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Abstract

The absence of ethical guidelines and leadership accountability in Al deploy-
ment can result in reputational harm and regulatory noncompliance. Business
leaders who struggle to implement Al technologies in ways that are both safe
and ethically responsible risk professional credibility and financial instability.
Grounded in responsible innovation theory, the purpose of this qualitative
pragmatic inquiry research project was to identify and explore effective strate-
gies business leaders use to develop and apply safe and ethical practices when
adopting Al technologies for use. The participants were nine business leaders
who implemented effective AI use strategies. Data were collected through sem-
istructured interviews and secondary data from publicly available sources. Us-
ing thematic analysis, six themes were identified: 1) structured Al governance
and policy development, 2) data governance, privacy, and confidentiality pro-
tection, 3) human oversight, Al constraint, and quality assurance, 4) phased
pilots, controlled experimentation, and use case prioritization, 5) workforce
training, communication, and change management, and 6) continuous moni-
toring, measurement, and adaptive improvement. A key recommendation is
for business leaders to adopt Al with clear governance and ethical safeguards
to prevent or minimize risks related to data exposure, biased outputs, employee
misuse, poor decision quality, and loss of stakeholder confidence. The impli-
cations for positive social change may include Al practices that positively in-
fluence individuals, communities, organizations, institutions, and broader so-
ciety because Al systems increasingly may shape decisions across many busi-
ness sectors.
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1. Introduction

Business leaders across industries are rapidly adopting artificial intelligence (AI)
to drive innovation, optimize workflows, and gain competitive advantages. De-
spite these benefits, many business leaders struggle to implement Al technologies
in ways that are both safe and ethically responsible. The lack of clear governance
models, employee training protocols, and inclusive oversight mechanisms often
leads to challenges such as algorithmic bias, diminished trust, and organizational
resistance (Kumar et al., 2023). The absence of ethical guidelines and leadership
accountability in AI deployment can result in reputational harm and regulatory
noncompliance (Santos et al., 2022). As Al tools become more advanced and in-
tegrated into decision-making processes, developing strategic frameworks for
responsible adoption is becoming essential to mitigate operational and societal

risks.

2. Literature Review

The purpose of this research was to identify and explore the effective strategies
business leaders use to promote the safe and ethical adoption of Al technologies.
Stilgoe et al.’s (2013), (RI) theory served as the lens through which the phenome-
non was examined. RI emphasizes anticipation, inclusion, reflexivity, and respon-
siveness as guiding principles for governing emerging technologies responsibly
(Stilgoe et al., 2013). Applying RI to this project provided a framework to under-
stand how business leaders operationalize ethical intent in strategies when adopt-
ing Al Recent research highlights the importance of leadership in ensuring Al
adoption aligns with ethical principles and sustainable outcomes (Uddin, 2023;
Perera et al., 2024).

2.1. Theoretical Framework

RI theory is an established theoretical framework that emphasizes placing ethical
reflection, societal engagement, and anticipatory governance at the center of the
innovation processes. With RI, Stilgoe et al. (2013) underscored the fact that Al
and other new technologies are organizational and social inventions, rather than
neutral technologies, crafted by values, power, and decision-making. RI presumes
technologies come with opportunities and risks and, hence, proactive strategies
are adopted by organizations so that innovation benefits ethical accountability
and societal good (Blok & Lemmens, 2015). Organizational leaders, according to
this viewpoint, must adopt strategies ensuring Al integration does not lead to di-
luting trust, unfairness, or compliance but ensures benefits that are sustainable
and inclusive.

Among the underlying principles of RI are its four key dimensions: anticipa-
tion, inclusion, reflexivity, and responsiveness (Stilgoe et al., 2013). Anticipation
refers to the leader’s responsibility of uncovering and managing potential risks
before implementation. Inclusion highlights the importance of bringing diverse

stakeholders on board in decision-making processes so that diverse opinions can
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be considered. Reflexivity refers to the continuous critical self-examination of
leaders on their own assumptions, values, and biases in AI uptake determination.
Responsiveness highlights firms’ capability of adapting plans according to new
knowledge, ethical concerns, or social problems (Owen et al., 2013). These dimen-
sions have direct implications for the real business issue of Al governance since
business leaders will be compelled to entrench these principles in their operational
and strategic decision-taking so as to avoid unintended harm such as algorithm
bias, discrimination, and resistance among customers and workers (Uddin, 2023).

RI also identifies the role of outside forces, such as regulation, public trust, and
the expectations of key parties, in establishing business strategy (Wirtz et al.,
2023). Organizations adopting Al function under conditions of regulatory uncer-
tainty, fast-paced technological progress, and rising societal scrutiny (Wirtz et al.,
2023). Environmental pressures determine the shape of leaders’ Al governance
policy, investing in ethical oversight, and the application of monitoring processes.
For example, the European Union’s AI Act and the United States’ National Insti-
tute of Standards and Technology (NIST, 2023) Al risk management framework
have compelled business leaders to structure compliance systems and ethical re-
view procedures beyond voluntary principles (Perera et al., 2024). Against this
backdrop, RI provides a valuable framework for explaining the processes of lead-
ers in meeting outside forces and, at the same time, managing innovation and
compliance and social legitimacy.

Among the benefits of RI is that organizational strategies and ethical consider-
ations get closely entwined. RI provides a systematic method of embedding ac-
countability in innovation processes through institutional practices such as risk ap-
praisal, dialogue workshops among stakeholders, and continually running moni-
toring (Von Schomberg, 2013). Findings from case studies indicate that organiza-
tions implementing RI-driven governance frameworks are more likely to demon-
strate higher levels of public trust, employee acceptance, and sustained innovation
performance (Batool et al., 2025).

Still, scholars also present criticisms and flaws of RI. Some argue the framework
is abstract and difficult to operationalize in fast-paced business environments, in
which time and resources for interacting with stakeholders or conducting ethical
foresight analyses remain limited (Novitzky et al., 2020). Other scholars have
noted that aligning research and innovation policy with societal values remains
difficult in practice, particularly when organizations must translate broad respon-
sible innovation principles into operational action (Novitzky et al., 2020). Regard-
less of these arguments, RI is an appropriate framework for this project due to the
fact that it aligns ethical principles for organizational strategies and offers a lens
through which to interpret leaders’ capability of translating ethical intentions into
operational practices.

The research was conceptualized to investigate the degree to which business
leaders’ Al adoption plans involve anticipation, inclusion, reflexivity, and respon-

siveness. Such a framework underlies the investigation of leaders’ lived practices
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and allows the examination and reflection of their practices at the level of deeper
ethical innovation governance. It does this by taking the investigation both into
what practices leaders use and into the degree to which those practices align with
broader societal expectations and ethical ideals and thus allows it to form a strong
conceptual basis from which to derive practical insights capable of resolving the
applied business problem of Al being adopted safely and ethically in organiza-
tional contexts.

In current literature, RI has been gaining popularity in Al governance, particu-
larly in business and organizational contexts. Uddin (2023), for example, demon-
strated that ethical leadership based on principles of RI facilitates openness and
trust in AI application, helping leaders align innovation and organizational values
better. Similarities can be seen in Perera et al. (2024), who used notions of RI to
interconnect AI governance and ESG objectives and demonstrated that firms em-
bedding anticipation and reflexivity in decision-making practices can align better
across both regulators’ and stakeholders’ expectations. These examples indicate
how RI is not only theoretical but operational, challenging leaders to embed ethi-
cal foresight in day-to-day organizational plans.

Scholars have additionally used RI at cross-sector levels, again showing its ap-
plicability. Wirtz et al. (2023) studied the level at which services firms employ re-
sponsible Al through customer engagement and operational processes integrating
RI principles, illustrating successful response to societal concerns improves long-
run customer trust. Subsequently, Batool et al. (2025) undertook a systematic re-
view and found RI serves multilevel AI governance’s baseline, linking business
practices at different levels of control and oversight, including broader regulative
and societal levels. Together, these additions confirm the ongoing value of RI as
an overarching framework of analysis and guidance for ethical tech adoptions
across sectors and affirm its applicability here, considering my objective of inves-

tigating business strategies for the ethical and safe use of Al

2.2. Business Problem Evidence

The increasing reliance on Al within organizations has produced a paradox for
business leaders: while AI adoption promises innovation, operational efficiency,
and competitive advantage, it simultaneously introduces new ethical, governance,
and compliance risks. Government, industry, and academic literature confirm
that the lack of clear strategies for the safe and ethical implementation of Al is a
pressing, real-world concern. For instance, the U.S. Government Accountability
Office (GAO, 2023a) has cautioned that without formal governance and oversight
mechanisms, Al adoption could lead to algorithmic discrimination, cybersecurity
vulnerabilities, and public distrust. Similarly, the National Institute of Standards
and Technology (NIST, 2023) released the AJ Risk Management Framework to
guide responsible Al use, yet noted that few organizations have established com-
prehensive processes to operationalize ethical Al principles. These federal reports

substantiate that ethical AI governance is not an abstract academic issue but a
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national business priority requiring business leadership attention.

Industry data reinforced the conclusion that ethical AI governance is a national
business priority. A 2024 Deloitte global survey on Al governance found that 56%
of organizations reported concerns about unintended bias, privacy violations, and
reputational risk from AlI-driven decisions (Fancher et al., n.d.). Only 38% of re-
spondents indicated they had formal ethical frameworks or dedicated governance
teams in place. Similarly, a 2023 report by IBM revealed that while 85% of CEOs
recognize Al ethics as a competitive advantage, fewer than 30% have translated
those values into actionable leadership strategies (IBM, 2023). These findings align
with recent peer-reviewed studies showing that organizations struggle to convert
responsible innovation principles into structured policies and measurable outcomes
(Uddin, 2023; Perera et al., 2024). Collectively, these sources affirm that ethical AI
adoption is not yet standard practice despite its growing importance across business
sectors.

The academic literature provided further evidence that this issue persists across
industries and geographic contexts. Wirtz et al. (2023) emphasized that ethical AI
governance is hindered by fragmented accountability structures and inconsistent
oversight at the leadership level. Similarly, Batool et al. (2025) argued that while
regulatory frameworks are evolving, business leaders often lack the internal ca-
pacity and technical literacy to implement those frameworks effectively. These
challenges echo GAO’s (2023a) findings that leadership guidance and accounta-
bility structures are vital to reducing the risks of misuse and inequitable outcomes.
Thus, the intersection of technology, ethics, and leadership remains a central
point of tension that demands applied inquiry.

Critically analyzing the existing research reveals a gap between theoretical frame-
works and real-world application. The RI theory, introduced by Stilgoe et al. (2013),
continues to shape scholarly discourse by emphasizing anticipation, inclusion, re-
flexivity, and responsiveness in technology governance. However, recent studies
have pointed out that while RI provides strong conceptual guidance, few organi-
zations have effectively operationalized it (Zhang et al., 2023). This misalignment
highlights the practical business problem leaders recognize ethical Al as necessary
but lack actionable strategies to integrate it into daily operations. The integration
of RI theory within organizational policy, therefore, serves as a critical pathway
for bridging ethical aspiration with managerial execution.

Government frameworks such as NIST’s AJ Risk Management Framework
(2023) and the European Union’s A7 Act (2024) have accelerated global expecta-
tions for ethical compliance, signaling that businesses can no longer rely on vol-
untary self-regulation. Yet, as Fancher et al. (n.d.) and IBM (2023) demonstrated,
implementation remains inconsistent, especially among small to mid-sized organ-
izations lacking specialized Al oversight teams. These gaps validate the premise of
this study: that business leaders require structured, ethical, and strategic ap-
proaches to Al adoption that balance innovation with moral responsibility.

While government agencies and international organizations are establishing reg-

DOI: 10.4236/0jbm.2026.145153

3112 Open Journal of Business and Management


https://doi.org/10.4236/ojbm.2026.145153

V. Ehsan, K. A. Critchlow

ulatory standards to mitigate Al risks, current evidence indicates that implementa-
tion at the organizational level remains inconsistent and fragmented. The Organi-
sation for Economic Co-operation and Development (OECD, n.d.) Al Principles
emphasized transparency, human-centered values, and accountability as funda-
mental components of responsible Al, yet global compliance assessments show
that only a minority of firms have instituted these principles in practice. Similarly,
the European Union’s A7 Act(2024) classifies Al systems by risk level and requires
organizations to ensure human oversight and fairness; however, a 2024 Pricewa-
terhouseCoopers (PwC) report revealed that 63% of businesses across Europe and
North America are still unprepared to meet these compliance obligations (PwC,
2024b). These findings collectively demonstrate that while policies and frame-
works exist, business leaders frequently lack the strategies, resources, and tech-
nical literacy to operationalize ethical Al effectively (OECD, n.d.; PwC, 2024b).

Moreover, recent industry research underscores the economic and reputational
costs of poor ethical governance in Al deployment. Poor ethical governance in Al
deployment may increase reputational, compliance, and operational risks when
organizations lack clear oversight, accountability, and risk management practices
(GAO, 2023b; NIST, 2023). These outcomes reinforce the necessity for leadership-
driven approaches to Al ethics. Perera et al. (2024) emphasized that when ethical
leadership principles and responsible innovation frameworks are absent, Al-
driven decision-making processes can exacerbate inequality and bias. Conversely,
integrating ethical leadership practices enhances compliance, customer satisfac-
tion, and organizational sustainability. Thus, the business problem extends be-
yond theoretical ethics; it has direct implications for competitiveness and organi-
zational longevity in both private and public sectors.

Finally, critical evaluation of recent literature reveals that many organizations
still rely on reactive rather than proactive approaches to Al ethics. Studies by Ba-
tool et al. (2025) and Handiman et al. (2025a) found that businesses tend to ad-
dress ethical concerns only after incidents occur, rather than embedding govern-
ance principles during the design and deployment phases. This reactive behavior
aligns with findings from the U.S. Government Accountability Office (GAO, 2023b),
which stressed that insufficient leadership accountability and lack of ethical fore-
sight are key barriers to responsible Al governance. These combined insights re-
affirm that the absence of structured leadership strategies remains a current and
pressing business problem. Bridging this gap through targeted leadership frame-
works grounded in responsible innovation (Stilgoe et al., 2013) is essential to en-
suring that AI-driven transformation supports both organizational goals and pub-
lic trust.

In conclusion, a convergence of evidence from government agencies, industry
analyses, and peer-reviewed scholarship demonstrates that the responsible adop-
tion of Al remains an unresolved and highly relevant business challenge. Despite
the establishment of global frameworks such as NIST’s A/ Risk Management Frame-
work (2023) and the European Union’s A/ Act (2024), organizations continue to
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struggle with translating ethical principles into actionable strategies. Leaders face
mounting expectations from regulators, consumers, and stakeholders to uphold
fairness, transparency, and accountability in AI decision making, yet structural
and knowledge-based gaps persist. This synthesis of evidence underscores an ur-
gent research need to identify and document effective, repeatable strategies that
business leaders can apply to govern Al responsibly. Filling this gap will not only
advance the theoretical foundations of responsible innovation but also provide
practical guidance for organizations seeking to balance technological advancement

with ethical integrity, risk mitigation, and sustainable performance.

2.3. Al in Business Management

AT has transformed the landscape of modern business management by introduc-
ing unprecedented opportunities for operational efficiency, strategic decision-
making, and data-driven innovation. Organizations across industries are increas-
ingly relying on Al systems for predictive analytics, customer engagement, supply
chain optimization, and risk management. The global AI market is projected to
surpass $1 trillion by 2030, underscoring the strategic importance of Al integra-
tion for competitive advantage (PwC, 2024a). As Al systems continue to evolve,
leaders are redefining business models and decision-making frameworks to har-
ness their potential. However, this transformation brings with it complex ethical,
governance, and compliance challenges that require leaders to balance technolog-
ical advancement with responsible management. The significance of this business
topic lies in the duality of AI’s role—it serves as both a driver of innovation and a
source of ethical and operational risk (Uddin, 2023).

AT’s integration into business operations has fundamentally changed how or-
ganizations approach performance and growth. According to the OECD (n.d.),
72% of large enterprises across OECD countries have adopted Al-enabled systems
in at least one major function, such as finance, human resources, or logistics. While
this adoption increases productivity, it also raises questions of accountability, bias,
and fairness in algorithmic outcomes. AI’s predictive and analytical capabilities
depend on vast datasets that may perpetuate social inequities if not properly man-
aged (Perera et al., 2024). Therefore, while AI enhances business decision making,
it also challenges leaders to maintain ethical oversight and ensure alignment be-
tween technological decisions and organizational values.

The transformative impact of Al extends beyond automation and analytics; it
is now redefining organizational structures and leadership roles. Modern enter-
prises are transitioning from traditional hierarchies to digitally empowered eco-
systems, where Al-driven insights influence both strategic planning and employee
decision making. Companies that fully integrate Al into core business functions
report a 40% improvement in decision-making speed and a 25% reduction in op-
erational inefficiencies. However, these advances necessitate new forms of leader-
ship competence—leaders must possess not only technical literacy but also ethical

discernment to interpret and act on Al outputs responsibly (Handiman et al,,
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2025b). Without this balance, organizations risk delegating critical judgment to
algorithms, leading to potential errors, reputational harm, or inequitable outcomes.

The rapid integration of Al has also redefined competitive advantage by empha-
sizing the role of data as a strategic asset. Businesses that successfully leverage Al
often exhibit superior data governance and cross-functional collaboration capabili-
ties, enabling them to transform raw data into actionable intelligence (Fancher et
al., n.d.). Yet, this reliance on Al-driven insights introduces vulnerabilities related
to data privacy, model transparency, and intellectual property. A growing body of
literature warns that inadequate oversight in Al-enabled decision systems can lead
to biased outcomes that undermine consumer trust and stakeholder confidence
(GAO, 2023b). Consequently, business leaders are increasingly tasked with devel-
oping responsible innovation strategies that ensure Al is implemented in ways

that enhance performance while safeguarding ethical integrity and public trust.

2.4. Ethical Al Adoption and Governance

The ethical adoption of Al is a central concern for modern business leaders. As
Al systems become embedded in decision-making processes, their outputs influ-
ence hiring, lending, healthcare access, and even public safety. NIST (2023) em-
phasized that responsible Al use requires governance frameworks that ensure
transparency, explainability, and accountability in AI systems. Without structured
governance, Al can inadvertently reinforce discrimination, infringe on privacy, or
generate decisions that lack human oversight (GAO, 2023b). To mitigate these
risks, business leaders must implement governance mechanisms grounded in eth-
ical theory and practical oversight.

RI theory, developed by Stilgoe et al. (2013), provides a useful conceptual frame-
work for guiding ethical AI governance. RI emphasizes four dimensions—antici-
pation, inclusion, reflexivity, and responsiveness—that help leaders foresee po-
tential ethical risks, engage diverse stakeholders, and adapt strategies in real time.
Recent research shows that organizations embedding RI principles into Al gov-
ernance improve both employee trust and regulatory compliance (Uddin, 2023;
Wirtz et al.,, 2023). For example, companies adopting anticipatory governance
models—where ethical impact assessments are performed during Al system de-
sign—demonstrate fewer incidents of bias and system failure (Batool et al., 2025).
Thus, ethical governance is not only a moral imperative but also a strategic one,

as it directly correlates with sustained business performance and stakeholder trust.

2.5. Organizational Challenges in Responsible Al Implementation

Despite regulatory progress and increased awareness, many organizations strug-
gle to implement AI responsibly due to structural, cultural, and resource-based
barriers. Fancher et al.’s (n.d.) State of AI Governance Report reveals that only
38% of organizations have established a formal Al ethics committee or governance
body. Common barriers include limited technical expertise, fragmented account-

ability structures, and a lack of clear ethical standards across departments. Leaders
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often face competing priorities, accelerating innovation while ensuring fairness
and compliance, which creates tension between business imperatives and ethical
obligations (GAO, 2023b; NIST, 2023).

Additionally, small and medium-sized enterprises (SMEs) encounter unique
constraints in implementing ethical Al. Unlike large corporations, SMEs often lack
access to specialized data governance resources or compliance officers (PwC, 2024a).
As aresult, many rely on third-party Al vendors whose models may not fully align
with ethical or legal standards. These dependencies exacerbate risks related to data
misuse and algorithmic opacity. To address these challenges, scholars suggest de-
veloping cross-functional Al ethics teams that include professionals from legal,
technical, and human resources backgrounds to ensure holistic oversight (Perera
et al., 2024). Still, implementation gaps persist, highlighting the need for leader-
ship strategies that translate ethical frameworks into actionable policies.

Another significant challenge organizations face in implementing responsible
Al is the lack of ethical literacy and workforce preparedness. Employees at all lev-
els must understand not only how Al systems function but also the ethical impli-
cations of their use. However, research indicates that most organizations have not
adequately invested in employee training related to Al ethics, bias detection, or
responsible data handling (UNESCO, 2023). This lack of awareness often leads to
unintentional misuse or overreliance on Al outputs without critical evaluation.
According to the World Economic Forum (2024), 60% of companies identify
“ethical skill gaps” among employees as a major barrier to effective AI governance.
These gaps can result in misinterpretations of model predictions, inconsistent eth-
ical decision-making, and difficulty in maintaining transparency. To overcome
this, organizations must institutionalize continuous training programs and pro-
mote a culture of ethical awareness across all functions rather than confining Al
ethics to technical teams.

Furthermore, accountability remains a persistent organizational challenge in re-
sponsible Al adoption. The diffusion of responsibility among multiple departments—
data science, compliance, legal, and executive leadership—often blurs ownership of
ethical decision-making (Wirtz et al., 2023). This fragmentation makes it difficult
to assign liability when AI systems fail or produce harmful outcomes. Regulatory
bodies such as the U.S. Government Accountability Office (GAO, 2023a) have
called for clearer delineation of Al accountability roles, emphasizing the importance
of oversight committees that integrate diverse expertise. Some organizations are ad-
dressing this by establishing “Al stewardship offices” or appointing Chief AI Eth-
ics Officers responsible for ensuring ethical compliance throughout the Al lifecy-
cle (OECD, n.d.). Nonetheless, creating a unified accountability framework re-
mains complex, particularly in global enterprises operating under differing legal
and cultural standards. Overcoming these obstacles requires leadership commit-
ment to embedding ethical principles into the organization’s governance infra-
structure, ensuring that every Al-related decision is grounded in responsibility

and transparency.
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2.6. Leadership Strategies for Ethical Al Integration

Ethical leadership plays a pivotal role in shaping responsible Al adoption. Leaders
who model transparency, inclusiveness, and moral accountability influence or-
ganizational culture and set expectations for technology use. Uddin (2023) found
that ethical leadership significantly correlates with employee trust in Al systems
and willingness to engage in ethical innovation practices. Similarly, Handiman,
Wijaya, and Setiawan (2025c) emphasize that leaders who integrate Al ethics into
sustainability and corporate responsibility agendas strengthen long-term resili-
ence and public legitimacy.

One effective leadership strategy involves fostering “ethical foresight,” which
enables leaders to anticipate potential consequences of AI deployment before they
occur (Zhang et al., 2023). This approach is aligned with the anticipatory dimen-
sion of RI theory. Leaders can operationalize this by instituting mandatory ethical
risk assessments during Al project planning and engaging multidisciplinary re-
view boards to evaluate system implications (Batool et al., 2025). Furthermore,
leaders should cultivate continuous learning cultures where employees are trained
to recognize and address ethical issues in data and algorithmic decision-making.
By promoting reflexivity and inclusivity, leaders ensure that ethical AI adoption
becomes embedded in the organization’s values and decision-making processes.

In addition to fostering ethical foresight, leaders must embrace adaptive and
participatory leadership models that promote inclusivity and shared responsibility
in AI governance. Adaptive leadership encourages flexibility and collaboration,
enabling organizations to respond effectively to new ethical challenges as Al tech-
nologies evolve (Northouse, 2024). Research by Perera et al. (2024) indicates that
when leaders engage employees, customers, and external stakeholders in discus-
sions about Al ethics, organizations experience higher levels of transparency and
innovation quality. Such engagement helps identify emerging concerns, such as al-
gorithmic bias or privacy risks, before they escalate into reputational or compliance
issues. Moreover, participatory governance practices—such as stakeholder work-
shops and open ethics forums—strengthen mutual accountability and align organ-
izational objectives with societal expectations. These strategies help operationalize
the inclusivity and responsiveness dimensions of responsible innovation, reinforc-
ing ethical leadership as a continuous, dialogic process rather than a static policy.

Another essential leadership strategy is embedding measurable accountability
structures into Al initiatives. Ethical leadership requires not only clear values but
also tangible mechanisms for monitoring adherence to those values. Leaders can
implement ethical performance indicators, such as fairness metrics, bias audits,
and transparency benchmarks, to evaluate the integrity of Al systems across their
lifecycle (NIST, 2023). Establishing these accountability systems signals to em-
ployees and external stakeholders that ethical standards are integral to business
performance, not optional add-ons. According to Fancher et al. (n.d.), organiza-
tions that publicly report on their AI governance metrics achieve stronger stake-

holder trust and regulatory readiness. Leaders who communicate openly about Al
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successes and failures foster a culture of psychological safety and continuous im-
provement. This culture ensures that ethical Al integration is sustained not through
compliance alone but through shared commitment to moral responsibility and

organizational integrity.

2.7. Technological and Regulatory Alignment

Global regulatory developments are driving organizations to rethink their Al gov-
ernance models. The European Union’s A7 Act(2024) and the U.S. NIST AI Risk
Management Framework (2023) have introduced comprehensive guidelines to
classify and mitigate Al-related risks. These frameworks require that Al systems
be transparent, traceable, and human-centric. However, studies show that only a
minority of firms are fully compliant with these emerging standards (OECD, n.d;
PwC, 2024b). The lag in compliance stems from the rapid pace of Al development,
which often outstrips the ability of organizations to adapt governance systems in
real time.

Regulatory alignment requires collaboration between industry, academia, and
government. Organizations that proactively engage with regulatory bodies not
only improve compliance but also shape evolving policies. Wirtz et al. (2023) note
that companies participating in AI ethics consortia and industry partnerships ex-
perience fewer compliance failures and greater public trust. Moreover, alignment
between organizational policy and external regulation fosters a shared under-
standing of what constitutes responsible AI. Such alignment ensures that busi-
nesses can innovate confidently within a framework that safeguards public inter-
ests and mitigates reputational risks.

Technological and regulatory alignment also requires organizations to integrate
compliance mechanisms directly into Al system design, an approach often re-
ferred to as “compliance-by-design.” This proactive strategy embeds legal, ethical,
and transparency requirements into the algorithmic lifecycle—from data collec-
tion to model deployment—rather than addressing them reactively (OECD, n.d.).
Organizations adopting this approach are better positioned to meet international
standards such as the ISO/IEC 42001:2023 for AI management systems, which
establishes globally recognized benchmarks for risk assessment, documentation,
and accountability (ISO, 2024). Moreover, regulatory alignment is not solely a
technical process but a cultural one; it demands that leaders foster organizational
awareness of regulatory trends, engage in cross-sector dialogue, and integrate con-
tinuous monitoring practices that ensure sustained compliance. As emerging
technologies continue to outpace traditional policy cycles, organizations that align
their technological innovation with evolving governance frameworks will main-
tain both ethical integrity and strategic resilience (UNESCO, 2023).

2.8. Cross-Industry Applications and Global Perspectives

The ethical adoption of Al is not confined to a single sector—it is a cross-industry

challenge. In healthcare, Al systems improve diagnostic accuracy but raise ques-
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tions about data consent and patient privacy. In finance, algorithmic credit scor-
ing introduces efficiency but risks amplifying discrimination (GAO, 2023b). In
manufacturing, Al-driven automation enhances productivity but disrupts work-
force structures and creates ethical dilemmas around employment and re-skilling
(OECD, n.d.). These examples illustrate that while AI applications differ across
industries, the ethical challenges share a common foundation: accountability,
transparency, and fairness.

Global perspectives further emphasize the importance of shared ethical stand-
ards. According to the United Nations Educational, Scientific and Cultural Or-
ganization (UNESCO, 2023), a unified global framework for Al ethics is essential
to address transnational challenges such as data sovereignty and algorithmic bias.
Countries that integrate RI principles into their national Al strategies—such as
Canada, Singapore, and the Netherlands—demonstrate higher stakeholder confi-
dence and innovation sustainability (UNESCO, 2023). This suggests that ethical
ATl adoption is not just a business necessity but a global imperative that transcends
geographic and sectoral boundaries.

In the public sector, governments are increasingly leveraging Al for decision-
making in areas such as social services, policing, and immigration management,
yet these applications introduce unique ethical and governance risks. The U.S.
Government Accountability Office (GAO, 2023a) warns that the absence of con-
sistent ethical frameworks in public AI programs can lead to biased decision out-
comes, decreased citizen trust, and violations of civil liberties. Similarly, the Eu-
ropean Parliament and Council of the European Union’s (2024) AI Act establishes
a risk-based regulatory model to ensure transparency and human oversight in
high-stakes applications. These developments highlight how ethical Al in govern-
ment operations not only ensures compliance but also reinforces democratic ac-
countability and public trust in institutions. Applying responsible innovation
principles in these contexts encourages inclusivity and reflexivity—key elements
for balancing technological efficiency with the protection of human rights.

In the education and research sectors, ethical Al adoption has become central
to advancing equity and inclusion in learning environments. Al tools such as
adaptive learning systems and predictive analytics can personalize instruction and
improve student outcomes, but they also raise concerns about data privacy, algo-
rithmic bias, and accessibility (UNESCO, 2023). Research by Zhang et al. (2023)
suggests that when educational institutions integrate ethical foresight and stake-
holder engagement into their Al governance frameworks, they can mitigate bias
while promoting fairness and transparency in learning assessments. These findings
reinforce that cross-industry adoption of Al ethics must include diverse perspec-
tives—teachers, students, policymakers, and technologists—to ensure that innova-
tion serves collective well-being rather than perpetuating systemic disparities.

Finally, multinational organizations face the challenge of harmonizing ethical
Al practices across jurisdictions with differing legal and cultural expectations. The

Organisation for Economic Co-operation and Development (OECD, n.d.) em-
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phasizes that global companies must navigate a complex regulatory landscape that
includes the European Union’s AI Act, the United States’ NIST AI Risk Manage-
ment Framework, and China’s generative Al regulations. To maintain consistency
and trust, leading firms are adopting global Al ethics charters grounded in RI
principles that align their internal governance with international norms (Batool
et al.,, 2025). This convergence of global and organizational ethics underscores the
importance of leadership in promoting shared accountability for Al technologies
that transcend borders. In essence, responsible Al adoption represents not merely
a compliance requirement but a universal commitment to transparency, justice,

and sustainable innovation.

2.9. Business Implications of Ethical Al

The business implications of ethical Al adoption are profound. Organizations that
implement responsible Al frameworks experience enhanced innovation perfor-
mance, stronger stakeholder trust, and reduced regulatory risk. Ethical AI prac-
tices contribute to long-term value creation by aligning business goals with socie-
tal expectations (Perera et al., 2024). Conversely, unethical or poorly governed Al
systems can lead to reputational, compliance, financial, and operational risks
when organizations lack effective governance, accountability, and risk manage-
ment practices (GAO, 2023a; NIST, 2023). For example, recent case studies in the
technology sector revealed that companies facing ethical controversies related to
AT transparency suffered significant declines in market valuation and employee
morale.

Moreover, ethical Al directly impacts organizational resilience and competitive-
ness. Leaders who integrate ethics into AI governance not only prevent harm but also
foster innovation through trust and inclusivity (Handiman et al., 2025c). Deloitte
(2024) similarly emphasized that ethical maturity and business resilience are con-
nected to responsible Al adoption because organizations that strengthen govern-
ance, oversight, and accountability are better positioned to manage Al-related risks
while sustaining stakeholder confidence. This alignment between ethical respon-
sibility and performance outcomes illustrates that responsible innovation is not a
constraint but an enabler of sustainable growth.

Beyond compliance and reputation management, ethical AI adoption increas-
ingly serves as a differentiator in competitive markets. Organizations that priori-
tize transparency and fairness in AI operations often experience higher customer
loyalty and brand equity (Fancher et al., n.d.). Ethical AI signals to consumers that
a company values accountability and social responsibility, which strengthens mar-
ket positioning—particularly in industries such as finance, healthcare, and tech-
nology, where data privacy and trust are paramount (OECD, n.d.). Moreover, re-
search suggests that companies implementing comprehensive Al ethics policies
attract greater investor confidence, as responsible governance reduces the likeli-
hood of litigation and long-term operational disruptions (PwC, 2024a). Thus, in-

tegrating ethical principles into AI design and decision-making processes not only
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fulfills moral and regulatory obligations but also enhances financial sustainability
and shareholder value.

Furthermore, ethical AI drives internal organizational transformation by fos-
tering cultures of accountability and continuous learning. When employees per-
ceive that their organization prioritizes fairness and transparency in its use of Al,
they are more likely to engage in innovation and ethical risk-taking (Wirtz et al.,
2023). This culture of trust improves cross-functional collaboration and supports
the development of responsible data practices that mitigate bias and improve
model accuracy. As Uddin (2023) emphasizes, ethical leadership in AI promotes
a shared sense of purpose that aligns business performance with societal well-be-
ing. In this way, the long-term business implication of ethical Al extends beyond
technological implementation—it redefines corporate success around principles

of sustainability, equity, and public trust.

3. Methods

A qualitative research method with a pragmatic inquiry research design was used
for the research. A qualitative approach was appropriate because it enabled an in-
depth exploration of the lived experiences and perspectives of organizational lead-
ers as they navigate the ethical adoption of AI. Qualitative methods allow research-
ers to capture complex, context-dependent insights (Creswell & Poth, 2018). A
pragmatic inquiry research design complemented the qualitative method by focus-
ing the research on real-world problem solving and the practical application of
knowledge to address organizational challenges.

This method provided the flexibility needed to capture diverse viewpoints and
uncover emerging themes that reflect how leaders interpret and respond to ethical
challenges in Al implementation. It was therefore the most appropriate method
for exploring strategies grounded in real-world organizational contexts.

The pragmatic inquiry design aligned with the focus on practical, real-world
solutions. Pragmatism emphasizes finding what works in specific contexts and
understanding how individuals translate beliefs into actions (Dewey, 1920; Mor-
gan, 2014). Because my goal with this study was to identify strategies organiza-
tional leaders use in practice not merely theoretical constructs pragmatic inquiry
provided the ideal structure. This design supports methodological flexibility and
values multiple forms of evidence, allowing the researchers to incorporate inter-
views, observations, and document review to construct a comprehensive under-
standing of ethical AI adoption (see Patton, 2015). Pragmatic inquiry was there-
fore well aligned with the applied nature of the business problem.

Nine business leaders participated in the study. The selection criterion was that
the participants implemented effective Al use strategies using observable evidence,
such as documented governance outcomes or completed Al initiatives, to avoid se-
lecting participants on the basis of the conclusion under investigation. The eligibility
criteria were for participants with authority over Al-related initiatives and a mini-

mum of two years of direct involvement in AI adoption, governance, policy de-
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velopment, or Al-driven decision-making, and to have used effective strategies to
develop and apply safe and ethical practices when adopting Al technologies for
use. The primary data collection method consisted of semistructured interviews.
Data collection followed a structured, step-by-step process, identified potential
subject matter experts through LinkedIn, industry associations, leadership fo-
rums, and referrals from participants, and professional networks. Purposeful out-
reach was conducted using professional communication platforms and direct email
invitations. Snowball sampling was used as a supplementary strategy, allowing par-
ticipants to recommend other qualified leaders who met the eligibility criteria.

See Table 1 below for a concise participant profile description covering indus-
try, organization size, geographic setting, leadership role, and Al use context.

For the purposes of the table below and the article, the researchers used the
following terms and definitions:

1) Enterprise

A large organization with formal governance, standardized business processes,
multiple business units, and significant technology, operational, or administrative
infrastructure.

2) Enterprise/Large
An organization operating at considerable scale, typically serving a large work
force, customer base, or mission scope, and requiring structured governance, risk
management, and cross-functional coordination.

3) Enterprise Al/Data

The organizational use of artificial intelligence and data assets within a gov-
erned environment that includes policies, security controls, data management prac-
tices, compliance requirements, and oversight processes to support business or
mission objectives.

4) CPIC

Acronym for Capital Planning and Investment Control, a federal government
governance framework used to evaluate, select, manage, and assess information
technology investments. CPIC helps ensure that technology initiatives align with
organizational strategy, deliver value, manage risk, and meet performance objec-
tives.

Prospective participants were vetted to confirm that they met the eligibility cri-
teria. After confirming eligibility and interest to participate in the research, the
participants were required to sign an informed consent and then scheduled for
the interview. An interview protocol was used to ensure consistency across inter-
views, reduce researcher bias, and support dependability in the data collection
process. The interview was conducted remotely, via zoom and lasted anywhere
between 45 minutes to one hour and one half hour. Secondary data from publicly
available sources such as NIST AI Risk Management Framework and the Office
of Management and Budget guidance on federal AI governance were also obtained
and included to support triangulation of the data and to corroborate participant

responses. A reflective journal was included throughout data collection and anal-
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Table 1. Participant profiles.

ysis. The reflective journal was used to document my assumptions, observations,
evolving interpretations, and reflexive insights related to the research process. Re-
liability was ensured through the use of data saturation, member checking, and
methodological triangulation of the data. Triangulation strengthened confirmability
by ensuring that interpretations were grounded in evidence rather than researcher
bias. Trustworthiness was strengthened and misinterpretations were reduced with
the use of member checking that allowed participants to review the accuracy of in-
terpretations and confirm that their perspectives have been captured accurately.
Maintaining an audit trail including interview transcripts, reflective notes, coding
decisions, and analytic memos allowed the research process to be transparent and
repeatable. Dependability was further supported by achieving data saturation,
which occurred when no new themes arose during interviews and the data corpus
becomes sufficiently rich to support meaningful thematic analysis (Hennink et al.,
2017). Data saturation was determined after the eighth interview; however, an ad-
ditional interview was conducted to be sure there was no new data to emerge.

A cataloging and labeling system using Microsoft Excel was employed to or-
ganize interview transcripts, field notes, analytic memos, and secondary data
sources. Each participant was assigned a unique pseudonym to protect confiden-
tiality and ensure consistency across datasets. Excel was used to create structured
data matrices that include a transcript excerpt column, initial code column, cate-
gory column, theme column, and analytic notes column. A separate worksheet
was used to function as a codebook, documenting code definitions, inclusion and
exclusion rules, and example quotes for each code. Color coding was applied as
the initial transcription method across worksheets to visually differentiate codes,
categories, and emerging themes, supporting pattern recognition and systematic
comparisons across participants. This structured cataloging approach supported
traceability by allowing each theme to be traced back to coded excerpts and orig-

inal transcript evidence.

P1-P9 Industry

Technology/
1 Al-enabled business

environment

Technology/software/
Al-enabled systems

Org Size

Geographic setting
(f-2-f, remote,

C Leadership Role  AI use context
domestic, int’l, or
regional description)
Al strategy, Al transformation
Not specified; Technical-side AI roadmap, ethical risk assessment,
organizational/ Remote; domestic strategy and data governance, Al capability
technical U.S. implementation development, bias detection,
environment leader transparency, and business
alignment
Director; Internal Al use, intellectual
leadership team roperty protection, client-facin
Remote; domestic ) P property p 8
Small company contributor; Al-enabled products, LLM agents,

U.S. . . :
technical collaborative autonomy, testing,

lead/project leader safety, security, and reliability
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Continued
CPIC, IT Al governance, .CPIC integratioril,
Federal IT Large federal/ . portfolio reporting, AI community
) Remote; domestic governance, and ) )
3 governance/CPIC/ public-sector Us IT vortfoli of practice, metrics, knowledge
.S. ortfolio
portfolio management environment P sharing, and governance board

Federal government/
intellectual property/
public-sector
technology

Enterprise/corporate
technology governance

Healthcare/health
technology

Federal/enterprise IT
and AI governance

Enterprise/corporate
8 technology
environment

Research and
development/
scientific enterprise
environment

Large enterprise/
& P Remote; domestic
federal agency

. U.S.
environment
Not specified;
enterprise .
] Remote; domestic
environment

with controlled
user groups

Not specified; .
Remote; domestic
healthcare
L U.S.
organization
Large federal/ .
] Remote; domestic
enterprise
. U.S.
environment

Remote; domestic

L t i
arge enterprise Us.

Large enterprise/
Remote; domestic
U.S.

scientific or
R&D user
community

management SME

CIO/executive
decision maker for
AT policy and
deployment

Policy/governance
leader involved in

acceptable use and
Al training

Strategy and Al
implementation
participant
working with
development/tech
nical teams

Enterprise
technology leader
working with
Chief AI Officer
and AI governance
structures

Al strategy and
enterprise policy
leader

Enterprise Al and
data governance
implementation
leader for
R&D/business

group

support

Al policy, neural network
classification, Al tools for patent
and trademark operations, phased
pilots, stakeholder feedback, and
enterprise scaling

Approved Al tools, limited user
community, prompt and document
oversight, acceptable use policy, Al
training, data labeling, and
controlled expansion

Healthcare Al patient data
protection, safe Al testing
environments, human-in-the-loop
review, Al constraints, QA/QC
pipelines, dashboards, and model
version monitoring

Microsoft Copilot, Office 365 AI
features, Al council, use-case
collection, data quality,
authoritative data sources,
zero-trust access, and enterprise
scaling

Enterprise AI acceptable use policy,
approved LLMs, tenant-contained
Al tools, blocked unapproved Al
domains, employee training,
surveys, A/B testing, and customer
satisfaction metrics

Translation of enterprise Al/data
governance policies into R&D
practices, Al tool risk assessment,
procurement review, partnership
review, governance approval, pulse
surveys, annual ratings,
sustainability guardrails, and
right-sized model use

Note: Participant Profiles.

Braun and Clarke’s (2006) six phase thematic analysis process was used to ana-

lyze the data. Codes were organized into preliminary categories using constant

comparison across participants. Excel based matrices were used to compare codes

across interviews and identify similarities and differences in participant responses.
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Conceptual mind mapping was conducted through visual grouping of coded data
to explore relationships among categories. Mind mapping was performed by
grouping related categories visually within Excel using clustered sections and color
coded matrices to explore relationships among codes and identify early theme
structures. Mind mapping was performed by clustering related codes and catego-
ries visually using Excel grouped sections and color coded matrices to explore re-
lationships and identify early theme structures. Candidate themes were developed
by synthesizing related categories into broader patterns that represented shared
strategies and experiences across participants. These candidate themes were re-
viewed iteratively against the coded data and the full dataset to ensure coherence,
internal consistency, and clear distinction between themes. MAXQDA software
was used to confirm and support the coding process, the identification of patterns,
and relationships among themes.

Themes were refined and defined through ongoing analytic memo writing and
comparison with current peer reviewed literature to ensure each theme was clearly
articulated, grounded in participant data, and directly responsive to the research
question.

The final report was produced by synthesizing the finalized themes into a clear
and coherent narrative that directly answers the research question. The themes
were related to the responsible innovation theoretical framework and current peer
reviewed literature to strengthen scholarly alignment and ensure the findings are
grounded in both participant experiences and established research. This was ac-
complished through the effort that focused on the key themes by explicitly map-
ping each theme to the responsible innovation conceptual framework dimensions
of anticipation, inclusion, reflexivity, and through correlating each finalized theme
with peer reviewed literature on ethical AI adoption and Al governance, including
newly published studies that have emerged since the proposal stage, to strengthen
currency and scholarly alignment. This process ensured themes remain grounded
in participant data while also demonstrating consistency with the current evidence

base and theoretical framework.

4. Results and Discussion

The purpose of this qualitative pragmatic inquiry research was to identify and ex-
plore effective strategies business leaders use to develop and apply safe and ethical
practices when adopting Al technologies for use. Thematic analysis of data col-
lected from nine participants revealed six major themes: 1) structured Al govern-
ance and policy development, 2) data governance, privacy, and confidentiality
protection, 3) human oversight, Al constraint, and quality assurance, 4) phased
pilots, controlled experimentation, and use case prioritization, 5) workforce train-
ing, communication, and change management, and 6) continuous monitoring,
measurement, and adaptive improvement. The themes reflected the strategies par-
ticipants used to govern Al adoption, protect sensitive data, maintain human ac-

countability, test Al tools before scaling, prepare employees for responsible Al
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use, and evaluate Al practices over time. The overarching research question guid-
ing this study was: What effective strategies do business leaders use to develop and
apply safe and ethical practices when adopting Al technologies for use?

Sources of data included semistructured interviews with nine participants and
secondary contextual sources from publicly available documents, federal AI guid-
ance, responsible AI frameworks, and industry publications related to ethical Al
adoption. Each of the sources were reviewed to confirm or disconfirm the repre-
sentation of the context of the statements made by the participants in the sources.
Each participant held a leadership, technical, governance, or strategy role and had
direct experience with AI adoption, AI governance, data governance, cybersecu-
rity, technology implementation, or responsible technology oversight. The sec-
ondary sources provided additional context for interpreting participant responses
and strengthened the credibility of the findings. Public documents, including the
NIST AI Risk Management Framework and the Office of Management and Budget
guidance on federal AI governance, similarly emphasized governance, data pro-
tection, human oversight, risk management, measurement, and continuous im-
provement as important mechanisms for responsible AI adoption.

Interview data were transcribed, reviewed for accuracy, and organized using
participant pseudonyms to maintain confidentiality. Participants are referred to
throughout the project as Participant 1 through Participant 9. MAXQDA was used
to support manual coding, code organization, memo development, and thematic
analysis of the interview transcripts. During the first phase of analysis, each tran-
script was reviewed multiple times to identify meaningful statements related to
safe and ethical Al adoption. Initial codes were assigned to recurring concepts
within participant responses. These codes reflected frequently mentioned concepts
such as Al policy development, data protection, human oversight, controlled pi-
lots, workforce training, stakeholder engagement, and effectiveness measurement.

Through an iterative process of reviewing and comparing coded data, initial
codes were grouped into broader categories representing patterns across partici-
pant experiences. These categories were then refined into six major themes that
addressed the research question. Table 1 illustrates the relationship between rep-
resentative codes and the themes that emerged during analysis. Following the cod-
ing process, thematic analysis was conducted using Braun and Clarke’s (2006) six
phase approach to qualitative data analysis. This process involved reviewing coded
data segments, identifying patterns across participant responses, refining theme
boundaries, and organizing findings into overarching themes that directly an-
swered the research question.

The analysis revealed six major themes representing the strategies business leaders
use to develop and apply safe and ethical practices when adopting Al technologies.
The themes illustrate that responsible Al adoption requires a multifaceted organ-
izational approach that integrates governance, data protection, human accounta-
bility, controlled implementation, workforce readiness, and continuous improve-

ment. Table 2 highlights the major themes, the number of participants who ref-
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erenced each theme, and the number of coded references associated with each
theme. Collectively, these findings indicate that effective Al adoption strategies
are not limited to technical implementation. Instead, the findings show that busi-
ness leaders must combine policy, process, people, technology, and measurement

to ensure Al is adopted responsibly.

Table 2. Codes and corresponding themes identified during data analysis.

Theme

Structured AI governance and policy
development

Data governance, privacy, and
confidentiality protection

Human oversight, Al constraint, and
quality assurance

Phased pilots, controlled
experimentation, and use case
prioritization

Workforce training, communication,
and change management

Continuous monitoring, measurement,

and adaptive improvement

Representative codes

Al strategy components, enterprise Al framework, acceptable use policy, Al council and
pilots, governance review, layered risk assessment, vendor risk assessment, policy
translation

Data governance, intellectual property protection, tenant contained Al tools, data
classification, data access control, confidential information protection, patient data
protection, authoritative data ownership

Human in the loop, AI constraint, ethical controls, validation process, subject matter
expert review, QA and QC pipeline, model drift monitoring, version monitoring

Phased approach, controlled rollout, safe testing environment, controlled AI exposure,
use case prioritization, demand front loading, proof of concept testing

AT user training, policy awareness, communication and training, stakeholder input,
roadshows and workshops, user awareness gap, change management, AI democratization

Usage tracking, customer satisfaction metrics, A/B testing, pulse score surveys, policy
revalidation, performance metrics, operational safeguards, sustainability guardrails

Note. Codes were derived from recurring concepts identified during thematic analysis of semi structured interview transcripts from

nine participants. Codes were grouped into initial categories and later refined into themes using Braun and Clarke’s (2006) thematic

analysis process (see Table 3).

The findings align with the responsible innovation framework guiding this re-
search project. Stilgoe et al. (2013) emphasized anticipation, inclusion, reflexivity,
and responsiveness as core dimensions of responsible innovation. The partici-
pants’ descriptions of Al governance, risk assessment, policy development, stake-
holder engagement, human oversight, and continuous monitoring illustrate how
business leaders operationalize these principles in practice. Anticipation appeared
in participants’ emphasis on risk assessment, phased pilots, data governance, and
defined success criteria before broad AI deployment. Inclusion appeared in de-
scriptions of Al councils, stakeholder engagement, user training, workshops, and
cross-functional decision-making. Reflexivity appeared in participants’ recogni-
tion that AI systems require human oversight, ethical review, and awareness of
bias, model limitations, and misuse risk. Responsiveness appeared in continuous
monitoring, policy revalidation, model performance review, user feedback, and
adaptive improvement.

The results also align with established scholarship and public guidance on re-
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sponsible Al adoption. NIST (2023) emphasized that trustworthy Al requires gov-
ernance, risk mapping, measurement, and risk management across the Al lifecy-
cle. The current findings confirm this guidance by showing that business leaders
use governance structures, data protection controls, human review, controlled pi-
lots, workforce preparation, and measurement systems to reduce Al risks. The
findings extend existing knowledge by demonstrating how these principles are
applied in real organizational contexts through Al councils, approved tool re-
strictions, tenant-controlled Al environments, subject matter expert validation, user
training, pulse surveys, usage tracking, and sustainability considerations.

Taken together, these findings illustrate that safe and ethical AI adoption func-
tions as both a governance process and an organizational change process. From a
governance perspective, the themes demonstrate how organizations establish pol-
icies, data safeguards, approval processes, oversight structures, and risk controls.
From an organizational change perspective, the findings show that successful Al
adoption also depends on user awareness, workforce training, communication,
culture, stakeholder engagement, and continuous feedback. This integrated per-
spective supports the value of applying responsible innovation to Al adoption be-
cause the framework explains how leaders anticipate risk, include stakeholders,
reflect on ethical implications, and respond to changing technology conditions.
For business practitioners, these findings suggest that responsible AI adoption re-
quires more than purchasing or deploying Al tools. It requires an intentional sys-
tem of governance, human accountability, organizational learning, and continu-
ous improvement.

Table 3 presents the data saturation summary for this qualitative pragmatic in-
quiry and illustrates the progression of coding across the nine participant inter-
views. Data saturation was assessed by examining whether later interviews intro-
duced new themes or meaningful insights beyond those already identified in ear-
lier interviews. As shown in Table 3, the number of new representative codes de-
creased progressively across interviews, reflecting increasing convergence in par-
ticipant responses. Later interviews reinforced the existing themes rather than
producing new major themes, indicating that thematic consistency had emerged
across the data set.

Table 4 illustrates that during the initial interviews, a higher number of new
representative codes emerged, capturing a broad range of participant perspectives
on Al governance, data protection, human oversight, controlled implementation,
workforce readiness, and measurement. Eight new representative codes were
identified in Interview 1, followed by five and four new representative codes in
Interviews 2 and 3, respectively. As data collection and coding continued, the
number of new representative codes declined, with three new representative codes
identified in Interview 4, two in Interview 5, and one in Interview 6 (Table 4).
This pattern indicates that the core concepts were identified early and that subse-
quent interviews increasingly reinforced existing findings rather than generating

new major insights.
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Table 3. Major themes identified from participant interviews.

Participants Number of

Th
eme Referencing Theme  References

Structured Al governance and policy

9 41
development
Data governance, privacy, and confidentiality ; 17
protection
Human oversight, Al constraint, and quality ; )
assurance
Phased pilots, controlled experimentation, and p 1
use case prioritization
Workforce training, communication, and change 8 27
management
Continuous monitoring, measurement, and 8 14

adaptive improvement

Note. Participants are referenced as Participant 1 through Participant 9. The number of
references reflects the frequency with which participants discussed concepts associated
with each theme during semi structured interviews, as reflected in the MAXQDA Code
Matrix Browser.

Table 4. Data Saturation summary.

Interview New representative Cumulative .

number codes identified representative codes Saturation status
Interview 1 8 8 No saturation
Interview 2 5 13 No saturation
Interview 3 4 17 No saturation
Interview 4 3 20 No saturation
Interview 5 2 22 Ap proac.hing

saturation

Interview 6 1 23 Saturation emerging
Interview 7 0 23 Saturation achieved
Interview 8 0 23 No new major themes
Interview 9 0 23 No new major themes

Note. Data saturation was assessed by reviewing whether additional interviews produced
new representative, final, codes, categories, or major themes. Interviews 7 through 9 rein-
forced existing themes and confirmed thematic consistency across participants.

By Interview 6, saturation was emerging because no new major themes were
identified after that point. Interviews 7 through 9 confirmed thematic consistency,

as participant responses aligned with the previously identified six themes. Alt-
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hough later interviews added depth, examples, and contextual variation, they did
not produce additional major themes. For example, later participant responses
strengthened the findings related to enterprise Al governance, approved Al tools,
workforce communication, and sustainability considerations, but these insights
fit within the existing themes rather than requiring the creation of new themes.
This outcome is consistent with qualitative research standards indicating that sat-
uration is reached when additional data collection produces redundancy rather
than substantially new insights (Saldafia, 2021; Saunders et al., 2018).

In total, 23 representative codes were identified and consistently observed across
the data set. The systematic decline in new representative codes and the stabilization
of themes after Interview 6 provided evidence that the data set was sufficiently rich
to address the research question. Table 3 therefore provides a transparent audit
trail of the saturation process and supports the trustworthiness of the findings by
demonstrating that the six themes were grounded in repeated and consistent par-
ticipant responses. Since the current project included 9 completed interviews, ver-
sus 10 which was the initial plan, the findings indicate that saturation was strongly
supported within the existing data set. Data saturation was achieved by the sev-
enth interview and confirmed by the eighth and ninth interviews, consequently,

the tenth interview was not necessary and was not conducted.

4.1. Theme 1: Structured Al Governance and Policy Development

The first theme that emerged from the thematic analysis was structured Al gov-
ernance and policy development. Analysis of the interview data revealed that par-
ticipants consistently viewed formal governance as a foundational strategy for de-
veloping and applying safe and ethical practices when adopting AI technologies.
All nine participants referenced some aspects of governance, policy, leadership
oversight, risk review, or organizational control when describing responsible Al
adoption. These strategies included establishing Al governance boards, creating
acceptable use policies, aligning legal and technical requirements, reviewing use
cases before implementation, assessing vendor risk, and ensuring executive spon-
sorship for Al-related decisions.

Participants described AI governance as an intentional organizational process
through which leaders establish the rules, structures, and accountability mecha-
nisms needed to guide responsible AI use. Rather than allowing AI adoption to
occur informally or through individual employee experimentation, participants
emphasized that leaders must define approved tools, acceptable uses, data han-
dling expectations, monitoring requirements, and escalation procedures. Public
AT governance guidance also supported this finding. The NIST AI Risk Manage-
ment Framework identifies governance as a central function for managing Al
risks across the Al lifecycle (NIST, 2023).

Participant 1 emphasized that Al governance begins with a strategic founda-
tion. Participant 1 described effective Al adoption as requiring “the Al, Al vision

and transformation road map,” along with “ethical risk assessment, data govern-
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ance, Al capability development and strategic alignment with the business objec-
tive.” This response illustrates how business leaders may approach Al governance
as a structured strategy rather than as a single technology decision. Participant 1’s
emphasis on strategy, ethics, risk, and business alignment reflects the responsible
innovation dimension of anticipation because it demonstrates the importance of
identifying risks and governance needs before broad Al deployment.

Participant 3 described the importance of governance in a complex organiza-
tional environment where different components may adopt Al at different levels
of maturity. Participant 3 explained that leaders must consider “what type of gov-
ernance are they building around it” and how Al is “being embedded into their
governance processes.” This response demonstrates that structured Al govern-
ance helps organizations reduce fragmentation and ensure that AI adoption is co-
ordinated across business units. Participant 3 also suggested that organizations
could “build a community of practice” so representatives could share best prac-
tices and maintain communication. This emphasis on communication and shared
governance aligns with the responsible innovation dimension of inclusion because
governance requires collaboration among stakeholders rather than isolated deci-
sion-making.

Participant 4 described governance from the perspective of executive leadership
and policy authority. Participant 4 stated, “In my role as the CIO at the Patent and
Trademark Office, I was the decision maker and the recommender of policy and
implementation or deployment of those AI policies and tools.” This response il-
lustrates how governance connects strategic leadership, policy development, legal
compliance, and operational implementation. Participant 4 also emphasized that
governance must be grounded in stakeholder input, stating that “stakeholders
were included in every phase of our deployments” and that the organization took
their feedback. This finding confirms prior research indicating that Al adoption
requires leadership accountability, formal oversight, and organizational controls
to reduce ethical and operational risks (Mittelstadt et al., 2016; Wirtz et al., 2023).

Participant 7 further supported this theme by describing the formation of an Al
council, the updating of organizational policies, and the use of pilots before enter-
prise deployment decisions. Participant 7 emphasized that Al governance re-
quired leadership review, use case prioritization, and evaluation before tools were
expanded across the organization. This response demonstrates how Al councils
and governance bodies can serve as mechanisms for reviewing Al opportunities,
identifying risks, and determining whether AI tools should be scaled. Participant
7’s response aligns with the responsible innovation dimension of responsiveness
because governance was described as a process that adapts as new tools, risks, and
use cases emerge.

Participant 8 described AI governance through enterprise policy and acceptable
use expectations. Participant 8 explained that enterprise Al policy should identify
approved large language models, define approved methods of use, establish safe-

guards, and communicate monitoring expectations. Participant 8 also described
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AT policy as a living framework because Al risks change rapidly. This response
suggests that leaders should not treat AI governance as a one-time policy activity.
Instead, governance must be reviewed and adjusted as Al technologies, employee
behaviors, and organizational risks evolve.

Participant 9 extended this theme by describing how enterprise Al and data
governance policies must be translated into practical procedures for specific busi-
ness groups. Participant 9 explained that part of the governance role involved
translating enterprise level policies into “meaningful” practices for the R&D group.
Participant 9 also described a structured process in which new Al tools go through
multiple layers of assessment, risk review, procurement review, partnership re-
view, and governance approval before adoption. This response demonstrates how
AI governance can be operationalized through layered assessments and decision
gates that reduce vendor, procurement, technical, ethical, and organizational risk.

These findings align closely with the responsible innovation framework guiding
this project. Stilgoe et al. (2013) described anticipation, inclusion, reflexivity, and
responsiveness as key dimensions of responsible innovation. The structured Al
governance theme reflects anticipation because participants emphasized identify-
ing risks, policies, and controls before enterprise Al deployment. The theme re-
flects inclusion because participants discussed Al councils, stakeholder engage-
ment, executive sponsors, legal and technical collaboration, and governance boards.
The theme reflects responsiveness because participants emphasized updating pol-
icies, reviewing Al tools, and adapting governance practices as Al technologies
and risks change.

The findings also align with current Al governance scholarship and public guid-
ance. NIST (2023) emphasized that organizations should establish governance
structures to manage Al risks and ensure trustworthy Al outcomes. The current
findings confirm this guidance by showing that business leaders apply structured
governance through policies, councils, acceptable use requirements, vendor re-
views, use case prioritization, and executive oversight. The findings extend exist-
ing knowledge by illustrating how leaders translate high level Al governance prin-
ciples into practical business processes that guide daily AI adoption decisions.

Collectively, these findings indicate that structured Al governance and policy
development are essential to safe and ethical Al adoption. Participants empha-
sized that AI governance must be established before broad implementation and
must continue as Al tools, organizational needs, and risks evolve. These findings
suggest that business leaders seeking to adopt Al responsibly should create formal
governance structures, define acceptable use policies, align Al practices with legal
and technical requirements, review vendors and tools before use, and ensure that
executive leaders remain accountable for Al adoption outcomes. This theme pro-
vides the foundation for the remaining findings because data protection, human
oversight, controlled pilots, workforce training, and continuous monitoring all
depend on a clear governance structure that defines how AI should be adopted

and managed.
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4.2. Theme 2: Data Governance, Privacy, and Confidentiality
Protection

The second theme that emerged from the thematic analysis was data governance,
privacy, and confidentiality protection. Analysis of the interview data revealed
that participants consistently viewed data protection as a core requirement for safe
and ethical Al adoption. Seven of the nine participants referenced data govern-
ance, privacy safeguards, confidential information protection, intellectual prop-
erty protection, patient data protection, data quality, approved tool use, or access
control when describing responsible Al strategies. Participants emphasized that
organizations cannot adopt Al safely unless leaders first determine what data may
be used, where data may be processed, who may access it, and which AI tools are
approved for organizational use.

Participants described data governance as an essential safeguard because Al sys-
tems rely on organizational data to generate outputs, automate tasks, and support
decision making. Several participants emphasized that data exposure, poor data
quality, and unclear data ownership can create ethical, legal, operational, and rep-
utational risks. Public guidance also supported this theme. The National Institute
of Standards and Technology AI Risk Management Framework emphasizes that
trustworthy Al depends on governance, mapping, measurement, and manage-
ment practices that address risks to individuals, organizations, and society, in-
cluding risks related to data quality, privacy, security, and reliability (National In-
stitute of Standards and Technology (NIST), 2023). These findings also align with
scholarship emphasizing that responsible Al requires privacy protection, account-
ability, transparency, and trustworthy data practices (Floridi et al., 2018; Jobin et
al., 2019).

Participant 1 emphasized the importance of determining what data should be
exposed to Al systems and protecting sensitive information from inappropriate
use. Participant 1 explained that leaders must decide “which data to expose” and
emphasized that the organization should not expose “sensitive or personally iden-
tifiable information.” This response illustrates that data governance begins before
Al tools are deployed. Leaders must define data boundaries, determine which in-
formation is appropriate for Al use, and prevent personally identifiable infor-
mation from being entered into uncontrolled systems. Participant 1’s response
aligns with the responsible innovation dimension of anticipation because it demon-
strates proactive identification of data related risks before Al adoption is ex-
panded.

Participant 2 emphasized intellectual property protection as a central data gov-
ernance concern. Participant 2 explained that organizations must ensure they “do
not leak IP” and should not place “project sensitive or IP sensitive information”
into public large language models. Participant 2 further emphasized the importance
of using company provided Al tools that include safeguards. This response demon-
strates that ethical AI adoption requires leaders to protect proprietary business

information as well as personal or regulated data. Participant 2’s emphasis on lim-
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iting what information may be entered into Al systems confirms the need for ac-
ceptable use rules, approved tools, and employee awareness related to data pro-
tection.

Participant 4 also emphasized confidentiality protection when discussing Al
adoption in a highly sensitive environment. Participant 4 explained that the or-
ganization had an obligation to keep patents and trademarks confidential and
therefore did not allow examiners to use public chatbots. Participant 4 described
the principle as “once in, never out,” meaning that information entered into the
organization’s internal Al environment should not leave the controlled environ-
ment. This response illustrates how leaders can translate confidentiality require-
ments into operational safeguards. Rather than simply warning employees not to
share confidential information, the organization developed internal Al capabili-
ties and secure boundaries to prevent data leakage. This finding supports the pro-
fessional practice implication that data governance requires both policy controls
and technical controls.

Participant 6 emphasized data protection in the context of healthcare and sen-
sitive patient information. Participant 6 described the importance of protecting
veteran and patient data when Al tools are used in healthcare related settings. This
response illustrates that data governance is especially important in contexts where
Al systems may interact with health information, protected records, or vulnerable
populations. Participant 6’s response also supports the finding that data protec-
tion is not only a compliance issue but also an ethical issue. Protecting patient and
veteran data helps preserve trust, confidentiality, and responsible use of Al in set-
tings where harm from data misuse could be significant.

Participant 7 described data governance through data quality, authoritative
data sources, and zero trust access. Participant 7 emphasized that AI outputs are
only as reliable as the data used to support them. Participant 7 discussed the im-
portance of data cleansing, identifying authoritative sources, and applying zero
trust access principles before using Al at scale. This response demonstrates that
data governance involves more than protecting data from exposure. It also re-
quires ensuring that data are accurate, reliable, properly governed, and accessible
only to authorized users. Participant 7’s emphasis on data cleansing and zero trust
access aligns with responsible Al guidance because poor data quality and weak
access controls can lead to unreliable outputs and increased organizational risk.

Participant 8 described data governance through approved Al tools, enterprise
tenant protection, and the blocking of unapproved AI domains. Participant 8 ex-
plained that organizations should select Al tools that keep organizational data in-
side the enterprise tenant and should restrict unapproved Al technologies that
may expose business information. This response illustrates how leaders can im-
plement data governance through technical safeguards and enterprise architec-
ture decisions. Participant 8’s emphasis on tenant controlled tools demonstrates
that safe AI adoption depends on selecting technologies that align with organiza-

tional privacy, security, and monitoring requirements.
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Participant 9 extended this theme by describing the role of enterprise data gov-
ernance and Al governance in research and development environments. Partici-
pant 9 explained that enterprise policies must be translated into practical guidance
for specific business groups and that new AI tools may require risk assessment,
procurement review, partnership review, and governance approval. This response
demonstrates that data governance must be applied across the full AI adoption
process, including internal tool selection, vendor review, external partnerships,
and business group implementation. Participant 9’s response also shows that data
governance requires coordination between enterprise policy and local operational
practice.

These findings align closely with the responsible innovation framework. The
theme reflects anticipation because participants emphasized identifying data ex-
posure risks, privacy risks, intellectual property risks, and patient data risks before
broad Al implementation. The theme reflects reflexivity because participants rec-
ognized that AI adoption can create unintended consequences when data are in-
accurate, sensitive, proprietary, or used outside approved boundaries. The theme
also reflects responsiveness because participants described adjusting data con-
trols, approved tool lists, and governance processes as Al technologies and busi-
ness needs evolve.

The findings also align with current scholarship and public AI governance doc-
uments. NIST (2023) emphasized that Al risk management requires attention to
data quality, privacy, security, transparency, and trustworthiness. Floridi et al.
(2018) identified privacy, accountability, and beneficence as central concerns in
ethical AL Jobin et al. (2019) similarly found that privacy, transparency, account-
ability, and fairness appear consistently across global AI ethics guidelines. The
current findings confirm this literature by showing that business leaders view data
protection as a practical requirement for responsible AI adoption. The findings
extend existing knowledge by illustrating how leaders operationalize data govern-
ance through approved tools, internal AI environments, zero trust access, data
cleansing, tenant controlled systems, vendor review, and restrictions on sensitive
data use.

Collectively, these findings indicate that data governance, privacy, and confi-
dentiality protection are essential components of safe and ethical AI adoption.
Participants emphasized that business leaders must protect sensitive data, define
appropriate data use, prevent exposure of proprietary information, validate data
quality, and ensure that Al tools operate within secure and approved environ-
ments. These findings suggest that organizations seeking to adopt Al responsibly
should establish data classification rules, approved Al tool lists, access controls,
vendor review procedures, data quality standards, and employee guidance on pro-
hibited data use. This theme builds on the first theme because formal Al govern-
ance provides the structure needed to enforce data protection expectations across

the organization.

DOI: 10.4236/0jbm.2026.145153

3135 Open Journal of Business and Management


https://doi.org/10.4236/ojbm.2026.145153

V. Ehsan, K. A. Critchlow

4.3. Theme 3: Human Oversight, Al Constraint, and Quality
Assurance

The third theme that emerged from the thematic analysis was human oversight,
AT constraint, and quality assurance. Analysis of the interview data revealed that
participants viewed human accountability as essential to safe and ethical Al adop-
tion. Seven of the nine participants referenced human review, Al decision limits,
subject matter expert validation, quality assurance, quality control, model moni-
toring, bias testing, or output validation when describing responsible AI strate-
gies. Participants emphasized that Al should support human decision making but
should not replace human judgment in sensitive, safety related, clinical, security,
legal, or high impact business contexts.

Participants described human oversight as a safeguard that helps organizations
prevent overreliance on Al outputs. Several participants emphasized that Al sys-
tems can produce inaccurate, biased, incomplete, or contextually inappropriate
outputs if qualified humans do not review them. Public guidance and scholarly
literature also supported this finding. The National Institute of Standards and
Technology Al Risk Management Framework emphasizes that trustworthy Al re-
quires risk management practices that address validity, reliability, safety, security,
accountability, transparency, and human oversight (National Institute of Stand-
ards and Technology (NIST, 2023)). Similarly, Mittelstadt et al. (2016) empha-
sized that algorithmic systems create ethical risks when accountability is unclear
or when organizations fail to maintain meaningful human review.

Participant 1 emphasized that Al systems should not operate without human
involvement. Participant 1 stated that leaders must make sure “there is a human
oversight involved and not to give the full control.” This response illustrates that
human oversight is a core ethical safeguard in Al adoption. Participant 1 also dis-
cussed the need for subject matter experts to review and verify Al outputs to de-
termine whether the Al results align with human level performance. This response
demonstrates that oversight is not simply a symbolic requirement. Instead, human
review must be built into the process to validate whether Al outputs are accurate,
appropriate, and aligned with organizational expectations.

Participant 2 emphasized Al constraint as a strategy for reducing risk in safety
and security related contexts. Participant 2 explained that the main strategy is to
“give the LLM less power” and not depend on a large language model to determine
what is safe or secure. Participant 2 further stated, “The problem was you let the
LLM make a safety related decision. That should not have been in its power any-
way.” This response illustrates how leaders can operationalize ethical Al adoption
by limiting what AI systems are allowed to decide. Rather than relying on AI to
make high risk decisions, leaders can design systems in which AI supports analysis
while humans retain decision authority. This finding confirms the importance of
accountability and human responsibility in Al-enabled decision-making.

Participant 4 described human oversight through stakeholder involvement and

feedback during AI deployment. Participant 4 emphasized that safe AI adoption
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required stakeholders throughout implementation and using their feedback to re-
fine deployment decisions. This response demonstrates that human oversight can
occur not only through technical review of Al outputs but also through organiza-
tional review of how AI affects users, business processes, and stakeholder expec-
tations. Participant 4’s response aligns with the responsible innovation dimension
of inclusion because it shows that responsible AI adoption requires input from
people affected by Al systems.

Participant 6 emphasized human oversight in healthcare settings, where Al out-
put could influence diagnosis, treatment, or patient care. Participant 6 explained
that AI should not be the final decision maker in healthcare matters because hu-
man professionals must remain accountable for decisions that affect patients. This
response illustrates the importance of human judgment in high risk environments
where Al errors could create serious harm. Participant 6 also described the use of
quality assurance and quality control pipelines, dashboards, and performance
monitoring to track accuracy and consistency across AI model versions. This re-
sponse demonstrates that human oversight must be supported by structured qual-
ity processes that monitor whether Al tools continue to perform as intended over
time.

Participant 7 also emphasized the importance of human in the loop validation.
Participant 7 described reviewing Al outputs before relying on them for organi-
zational decisions and emphasized that Al outputs should be validated by humans
before broader use. This response illustrates how leaders can maintain human ac-
countability while still benefiting from AI supported analysis. Participant 7’s em-
phasis on validation also shows that AI adoption should include decision check-
points where users confirm whether outputs are reliable, repeatable, and appro-
priate for the business context.

Participant 9 extended this theme by describing governance reviews and risk
assessments before new Al tools are adopted. Participant 9 explained that Al tools
in the organization may go through multiple layers of assessment, including en-
terprise review, procurement review, partnership review, and governance ap-
proval. Although this process supports broader governance, it also functions as
quality assurance because new Al tools are evaluated before they are introduced
into the operating environment. Participant 9’s response demonstrates that over-
sight can occur before implementation as well as during use. Leaders can reduce
Al risk by reviewing tools, vendors, ethical concerns, and operational fit before
employees begin using the technology.

These findings align closely with the responsible innovation framework. The
theme reflects reflexivity because participants critically examined the limitations
of AI and recognized that Al outputs should not be treated as automatically reli-
able or ethically neutral. Participants acknowledged that AI systems can create
risks if leaders fail to question their assumptions, outputs, data sources, or deci-
sion boundaries. The theme also reflects responsiveness because participants de-

scribed quality assurance, quality control, model monitoring, and human review
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as ways to adjust Al practices when accuracy, reliability, or performance concerns
emerge.

The findings also align with current scholarship and public AI governance guid-
ance. Mittelstadt et al. (2016) emphasized that algorithmic systems raise ethical
concerns related to accountability, transparency, responsibility, and bias. NIST
(2023) emphasized that trustworthy Al requires measurement and management
of risks related to reliability, validity, security, and accountability. The current
findings confirm this literature by showing that business leaders use human over-
sight and Al constraints to reduce the risk of unsafe or unethical Al decisions. The
findings extend existing knowledge by illustrating how leaders operationalize over-
sight through human in the loop review, subject matter expert validation, decision
limits, quality dashboards, model version monitoring, and preadoption govern-
ance review.

Collectively, these findings indicate that human oversight, Al constraint, and
quality assurance are essential to safe and ethical Al adoption. Participants em-
phasized that Al should assist human decision making but should not replace hu-
man accountability in high risk contexts. These findings suggest that business lead-
ers should define which AI use cases require human review, limit AI authority in
sensitive decisions, establish subject matter expert validation processes, monitor
model performance, and maintain quality assurance practices across the Al lifecy-
cle. This theme builds on the previous themes because governance structures and
data protection controls are strengthened when leaders also ensure that humans

remain accountable for how Al tools are tested, interpreted, and used.

4.4. Theme 4: Phased Pilots, Controlled Experimentation, and Use
Case Prioritization

The fourth theme that emerged from the thematic analysis was phased pilots, con-
trolled experimentation, and use case prioritization. Analysis of the interview data
revealed that participants viewed staged implementation as an important strategy
for reducing risk when adopting Al technologies. Six of the nine participants ref-
erenced pilots, proof of concept testing, limited user groups, safe testing environ-
ments, controlled rollouts, use case review, or demand prioritization when describ-
ing effective strategies for safe and ethical AI adoption. Participants emphasized
that organizations should not immediately deploy AI tools enterprise wide with-
out first testing the tools in a controlled setting, evaluating risks, and determining
whether the use case aligns with organizational goals.

Participants described phased implementation as a practical way to learn before
scaling. Rather than treating Al adoption as a one-time deployment decision, par-
ticipants emphasized that business leaders should test Al tools with smaller groups,
gather user feedback, evaluate technical and ethical risks, and determine whether
broader implementation is justified. Public guidance also supported this finding.
The Office of Management and Budget emphasized that Al governance, innova-
tion, and risk management should be connected activities, especially for AI uses
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that may affect rights, safety, or public trust. Similarly, the National Institute of
Standards and Technology AI Risk Management Framework emphasizes map-
ping, measuring, and managing Al risks before and during implementation (Na-
tional Institute of Standards and Technology (NIST), 2023).

Participant 4 described phased implementation as a structured adoption pro-
cess. Participant 4 explained that the organization used Al in “three ways, 3 phases,”
beginning with proving the use case, then scaling the concept, and finally identi-
fying an executive champion or funding owner for the service. This response il-
lustrates how leaders can reduce adoption risk by first determining whether Al is
useful and feasible before investing in broader deployment. Participant 4’s em-
phasis on proving the use case before scaling demonstrates that safe AI adoption
requires disciplined decision making, not rapid implementation without evidence
of value.

Participant 5 also supported this theme by emphasizing that Al tools should be
introduced in a controlled manner rather than adopted casually across the organ-
ization. Participant 5 described the importance of ensuring that users understand
which tools are approved and how AI may be used safely. This response suggests
that controlled adoption is connected to governance and workforce readiness.
Leaders must not only decide which Al tools to implement but also determine
when and how employees should gain access to those tools. Controlled implemen-
tation can reduce misuse, support compliance, and allow leaders to identify train-
ing or policy gaps before wider rollout.

Participant 6 emphasized safe testing environments where employees could ex-
periment with Al before the organization made larger investments. Participant 6
described the importance of allowing frontline workers, developers, and staff to
test Al in a safe space before significant resources were committed. This response
illustrates how controlled experimentation can support both innovation and risk
reduction. Safe testing environments allow employees to explore Al capabilities
while leaders evaluate whether the technology is accurate, secure, practical, and
aligned with operational needs. Participant 6’s response also reflects the responsi-
ble innovation dimension of anticipation because testing occurs before full imple-
mentation.

Participant 7 described a pilot strategy involving limited access to Microsoft
Copilot and Office 365 Al features. Participant 7 explained that a smaller group
of users received access first so they could build familiarity before broader imple-
mentation. Participant 7 also emphasized that Al use cases were collected, re-
viewed, and prioritized with leadership, including the Chief AI Officer, before en-
terprise scaling. This response demonstrates how business leaders can use pilots
and use case prioritization to prevent uncontrolled Al expansion. The pilot pro-
cess provided a structured way to evaluate readiness, user experience, business
value, and governance implications before determining whether Al tools should
be scaled.

Participant 8 described controlled Al exposure and approved tool restrictions
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as part of safe adoption. Participant 8 emphasized that organizations should pro-
vide employees with access to approved Al tools while restricting or blocking un-
approved Al technologies. This approach allowed the organization to support
productivity and innovation while maintaining control over data exposure, moni-
toring expectations, and acceptable use. Participant 8’s response demonstrates that
controlled experimentation is not only about limiting access; it is also about creating
a safe pathway for employees to learn and use AI within approved boundaries.

Participant 9 extended this theme by describing the importance of front loading
Al demand. Participant 9 explained that business groups should identify Al needs
early, determine whether existing enterprise tools can meet those needs, and only
pursue new Al technologies when necessary. Participant 9 also described govern-
ance review and risk assessment before new Al tools or vendors are introduced.
This response shows that use case prioritization helps organizations avoid unnec-
essary or duplicative Al adoption. By evaluating demand early, leaders can deter-
mine whether the proposed Al use case is appropriate, whether existing tools are
sufficient, and whether additional review is required before implementation.

These findings align closely with the responsible innovation framework. The
theme reflects anticipation because participants emphasized testing Al tools, eval-
uating use cases, identifying risks, and limiting exposure before broad deployment.
The theme also reflects responsiveness because pilot results, user feedback, and
implementation outcomes can inform whether Al tools should be expanded, re-
vised, delayed, or discontinued. In some cases, the theme also reflects inclusion be-
cause participants described involving users, frontline workers, developers, stake-
holders, and executive sponsors in the testing and evaluation process.

The findings also align with business practice literature and public AI govern-
ance guidance. Creswell and Creswell (2023) emphasized that systematic inquiry
involves collecting and analyzing evidence before drawing conclusions. Applied
to organizational Al adoption, this principle supports the value of pilots, feedback
loops, and structured evaluation before enterprise scaling. NIST (2023) empha-
sized the importance of measuring and managing Al risks throughout the Al lifecy-
cle. The current findings confirm this guidance by showing that business leaders use
pilots, safe test environments, limited access, use case review, and executive spon-
sorship to evaluate Al before broader adoption.

Collectively, these findings indicate that phased pilots, controlled experimenta-
tion, and use case prioritization are important strategies for safe and ethical Al
adoption. Participants emphasized that organizations should test Al tools in con-
trolled environments, prioritize use cases based on business need and risk, involve
appropriate stakeholders, and evaluate pilot outcomes before expanding AI use.
These findings suggest that business leaders should establish formal pilot pro-
cesses, define success criteria, review proposed use cases, limit early access to ap-
proved users, and require governance review before enterprise deployment. This
theme builds on the prior themes because Al governance, data protection, and

human oversight are more effective when Al implementation occurs through con-
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trolled and evidence based adoption rather than unrestricted organizational use.

4.5. Theme 5: Workforce Training, Communication, and Change
Management

The fifth theme that emerged from the thematic analysis was workforce training,
communication, and change management. Analysis of the interview data revealed
that participants viewed employee awareness, user behavior, stakeholder engage-
ment, and organizational culture as essential to safe and ethical AI adoption. Eight
of the nine participants referenced training, communication, user readiness, pol-
icy awareness, stakeholder engagement, roadshows, workshops, change manage-
ment, or organizational culture when describing responsible AI adoption strate-
gies. Participants emphasized that AI implementation cannot be managed as a
technology deployment alone. Instead, leaders must prepare employees to under-
stand approved tools, prohibited uses, data risks, ethical expectations, and the or-
ganizational purpose behind AI governance controls.

Participants described workforce readiness as a practical safeguard against mis-
use, resistance, and uncontrolled adoption. Several participants emphasized that
employees may use Al tools based on personal habits without understanding the
risks of entering sensitive business information, intellectual property, client data,
or regulated data into unapproved tools. Others emphasized that users may resist
Al restrictions if leaders fail to explain why the controls exist. These findings align
with responsible Al scholarship emphasizing that AI governance requires not only
technical controls but also organizational learning, stakeholder engagement, and
leadership communication (Uddin, 2023; Wirtz et al., 2023). Public AI guidance
also supports this theme because responsible Al implementation requires organi-
zations to define roles, communicate expectations, and prepare users to engage
with Al systems responsibly (National Institute of Standards and Technology
(NIST), 2023).

Participant 1 emphasized the importance of training and policy awareness in
ethical AT adoption. Participant 1 noted that one challenge is ensuring employees
complete required ethical training and understand organizational policies related
to Al use. This response illustrates that policies alone are insufficient if employees
do not understand them or do not know how to apply them in daily work. Partic-
ipant 1’s response suggests that training must be treated as part of the AI govern-
ance process because employees are the individuals who interact with Al tools,
interpret AI outputs, and make decisions about what information to use.

Participant 3 described workforce readiness through knowledge sharing and
community learning. Participant 3 explained that “the best avenue for getting peo-
ple knowledgeable about Al and understanding it” is “knowledge share.” Partici-
pant 3 also suggested that organizations could build a community of practice where
representatives share lessons learned and best practices. This response demon-
strates that communication can help reduce inconsistency across organizational

units. Participant 3’s emphasis on knowledge sharing aligns with the responsible
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innovation dimension of inclusion because responsible Al adoption requires par-
ticipation, communication, and shared learning across stakeholder groups rather
than isolated technology decisions.

Participant 4 emphasized the importance of including stakeholders throughout
AI deployment. Participant 4 explained that the organization safely implemented
Al by ensuring that “stakeholders were included in every phase” and by taking
their feedback. This response illustrates how change management can reduce
adoption risk by involving the people affected by Al implementation. Rather than
imposing Al tools on users, leaders can create opportunities for feedback, testing,
and refinement. Participant 4’s response also suggests that stakeholder involve-
ment can build trust and improve adoption because users are more likely to accept
AT tools when they understand the purpose, risks, and expected benefits.

Participant 5 described user education as necessary because employees may
bring personal Al habits into the workplace without understanding organizational
data risks. Participant 5 emphasized that users need to understand what tools are
approved, what information may be entered into Al systems, and what risks may
arise from unapproved AI use. This response demonstrates that responsible Al
adoption depends on employee literacy and behavioral change. Leaders must ed-
ucate employees not only on how to use Al but also on when not to use it, what
data not to share, and why organizational safeguards matter.

Participant 7 emphasized that Al should be implemented with employees and
customers rather than to them. This response highlights the importance of partic-
ipatory change management. Participant 7’s perspective suggests that Al adoption
is more effective when leaders involve users early, communicate openly, and build
trust through shared implementation. This approach aligns with the responsible
innovation dimension of inclusion because employees and customers are treated
as stakeholders in the AI adoption process rather than passive recipients of new
technology.

Participant 8 described a key communication challenge: convincing users that
Al restrictions were protective rather than barriers to productivity. Participant 8
explained that some users may view blocked tools, approved tool lists, and moni-
toring requirements as obstacles unless leaders clearly communicate that these
controls protect the organization, employees, and customers. This response illus-
trates that change management must address perception as well as policy. If em-
ployees interpret Al governance as restrictive without understanding the protec-
tive purpose, they may resist controls or seek workarounds. Participant 8’s re-
sponse therefore extends business practice knowledge by showing that ethical Al
implementation requires leaders to explain the “why” behind governance.

Participant 9 further supported this theme by describing roadshows, all hands
presentations, AI workshops, posters, internal champions, and stakeholder en-
gagement as strategies to increase awareness and reduce siloed or noncompliant
AT adoption. Participant 9 explained that lack of awareness was a challenge be-

cause some users attempted to adopt Al tools independently before understanding
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enterprise standards. This response demonstrates that AI change management
must be proactive, repeated, and visible across the organization. Participant 9’s
description of champions and outreach activities shows how leaders can create
communication networks that help employees understand approved Al pathways
and responsible use expectations.

These findings align closely with the responsible innovation framework. The
theme reflects inclusion because participants emphasized engaging employees, cus-
tomers, technical teams, business users, stakeholders, and internal champions in
AT adoption. The theme also reflects responsiveness because training and commu-
nication must change as Al tools, policies, risks, and user behaviors evolve. Partici-
pants recognized that Al adoption occurs in a dynamic environment where em-
ployees need ongoing guidance rather than one time instruction.

The findings also align with current scholarship on responsible Al and organi-
zational change. Wirtz et al. (2023) emphasized that responsible AI adoption re-
quires trust, accountability, and organizational readiness. Uddin (2023) similarly
highlighted the role of ethical leadership in shaping employee trust and responsi-
ble technology use. The current findings confirm this literature by showing that
workforce training and communication are necessary for responsible AI adoption.
The findings extend existing knowledge by demonstrating how leaders operation-
alize change management through communities of practice, required training,
stakeholder feedback, roadshows, workshops, internal champions, approved tool
communication, and user awareness campaigns.

Collectively, these findings indicate that workforce training, communication,
and change management are essential components of safe and ethical AI adoption.
Participants emphasized that employees must understand Al policies, data risks,
approved tools, prohibited uses, and the ethical reasons behind organizational safe-
guards. These findings suggest that business leaders should implement recurring
Al literacy training, role based policy education, stakeholder engagement sessions,
communication campaigns, internal champions, and safe learning opportunities
for employees. This theme builds on the earlier themes because governance, data
protection, human oversight, and pilot testing are only effective when employees

understand how to apply them in practice.

4.6. Theme 6: Continuous Monitoring, Measurement, and
Adaptive Improvement

The sixth theme that emerged from the thematic analysis was continuous moni-
toring, measurement, and adaptive improvement. Analysis of the interview data
revealed that participants viewed responsible Al adoption as an ongoing process
rather than a one-time implementation decision. Eight of the nine participants ref-
erenced monitoring, measurement, policy review, usage tracking, surveys, A/B test-
ing, customer satisfaction metrics, compliance reviews, quality dashboards, model
version monitoring, or adaptive governance when describing safe and ethical Al

adoption. Participants emphasized that Al systems, organizational risks, user be-
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havior, and regulatory expectations change over time; therefore, leaders must con-
tinuously evaluate whether Al practices remain effective, ethical, secure, and aligned
with business needs.

Participants described measurement as a practical mechanism for determining
whether Al strategies are producing intended outcomes. Several participants em-
phasized that leaders should define success criteria, monitor Al use, evaluate user
feedback, track model performance, and revise policies when risks or gaps emerge.
Public guidance also supported this finding. The National Institute of Standards
and Technology AI Risk Management Framework identifies governance, map-
ping, measurement, and management as core functions of Al risk management
(National Institute of Standards and Technology (NIST), 2023).

Participant 1 emphasized monitoring and compliance review as part of respon-
sible AI adoption. Participant 1 described the importance of reviewing whether
Al implementation supports business objectives, protects sensitive information,
and complies with organizational policies. Participant 1 also discussed comparing
Al model outputs with subject matter expert evaluations to determine how closely
Al results aligned with human review. This response illustrates that measurement
must consider both operational value and ethical reliability. Participant 1’s em-
phasis on compliance review and comparison with human performance aligns with
the responsible innovation dimension of responsiveness because leaders must ad-
just practices when Al performance or policy compliance does not meet expecta-
tions.

Participant 2 described effectiveness measurement through testing, automation,
and external feedback. Participant 2 explained that feedback from clients should
come into the testing framework and that organizations may use automated test-
ing indicators to determine whether systems are working as intended. This re-
sponse demonstrates that Al effectiveness can be evaluated through both technical
validation and user or client feedback. Participant 2’s perspective suggests that
continuous improvement requires leaders to connect AI monitoring to real world
performance outcomes rather than relying only on internal assumptions about
whether Al tools are successful.

Participant 3 emphasized the importance of establishing metrics early in the Al
adoption process. Participant 3 stated that it was “the perfect time to come up with
some really good metrics” that could be tracked over time to determine where
progress was occurring and where course correction was needed. This response
illustrates how measurement supports adaptive governance. By identifying met-
rics early, leaders can determine whether Al adoption is improving organizational
performance, increasing risk, or requiring changes in training, policy, or imple-
mentation strategy. Participant 3’s response aligns with the responsible innova-
tion dimension of anticipation because measurement planning begins before Al
adoption is fully mature.

Participant 4 described surveys, adoption metrics, and long term oversight as

ways to measure Al effectiveness. Participant 4 explained that short term measures
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included polling users and tracking how often AI products were being used, in-
cluding whether employees used the tools daily and whether they provided posi-
tive or negative feedback. This response demonstrates that Al effectiveness is not
measured only by technical performance. Leaders also need to understand whether
users are adopting the tools, whether the tools are useful, and whether users perceive
them as valuable. Participant 4’s emphasis on usage and feedback suggests that Al
measurement should include both operational and human factors.

Participant 6 emphasized monitoring model accuracy, consistency, and perfor-
mance across versions. Participant 6 described the use of QA and QC pipelines,
dashboards, and monitoring to ensure AI outputs did not drift away from human
accuracy. This response illustrates that continuous monitoring is especially im-
portant when Al systems are updated, retrained, or modified over time. Partici-
pant 6’s emphasis on version monitoring demonstrates that AI governance must
extend beyond initial deployment. Leaders must continue to evaluate whether Al
outputs remain reliable as models change. This finding is especially important in
high risk environments where inaccurate or inconsistent outputs may affect deci-
sions involving people, health, safety, or compliance.

Participant 7 described the importance of evaluating Al tools against defined suc-
cess criteria before broader implementation. Participant 7 emphasized that leaders
should establish success measures, review results, and determine whether an Al tool
is ready to scale. This response demonstrates that measurement can inform go or
no go decisions. Participant 7’s perspective connects continuous monitoring to con-
trolled experimentation because pilot results should guide whether Al is expanded,
revised, or discontinued. This finding supports the broader conclusion that respon-
sible AI adoption requires evidence based decision making rather than adoption
based on novelty or pressure to keep pace with technology trends.

Participant 8 described Al policy as a living framework rather than a static doc-
ument. Participant 8 explained that Al risks change quickly and that policies must
be revisited as tools, behaviors, and threats evolve. This response illustrates adap-
tive improvement at the governance level. Continuous monitoring is not limited
to technical systems; it also applies to policies, training, approved tool lists, and
monitoring expectations. Participant 8’s response aligns strongly with the respon-
sible innovation dimension of responsiveness because it emphasizes that leaders
must revise governance practices as new risks emerge.

Participant 9 extended this theme by describing pulse scores, surveys, annual
user ratings, and sustainability considerations as part of AI governance and im-
provement. Participant 9 explained that the organization uses feedback mecha-
nisms after awareness events and annual ratings to assess how enterprise Al and
IT support the scientific user community. Participant 9 also discussed sustaina-
bility guardrails, including the need to evaluate vendors and encourage right sized
model use so advanced models are not used unnecessarily for simple tasks. This
response extends the theme by showing that continuous improvement may in-

clude not only performance and adoption metrics but also sustainability, resource
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use, and responsible vendor evaluation.

These findings align closely with the responsible innovation framework. The
theme reflects responsiveness because participants emphasized revising policies,
adjusting controls, monitoring model performance, reviewing user feedback, and
adapting Al practices as organizational needs and technology risks evolve. The
theme also reflects anticipation because participants described defining metrics,
success criteria, and evaluation processes before scaling Al tools. In addition, the
theme reflects reflexivity because participants recognized that AI systems require
ongoing review to identify limitations, drift, user misuse, or unintended conse-
quences.

The findings also align with current public guidance and scholarship on Al gov-
ernance. NIST (2023) emphasized that Al risk management includes measuring
and managing risks throughout the Al lifecycle. The current findings confirm this
guidance by showing that leaders use surveys, adoption metrics, usage tracking,
compliance reviews, QA dashboards, model monitoring, policy revalidation, and
feedback loops to evaluate Al practices. The findings extend existing knowledge
by illustrating how business leaders operationalize continuous improvement
through living policies, pilot success criteria, pulse surveys, customer satisfaction
metrics, A/B testing, model version monitoring, and sustainability guardrails.

Collectively, these findings indicate that continuous monitoring, measurement,
and adaptive improvement are essential to safe and ethical AI adoption. Partici-
pants emphasized that Al governance should not end when a tool is approved or
deployed. Instead, business leaders should establish ongoing evaluation mecha-
nisms to determine whether Al remains accurate, secure, useful, compliant, ethi-
cal, and aligned with organizational objectives. These findings suggest that organ-
izations should define measurable success criteria, track usage and user feedback,
monitor model performance, review policies regularly, evaluate vendor and sus-
tainability risks, and revise governance practices as Al systems evolve. This theme
completes the set of findings by showing that responsible AI adoption is a contin-
uous cycle of learning, measuring, and improvement rather than a fixed imple-

mentation event.

5. Recommendations for Professional Practice

The findings of this qualitative pragmatic inquiry provide practical insights for
business leaders seeking to develop and apply safe and ethical practices when
adopting Al technologies. Participants emphasized that responsible AI adoption
requires an integrated business approach that combines governance, data protec-
tion, human oversight, controlled implementation, workforce readiness, and con-
tinuous improvement. These findings are significant for professional practice be-
cause Al adoption is no longer only a technical issue. It directly affects risk man-
agement, regulatory readiness, customer trust, workforce behavior, operational
performance, and organizational reputation. Business leaders who adopt Al with-

out clear governance and ethical safeguards may increase risks related to data ex-
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posure, biased outputs, employee misuse, poor decision quality, and loss of stake-
holder confidence.

Structured Al governance and policy development emerged as a central contri-
bution to professional practice. Participants emphasized that organizations need
formal AI policies, acceptable use guidelines, Al councils, executive sponsorship,
governance review, and cross-functional decision-making before AI tools are
broadly adopted. This finding suggests that business leaders should not rely on
informal experimentation or individual employee judgment to guide AI use. In-
stead, leaders should establish formal governance structures that define approved
AT tools, acceptable uses, data restrictions, oversight responsibilities, escalation
procedures, and accountability expectations. This finding aligns with the National
Institute of Standards and Technology AI Risk Management Framework, which
identifies governance as a core function for managing Al risks across the Al lifecy-
cle (National Institute of Standards and Technology (NIST), 2023). For business
practice, this means leaders should create governance bodies that include execu-
tive leadership, legal counsel, cybersecurity, data governance, technology teams,
business unit leaders, and end user representation.

The findings also contribute to business practice by demonstrating that data
governance, privacy, and confidentiality protection must be treated as central re-
quirements for AI adoption. Participants identified data quality, intellectual prop-
erty protection, tenant controlled Al tools, zero trust access, patient data protec-
tion, and prevention of data leakage as critical strategies. These findings suggest
that business leaders should establish data governance protocols before expanding
AT use across the organization. Leaders should define authoritative data sources,
classify data by sensitivity, restrict confidential or regulated data from unapproved
AT tools, and ensure vendors meet organizational data protection requirements.
This recommendation is consistent with scholarship emphasizing that responsible
Al requires privacy, accountability, transparency, and trustworthy data practices
(Floridi et al., 2018; Jobin et al., 2019). It is also consistent with Al management
system principles, which emphasize policies, objectives, and processes for respon-
sible AI development and use.

A further contribution to professional practice is the finding that human over-
sight, AI constraint, and quality assurance are essential for ethical Al use. Partici-
pants emphasized that Al should assist human decision-making but should not
independently make final decisions in sensitive, safety-related, clinical, legal, se-
curity, or high-impact contexts. The findings suggest that business leaders should
implement human-in-the-loop review, establish AI decision boundaries, require
subject matter expert validation, and use quality assurance processes to monitor
AT output accuracy. This recommendation confirms prior research indicating that
algorithmic systems create ethical risks when accountability is unclear or when or-
ganizations fail to maintain meaningful human oversight (Mittelstadt et al., 2016).
In practice, business leaders should classify Al use cases by risk level and deter-

mine which uses require human review, legal review, technical validation, execu-

DOI: 10.4236/0jbm.2026.145153

3147 Open Journal of Business and Management


https://doi.org/10.4236/ojbm.2026.145153

V. Ehsan, K. A. Critchlow

tive approval, or continued monitoring before deployment.

The findings further contribute to practice by showing that phased pilots, con-
trolled experimentation, and use case prioritization reduce implementation risk.
Participants described controlled rollouts, safe testing environments, limited user
groups, proof of concept activities, use case review, and predefined success criteria
as effective strategies. These findings suggest that organizations should avoid broad
enterprise deployment until AI tools have been tested in controlled settings. Lead-
ers should use pilot programs to assess usability, data exposure, output quality,
employee adoption, cost, operational value, and risk. Pilot results should guide
whether AI tools are scaled, revised, delayed, or discontinued. This finding aligns
with federal AI guidance emphasizing the connection between governance, inno-
vation, and risk management, particularly for Al uses that may affect rights, safety,
or public trust. For professional practice, the recommendation is that business
leaders create a formal Al intake and pilot review process before approving enter-
prise wide adoption.

Another important contribution is the finding that workforce training, com-
munication, and change management are required for responsible Al adoption.
Participants described employees as both users and potential sources of risk. Sev-
eral participants noted that employees may apply personal AT habits in the work-
place without understanding organizational data restrictions, confidentiality risks,
or approved tool requirements. Others emphasized that employees may resist Al
restrictions unless leaders clearly explain that controls are designed to protect the
organization, employees, customers, and stakeholders. Business leaders should
therefore implement mandatory Al literacy training, acceptable use education,
scenario based learning, and recurring communication about approved tools and
prohibited uses. Leaders should also frame Al governance as an enablement strat-
egy rather than a barrier to productivity. This finding extends professional prac-
tice by showing that ethical Al adoption is not only a governance or technology
issue; it is also a workforce readiness and organizational change issue.

The final contribution is the finding that AI governance must be continuously
monitored, measured, and improved. Participants described surveys, usage track-
ing, customer satisfaction measures, A/B testing, quality dashboards, compliance
reviews, model performance tracking, policy revalidation, and sustainability con-
siderations as mechanisms for measuring Al effectiveness. This finding suggests
that organizations should treat Al governance as a living framework rather than a
static policy. Leaders should define measurable success criteria before implemen-
tation and revise policies as Al tools, risks, regulations, and organizational needs
evolve. This recommendation aligns with the responsible innovation framework,
particularly responsiveness, because leaders must adjust practices when new risks,
unintended consequences, or changing conditions appear (Stilgoe et al., 2013). It
also aligns with responsible Al guidance that emphasizes ongoing governance,
measurement, and risk management throughout the Al lifecycle.

For business and organizational leaders, these findings provide several action-
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able recommendations. First, leaders should establish an enterprise Al governance
structure before broad Al adoption. This structure should include executive spon-
sorship, legal representation, cybersecurity expertise, data governance leadership,
technical expertise, business unit input, and user representation. Second, leaders
should create an Al acceptable use policy that identifies approved tools, prohibited
tools, data restrictions, employee responsibilities, monitoring expectations, and
escalation procedures. Third, leaders should require data classification and data pro-
tection controls before Al tools are used with organizational information. Fourth,
leaders should use phased pilots and safe testing environments to validate Al use
cases before enterprise deployment. Fifth, leaders should require human oversight
for high-risk or sensitive Al use cases. Sixth, leaders should establish ongoing meas-
urement practices, including adoption metrics, output accuracy, user feedback, cus-
tomer impact measures, business value indicators, compliance reviews, and model
performance monitoring.

For the research scholar community, the findings provide an applied contribu-
tion by connecting the responsible innovation framework to real-world Al imple-
mentation practices. Responsible innovation includes the dimensions of anticipa-
tion, inclusion, reflexivity, and responsiveness (Stilgoe et al., 2013). The findings
show how these dimensions appeared in business practice. Anticipation appeared
through risk assessment, data governance, controlled pilots, and predefined suc-
cess criteria. Inclusion appeared through AI councils, stakeholder engagement,
user education, and cross-functional governance. Reflexivity appeared through
human oversight, ethical review, quality assurance, and recognition of AI limita-
tions. Responsiveness appeared through continuous monitoring, policy revalida-
tion, model drift monitoring, user feedback, and adaptive improvement. These
findings extend the research literature by showing how business leaders translate
responsible innovation principles into practical actions, routines, and controls.

Overall, the findings strengthen professional practice by offering a practical
model for safe and ethical AI adoption. Business leaders can use these findings to
move from fragmented experimentation toward disciplined Al governance. Ra-
ther than adopting Al solely for efficiency or productivity, leaders should evaluate
whether AI use is governed, secure, explainable, monitored, aligned with policy,
and beneficial to stakeholders. Organizations that implement governance, data
protection, human oversight, pilot testing, workforce training, and continuous im-
provement may reduce the risk of data exposure, improve accountability, increase
employee confidence, strengthen compliance readiness, and protect organiza-
tional trust. As Al technologies continue to evolve, organizations that embed these
strategies into their AI adoption processes will be better positioned to innovate

responsibly, manage risk effectively, and sustain stakeholder confidence.

6. Implications for Social Change

The findings of this qualitative pragmatic inquiry may contribute to positive social

change by encouraging business and organizational leaders to adopt Al in ways
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that are more transparent, equitable, accountable, and protective of stakeholders.
Participants emphasized that responsible Al adoption requires formal governance,
data protection, human oversight, controlled implementation, workforce training,
and continuous monitoring. These findings suggest that ethical Al adoption is not
limited to internal business performance. Instead, responsible AI practices may
influence individuals, communities, organizations, institutions, and broader society
because Al systems increasingly shape decisions that affect employment, healthcare,
finance, customer service, education, public services, and access to information.

At the individual level, the findings may support positive social change by help-
ing reduce harm caused by biased, inaccurate, or poorly governed Al systems. AI-
assisted decisions can affect people’s opportunities, privacy, access to services, and
trust in organizations. If business leaders implement the strategies identified in
this study, individuals may experience fairer and more transparent treatment in
Al-supported decisions. For example, formal governance, bias testing, human-in-
the-loop review, and quality assurance practices can reduce the likelihood that AI
systems will produce decisions based on incomplete, inaccurate, or biased data.
Similarly, stronger data governance and privacy protections can help prevent un-
authorized exposure of personal information, confidential records, and sensitive
data. These actions support social change by protecting individual dignity, pri-
vacy, fairness, and informed participation in technology enabled environments.

At the community level, the findings may contribute to more responsible and
inclusive use of Al systems. Communities are affected when organizations use Al
to shape access to services, employment opportunities, financial products, healthcare
support, or public-facing information. If leaders apply the findings of this study,
communities may benefit from Al systems that are more carefully governed, mon-
itored, and aligned with ethical expectations. Participants’ emphasis on stake-
holder engagement, workforce communication, controlled pilots, and continuous
monitoring suggests that responsible Al adoption can help organizations identify
unintended consequences before they create broader social harm. These practices
may also increase community trust because organizations that communicate clearly,
protect data, and maintain human accountability are better positioned to demon-
strate that Al is being used responsibly.

At the organizational level, the findings may promote positive social change by
encouraging leaders to move from informal AI experimentation to structured,
principle-based governance. Organizations help shape social norms through the
practices they adopt and reinforce. When organizations normalize Al governance,
privacy protection, human oversight, training, and continuous improvement,
they influence how employees and managers understand responsible innovation.
Over time, these practices may create organizational cultures in which Al adop-
tion is evaluated not only by speed, cost savings, or productivity but also by fair-
ness, accountability, transparency, and stakeholder impact. This shift may help
organizations become more trustworthy institutions and may reduce the risk of

ethical failures that damage employees, customers, and the public.
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The findings also have implications for institutions and professional practice.
Business leaders, professional associations, policy influencers, and industry groups
may use the findings to strengthen expectations for responsible Al adoption. High-
level Al principles are common across public documents and ethical frameworks,
but organizations often struggle to translate those principles into daily business
practices. This study contributes to social change by identifying practical strate-
gies leaders can use to operationalize ethical AI principles. These strategies in-
clude creating Al councils, developing acceptable use policies, protecting sensitive
data, requiring human review for high-risk use cases, piloting tools before scaling,
training employees, measuring Al performance, and revising policies as risks
evolve. These practices may help bridge the gap between broad ethical principles
and practical organizational action.

The findings may also inform policy conversations related to Al governance
and accountability. Although this study focused on business leader strategies, the
findings may be useful to policymakers and professional bodies seeking to under-
stand how organizations can implement ethical Al in practice. Participants de-
scribed several mechanisms that could inform broader policy development, in-
cluding risk assessment, vendor review, approved Al tool lists, data classification,
documentation, human oversight, employee training, and performance monitor-
ing. When organizations demonstrate feasible approaches to responsible AI gov-
ernance, those approaches may influence future standards, compliance expecta-
tions, and professional guidelines. In this way, the findings may support positive
social change beyond the participating organizations by contributing to broader
discussions about responsible technology governance.

For the research scholar community, this study may contribute to positive so-
cial change by advancing applied knowledge about how the responsible innova-
tion framework can be used in organizational AI adoption. The findings show how
anticipation, inclusion, reflexivity, and responsiveness appear in practice. Antici-
pation appeared through risk assessment, governance planning, data protection,
and pilot testing. Inclusion appeared through stakeholder engagement, Al coun-
cils, workforce communication, and user training. Reflexivity appeared through
human oversight, ethical review, and recognition of Al limitations. Responsive-
ness appeared through policy revalidation, monitoring, user feedback, and adap-
tive improvement. These findings may encourage future researchers to examine
how responsible innovation principles can be translated into practical strategies
across industries, organization sizes, and regulatory contexts.

Collectively, the implications for social change are tangible and multidimen-
sional. The findings may help leaders adopt Al in ways that protect individuals, sup-
port communities, strengthen organizational accountability, and inform broader
professional and policy practices. By promoting governance practices that reduce
bias, improve transparency, protect data, require human oversight, and support
continuous improvement, this study contributes to a more responsible model of

technological change. For business leaders, ethical Al adoption may become a
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pathway not only to improved organizational performance but also to greater
public trust, fairness, and social benefit. For the research scholar community, the
findings provide evidence that responsible innovation in Al is not only an abstract
framework but also a practical foundation for positive social change in contem-

porary business environments.

7. Directions for Further Research

The findings of this study contribute to the understanding of strategies used by
business leaders to develop and apply safe and ethical practices when adopting Al
technologies. However, several opportunities exist for future research to expand
upon these findings and further improve business practices. As Al continues to
evolve rapidly across industries, additional research is necessary to deepen under-
standing of how organizations can effectively balance innovation, governance,
and ethical responsibility (Stilgoe et al., 2013; Wirtz et al., 2023).

One recommendation for future research is to conduct studies across a broader
range of industries and organizational sizes. This study focused on leaders with
experience in Al adoption, many of whom operate within structured or regulated
environments. Future research could examine how small and medium-sized busi-
nesses implement ethical Al practices, as these organizations often have fewer re-
sources and less formal governance structures. Expanding the scope to include
diverse organizational contexts would provide a more comprehensive understand-
ing of how ethical Al strategies can be adapted across varying business environ-
ments (Creswell & Creswell, 2023).

Another area for future study is the longitudinal evaluation of Al governance strat-
egies. This study provides a cross-sectional view of leadership practices at a specific
point in time. However, Al technologies and associated risks continue to evolve. Lon-
gitudinal research could examine how organizations adapt their governance frame-
works over time and how the long-term effectiveness of ethical Al practices impacts
organizational performance, risk mitigation, and stakeholder trust. This aligns with
the need for continuous monitoring and adaptation emphasized in Al governance
frameworks (National Institute of Standards and Technology (NIST), 2023).

Future research should also explore the role of organizational culture in shaping
ethical Al adoption. While this study identified leadership strategies and govern-
ance practices, further investigation is needed to understand how organizational
values, employee behavior, and cultural norms influence the successful implemen-
tation of these strategies. Organizational culture has been identified as a critical
factor in technology adoption and ethical decision-making, particularly in envi-
ronments undergoing digital transformation (Schein, 2017).

Additionally, future studies could incorporate quantitative or mixed-methods ap-
proaches to complement qualitative findings. While this study provides rich, in-
depth insights into leadership strategies, quantitative research could measure the
effectiveness of specific Al governance practices, such as the impact of data govern-

ance policies, training programs, or human-in-the-loop controls on organizational
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outcomes. Mixed-methods approaches are particularly valuable in providing both
depth and generalizability in research findings (Creswell & Creswell, 2023).

Another important recommendation is to examine the role of emerging regu-
latory frameworks and policy developments in shaping organizational Al prac-
tices. As governments and regulatory bodies continue to develop guidelines and
requirements for Al use, future research could investigate how organizations in-
terpret, implement, and comply with these evolving standards. The increasing
global focus on AI ethics highlights the need for alignment between policy and
practice (Jobin et al., 2019).

The limitations identified in Section 1.4 of this study provide additional direc-
tion for future research. One limitation relates to the sample size and use of pur-
posive sampling, which may limit the generalizability of the findings. Future stud-
ies could address this limitation by increasing sample size and incorporating a
more diverse participant pool across industries, geographic regions, and organi-
zational roles. This would enhance the transferability of findings and provide a
broader perspective on Al adoption practices (Creswell & Poth, 2018).

Another limitation involves the reliance on self-reported data from partici-
pants, which may introduce bias or reflect subjective interpretations of organiza-
tional practices. Future research could address this limitation by incorporating
additional data sources, such as organizational documents, performance metrics,
or observational data, to triangulate findings and strengthen validity. Triangula-
tion is a widely recognized strategy for improving credibility in qualitative re-
search (Carter et al., 2014).

A further limitation relates to the rapid evolution of Al technologies, which may
affect the long-term relevance of the findings. Future studies can address this by
focusing on adaptable frameworks and continuously updating research to reflect
emerging technologies and practices. Researchers may also explore specific AI do-
mains, such as generative Al or autonomous systems, to provide more targeted

insights into evolving challenges and strategies (Floridi et al., 2018).

8. Limitations

This research project had a few limitations. The number of business leaders in-
cluded in the research project may have limited the generalizability of the findings
outside the participant group. Whilst purposeful sampling is suitable for a quali-
tative study, the views depicted may not encompass all strategies adopted in dif-
ferent industries or locations. The research project may be limited by the research

methodology and design used to conduct it.

9. Conclusion

The purpose of this qualitative pragmatic inquiry project was to identify and ex-
plore effective strategies business leaders use to develop and apply safe and ethical
practices when adopting Al technologies for use. The overarching research ques-

tion guiding this research project was: What effective strategies do business lead-
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ers use to develop and apply safe and ethical practices when adopting Al technol-
ogies for use? Data collected from semistructured interviews with nine business
and technology leaders revealed six major themes: structured Al governance and
policy development; data governance, privacy, and confidentiality protection; hu-
man oversight, AI constraint, and quality assurance; phased pilots, controlled ex-
perimentation, and use case prioritization; workforce training, communication,
and change management; and continuous monitoring, measurement, and adap-
tive improvement.

The findings of this research project suggest that organizational leaders seeking
to adopt Al safely and ethically should implement integrated governance systems
that combine policy, data protection, human accountability, controlled imple-
mentation, workforce readiness, and ongoing evaluation. Participants emphasized
that responsible AI adoption should not occur through informal experimentation
or isolated technical decisions. Instead, leaders should establish formal govern-
ance bodies, define acceptable use policies, protect sensitive data, limit AI author-
ity in high-risk contexts, test Al tools before scaling, train employees, and monitor
AT systems continuously. These strategies may help organizations reduce risks re-
lated to data exposure, biased outputs, unclear accountability, employee misuse,
poor decision quality, and loss of stakeholder trust.

The findings of this research project align with the responsible innovation frame-
work, which emphasizes anticipation, inclusion, reflexivity, and responsiveness.
Anticipation was reflected in participants’ emphasis on risk assessments, data gov-
ernance, phased pilots, and predefined success criteria before broad Al deploy-
ment. Inclusion was reflected in participants’ emphasis on Al councils, stake-
holder engagement, cross-functional governance, user training, and communica-
tion with employees and customers. Reflexivity was reflected in participants’ recog-
nition that AI systems have limitations and require human oversight, ethical re-
view, quality assurance, and validation. Responsiveness was reflected in partici-
pants’ emphasis on policy revalidation, continuous monitoring, model performance
tracking, user feedback, and adaptive improvement as Al tools and organizational
risks evolve.

Overall, the findings of this research project contribute to the body of knowledge
on responsible AI adoption by identifying practical strategies business leaders use
to translate ethical Al principles into organizational practice. The findings indi-
cate that safe and ethical Al adoption requires more than technical implementa-
tion or compliance language. Organizations that intentionally implement AI gov-
ernance, data protection, human oversight, controlled pilots, workforce training,
and continuous monitoring may be better positioned to innovate responsibly, man-
age risk effectively, improve employee confidence, strengthen compliance readi-
ness, and sustain stakeholder trust. As Al technologies continue to influence busi-
ness operations and decision-making, the strategies identified in this project may
help business leaders adopt Al in ways that are not only efficient but also ethical,

accountable, and socially responsible.
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