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OVERCOMING BARRIERS
TO ARTIFICIAL INTELLIGENCE ADOPTION

Vasyl Ivchyk’

Abstract. The purpose of this study is to explore the barriers to the successful implementation of Artificial
Intelligence (Al) in organizations, focusing on psychological, organizational, and ethical challenges. The aim is to
identify strategies to overcome resistance and foster trust, ensuring a seamless integration of Al technologies into
business operations. Methodology. The research is based on a comprehensive review of existing literature and
real-world examples. It employs a qualitative approach to analyze the root causes of resistance to Al adoption,
emphasizing psychological fears, organizational misalignments, and ethical concerns. Strategic frameworks and
best practices are proposed to address these challenges effectively. Results. The findings reveal that psychological
resistance arises from fears of job displacement and mistrust in Al systems, while misaligned strategies and cultural
inertia drive organizational resistance. Ethical concerns such as bias, accountability, and privacy violations exacerbate
resistance. Strategies such as fostering transparency, aligning Al initiatives with business goals, implementing
robust governance, and addressing ethical challenges can significantly reduce resistance and enhance Al adoption.
Practical Implications. The study provides actionable insights for business leaders and policymakers to mitigate
resistance to Al implementation. By fostering transparency, offering training programs, and ensuring ethical
compliance, organizations can build trust among stakeholders. Legal measures and stakeholder engagement are
highlighted as critical components for long-term success in Al integration. Value / Originality. This research offers a
holistic framework for addressing resistance to Al adoption, integrating psychological, organizational, and ethical
dimensions. By bridging gaps between theory and practice, it provides unique insights to support organizations
in leveraging Al's transformative potential while ensuring alignment with societal and ethical values.
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1. Introduction

The current business environment is progressing
fast, presenting organizations with constant challenges
to maintain a competitive advantage. Leaders and
companies continually seek innovative solutions to
enhance operational efficiency, leverage data-driven
insights, integrate Deep Learning (DL) technologies, and
increase overall productivity. In this context, Artificial
Intelligence (AI) has emerged as a transformative force
capable of reshaping the foundational principles of
business management (Thomason, 2018).

The swift progress in computer-based technologies is
revolutionizing various sectors, with healthcare at the
forefront of this transformation. Digital innovation is
driving advancements in healthcare, offering tools and
methods that improve diagnostic precision, enhance
clinical outcomes, and ensure the comprehensive
management of patient records over time. Among
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these technological innovations, Al stands out for its
ability to redefine healthcare practices, particularly
through methodologies like Machine Learning (ML)
and DL.

Al techniques are employed to predict and
diagnose a variety of diseases, especially those
requiring complex image or signal analysis.
Furthermore, Al can identify specific demographic
groups or environmental conditions prone to certain
illnesses or risky behaviours, making it an invaluable
tool for preventive healthcare. For example, facial
recognition technology exemplifies Al's functionality
through an encoder-decoder process, where the
encoder compresses facial data into a simplified, low-
dimensional format, and the decoder reconstructs it
into a recognizable image.

Machine Learning has demonstrated exceptional
capability in analyzing medical images due to
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advanced algorithms that enable automated feature
extraction. These ML approaches are broadly classified
into three categories: supervised learning, which
involves tasks like classification and regression for
predictions; unsupervised learning, which includes
clustering and association to identify patterns in
data; and reinforcement learning, where systems
learn through trial and error or by observing expert
demonstrations.

Al fundamentally differs from human intelligence
in its focus on data processing, pattern recognition,
and automation. In contrast, human intelligence
encompasses intricate cognitive skills, such as abstract
reasoning, communication, problem-solving, learning,
and comprehension. Moreover, humans possess
emotional capacities — such as empathy, love, happiness,
fear, and embarrassment — that Al cannot replicate.
Human intelligence also integrates creativity, common
sense, and curiosity, enabling unique approaches to
problem-solving and decision-making that involve
sensory perceptions, memories, and emotions.

Artificial General Intelligence (AGI), a specialized
area within Al, goes a step further by generating entirely
new outputs from a wide range of multimodal data
sources, including text, images, audio, video, molecular
structures, and chemical compositions (Shmatko &
Ivchyk, 2023).

This technology falls within the broader domain
of Al, emphasizing the ability of machines to learn
and make decisions based on inherent data patterns.
Deep Learning, a highly advanced subset of ML,
uses neural networks inspired by the structure of the
human brain to process extensive datasets, enabling
systems to derive insights and learn autonomously
from the information they analyze.

2. Transforming Communication
with NLP and LLMs

Natural Language Processing (NLP) and Large
Language Models (LLMs) have become indispensable
tools in modern AI applications, fundamentally
transforming how machines interact with humans.
As advanced deep learning technologies, LLMs have
bridged the gap between computer science, linguistics,
and artificial intelligence by enabling computers
to comprehend, interpret, and generate text that
closely mimics human communication. These
models leverage the vast capabilities of NLP to
address complex language-based tasks, including
speech recognition, language translation, and content
generation.

NLP's impact extends beyond simple interactions,
becoming crucial in domains that require processing
and analyzing vast amounts of textual information.
For example, in customer service, NLP-powered
chatbots can respond to inquiries in real time,

providing human-like assistance while reducing
operational costs. Similarly, in content creation,
LLMs assist writers by generating drafts, suggesting
improvements, and even creating contextually relevant
material from scratch. These advancements have
streamlined workflows and increased efficiency across
industries (Kanade, 2022).

In healthcare, NLP plays an essential role in managing
and categorizing clinical documentation. Medical
professionals often deal with vast amounts of structured
and unstructured data, ranging from transcribed
physician notes to complex diagnostic records. NLP
simplifies this process by extracting meaningful
insights, standardizing terminologies like drug names,
and categorizing medical data for further analysis.
Such automation not only enhances the accuracy
of administrative tasks but also frees up time for
healthcare providers to focus on patient care.

Another significant contribution of NLP in
healthcare is its role in predictive analytics.
By analyzing patient records, symptoms, and other
unstructured data, NLP systems help clinicians identify
potential health risks and suggest proactive measures.
For instance, NLP algorithms can parse electronic
health records (EHRs) to identify patterns indicative
of chronic diseases or early-stage conditions, enabling
timely interventions.

The ability of NLP systems to work with
unstructured data makes them ideal for applications
requiring a deep understanding of context. Unlike
earlier rule-based approaches, modern LLMs leverage
vast datasets to understand the nuances of language,
including idioms, cultural references, and domain-
specific jargon. This ability to contextualize and
infer meaning has made LLMs indispensable in fields
such as legal document review, academic research,
and technical writing.

NLP is also pivotal in global communication,
breaking down language barriers through advanced
translation tools. Modern NLP systems powered by
LLMs can translate texts between multiple languages
with remarkable fluency and accuracy, making
international collaboration more accessible than
ever. These tools have transformed industries like
e-commerce, where accurate translations ensure clear
communication between businesses and their global
customer base.

The scalability of NLP systems is another hallmark
of their success. With improvements in computational
hardware, NLP models have grown in size and
complexity, enabling them to handle increasingly
large datasets. This scalability has positioned LLMs
as essential components in applications such as
real-time speech recognition, which demands both
speed and accuracy. For example, virtual assistants
like Siri and Alexa rely on NLP to provide contextual
responses and carry out user commands seamlessly.
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In addition to their functional applications,
NLP systems contribute to advancing Al's ethical
considerations by addressing biases in language models.
Research efforts focus on developing frameworks
to detect and mitigate biases, ensuring that NLP
models produce fair and unbiased outcomes. These
developments are particularly critical in sensitive
areas such as hiring, where algorithmic decisions can
significantly impact individuals' lives.

The integration of Al in the prior-authorization
(PA) process represents a significant advancement
in healthcare. The PA automation engine utilizes
natural language processing (NLP) and classification
algorithms to predict the likelihood of success for
various medical procedures. This system assesses the
complexity of each request and provides decision-
making support through dynamic rules, which adjust
based on the level of complexity. These rules are
designed to ensure that approval decisions are made
with a high degree of confidence, often reaching
final or nearly final status. The process includes
manual reviews by medical directors to validate
results, ensuring accuracy and safety.

Predictive modeling and decision-support systems
in healthcare are crucial for personalized medicine.
They allow for tailored interventions based on
individual patient characteristics, predicting risks, and
determining the most effective treatment strategies.
This predictive capability enhances the precision
of surgical procedures, minimizes complications,
and optimizes patient recovery. The use of Al in this
context not only strengthens surgical care but also

Current workflow
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emphasizes the role of Al in advancing personalized
healthcare, making treatments more precise and
patient outcomes more favorable.

The workflow for PA involves several steps: from
triage and assessment of the PA request complexity
to integration with member eligibility and insurance
plan data. NLP analyzes both structured and
unstructured clinical text, including transcribed notes
from EHRs, to enhance decision-making accuracy.
This information is processed through an ensemble of
algorithms, achieving decision-making accuracy that
matches or exceeds manual review standards. Al also
draws from member interactions captured through
various channels to refine decision-making further.

This processed information will be integrated into
a combination of algorithms aimed at achieving
decision-making accuracy that meets or surpasses
the standards of manual reviews. Additionally,
the AI decision-making process can be refined
by incorporating data from member interactions
captured at call centers, through email, or via the
payer's mobile app when available.

However, resistance to Al in healthcare, including
cognitive and behavioural forms, remains significant.
Cognitive resistance involves misunderstandings
and fears about Al's role, often due to a lack of
transparency in how decisions are made. This can lead
to scepticism about Al's accuracy and the potential
loss of human control over decision-making processes.
To mitigate this, it’s essential to provide clear,
accessible information on Al functions, emphasizing
its role as an assistant to human decision-makers
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Figure 1. The current prior-authorization workflow with lots of manual steps

Source: (Shahed et al.,, 2022)
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Figure 2. Al-enabled workflow
Source: (Shahed et al., 2022)

rather than a replacement. Behavioural resistance,
meanwhile, may manifest as a refusal to adopt
Al tools or passive resistance, such as delays in
implementation. Addressing these challenges requires
a focus on training, gradual integration, and showcasing
AT’s benefits through real-world examples and success
stories.

These insights reflect the ongoing development
and challenges in implementing AI in healthcare,
particularly in streamlining processes like prior
authorisation. The combination of predictive
modelling, decision-support systems, and NLP-
based analysis is paving the way for more personalized
and effective healthcare, but it also highlights the
need for strategies to overcome resistance to Al’s
integration into clinical workflows.

In summary, NLP and LLMs have ushered in a new
era of human-machine interaction, redefining how
language is processed and utilized in diverse fields. By
enabling machines to understand and generate human-
like language, these technologies continue to push the
boundaries of Al, delivering transformative solutions
that enhance efficiency, accuracy, and accessibility
across industries.

3. Overcoming Cognitive Resistance
to Al Implementation

Despite its significant potential, the implementation
of AI often encounters substantial resistance.
Understanding the roots and dynamics of this resistance
is crucial for successful Al integration and maximizing
its advantages. Resistance to Al can manifest in
multiple forms, including cognitive, behavioural,
and organizational barriers. These challenges are
influenced by a complex interplay of psychological,
cultural, and ethical factors. By delving into these
aspects, businesses and stakeholders can develop
strategies to mitigate resistance, foster acceptance,
and ensure that AI implementations are both
effective and sustainable. This analysis explores the

Process

various dimensions of resistance to Al, providing
a comprehensive understanding of why such resistance
occurs and how it can be addressed. Drawing on
scholarly research and real-world examples from
2019 to 2023, this analysis aims to equip leaders
with the insights necessary to navigate the challenges
associated with Al adoption.

Resistance to Al refers to the reluctance or
opposition encountered when introducing Al
technologies within an organization or society.
This resistance can stem from various sources,
including fear of job displacement, mistrust of Al
systems, ethical concerns, and cultural barriers. Unlike
resistance to change in general, Al-specific resistance
often involves unique factors related to the nature
of Al technologies, such as their perceived complexity,
lack of transparency, and potential to alter fundamental
job roles (Barocas et al., 2019). Cognitive resistance
involves the mental barriers individuals have
towards understanding and accepting AL It includes
misconceptions about Al capabilities, fear of the
unknown, and scepticism about Al's effectiveness.
Al often introduces changes that are complex and
poorly understood by the general public or even
by those in relevant industries. People are naturally
inclined to resist changes that introduce uncertainty.
This can stem from evolutionary instincts where the
unfamiliar could be seen as a potential threat.

When AI systems make recommendations or
change processes, it can feel intimidating or even
alarming to some, as these systems are often seen
as "black boxes" that produce results without clear,
visible reasoning. This lack of transparency makes it
harder for people to trust and accept the technology.
One primary area of cognitive resistance stems from the
idea that AI might take away human control. When Al
systems start making decisions that affect individuals’
lives — such as hiring, medical diagnoses, or financial
advice — people may feel their autonomy is being
undermined. Cognitive resistance also stems from AT’s
perceived "invasiveness” in areas previously managed
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by humans. This can lead to a sense of helplessness or
frustration when decisions that were once transparent
and under human control become obscure and
algorithm-driven. People tend to focus on negative
information about Al, particularly if it reinforces
pre-existing fears or beliefs about technology.
For instance, news about job loss, privacy invasions,
or Al malfunctions often receives significant media
attention, feeding into fears that reinforce cognitive
resistance. Cognitive resistance is often compounded
by confirmation bias, where individuals seek out
information that confirms their scepticism about AL
This selective information gathering can lead to
entrenched resistance, as people accumulate only
evidence that aligns with their negative views. Some
forms of cognitive resistance arise from ethical
considerations. Many people are uncomfortable
with the idea of machines making morally significant
decisions - especially in areas like law enforcement,
military, and healthcare. The resistance also stems
from the application of human-centric ethical
frameworks to machines. People often project human
values onto Al and expect it to follow human moral
standards, but machine logic doesn’t necessarily align
with these values, leading to cognitive dissonance and
resistance (Bond, 2024).

Cognitive resistance also involves intellectual
defensiveness, particularly among those in knowledge-
intensive fields. Professionals like lawyers, doctors,
and analysts may resist Al due to its perceived
encroachment on their expertise. The introduction of
Al into these fields can diminish the perceived value
of their skills and knowledge, prompting a defensive
response. The perceived complexity and opacity of
Al systems can further contribute to resistance, as
people fear that they lack the expertise to fully
understand or control AI technologies. Cognitive
resistance is also linked to scepticism about AIs
reliability, especially when errors, biases, or inaccuracies
are reported in the media. These stories reinforce the
idea that Al is prone to mistakes and that it should
not be trusted for tasks that require human
judgment. This scepticism is often rooted in
alack of understanding about how Al systems work and
their limitations. To reduce cognitive resistance,
organizations can provide clear, accessible information
about AI's functions and implications and address
psychological concerns around job security and
biases. Creating a culture of openness and continuous
learning helps individuals become more comfortable
with the changes AI brings. Moreover, explaining
how AI algorithms work, making AI processes more
transparent, and offering a breakdown of decisions
can help mitigate resistance. Introducing Al gradually
and in less sensitive areas allows people to adjust
and build familiarity and trust. Sharing examples of
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how AI has positively impacted jobs, healthcare, and
other sectors can help counter cognitive biases.

Behavioral resistance is manifested through
actions; this type of resistance includes active
opposition, such as refusing to use Al tools, and passive
resistance, like delaying adoption or even sabotaging
Al initiatives. Many employees exhibit resistance to
Al because they fear it will make their roles redundant.
Research indicates that employees often resist Al
integration in settings where they feel that Al might
replace their tasks or their decision-making authority.
For instance, in healthcare, there is concern that
Al diagnostic tools might reduce the need for certain
roles, especially if these tools become more accurate
over time. This fear may lead employees to undermine
or resist using AI tools altogether, regardless
of their potential benefits (Chen et al, 2020).
Behavioral resistance also stems from a perceived
loss of control. Employees may resist Al if they
believe it diminishes their autonomy or encroaches
on their professional judgment. For example,
in healthcare, clinicians sometimes worry that
Al-driven recommendations may limit their decision-
making power or that reliance on algorithms could
erode the personal aspect of patient care. This concern
may be particularly strong among professionals
accustomed to high levels of independence in their
decision-making, as AI could feel like an intrusion
on their expertise. Moreover, there are ethical
implications associated with AI. Employees may
feel uncomfortable with the potential for AI to
make ethically ambiguous decisions, especially if
these decisions lack transparency. This is evident in
healthcare, where professionals may fear that using
Al in patient diagnosis and treatment could shift
accountability, making it unclear who is responsible
for mistakes or misdiagnoses. Furthermore, many
individuals express concern over the "black box"
nature of Al algorithms, which can lead to mistrust
and hesitancy in adopting these technologies fully
(Greenhalgh et al., 2017).

4. Overcoming Behavioral Resistance
to Al Implementation

Behaviouralresistance canalso emerge from challenges
in adaptation. The adoption of new AI technologies
often requires significant behavioural changes,
including acquiring new skills, adjusting to different
workflows, and overcoming any lack of confidence
in using advanced tools. For example, integrating
machine learning models into clinical workflows may
necessitate doctors and nurses interpreting algorithmic
outputs, which can be overwhelming and lead to
resistance if they don't receive adequate training and
support (Kaplan et al.,, 2019).
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Another area of behavioural resistance involves
anxiety about human-machine collaboration. Some
employees are uneasy about working alongside
intelligent systems, fearing that AI might surpass
human abilities or disrupt workplace dynamics.
This anxiety is particularly pronounced in roles that
require complex decision-making and empathy, such
as healthcare, where the presence of Al might make
professionals feel inadequate or irrelevant, even
though AI is meant to support rather than replace
human work (Floridi et al., 2018).

Managing behavioural resistance to Al in the
workplace necessitates a multi-faceted approach that
addresses employees' concerns, builds trust, and
prepares them for the changes ahead. A key strategy
is transparent communication, where organizations
openly explain the purpose of Al and how it will
impact roles, which can help reduce fear and foster
trust. Actively involving employees in the Al adoption
process, especially during the planning and testing
phases, can also reduce resistance, providing a
sense of ownership and control. Providing targeted
training and skill development helps employees
feel more competent and less threatened by AlI,
particularly when they see Al as enhancing rather
than replacing their roles. Addressing ethical and
accountability concerns through clear guidelines
around Al use and responsibility makes employees feel
secure about how AI decisions are made and managed.

Showcasing Al success stories and tangible benefits
from similar industries or pilot programs can help
employees understand the real-world value of Al
building enthusiasm and reducing fear. Encouraging
a culture of continuous learning helps employees
stay adaptable and view Al as a tool for personal and
professional growth. Implementing AI gradually
and offering strong support structures, such as
technical help or dedicated AI champions within
teams, allows employees to adjust at a manageable

pace. These approaches collectively help minimize
behavioural resistance, creating a smoother transition
and fostering a more supportive environment for
Al integration.

Organizational resistance encompasses structural
and cultural barriers within organizations that
impede AI adoption. This resistance includes a lack
of leadership support, inadequate training programs,
and organizational inertia. It often arises from deep-
seated concerns, both structural and cultural, within
companies, such as reluctance to invest in Al tools,
fear of job displacement, or lack of buy-in from
leadership or employees. Key drivers of organizational
resistance include difficulties in altering traditional
workflows, the complexity of integrating AI into
existing systems, and the potential disruption of
established power dynamics within a company. Leaders
play a critical role in addressing these barriers by
cultivating a culture of adaptability, transparency, and
collaboration, where Al is viewed as a partner rather
than a replacement for human work.

A conceptual model was developed to understand
the impact of resistance to change on Al readiness. This
model highlights the roles of task-oriented leadership
and High-Performance Work Systems (HPWS) in
this dynamic. It posits that employee resistance to
change can influence Al readiness, with task-oriented
leadership as a mediator and HPWS as a moderator.
The model outlines five hypotheses (HI-HS).
HI states that resistance to change significantly impacts
Al readiness. H2 suggests that resistance to change
significantly affects task-oriented leadership. H3 posits
that task-oriented leadership influences Al readiness.
H4 indicates that task-oriented leadership mediates
the relationship between resistance to change and Al
readiness. Finally, HS notes that a High-Performance
Work System (HPWS) moderates the relationship
between resistance to change and task-oriented
leadership, strengthening the relationship.

H1

Resistance to -
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H4 - _))
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Figure 3. Research framework for resistance to change

Source: (Cai et al,, 2023)
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This conceptual framework provides insights into
how resistance to change, leadership approaches, and
organizational systems interact to shape the readiness of
an organization to adopt AL

5. Conclusions

To conclude, the integration of Al into industries is
transforming how we operate, but it faces significant
resistance. Overcoming these barriers requires
a comprehensive strategy addressing AI adoption’s
psychological, organizational, and ethical dimensions.

Resistance to Al often stems from mistrust,
primarily due to the perceived lack of transparency
in decision-making and concerns about potential
biases or errors. Building trust among users involves
promoting transparency, providing control over
Al interactions, and ensuring systems are explainable.
This  fosters  confidence and  accountability,
aligning with ethical standards and enhancing user
satisfaction. The fear of obsolescence is a major
obstacle as well. Organizations need to highlight
how AI can augment human roles rather than replace
them. Initiatives such as reskilling programs and

Vol. 5 No. 4, 2024

clear communication about AI’s role are crucial to
alleviate these fears.

Organizational resistance often arises from
structural inertia, a lack of readiness, and a disconnect
between Al strategies and business objectives. Leaders
must cultivate a culture of innovation, ensure robust
data governance, and align Al projects with strategic
goals to facilitate a smooth integration process.
Ethical concerns, particularly around data privacy and
algorithmic bias, require strict governance frameworks.
Conducting data protection impact assessments and
adhering to regulatory requirements can mitigate
risks and maintain accountability. Engaging actively
with stakeholders — employees, customers, regulators,
and the community - is vital. Collaborative decision-
making and transparent communication are key to
building consensus and reducing resistance.

Al implementation is not a one-time event but an
ongoing process. Regular system audits, feedback,
and refinements are essential to address emerging
challenges and sustain trust over time. Companies
can unlock Al's transformative potential by taking a
holistic approach to resistance while ensuring it aligns
with ethical standards and societal values.
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