo and Ng, 2019). Thus, we develop the following hypotheses
regarding the enabling role of digitalization technical competency.

H6. Digitalization technical competency significantly affects IA
implementation.

4.7. Resource availability

In general, new technology acquisition is resource intensive [43],
and the literature identifies resource availability as one of the more
critical determinants of technology implementation [93,94]. IA is
complex, disruptive, and integrative, requiring businesses to possess
various tangible and intangible resources [95]. Companies should afford
the upfront (e.g., acquisition) and continuous (e.g., maintenance,
upgrading, and ancillary) costs associated with IA implementation [80].
Each of these cost categories can vary significantly. For example, the
acquisition may involve licensing or system configuration costs, whereas
ancillary costs may include continuous training or IA performance
monitoring expenses [96]. Scholars have shown that resource avail-
ability critically impacts how organizations implement robotic process
automation [35], BDA-powered A.I [43], and A.I-powered industrial
automation [50]. Accordingly, we postulate that organizations with the
necessary resources to afford IA costs (e.g., hardware, software, training,
and business process disruptions) would engage in IA implementation
more extensively.

H7. Resource availability significantly affects IA implementation.
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Fig. 2. The research model of study.

4.8. Environmental turbulence

The holy grail of organizational goals is the sustainable competitive
advantage, where businesses can gain a stable and favorable position
against competitors [97]. Achieving sustainable competitiveness has
become more challenging than ever since the external environment of
most businesses is nowadays characterized by volatility, turbulence, and
unpredictability. The Covid-19 crisis significantly disrupted most in-
dustrial sectors, and the Russia-Ukrain conflict has now caught the
global economy off guard. Under such circumstances, experts widely
acknowledge that businesses draw on digital transformation to respond
dynamically to environmental turbulence [98]. Scholars also argue that
digitalization can intensify hyper-competition, and the resulting digi-
talization may overpush mainstream businesses toward digital trans-
formation [97]. Indeed, the environmental turbulence and the resulting
competitive pressure have long been acknowledged as critical drivers of
technology implementation among businesses [99]. Empirical studies
show that environmental turbulence expedites organizational transition
toward business process automation [66], Al-driven talent acquisition
technology [48], and robotic hotel management technologies [100]. In
line with these discussions, we assume that businesses consider IA an
effective tool for addressing environmental uncertainties and competi-
tive pressure due to the expected benefits of this technology, such as
process adaptability, cost-saving, and decision accuracy.

H8. Environmental turbulence significantly affects IA implementation.

4.9. External stakeholder pressure

Nowadays, external stakeholders, including customers, social actors,
and business partners, play a more prominent role in shaping corporate
strategic decision-making processes and business strategy [101]. Under
the hypercompetitive business environment of Industry 4.0,

servitization and product personalization are realized as the pillar of
corporate survival [102]. As a result, external stakeholders require
manufacturers to diversify their product mix and introduce new
service-oriented business models [103]. Alternatively, social actors like
the government increase pressure on manufacturing supply chains to
reduce their carbon footprint and move toward circular economy [104].
Thus, supply partners are constantly pressured to enhance their product
and process efficiency to afford the cost of socio-environmental re-
sponsibility [105]. Businesses often implement new technological in-
novations to address external stakeholders’ requirements economically
[66,106]. For example, manufacturers may use A.I-driven industrial
automation technologies to satisfy customer demand for improved
product quality or delivery [50]. Drawing on the potential benefits of IA,
we expect organizations to increasingly consider IA as a strategic option
for addressing external stakeholder pressure for the product, process,
and environmental performance improvement.

H9. External stakeholder affects IA

implementation.

pressure  significantly

4.10. Social capital

This term denotes the tangible or intangible outcomes of human
resource interactions. Social capital refers to the human relationships
and interactions that improve organizational effectiveness [107]. Social
capital contribution to new technology implementation is multifaceted.
Social capital promotes collaboration and open communication among
internal stakeholders of technological innovation. This condition, in
turn, allows employees (e.g., IT experts, end-users, and analysts) to build
meaningful relationships and collaborate better on technology imple-
mentation tasks [108]. The resulting shared value also assists with
building interdepartmental trust and eliminating information silos,
streamlining information and knowledge sharing concerning innovation
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implementation [109]. Shared value also facilitates collective learning,
addressing the knowledge intensity of new technology institutionaliza-
tion [110]. Although the enabling role of social capital for technology
adoption is understudied, literature offers valuable early insights into
this interaction [111]. For example [93], showed that adopting Industry
4.0 technologies, such as process automation, requires a new social work
environment in which inter and intra-organizational teams openly
collaborate to gain necessary social and technical skills for interacting
with new technological innovation. An empirical study on Industry 4.0
readiness of manufacturing firms reveals that cognitive, social, and
structural social capital positively determine a firm’s ability to utilize Al
and autonomous process monitoring technologies [112]. We build on
these arguments and propose that human resources’ ability for open
inter and intra-organizational collaboration and knowledge sharing
would drive businesses to more extensive IA implementation.

H10. Social capital significantly affects IA implementation.

4.11. Employee socio-behavioral concerns

The organizational implementation of disruptive digital technologies
like IA fundamentally changes the workplace structure [62,63]. Anger,
psychological distancing induced by fear, and anxiety are among the
socio-behavioral concerns that IA may cause among employees [80,
113]. These socio-behavioral concerns stem from the IA’s disruptive
nature [13]. IA can damage the workplace environment as it might
replace human labor, undermine human autonomy, displace employees,
or undesirably change work processes [114,115]. The scholarly litera-
ture explains that organizations would be reluctant to use new tech-
nology when socio-behavioral concerns about the implementation cause
employees to resist technology change [116]. An empirical study of
Chinese businesses showed that employees with higher A.I anxiety and
concerns are less likely to change to using A.I [62]. Similar findings exist
regarding the negative impact of socio-behavioral concerns on the
implementation of Industry 4.0 technologies [79] and hospital
sensor-based technology [116]. Consistently, we expect businesses to be
less open to extensive IA implementation when their employees gener-
ally believe that IA disrupts their workplace regarding job loss, work
stress, or undermining dignity and autonomy.

H11. Employee socio-behavioral concerns significantly affects IA
implementation.

4.12. Management digitalization competency

Scholarly literature identifies the competencies of the top manage-
ment team as one of the critical determinants of technology integration
and usage among organizations [117]. Technologies such as IA are
complex and integrative, requiring businesses to have specific digitali-
zation governance competencies to manage the transformation caused
by digitalization and automation of business processes [38,118]. Recent
literature focuses on the critical role of management and explains that
managerial competencies such as involvement, commitment, risk man-
agement, and digitalization roadmapping are critical to the firm digi-
talization success [88,93]. According to Ref. [119]; management
competencies such as digitalization support, awareness, commitment,
and operational presence are critical to implementing Industry 4.0
technologies such as autonomous robots. Similarly, an empirical study
of smart manufacturing technology implementation revealed that
management competencies strategically steer digitalization and deter-
mine manufacturers’ decisions for extensive integration of robotics and
process automation technologies [66]. We build on these findings and
hypothesize that management competency in terms of empowerment,
resource commitment, cost-benefit assessment ability, and technology
management capability defines firms’ readiness for more extensive
integration and utilization of IA solutions.
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H12. Management digitalization competency significantly affects IA
implementation.

4.13. IA and corporate sustainability performance

Experts believe that IA can impact corporate sustainability perfor-
mance in various ways [1]. IA may offer a wide range of opportunities
for boosting the economic dimension of corporate sustainability per-
formance, examples of which may include optimizing resource man-
agement, improving risk management, enhancing customer experience,
reducing operational costs, streamlining data-driven decision-making,
enhancing productivity, and increasing agility [11,96]. For example, IA
can offer cost-saving opportunities by automating repetitive and
mundane tasks, increasing operational efficiency, and reducing labor
costs [13]. By streamlining processes and minimizing human errors,
companies can save costs and allocate resources more effectively [120].
Alternatively, IA can provide businesses the flexibility to respond
quickly to market changes and customer demands, leading to better
competitiveness and improved economic performance in turbulent
business environments [121].

IA can positively contribute to the environmental pillar of corporate
sustainability performance by minimizing waste, enabling environ-
mental monitoring, enhancing energy efficiency, and stimulating sus-
tainable supply chain practices (Tsolakis et al., 2023). For example, IA
can empower businesses to streamline operations and reduce errors. By
doing so, IA allows companies to prevent material waste, lowering the
strain on natural resources and minimizing environmental pollution
[122,123]. Nevertheless, IA implementation might associate with po-
tential adverse impacts, like e-waste. Indeed, IA relies on integrating a
wide range of electronic hardware and components, which can
contribute to electronic waste when they become obsolete, causing
environmental concerns at the end-of-life and recycling stage [124].

Finally, IA can impact the social pillar of corporate sustainability in
controversial ways, with positive and negative implications. IA may
offer various positive social implications such as employee empower-
ment, job enhancement, workplace safety, well-being, job enrichment,
and supply chain transparency (which can combat child labor) [64]. For
instance, IA can help automate repetitive and monotonous tasks,
decreasing work-related stress and burnout, conditions that can posi-
tively affect employee well-being, mental health, and work-life balance
[13]. Conversely, the misgovernance of IA implementation may lead to
various adverse societal effects, such as job displacement, social
inequality, and skills gap [16,125]. For example, IA may replace specific
job roles, leading to unemployment and job insecurity. Under such cir-
cumstances, the displaced workforce may face challenges transitioning
to the new employment realities, negatively impacting their livelihoods
and well-being [16,125].

Overall, IA implementation and the underlying benefits are not
limited to any specific business context, as its application can span
various industrial sectors [16,25,86]. For example, IA can offer impli-
cations for fraud prevention within the banking, insurance, or financial
service sectors, as it optimizes the accuracy, scale, scope, and speed of
fraud detection and offers the necessary solution for the issues flagged
[28]. IA also provides numerous benefits to manufacturing companies,
from supply and demand prediction, adaptability of production capac-
ity, and errors or risk prevention to reducing manual labor, enhancing
employee productivity, and improving product quality [1,27]. These
arguments lead us to hypothesize that:

H13a. IA implementation significantly affects economic sustainability
performance.
H13b. IA implementation significantly affects environmental sustain-

ability performance.

H13c. IA implementation significantly affects social sustainability
performance.
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4.14. CSR strategy as moderator

CSR strategy denotes the firm’s overall strategic plan for executing
and optimizing its accountability responsibilities against itself, stake-
holders, and the socio-environmental actors [126]. The literature shows
that CSR strategy is indispensable to contemporary business [127] and
identifies various mechanisms through which CSR strategy might affect
the performance of firms [20,21]. While the direct relationship between
the firm’s CSR profile and financial performance is debated [128],
scholars propose that CSR may indirectly boost corporate financial and
socio-environmental performance by expanding innovation capabilities
[129]. Accordingly, CSR investment has emerged as a pivotal facilitator
for a company’s pursuit of its environmental, social, and governance
objectives [47].

CSR strategy may be critical in how businesses approach and
leverage IA for boosting corporate performance. Indeed, it is widely
recognized that a CSR strategy is closely associated with corporate
sustainability performance [20]. Through implementing the CSR strat-
egy, organizations become more committed to operating ethically,
engaging with stakeholders, and contributing to societal values [130].
CSR boosts the overall sustainability of the corporation by fostering
positive relationships with stakeholders, minimizing negative environ-
mental impacts through process efficiency, promoting responsible
resource management, and prioritizing social development [21]. CSR
initiatives empower companies to enhance their reputation, attract and
retain talented employees, manage risks, strengthen community ties,
and ultimately contribute to long-term economic success while aligning
with sustainability values [131]. As a result, a well-implemented CSR
strategy is instrumental in aligning corporate digitalization strategy
with corporate sustainability priorities. This role is expected to be even
more salient for IA, which can be a double-edged sword for the firm’s
sustainability performance. While IA can potentially boost the triple
bottom line, its misgovernance could be detrimental to a few or all as-
pects of sustainability. Since the scope of CSR strategy spans philan-
thropic, technological, economic, and  socioenvironmental
responsibilities [128,132], we expect firms with formal CSR strategies to
be more successful in governing IA implementation. In the same vein, we
expect firms with formal CSR strategies to better translate the value of IA
implementation governance into sustainability performance. Thus, we
hypothesize that:

H14a. CSR strategy moderates the relationship between IA imple-
mentation and economic sustainability performance.

H14b. CSR strategy moderates the relationship between IA imple-
mentation and environmental sustainability performance.

H1l4c. CSR strategy moderates the relationship between IA imple-
mentation and social sustainability performance.

5. Research methodology

This study followed the widely accepted guides to develop the
measurement instrument, approach the respondents, and perform the
cross-sectional survey to acquire the needed data for testing the hy-
pothesized relationships. The research methods employed are discussed
in the following.

5.1. Measurement instrument development

This study measured all variables, excluding CSR strategy, as latent
reflective constructs. We developed the measurement items using pre-
viously validated items in the literature. The measurement items used in
the questionnaire and their respective sources are listed in Appendix.
For example, the items measuring the economic, environmental, and
social aspects of corporate sustainability performance were adapted
from the work of [14,15]. We drew on the work of [39,50,66] and

Technology in Society 74 (2023) 102301

developed three items to measure IA implementation. Following the
standard procedure in the technology adoption literature, we measured
the corporate sustainability performance and IA implementation con-
structs within the preceding three years.

After developing the initial measurement instrument, we established
a focus group of three distinguished scholars highly experienced in IA
and digital organizational transformation. The measurement instrument
was pre-tested and revised according to the experts’ comments and
suggestions. We piloted the revised measurement instrument among 30
multinational firms and applied minor improvements to the questions
based on the participants’ feedback. We used a 7-point Likert scale to
measure all constructs and their respective measures. Following [133];
we defined formal CSR strategy as having well-defined and formalized
strategies for designing and executing CSR initiatives as well as explic-
itly integrating them into corporate management systems. Therefore,
CSR strategy was constructed as a dichotomous variable, with values
representing either formal or informal CSR strategy.

5.2. Sampling and data collection

The sampling frame of the present study consisted of multinational
manufacturing companies. We chose to survey multinationals since
these companies are generally pioneers in adopting new technological
innovations and are more likely to be familiar with the concept of IA
implementation. Moreover, this sampling frame would improve the
generalizability of our results. We collaborated with our international
research consortium and industrial partners and identified the list of 745
multinational manufacturing companies along with their contact infor-
mation. The survey was conducted online in mid-2022. We used the
multiple informant technique to improve data reliability and reduce the
threat of method bias. The value of multiple informant methodology for
organizational studies is highly recognized, primarily where survey in-
strument measures various contextual factors [134]. After adminis-
trating the online survey and performing the follow-up activities, we
received 207 useable responses, which indicates a response rate of
27.78%. Table 3 lists the descriptive properties of respondents. For
instance, the descriptive results showed that the sample is relatively
equitably distributed across various manufacturing sectors. Results
show that the top five manufacturing sectors in the sample, respectively,
are food and beverage (14.49%), motor vehicle equipment (14.01%),
metal production (13.04%), machinery equipment (11.59%), and
chemical products (10.14%).

Despite using the multiple informant technique, the data collected
via a cross-sectional survey can still be susceptible to Common Method
Bias (CMB). We used Harman’s single-factor test and the statistical
remedies technique to assess the presence of CMB [135,136]. Following
Harman’s approach, exploratory factor analysis was conducted, in
which we set the extraction method to principal axis factoring and the
number of factors to be extracted fixed to 1. Since the single extracted
factor only accounted for 17.01% of the variance, we concluded that
there is no trace of CMB in our data. In order to perform statistical
remedies, a marker variable (“attitude toward buying green products™)
was used. There was no significant correlation between the study con-
structs and the marker variable, which suggests that CMB should not be
considered a concern [136]. Since data collection took almost four
months, we compared the early responses (the first 25% of the data)
against late responses (the last 25% of the data) [66]. The results of
independent t-tests showed no meaningful difference between early and
late respondents concerning the main variables of the study.

5.3. Data analysis

The study uses PLS-SEM for statistical analysis and assessment of
hypothesized relationships. PLS-SEM was selected due to the complexity
of the model and the exploratory nature of the study [137]. Since all
constructs of the study are measured reflectively, the application of
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PLS-SEM in the present work involves assessing reflective measurement
models and evaluating the structural path model [137]. We used
SmartPls version 3.3.9 [138] for PLS-SEM analysis.

6. Results
6.1. Assessment of reflective measurement model

Following the mainstream guidelines, the study assesses the internal
consistency reliability, convergent validity, and discriminant validity to
evaluate the reflective measurement models [137]. The results of the
measurement model evaluation presented in Table 4 reveal that Cron-
bach’s alpha and composite reliability values of all constructs are above
0.7, indicating satisfying internal consistency reliability. For a given
construct, the Average Variance Extracted (AVE) and the outer loading
of its reflective indicators can reflect the degree of convergent validity.
As a general rule of thumb, the outer loading (indicator reliability) of at
least 0.708 and AVE of 0.5 or higher indicate convergent validity [137].
Table 4 reveals that our results adhere to this rule and satisfy the re-
quirements of convergent validity. It is notable that SoSP4 has an outer
loading of less than 0.7. However, we decided to maintain this item since
its removal did not meaningfully improve internal consistency [137].

Discriminant validity draws on empirical standards to measure how
and to what extent a given construct practically (truly) differs from other
constructs [139]. Following heterotrait-monotrait (HTMT) approach,
discriminant validity is satisfied when all the HTMT values in the HTMT
matrix are less than 0.85 [137]. Table 5 represents the results of the
HTMT analysis. This table shows that our results adequately satisfy
discriminant validity.

6.2. Assessment of structural model

Table 6 and Fig. 3 represent the results of assessing the relevance and
significance of hypothesized relationships. Concerning the role of
technological factors, results show that investment risk (§ = —0.001, p
> 0.05), cybersecurity risks (p = 0.024, p > 0.05), and integrability (p =
0.066, p > 0.05) do not significantly determine IA implementation,
meaning the rejection of hypotheses H1, H2, and H3. However, strategic
value significantly positively affects IA implementation (p = 0.137, p <
0.05), leading to the acceptance of H4.

For organizational factors, results show that absorptive capacity (p =
0.171, p < 0.05), digitalization technical competency (p = 0.215, p <
0.01), and resource availability (f = 0.213, p < 0.01) significantly and
positively affect IA implementation. Therefore, hypotheses H5, H6, and
H7 are accepted. On the role of environmental determinants, results
explain that environmental turbulence (B = 0.086, p > 0.05) and
external stakeholder pressure (p = —0.059, p > 0.05) do not exert any
significant effect on IA implementation, leading to the rejection of H8
and HO.

Table 3

Descriptive properties of respondents.
Item Frequency Percentage
Manufacturing Sector
Food and beverage 30 14.49%
Motor vehicle equipment 29 14.01%
Metal production 27 13.04%
Machinery equipment 24 11.59%
Chemical products 21 10.14%
Other sectors 76 36.71%
Business size
Less than 50 employees 43 20.77%
Employees between 50 and 250 89 43.00%
More than 250 employees 75 36.23%
CSR strategy
With a formal CSR strategy 119 57.49%
Without a formal CSR strategy 88 42.51%
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Concerning the human determinants, results in Table 6 and Fig. 3
explain that social capital ( = 0.171, p < 0.05) and management
digitalization competency (f = 0.244, p < 0.01) significantly and posi-
tively determine IA implementation. Hence, H10 and H12 are accepted.
Employee socio-behavioral concerns significantly negatively affect IA
implementation (p = —0.213, p < 0.01), leading to the acceptance of
H11. Concerning the sustainability performance of IA, results show that
IA implementation significantly and positively affects economic (f =
0.447, p < 0.01) and environmental (p = 0.322, p < 0.01) sustainability
performance, indicating the acceptance of H13a and H13b. However,
H13c is rejected since IA implementation does not significantly deter-
mine social sustainability performance (§ = 0.078, p > 0.05). The pre-
dictors of the study explained 51.7% of the variance in IA
implementation. In turn, IA implementation respectively accounted for
20%, 10.4%, and 0.6% of the variance in economic, environmental, and
social performance variables.

To assess the predictive relevance of the structural path model, we
evaluated Stone-Geisser’s (Qz) values. The Q2 of more than zero reflects
the predictive relevance of a given reflective endogenous construct
[140]. Since the Q2 values for the reflective endogenous constructs of
the study, namely IA implementation, economic sustainability perfor-
mance, and environmental sustainability performance, are respectively
0.394, 0.145, and 0.064, the PLS path model shows satisfying predictive
relevance.

6.3. Moderation analysis

Partial Least Squares Multigroup Analysis (PLS-MGA) analysis [141]
was applied to test the hypotheses related to the moderating role of CSR
strategy. PLS-MGA is a non-parametric test that allows us to calculate
the significant differences in path coefficients among the two groups of
interest: firms with formal CSR strategy and firms with informal CSR
strategy. Table 7 represents the results of bootstrap-based PLS-MGA
analysis with 5000 subsamples. Results show no statistically significant
difference between IA implementation — economic sustainability per-
formance path coefficients across the two groups (APC = 0.051, p >
0.05), indicating the rejection of H14a. Table 7 also suggests the rejec-
tion of H14b since IA implementation — environmental sustainability
performance path coefficients across firms with formal and informal CSR
strategies are not statistically different (APC = 0.136, p > 0.05).
Nevertheless, there is a statistically significant difference in the IA
implementation — social sustainability performance path coefficients
between firms with formal and informal CSR strategies (APC = 0.846, p
< 0.01), pointing to the acceptance of Hl4c. Interestingly, PLS-MGA
results show that IA implementation significantly boosts the social sus-
tainability performance of firms with formal CSR strategy (p = 0.533, p
< 0.01). Conversely, this effect is statistically negative among firms with
informal CSR strategy (p = —0.293, p < 0.01).

7. Discussion

The study investigated how 12 factors under the TOE-HOT-fit
context can impact IA implementation and how IA fairs against the
sustainability performance of implementing firms. The summary of
findings are presented in Table 8.

Viewed from the technological context, respondents believe that
investment risk does not significantly impact IA implementation. This
finding implies that the investment risk of IA solutions does not impact
how firms build capabilities and mobilize resources for IA digital
transformation. A similar pattern was observed for the role of cyberse-
curity risks. While respondents generally declared that IA entails certain
cybersecurity risks, they believed it does not impact how their organi-
zations build capacities and strategies for IA implementation. Our
findings on the negative impact of investment and cybersecurity risks on
IA implementation align with the works of [52,59]; and [65] that offer
similar results in comparable technological contexts such as cloud
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Table 4
Measurement model evaluation.
Item Outer Cronbach’s CR AVE
loadings Alpha

Absorptive capacity 0.762 0.848  0.583

ABS1 0.771

ABS2 0.759

ABS3 0.805

ABS4 0.716

Cybersecurity risks 0.831 0.894 0.739

CYB1 0.812

CYB2 0.841

CYB3 0.921

Digitalization technical 0.814 0.877  0.641
competency

DTC1 0.842

DTC2 0.777

DTC3 0.813

DTC4 0.767

Environmental turbulence 0.746 0.838 0.565

ENV1 0.718

ENV2 0.708

ENV3 0.847

ENV4 0.724

Employee socio-behavioral 0.807 0.873  0.632
concerns

ESC1 0.749

ESC2 0.797

ESC3 0.844

ESC4 0.787

Economic sustainability 0.825 0.895 0.741
performance

EcSP1 0.852

EcSP2 0.848

EcSP3 0.881

Environmental 0.773 0.868  0.687
sustainability performance

EvSP1 0.787

EvSP2 0.847

EvSP3 0.851

IA implementation 0.885 0.929 0.813

IAIl 0.906

IAI2 0.888

IAI3 0.911

Integrability 0.814 0.887  0.723

INT1 0.799

INT2 0.844

INT3 0.905

Investment risk 0.865 0.903  0.699

INV1 0.786

INV2 0.877

INV3 0.843

INV4 0.837

Management digitalization 0.826 0.884  0.656
competency

MDC1 0.809

MDC2 0.799

MDC3 0.768

MDC4 0.861

Resource availability 0.854 0.901 0.695

RES1 0.785

RES2 0.845

RES3 0.822

RES4 0.879

Social capital 0.706 0.836  0.63

SOC1 0.777

SOC2 0.817

SOC3 0.786

External stakeholder 0.721 0.842  0.642
pressure

STA1 0.772

STA2 0.728

STA3 0.895

Strategic value 0.885 0.916  0.686

STR1 0.819

STR2 0.840

STR3 0.845
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Table 4 (continued)

Item Outer Cronbach’s CR AVE
loadings Alpha

STR4 0.892

STR5 0.737

Social sustainability 0.856 0.874  0.639

performance

SoSP1 0.902

SoSP2 0.724

SoSP3 0.883

SoSP4 0.662

Note. CR: Composite Reliability; AVE: Average Variance Extracted.

computing or big data. Nonetheless, the insignificant impact of invest-
ment and cybersecurity risks on IA implementation, which resulted in
the rejection of H1 and H2, challenges [67,68]; who identified these
factors as key determinants of social commerce and IIoT
implementation.

Contrary to Refs. [50,66]; we observed no statistically significant
relationships between integrability and IA implementation. This
controversial finding may be justified by the fact that businesses devise
their IA transformation strategies and capabilities regardless of the
technical capabilities of available IA solutions. Results further revealed
that strategic value significantly and positively determines IA imple-
mentation, which supports comparable technology implementation
studies in the context of cloud computing [59], IIoT [67], and A.I [69].
Overall, our respondents believed that IA offers value gain regarding
employee productivity, innovativeness, process efficiency, customer
experience, and market responsiveness. Thus, firms would build the
necessary digitalization capabilities and strategic plans to expedite the
process of IA implementation when they believe that the IA solutions
available would provide them with valuable strategic gains.

Under the organizational context, we assessed the role of absorptive
capacity, digitalization technical competency, and resource availability.
Our results signified the acceptance of all hypotheses about the orga-
nizational context, highlighting the critical role of organizational de-
terminants in shaping IA implementation and usage behavior.
Concerning the role of absorptive capacity, results revealed that when
organizations have the capacity to involve stakeholders in digital
transformation, sense opportunities that new technologies offer for
market responsiveness, and gather information on emerging technolo-
gies from the business environment, they become more capable of
planning and strategizing IA integration. Similarly, higher absorptive
capacity in this context leads to shorter IA implementation decision
cycles. These findings align well with [89]; who showed that absorptive
capacity positively affects firms’ willingness to explore and exploit new
technological innovations, particularly to automate business operations.
These findings also complement the study by Ref. [142]; which showed
that absorptive capacity improves firms’ ability to implement green
technological innovations. We also observed that higher digitalization
technical competencies (in terms of adequacy of IT infrastructure,
integrability of existing IT/OT, and digitalization governance capabil-
ities) improve the firm’s ability to integrate IA progressively into busi-
ness processes and operations. These results are consistent with
comparable studies demonstrating that digitalization technical compe-
tencies significantly affect the implementation of IIoT [67], hospital
information systems [65], and Al-empowered robotics [50]. Similarly,
findings show that resource availability positively affects IA imple-
mentation, which is in line with recent contributions highlighting the
importance of this factor within cloud computing [59], A.I [39], and
digital design technologies [143] adoption contexts. This finding implies
that IA is resource-intensive, requiring firms to have the necessary
financial resources to afford the direct and indirect implementation
costs, such as hardware, software, training, or initial process disruption.
This observation further supports Ghobakhloo et al.’s (2022) recent
argument that Industry 4.0 technologies, including A.I, are still costly to
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Table 5
Heterotrait-monotrait (HTMT).
ABS CYB DTC EcSP ESC EvSP ENV 1AL INT INV MDC RES SOC SoSP STA STR
ABS
CYB 0.233
DTC 0.383  0.306
EcSP 0270  0.138  0.269
ESC 0.101 0.126  0.112  0.064
ENV 0.193  0.127  0.292  0.456  0.047
EvSP 0332 0562 0372 0198  0.241 0.115
1AL 0.504  0.182 0512 0523 0239  0.38  0.302
INT 0.287  0.321 0.381 0.189  0.137  0.120  0.536  0.294
INV 0.124  0.346  0.067  0.155  0.199  0.094  0.308  0.055  0.223
MDC  0.082 0147 0074 0165 0218 0160  0.095 0309 0092  0.115
RES 0.391 0.241 0.400  0.092  0.103  0.160  0.348  0.491 0.147  0.044  0.056
el 0.486  0.096  0.301 0.164  0.131 0.214 0148 0509  0.243  0.108  0.085  0.312
SoSP 0.075  0.079  0.116  0.168  0.073 0213 0117  0.068  0.068 0112 0132 0100  0.115
STA 0.332 0212 0234 0074 0123 0043 0495 0.190 038  0.112  0.107 0347 0170  0.101
STR 0.381 0.392  0.447 0209 0214  0.095 0373 0436 0213 0249 0078 0439 0375 0.043  0.186
Table 6 Concerning the role of human-based factors, our results showed that
Path coefficient and hypotheses testing. social capital competency significantly positively affects IA imple-
Relationship Hypotheses  Path t- P mentation. This finding revealed that when employees share similar
coefficient value  value visions and ambitions regarding digital organizational transformation
Investment risk — IA H —0.001 0015  0.988 and have the capacity to internally and externally collaborate on driving
implementation innovation, the organization would have higher capacities to progress IA
Cybersecurity risks — 1A H2 0.024 0.365  0.715 integration and extensively use this technology across the business op-
implementation erations. This observation further supports and extends [93]; who
Integrability — 1A H3 0.066 1.042  0.298 . . o1 . -
implementation showed that external social capital facilitates the implementation of
Strategic value — TA H4 0.137 2331 0.020 Industry 4.0 advanced technologies among smaller businesses. We
implementation observed a similar pattern for the role of employee socio-behavioral
Absorptive capacity — IA H5 0.171 2267 0.024 concerns. Results pointed out the significant but negative effect of this
implementation determinant on IA implementation, which supports comparable studies
Digitalization technical H6 0.215 3.064 0.002 b P his ob . . 1 h
competency — IA y Re. S. [144,14%-3]. This observation implies that .sorne cgncern.s may
implementation negatively brew in the employees’ psyche due to interacting with IA.
Resource availability — IA H7 0.213 2.796  0.005 Indeed, results showed that the firm would be considered less techni-
““Plemema;“’"b ' N 0.086 1229 0.220 cally and strategically willing to extend IA integration when employees
Envi tal t L H8 . . . . . o s .
ni‘;rpolzz:ztaaﬁof uience = believed that IA had been associated with job loss, work conflicts, or
External stakeholder pressure —  HO —0.059 0.923  0.356 undermining their autonomy and dignity. Our results further showed
IA implementation that management digitalization competency significantly positively af-
Social capital competency — 1A HI0 0.171 2.568  0.011 fects IA implementation, and it can be considered the most critical
implementation determinant based on the f* effect size values. The dominating role of
Employee socio-behavioral H11 -0.213 3.530 0.000 .. idel K ledged in the li
concerns — A implementation management competencies is widely acknowledged in the literature
Management digitalization H12 0.244 4562  0.000 [561, especially in technology adoption within smaller businesses [146].
competency — IA Findings showed that resource commitment, strategic management
implementation capability, employee empowerment, and digitalization pre-assessment
IA implementation — Economic H13a 0.447 7.308 0.000 :1s 5es 215 .
AR capability are among the capabilities that facilitate IA implementa-
sustainability performance K ! R K i
IA implementation — H13b 0.322 4386  0.000 tion. These observations support and extend previous studies offering
Environmental sustainability similar insights within comparable technological contexts like A.I [39],
performance blockchain [53], hospital information systems [65], and social com-
IA implementation — Social H13c 0.078 0.633 0.527

sustainability performance

implement, and lack of financial resource availability slows down the
firm-level technology adoption process.

For environmental context, and contrary to H8 and H9, we observed
that environmental competitiveness and external stakeholder pressure
are not meaningfully associated with IA implementation, which chal-
lenges the comparative studies in the context of A.I-robotics [50,51] and
social commerce [68]. These findings imply that in the IA context and
viewed from the perspective of our respondents, firms tend to develop
their automation and process digitalization strategic plans and compe-
tencies based on technological and organizational factors such as
available resources or technical capabilities instead of environmental
circumstances. This observation implies that IA implementation is
profit-driven. Its extent and direction are mainly determined by the
firm’s internal core values and strategies instead of customers’ or social
actors’ requirements.

12

merce [68].

Finally, yet importantly, results pointed out the crucial implications
of IA for the firm’s sustainability performance. As inferred from H4, IA is
a dominantly profit-driven technology, and results revealed that
implementing this technology improves companies’ economic sustain-
ability performance significantly. Although none of the core components
of IA functionally favor environmentalism, the operations efficiency and
effectiveness implications of this technology inadvertently improve the
environmental performance of implementing firms in terms of resource
efficiency, emission reduction, and compliance with environmental
standards. Nonetheless, results did not identify any meaningful associ-
ation between IA implementation of social sustainability performance.
However, assessing the moderating role of CSR strategy revealed that
firms with formal CSR strategies have successfully transformed the value
of IA implementation into social values. In contrast, IA has been
significantly detrimental to the social values in firms with informal CSR
strategies.
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( Investment risk

} H1 (8=-0.001, p=0.988)

[ Cybersecurity risks

} H2 (8=0.024, p=0.715)

( Integrability

] H3 (8=0.066, p=0.298)

R*=0.200

( Strategic value

Organizational
determinants

[ Absorptive capacity JHS (B=0.171, p=0.024)

J H4 (8=0.137, p=0.020)

Economic
performance

Digitalization technical | H6 (8=0.215, p=0.002)
competency

[ Resource availability }H7 (8=0.213, p=0.005)

Environmental
determinants

Environmental turbulence

J H8 (8=0.086, p=0.220)

v R*=0.517

IA adoption
intention

H13b (B=0.322,
p=0.000)

External stakeholder
pressure

} H9 (8=-0.059, p=0.356)

Human determinants

performance

Social capital
competency

] H10 (8=0.171, p=0.011)

| H11 (B=-0.213, p=0.000

Employee socio-
behavioral concerns

| H12 (=0.244, p=0.000)

{ Management
digitalization competency J

Fig. 3. The structural path model.

8. Conclusions

The study attempted to explain how various factors within and
outside organizational boundaries might affect the implementation of
IA. The study further strived to assess the implications of IA for corpo-
rate sustainability performance. The findings revealed that investment
and cybersecurity risks did not significantly affect IA implementation,
challenging previous studies that identified these factors as key de-
terminants. However, the strategic value of IA was found to impact the
implementation positively. Organizational factors such as absorptive
capacity, digitalization technical competency, and resource availability
were found to play critical roles in shaping IA implementation. Higher
absorptive capacity, digitalization technical competencies, and resource
availability positively influenced the integration of IA into business
processes.

Regarding sustainability, IA implementation was found to improve
economic and environmental performance but did not show a mean-
ingful association with social performance. A formal CSR strategy
enhanced the social value of IA implementation, while firms with
informal CSR strategies experienced detrimental effects on social values.
The study highlights the importance of considering technological,

Table 7
Results of PLS-MGA analysis.

organizational, and sustainability factors in successfully implementing
IA. The results of the assessment of hypothesized relationships are ex-
pected to offer important implications for the theory and practice.

8.1. Theoretical implications

Businesses worldwide strive to use automation technologies to gain
exponential value. IA, which manifests in the integration of A.I, BPM,
and RPA, is giving birth to a new era of automation. IA has become a
near-term practical technology, and industry experts believe that most
business leaders are already moving toward some variation of IA
deployment. Nevertheless, IA literature is embryonic; to our knowledge,
this study is the first to offer theoretical insights into the IA imple-
mentation phenomenon. IA is a disruptive technology, and its imple-
mentation significantly relies on human resources. It also radically
changes the work environment, affecting the human workforce psyche.
Therefore, we integrated the TOE framework with the HOT-fit theory to
develop a comprehensive theoretical basis that could account for
various determinants of IA implementation within the firm’s techno-
logical, organizational, environmental, and human resource context.
Accordingly, our extended TOE model identified 12 factors determining

Relationship Formal CSRS Informal CSRS Formal CSRS vs. Informal CSRS

PC t-Value p-Value PC t-Value p-Value APC t value p-value
IAI — EcSP 0.478 6.841 0.000 0.428 4.501 0.000 0.051 0.440 0.660
IAI — EvSP 0.397 4.580 0.000 0.261 1.972 0.000 0.136 0.899 0.370
IAI — SoSP 0.553 7.634 0.000 —0.293 4.191 0.000 0.846 8.212 0.000

Note: PC, path coefficient; CSRS, corporate social responsibility strategy; EcSP, economic sustainability performance; EvSP, environmental sustainability performance;

SoSP, social sustainability performance.
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Table 8
The summary of findings.
Context Factors Findings
Technological Investment risks No significant impact on IA
implementation
Cybersecurity risks No significant impact on IA
implementation
Integrability No significant impact on IA
implementation
Strategic value Positive impact on IA implementation
Organizational Absorptive capacity Positive impact on IA implementation
Digitalization Positive impact on IA implementation
technical competency
Resource availability Positive impact on IA implementation
Environmental Environmental No significant impact on IA
turbulence implementation
External stakeholder No significant impact on IA
pressure implementation
Human-based Social capital Positive impact on IA implementation
competency

Employee socio-
behavioral concerns

Negative impact on IA implementation

Management Positive impact on IA implementation
digitalization
competency
Sustainability Economic IA implementation improves economic
performance sustainability
Environmental IA implementation improves
performance environmental performance
Social performance No meaningful association found
Moderating CSR strategy Formal CSR strategies enhance social
effect value of IA implementation, while

informal CSR strategies have a
detrimental effect on social values of
IA implementation

the institutionalization of IA. The close-to-substantial predictive power
of our model, manifested in the adjusted coefficient of determination for
IA implementation, signifies the robustness of our extended TOE-HOT-
fit model for studying this phenomenon.

Our findings revealed that technological and environmental factors,
except strategic value, have no meaningful impact on IA implementa-
tion. Thus, firms build their IA digitalization plans and capabilities
regardless of the technical properties of available IA solutions or envi-
ronmental circumstances. Alternatively, we observed that the firms’
organizational and human-based circumstances significantly determine
IA implementation. These observations imply that organizations build
their IA adoption strategic plan and capabilities based on their internal
characteristics and in isolation from the external business environment.
Our results provide empirical support for recent criticism of the negative
impact of digital industrial transformation on employee psychology,
mainly under the Industry 4.0 phenomenon (e.g., Ref. [13]). Critiques
argue that digital industrial transformation and automation may
adversely affect some aspects of social sustainability, such as job secu-
rity, workplace dignity, employee privacy, and autonomy at work.
Indeed, our results revealed that IA might associate with many of the
said adverse effects on employees. We observed that organizations
significantly slow and abandon their IA implementation project when
their employees experience that the automation, continuous moni-
toring, and decentralization features of IA negatively affect job security,
work-related stress, autonomy, and workplace dignity. This finding
supports the advocate of Industry 5.0, who believe that new technology
governance strategies are needed to ensure the human-centricity of
emerging disruptive technologies such as IA.

Finally, results showed that IA has important implications for the
sustainability performance of implementing firms. As a productivity-
driven technology, IA can lead to a radical improvement in the firm’s
economic performance and promote firm-level sustainability values that
are functions of operational efficiency and effectiveness. Nonetheless, IA
is a double-edged sword for sustainability values. Indeed, we observed
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that firms with formal CSR could successfully leverage IA to promote
social sustainability performance in terms of employee satisfaction or
better engagement with social actors. Conversely, IA can harm social
values among firms with informal CSR strategy.

8.2. Practical implications

We believe our findings can offer notable implications for managers
and industrialists. Sitting at the intersection of A.I, BPM, and RPA,
intelligent automation appears to be the future of business process
smartification. IA promises various benefits throughout industries and is
being adopted by most industry leaders worldwide. The strategic value
of IA implementation may include employee productivity, customer
satisfaction, operational flexibility, process efficiency, and organiza-
tional innovativeness. Results showed that organizations would improve
their strategic digitalization competency and expedite their IA imple-
mentation agenda when they consider and experience IA solutions
valuable and beneficial to improving their business operations.
Assuming the IA adoption phenomenon as a ‘common good,” IA stake-
holders such as technology providers and governments should strive to
raise firms’ awareness concerning the values and benefits that IA may
deliver to them.

Our results showed that, while valuable and advantageous, IA is a
disruptive, integrative, and complex technology. As a result, the IA
implementation is highly knowledge and resource intensive. Organiza-
tions should note that the resource intensity of IA involves affording the
cost of IA hardware and software, temporary process disruption and
productivity loss, employee training, and system maintenance costs.
Organizations should also note that IA adoption is a knowledge-
intensive phenomenon. We observed that absorptive capacity signifi-
cantly facilitates IA implementation. Thus, it is imperative to note that
firms interested in IA should keep themselves updated with the latest
development in digital and automation technologies and identify op-
portunities that emerging technologies can offer for improving their
adaptability and responsiveness. Since IA is a dynamic and ever-
advancing technology, organizations should acquire information on
the state of the art of IA to devise better strategies for involving internal
and external stakeholders throughout IA implementation processes.
Firms should also expand their social capital competencies to enhance
internal digitalization capabilities for IA. This process should include
building shared ambition and visions regarding digital transformation
among employees and developing internal and external collaboration
capabilities to enhance the firm’s innovation capacity.

Firms interested in intelligent automation should pay special atten-
tion to the facilitating role of management digitalization competency
since our results showed that this factor is arguably the most important
determinant of IA implementation. The managerial competencies for IA
generally involve digitalization pre-assessment capability, empowering
employees for active participation in IA integration steps, and commit-
ment to providing the necessary resources. We further observed that IA
might adversely affect workplace psychology, given that employee
socio-behavioral concerns acted as a significant barrier to implementa-
tion in the present study. Consistent with the emerging concept of In-
dustry 5.0, we believe that IA solutions should complement employees’
capabilities as technical assistants rather than substitute them. There-
fore, firms should take a human-centric approach in adopting IA and
assure employees that the automation and smartification of business
processes will not replace them nor undermine their autonomy, privacy,
and work dignity. The management team should further ensure that this
human-centric approach to IA is openly and continuously communi-
cated to the internal stakeholders, particularly employees.

It is also notable that firms could be pushed toward IA due to pres-
sure from the competitive environment or stakeholders. Indeed, In-
dustry 4.0 and the underlying industrial transformation require new
business models that support product individualization, servitization,
and customer orientation. The ever-intensifying market turbulence and
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emerging disruptions such as the Covid-19 pandemic require businesses
to improve their process and product portfolio continuously to maintain
competitiveness. On top of these emerging circumstances, social actors
and governments may inadvertently push companies toward cognitive
automation to improve their sustainability performance. Therefore, IA
can be considered an emerging strategic option for addressing envi-
ronmental uncertainties and maintaining competitiveness in the age of
digital automation. Nonetheless, the extent of IA implementation and
the business performance implications of this technology would pre-
dominantly be the firm’s internal business environment.

This work’s most important practical implication relates to conten-
tious findings on the sustainability performance implications of IA
within implementing firms. As expected, IA can significantly boost the
economic performance of implementing firms. Interestingly, we
observed that IA improves the firms’ environmental sustainability per-
formance independently of their CSR strategy. These findings imply that
IA boosts the economic and environmental performance of firms with
formal and informal CSR strategies in a statistically similar manner.
However, the formality of CSR strategies significantly determines how
IA affects social sustainability values. Indeed, IA enormously improves
social values when the CSR strategy is the formal part of the manage-
ment system, whereas social sustainability is negatively affected by IA
within firms with informal CSR strategy. Since the economic and envi-
ronmental benefits of IA are not the function of CSR strategy formality, it
is safe to conclude that there is no specific trade-off associated with
boosting the social values of IA via the implementation of the formal
CSR strategy. Therefore, companies should note that a formal CSR
strategy can serve as a governance tool for assuring the equitable
contribution of IA to the triple bottom line.

8.3. Social implications

The findings of the present study may offer notable social implica-
tions in the context of implementing IA technologies. The positive
impact of social capital competency on IA implementation suggests that
fostering collaboration and shared vision among employees can
contribute to the successful integration and widespread use of IA across
business operations while addressing social concerns that employees
might have about this technology. This implies that organizations
should prioritize creating a supportive and collaborative work envi-
ronment that encourages employee participation and engagement in the
digital transformation process. By nurturing social capital, companies
can enhance the adoption and utilization of IA, leading to increased
productivity, innovation, and overall organizational effectiveness while
preserving employees’ values and well-being.

The research further implies that organizations need competent and
digitally savvy managers who can effectively lead and guide the
implementation process, aligning it with strategic objectives and allo-
cating the necessary resources. By investing in developing management
competencies in the digital realm, companies can overcome challenges
and maximize the benefits of IA, ultimately improving their competi-
tiveness and long-term sustainability. This entails top managers’ com-
petency and involvement in developing effective CSR strategies that
align with corporate digitalization strategy to prioritize societal values
and balance economic productivity and socio-environmental sustain-
ability while maintaining the company’s competitive position. The
findings emphasize the need for top managers to possess strategic ca-
pabilities, digitalization competencies, and a proactive approach to
addressing IA implementation’s social implications. By integrating CSR
into the overall business strategy and considering the social and envi-
ronmental impacts, companies can ensure that IA implementation en-
hances economic sustainability and contributes positively to society and
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the environment, thereby achieving a competitive advantage in the long
run.

8.4. Limitations and future directions

As with any scientific research, the present study has some limita-
tions that future studies could address. First, the TOE framework does
not assume any specific interrelationships among determinants of the
technology adoption process. Similarly, we did not consider any
particular relationships among the 12 determinants of IA implementa-
tion. Nonetheless, referring to recent studies that offer strategy road-
maps for Industry 4.0 technology adoption, some precedence
relationships might exist among the determinants of IA implementation,
which we could not conceivably assess within the present study. Future
research can draw on experts’ opinions and decision analysis methods,
such as interpretive structural modeling, to explore possible in-
terrelationships among the factors that affect IA implementation.

In addition, our sample was limited to multinational companies,
which are generally considered industry leaders and pioneers in
adopting new technological innovations. We expect classic companies
and, notably, smaller businesses to behave differently regarding IA
implementation. For example, we observed that the participating firm
had built their IA implementation behavior and the underlying digita-
lization strategic plan and capabilities merely based on organizational
and human factors and almost independent of environmental and
technological determinants. Nonetheless, we expect smaller businesses
and their IA implementation behavior to be significantly more prone to
external environmental circumstances. Future research can extend the
present work by testing the original or extended version of our research
model in other industrial settings.
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Constructs and their respective measurement items.

Construct

Measurement items

Sources

Economic sustainability
performance (EcSP)

Environmental sustainability
performance (EvSP)

Social sustainability performance

(SoSP)

IA implementation (IAI)

Investment risk (INV)

Cybersecurity risks (CYB)

Integrability (INT)

Strategic value (STR)

Absorptive capacity (ABS)

Digitalization technical competency
(DTC)

Resource availability (RES)

Environmental competitiveness
(ENV)

External stakeholder pressure (STA)

Social capital (SOC)

During the past three years, our organization has achieved improvement in ...

1. Return on investment.

2. Profitability.

3. Market share.

During the past three years, our organization has ...

1. Achieved higher resource efficiency.

2. Enhanced its compliance with environmental standards.

3. Reduced harmful emissions.

During the past three years, our organization has achieved improvement in ...

1. Employee satisfaction

2. Customer satisfaction

3. Equitable employment opportunities

4. Engaging and integrating with social actors

During the past three years ...

. Our organization has developed strategic plans to integrate IA tools progressively.

. Our organization has always committed to the business transformation needed for IA implementation.

. Our organization has increasingly progressed in using IA across business processes and operations.

. IA solutions’ acquisition costs may not remain aligned with the projected benefits.

. Significant uncertainties are associated with the potential costs and benefits of available IA solutions.

. The unanticipated actions and strategies of regulatory bodies may deny the functional benefits of IA solutions.

. Introducing more advanced IA solutions may render the IA solutions available in the market obsolete.

. Implementing IA in our organization can lead to ransomware-based attacks that may cause operational disruption
(e.g., manufacturing automation systems disruption).

2. Implementing IA in our organization can lead to ransomware-based attacks for stealing supplier, business partner,
or customer data.

3. Implementing IA in our organization can lead to the theft or breach of intellectual property (e.g., manufacturing
process or product design information).

1. IA solutions can integrate with our existing IT infrastructure (e.g., communication networks or cloud
infrastructure).

2. IA solutions can integrate with our existing OT (e.g., industrial control systems or embedded computing
technologies).

3. IA solutions can integrate with our existing business process management software and back-end systems.

1. Viewed from the perspective of our organization, implementing IA would increase the productivity of our
workforce.

2. Viewed from the perspective of our organization, implementing IA would lead to a product, process, or service
innovation.

3. Viewed from the perspective of our organization, implementing IA would enhance process efficiency.

4. Viewed from the perspective of our organization, implementing IA would improve customer experience.

5. Viewed from the perspective of our organization, implementing IA would enhance our scalability to adjust to
changes in demand.

1. Our organization is capable of identifying and involving critical internal and external stakeholders to engage in the
1A implementation process.

2. Our organization is capable of acquiring information on the state of the art of IA.

3. Our organization regularly approaches third parties (e.g., IT consultants, vendors, or universities) to gather
information on emerging industrial and automation technologies.

4. Our organization can quickly identify new opportunities in technology implementation to improve its adaptability
to market changes.

1. Our organization has the necessary IT infrastructure to integrate IA solutions.

2. The existing ITs in our organization have the necessary integrability and interoperability to support the seamless
integration of new IA solutions.

3. The existing operation technologies in our organization have the necessary integrability and interoperability to
support the seamless integration of new IA solutions.

4. Our organization has the necessary information and digital technology governance capabilities to support the
implementation of IA solutions.

1. Our organization has the necessary financial capital to afford the cost of IA hardware and software acquisition.
2. Our organization has the necessary financial capital to afford the indirect IA adoption costs (e.g., hiring experts,
maintenance, or cybersecurity measures).

3. Our organization has the resources to provide the necessary in-house or outsourced IA training.

4. Our organization has the necessary resources to withstand the initial disruption caused by IA implementation (e.g.,
temporary disruption of processes or temporary productivity loss).

1. Environmental uncertainties such as market turbulence or shifts in customer demand threaten our organization’s
competitiveness.

2. Digitalization and the resulting transformation of existing markets have reshaped the way our organization has to
compete.

3. Our company has to improve its productivity performance continuingly to maintain competitiveness.

1. Our customers have pressured us to diversify our product portfolio.

2. Social actors such as government pressure us to reduce our carbon footprint throughout the value chain.

3. Our business partners (e.g., suppliers or distributors) require us to continuously improve our products, processes,
and services.

1. In our organization, all employees share similar ambitions and visions regarding digital technological
transformation.

A WN - WN -

16

[14,15]

[39,501, [66]

[70,147]

[80,148]

[39,83]

[39,66]

[89] and ul zia et al.
(2022)

[50,80]

[88,149]

[50,661

[50,83]

[93,107]

(continued on next page)
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(continued)
Construct Measurement items Sources
2. In our organization, employees are skilled at internal collaboration to advance ideation or innovation.
3. Our organization actively collaborates with external actors (e.g., business partners, universities, or technology
providers) to advance ideation or innovation.
Employee socio-behavioral concerns 1. Our employees generally believe that using digital technologies such as Al and automation leads to job loss. [88,150]
(ESC) 2. Our employees believe that using digital technologies such as Al and automation leads to work conflict or work-
related stress.
3. Our employees believe that using digital technologies such as Al and automation undermines their autonomy.
4. Our employees believe that using digital technologies such as Al and automation undermines workplace dignity.
Management digitalization 1. In our organization, the management team has the necessary competencies to manage the implementation of new  [53,68,88]

competency (MDC)

digital technological innovations strategically.

2. The management can perform the necessary digitalization pre-assessment in our organization before implementing

a new digital technological innovation.

3. In our organization, the management team has the necessary competencies to empower employees to participate in

various phases of digital technology implementation.

4. When the decision to implement a new digital technological innovation is made in our organization, the
management team commits to providing the necessary resources.
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