FLORIDA INTERNATIONAL UNIVERSITY

Miami, Florida

MOVING TOWARDS A HIGHER ADOPTION RATE OF ARTIFICIAL
INTELLIGENCE AND MACHINE LEARNING TECHNOLOGIES: WHAT ARE
THE FACTORS CONTRIBUTING TO THE PERCEPTION OF US FIRM
ORGANIZATIONAL READINESS IN ADOPTING ARTIFICIAL INTELLIGENCE

(AT) AND MACHINE LEARNING (ML) TECHNOLOGIES

A dissertation submitted in partial fulfillment of

the requirements for the degree of

DOCTOR OF BUSINESS ADMINISTRATION

by

Kevin Dwayne Brown

2024



To: Dean William G. Hardin
College of Business

This dissertation, written by Kevin Dwayne Brown, and entitled Moving Towards A Higher
Adoption Rate of Artificial Intelligence Technologies: What Are The Factors Contributing
To The Perception of US Firm Organizational Readiness In Adopting Artificial Intelligence
(AI) and Machine Learning (ML) Technologies, having been approved in respect to style
and intellectual content, is referred to you for judgment.

We have read this dissertation and recommend that it be approved.

Hemang Subramanian

Arijit Sengupta

Robert Rodriguez

George Marakas
Date of Defense: May 23, 2024 Major Professor

The dissertation of Kevin Dwayne Brown is approved.

Dean William G. Hardin

College of Business

Andrés G. Gil

Senior Vice President for Research and Economic
Development and Dean of the University Graduate
School

Florida International University, 2024

il



© Copyright 2024 by Kevin Dwayne Brown

All rights reserved.

iii



DEDICATION

This research is dedicated to all business leaders, theorists, applied researchers and
technologists who find the adoption and utilization of Artificial Intelligence and Machine
Learning as fascinating as I do. It is my hope that this research contributes to the business
domain and sheds light on the importance of understanding and embracing these
technologies rather than fearing them. We technologist and newly trained researchers
have the responsibility to lead the charge in the development of new opportunities to help

our customers develop new insights, processes, and services to increase revenues.

v



ACKNOWLEDGMENTS

This research would not be possible without the support of my wife, children, family, and
friends. Thank you all for allowing me to pursue my lifelong dream of earning my

Doctorate Degree. For my family, I especially thank you for your support over the past 3
years of missing family gatherings, birthdays, and other important family events. It is my
hope that I will make you proud of my efforts as I attempt to create additional knowledge

in this new world of Artificial Intelligence and Machine Learning.

I must thank my FIU professors, FIU administrative team, my cohort and others who

have been my support structure without which this work would not be possible.

I want to extend a special thanks to my dissertation committee chair, Dr. George
Marakas, for his patience, toughness, understanding and guidance as I completed this

research study through one of the most difficult times of my life.



ABSTRACT OF THE DISSERTATION

Moving Towards A Higher Adoption Rate of Artificial Intelligence Technologies:
What Are The Factors Contributing To The Perception of US Firm Organizational
Readiness In Adopting Artificial Intelligence (AI) and Machine Learning (ML)
Technologies
by
Kevin Dwayne Brown
Florida International University, 2024

Miami, Florida

Professor George Marakas, Major Professor

As we enter the era of widespread Artificial Intelligence (AI) and Machine

Learning (ML) technology adoption, businesses, and individuals, regardless of size, are

being overwhelmed with invitations to adopt and incorporate these advanced technology

constructs into their daily operations. Before any individual or entity can truly embrace

Al or ML, they first must have a thorough understanding of the technology and their

firms’ position on adoption.

The primary purpose of this research is to help firms assess and understand their

perceived readiness to adopt Al and other advanced technologies. It also serves as a

reference framework for the future development of a measurement instrument to help

firms with adoption readiness assessments. This research is more organizational behavior

centered and sits at the intersection of Organizational Behavior, Change Management and

Technology Adoption.
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This research study is an extension to several well-known theories and
technology adoption frameworks including Theory of Diffusion of Innovations
(DOJ) (Firm Level) (Rogers, 1995), Theory of Planned Behavior (TPB) (Ajzen,
1991), Technology Adoption Model2 (TAM2) (Individual Level) (Morris, Davis,
& Davis, 2003), Organizational Readiness for Change Theory (Weiner B. J.,
2009) and others. This study extends the aforementioned theories and frameworks
by infusing a modern approach to include firm level factors of leadership and
employee attitudes, cultural constraints, competitive needs, and digital and

transformation management intensity.

This study is timely because it can serve as a deterrent to prevent
companies from attempting to adopt Al and other advanced technologies without
a strategic roadmap.

Several well-known failures of Al technology implementations have been
disclosed that resulted in significant financial loss and reputation damage to
companies including IBM, Amazon, Microsoft, and Apple (Lexalytics, ). Many
of these failures followed similar patterns and failed primarily due to a lack of

organizational level cohesiveness to a solid adoption framework.

Lastly, this study determined that Strategic Agility, Knowledge
Absorption Capacity, Data Driven Decision Making Capabilities, Competitive
Need/ Advantage, Digital Intensity and Transformation Management Intensity
were factors that influenced a firm’s perception of Al and ML technology

adoption readiness.
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INTRODUCTION

Problem Statement

Many scholars and industry experts agree that we as a global economy are well into what
is termed the Fourth Industrial Revolution. Table 1 below outlines five Industrial Revolutions,
according to the Regenesys Business School (School, 2020). Each Industrial Revolution has two
components. The first is the creation of new technology — for example, the invention of the steam
engine. The second is a change in production brought about by the technology — for example, the
introduction and utilization of the automated production and assembly lines. The Fourth
Industrial Revolution, also known as the Age of Digitization, is defined as the development of
Robotics, Al, the Internet of Things (IoT), Genetic Engineering, Quantum Computing,
Augmented and Virtual Reality and is believed to have started in the year 2000, immediately
following the .com boom and bust of the late 1990°s. The term “The Fourth Industrial
Revolution” was first credited to Klaus Schwab, the founder of the World Economic Forum

during a meeting in Davos Switzerland in 2016.



Figure 1: Industrial Revolutions
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I propose that we are entering the early stages of the Fifth Industrial Revolution,

characterized by profound and intricate collaboration between humans, machines, and
awareness, as defined by (School, 2020). In the Article — The Fifth Industrial Revolution: where
mind meets machine (Noack, 2021), the author makes the case that revolution thrives and
operates in the background due to advanced technologies including the internet and cloud or
computing platforms. These advanced technologies allow for devices connectivity and less
personalized engagement with the background computing platforms. These platforms include
Internet of Things (IoT) that connect other devices like smart appliances, autonomous vehicles,
and others (MARJANI, 2017). The Fifth Industrial Revolution will make the connection between
human and machine much closer and more seamless by using brain-computer interfaces to

replace our current connectivity through our smart devices. It is because of this seamless



connectivity that in comparison to the first Three Industrial Revolutions, both the Fourth and
Fifth Industrial Revolutions will have the greatest positive impact on the daily lives of

individuals and the financials of business consumers in the history of our planet.

The proliferation and adoption of Artificial Intelligence, Machine Learning and other
Advanced Analytics technology constructs over the past 15 years has had some of the most
profound impacts on the profitability and productivity of some of the world’s largest companies.
For many businesses, such as Microsoft, AWS, FedEx, Wal-Mart and many others, the adoption
of these advanced technologies has taken off like a rocket. By allowing consumers and
businesses to complete tasks ranging from the mundane to the most complex with relative ease
and with improved accuracy, efficiency and effectiveness, the need to understand the motivators
for adopting and utilizing these constructs is of critical importance to the continued proliferation

of these advanced technologies and related applications.

Although many entities show interest in Al and ML technologies, the question of whether
firms are prepared to adopt these advanced technology constructs is often overlooked at the firm
level. Given the more recent focus on large language models available for use via webservice,
this research will help companies improve their perception of readiness to adopt Al/ ML
technologies.

Significance of the Problem

The potential for US Business consumers to take advantage of these epic advances in the
utilization of Al brings to light key questions related to technology preparedness and adoption
proclivities. Many industries are experiencing an explosion in the need to take advantage of these

advanced technologies, however the growing demand for highly skilled professionals could have



a negative or slowing effect on the usage of advanced analytics capabilities. Workforce and
shortages of highly skilled technology labor has been identified as one of the most important

factors in the continued adoption of these advanced technology constructs (Will Markow, 2017).

The pace of innovation is driving many US Businesses to reshape their business models
and go to market strategies to utilize the advances in Data Science, and advanced technologies
(Neha Soni, 2019). The desire to infuse Artificial Intelligence into the various business domains
can have a direct positive impact on existing business operations and can also be the catalyst for
the creation of new products and services. This pace of innovation can also provide a
reciprocating effect and help drive the development of a comprehensive Al adoption strategy for

the US Business consumer.

Companies that are looking to create new products and services may be ideal candidates
to consider the capabilities of utilizing Al and ML. Products and services such as Facial
Recognition, Speech-To-Text and Digital Assistance like Siri, Google Assistant and Cortana
were some of the more well-known core Al and ML products and services. What we are seeing
now is that many more products and services are being developed and created utilizing these
initial services. In the theory of the growth of the firm, the argument is made that as soon as
physical resources are purchased externally for their known services and become part of a

company, the range of services they are capable of yielding starts to change. (Penrose, 1959)

Research Gap

Al/ ML technologies are being developed at a much more rapid pace than any other

technology construct in history. As such, traditional adoption models may not support the needs



of organizations in today’s rapidly changing business environments. Organizations must have a
framework that can be used to measure firm -level readiness to adopt technology constructs that
are more adaptative. In addition, this framework needs to allow for faster and more robust
assessment of firm readiness based on key variables conducive for the adoption of these newer,
more disruptive technologies.

From Five-Factor model personality traits (Tim Barnett, et al) (Tim Barnett, 2015)
suggests “Further research involving employees may provide additional insights into how
personality impacts intentions to use, as well as perceived and actual us. This research study
includes investigating how personality impacts perception of readiness to adopt Artificial
Intelligence and Machine Learning constructs for US Firms.

Research Questions

In order for US business consumers to continue leveraging these technological
advancements, we must have a baseline understanding of the motivations for companies to
perceive their readiness in adopting these technologies This study is focused on providing
answers to the following question: What are the factors contributing to the perception of
organizational readiness in adopting Artificial Intelligence and Machine Learning

technologies for US firms?

This research study is centered on understanding the perception of organizational
readiness in adopting Artificial Intelligence (AI) and Machine Learning (ML) technology
constructs and understanding the potential impact on US Businesses. The fundamental purpose
of this study is to better understand at a more granular level firm readiness and to identify the
drivers that will influence the adoption of aforementioned advanced technology constructs for

American business consumers.



Research Contributions

Understanding why business users and consumers are willing to adopt advanced
analytical tools and software across multiple industry sectors, will be an extremely lucrative
opportunity for manufacturers, distributors, technology consultants and industry and technology
solution providers. Additionally, there has been a tremendous uptick in the number of Al-First
companies whose focus is on establishing AI/ ML and other advanced technology constructs as
viable solution platforms. Companies like Abacus.Al, Landing.Al and many others have been
created over the past 8 years and have been extremely profitable in helping companies educate,
empower, and implement Advanced Analytics platforms and solutions that have led to increased

profitability and capital markets investment returns never before seen in this country.

One of the most important challenges senior business executives face is driving and
managing digital transformation across their respective organizations (Intelligence, 2023). In this
analyst report outlined in Figure 2, 53% of the respondents listed driving digital transformation
as being their number one challenge. Given the rapid development and release of Artificial
Intelligence and Machine Learning tools and capabilities, many executives are desperate to grasp

and understand technologies that can help them in their digital transformation journey.



Figure 2: Senior Executive Challenges

Challenges Senior Executives Worldwide Face
Today, Jan 2023
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Source: SAS, "Resiliency Rules Report,” March 27, 2023
1390 eMarketer | Insiderintelligence.com

The widespread accessibility of data has led to growing need for a new class of
professionals with the expertise in data analysis, ML and Al (Will Markow, 2017). Burning
Glass, a human-capital analytics firm projected that by 2020 the number of positions for data and
analytics talent in the United States will increase by 364,000 openings to 2,720,000. To address
the talent gap, both workforce development and higher education need to expand their focus
beyond just data scientists. They should aim to cultivate skills for various roles such as data
product developer, data engineer, data privacy and security specialist, and data governance and

lifecycle expert. This broader approach will contribute to narrowing the talent gap.



Data is the constant that will have the greatest impact on all careers. Academia is not

exempt and needs to ensure data literacy for all students regardless of major or field. (Will

Markow, 2017)

Figure 3: Future Jobs Survey 2018, World Economic Forum
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demand in another.

LITERATURE REVIEW

This literature review follows a narrative approach with search strategy, where the researcher
explores the impact of Artificial Intelligence and Machine Learning technologies by reviewing
peer reviewed and non-peer reviewed publications and references. Existing theories, models and
frameworks have been reviewed to discover if newer theories and conceptual models are needed

to address the modern era of information technology adoption.



This research model aims to add to existing theories and concepts. It also borrows concepts

from well-known theories including:

1. Technology-Organization-Environment (TOE) framework (Firm Level) (Dwivedi,
Wade, & Schneberger) and (Eveland & Tornatzky, 1990)

2. Theory of Diffusion of Innovations (DOI) (Firm Level) (Rogers, 1995)

3. Theory of Planned Behavior (TPB) (Ajzen, 1991)

4. Growth of the Firm (Penrose, 1959)

5. Technology Adoption Model (TAM) (Individual Level) (Davis, Bagozzi, & Warshaw,
1989)

6. Technology Adoption Model2 (TAM?2) (Individual Level) (Morris, Davis, & Davis,
2003)

7. Unified Theory of Acceptance and Use of Technology (UTAUT) — (Individual Level)

(Venkatehs, 2022)

Theoretical or Practical Foundation for this Research

The potential for US Business consumers to take advantage of these epic advances in the
utilization of Artificial Intelligence (AI) and Machine Learning (ML) brings to light key
questions related to technology preparedness and adoption proclivities. Many industries are
experiencing an explosion in the need to take advantage of these advanced technologies,
however the growing demand for highly skilled professionals could have a negative or slowing
effect on the usage of advanced analytics capabilities. Workforce and shortages of highly skilled
technology labor has been identified as one of the most important factors in the continued

adoption of these advanced technology constructs (Will Markow, 2017).
9



The pace of innovation is also a major factor for the increasing push for many US
Businesses to reshape their business models and go to market strategies to utilize the advances in
Data Science, and advanced technologies (Neha Soni, 2019). The desire to infuse Artificial
Intelligence into the various business domains can have a direct positive impact on existing
business operations and can also be the catalyst to create new products and services. This pace of
innovation can also provide a reciprocating effect and help drive the development of a
comprehensive Al adoption strategy for the US Business consumer.

Literature Review and Related References

The proliferation and adoption of Artificial Intelligence, Machine Learning and other
Advanced Analytics technology constructs over the past 10 years has had some of the most
profound impacts on the profitability and productivity of some of the world’s largest companies.
The use of these innovative technologies has soared in popularity among numerous firms,

including Microsoft, AWS, FedEx, Wal-Mart, and many others.

The primary driver of these profitability, performance and operational effectiveness
improvements is due to the production and analysis of exceptionally large amounts of data
(MARJANI, 2017). Access to data, analytics and the insights derived from the data assets allows
business users the ability to complete tasks ranging from the mundane to the most complex with
relative ease and with improved accuracy, efficiency, and effectiveness. The need to understand
the motivators for adopting and utilizing these constructs is of critical importance to the

continued proliferation of these advanced technologies and related applications.

10



Defining Artificial Intelligence, Machine Learning and Algorithms

Artificial Intelligence has a number of definitions. A few of the more popular definitions

are listed and summarized below:

1. “The simulation of human intelligence processes by machines, especially
computer systems.” (Burns E. , 2021)

2. “Intelligence demonstrated by machines, as opposed to natural intelligence
displayed by animals including humans.” (Wikipedia, n.d.)

3. Arttificial Intelligence is a machine that can “think™ (Staff, 2024)

The definition of Machine Learning also has several connotations, however at its core,
Machine Learning (ML), is a method of data analysis that automates analytical model building —
those needed for machines to “learn.” Machine Learning is a subscience of Artificial Intelligence
and can be defined as the science of causing a computer to act without being explicitly

programmed. (Petersson, 2021).

An Algorithm is defined as a series of mathematical calculations or procedure for
computing a function (Hartley Rogers, 1957). While the focus of this research is on Al adoption,
it is important to note that many often use the definitions of AI, ML and Algorithms
interchangeably, when ML and Algorithms are subsets of Al from the Computer Science

discipline.

More companies are implementing Al applications into their business operations including
Human Capital Resources, Finance, Cybersecurity, Customer Service, and many others. In other
scenarios, companies are using Al, ML and Advanced Analytics to transform their core business

operations for products or services for their consumers. For Example, General Motors (GM),

11



went on record years ago stating that the electric cars would not become a viable product. Today,
not only is GM embracing Electric Vehicle (EV) technology, but they are also using Artificial
Intelligence, Machine Learning, and other technologies to transform their core product from
gasoline-powered vehicles to produce Electric Vehicles to compete with companies like Tesla
and Lucid. Marriott International is one of the largest hotel and hospitality companies in the
world and is best known for their moderately priced hotels. With the tremendous success of new
competitors in the hospitality industry, Marriott is changing its core business model to become

more like Airbnb, an online marketplace for short and long-term rentals.

Over the past 10 years, we have seen a sharp increase in the incorporation of Artificial

Intelligence and Machine Learning into many technologies including:

o Artificial Intelligence as a Service (AlaaS), (Newlands, 2021), allows for companies to
access specific Al capabilities via cloud computing.

¢ Robotic process automation (RPA), which allows for robotics to be programmed to
complete high-volume and repeatable tasks that humans may find mundane.

e Machine or Deep Learning (ML/DL), which enables computers to automate
predictive analytics and act without programming, including supervised, unsupervised
and reinforcement learning.

e Machine/ Computer Vision, which captures and analyses visual information using
cameras and digital signal processes such as human eyesight, which can be used, for
example, in signature identification and image analysis.

e Autonomous or Self-driving cars, which automate safe driving using computer vision,

image recognition and deep learning capabilities (Burns & Laskowski, N. , 2018)

12



o Healthcare, adoption of artificial intelligence- based medical diagnosis support systems
(AIMDSS) to reduce the number of misdiagnosis and patient death (Wenjuan Fan, 2018)
e ChatGPT, a large language model that allows for the creation of new and original

content by learning from existing data.

These advanced analytical constructs are positively impacting more non- traditional
industries: those in which advanced analytics were never before used or even considered. In
(Leonidas Aristodemou, 2018), the authors discuss the proliferation of the use of Big Data
Analytics on improved decision making in patent analytics. Intellectual Property Analytics (IPA)
is a new knowledge domain that has been created to improve insight and decision making from

Intellectual Property and has resulted in the creation of a multi-million-dollar industry.

CONCLUSION

Although existing theories, models and frameworks on IT adoption have been well
documented and cited, there has not been extensive research focused on adoption at the firm or
organizational level. This study identifies crucial issues that need to be addressed in order for

companies to fully consider their readiness to adopt advanced technologies like Al and others.

RESEARCH MODEL AND HYPOTHESES

Conceptual Model & Framework

Traditional technology acceptance models are often outdated, not focused on the firm
level, or are not well-suited for more modern, fast-paced, and disruptive technologies such as
Artificial Intelligence or Machine Learning. The conceptual research model presented in Figure

2 proposes a more modern theory that seeks to address modern era variables that many US

13



companies encounter as determinants of their perceived organizational readiness and ultimate

adoption intention for rapidly changing technologies.

Figure 4: Conceptual Research Model
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+  Neuroticism (H17a - H17f)

The conceptual model in Figure 2 demonstrates the factors that impact the perception of

organizational readiness to adopt Artificial Intelligence and Machine Learning technologies. The

independent variables hypothesize Strategic Agility (H1), Knowledge Absorption Capacity (H2),

Data Driven Decision Making (H3), Firm Level Digital Intensity (H4) and Competitive

Advantage/ Competitive Need (H5) as direct factors that drive the Perception of Organizational

Readiness to Adopt AI/ML(DV). The model is a measurement model with independent variables
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with sub factors, moderating variables with multiple categorical variables, and a dependent

variable that will be used for more accurate and focused analysis.

Information technology (IT) is now widely recognized as a key tool for boosting a firm’s
economic competitiveness. To maximize the impact of IT on firms’ productivity, the
determinants of IT adoption must be clearly understood. The adoption of the IT constructs must

be firm- wide to maximize its impact. (Oliveira & Martins, 2011)

The sections below detail the model constructs and hypotheses development to support
the research question and conceptual model. Table 3 below lists the Hypotheses and their
definitions.

Table 1: Hypothesis Summary

Hypotheses Mnemonic/Path Description

As the firm’s Strategic Agility increases, their Perception of Organizational
H1 SA -> DV Readiness to Adopt A/ML Technologies will increase

As the firm’s Knowledge Adoption Capacity increases, their Perception of
H2 KAC ->DV Organizational Readiness to Adopt AI/ML Technologies will increase

As the firm’s Data Driven Decision Making Capabilities increases, their Perception
H3 DDMC ->DV of Organizational Readiness to Adopt AI/ML Technologies will increase

As the firm’s Competitive Advantage or Need increases, their Perception of
H4 CAN -> DV Organizational Readiness to Adopt AI/ML Technologies will increase

As the firm’s Digital Intensity increases, their Perception of Organizational
H5 DI-> DV Readiness to Adopt AI/ML Technologies will increase

As the firm’s Transformation Management Intensity increases, their Perception of
Hé6 TMI -> DV Organizational Readiness to Adopt AI/ML Technologies will increase

The Firm Size will moderate the relationship between the firms Strategic Agility and
H7a SA ->FS -> DV their Perception of Organizational Readiness to Adopt AI/ML Technologies

The Firm Size will moderate the relationship between the firms Knowledge Adoption
Capacity and their Perception of Organizational Readiness to Adopt A/ML
H7b KAC ->FS ->DV Technologies

The Firm Size will moderate the relationship between the firms Data Driven Decision
Making Capabilities and their Perception of Organizational Readiness to Adopt
H7c DDMC -> FS -> DV AI/ML Technologies

The Firm Size will moderate the relationship between the firms Competitive
Advantage or Need and their Perception of Organizational Readiness to Adopt
H7d CAN > FS -> DV AI/ML Technologies

The Firm Size will moderate the relationship between the firms Digital Intensity and
H7e DI ->FS -> DV their Perception of Organizational Readiness to Adopt AI/ML Technologies

The Firm Size will moderate the relationship between the firms Transformation
Management Intensity and their Perception of Organizational Readiness to Adopt
H7f TMI > FS -> DV AI/ML Technologies
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Hypotheses

Mnemonic/Path

Description

H8a

SA ->FI->DV

The Firm Industry will moderate the relationship between the firms Strategic Agility
and their Perception of Organizational Readiness to Adopt AI/ML Technologies

HS8b

KAC ->FI->DV

The Firm Industry will moderate the relationship between the firms Knowledge
Adoption Capacity and their Perception of Organizational Readiness to Adopt A/ML
Technologies

H8c

DDMC ->FI -> DV

The Firm Industry will moderate the relationship between the firms Data Driven
Decision Making Capabilities and their Perception of Organizational Readiness to
Adopt A/ML Technologies

H8d

CAN ->FI ->DV

The Firm Industry will moderate the relationship between the firms Competitive
Advantage or Need and their Perception of Organizational Readiness to Adopt
AI/ML Technologies

HS8e

TMI -> FI1 -> DV

The Firm Industry will moderate the relationship between the firms Digital Intensity
or Need and their Perception of Organizational Readiness to Adopt AI/ML
Technologies

HS8f

DI ->FI-> DV

The Firm Industry will moderate the relationship between the firms Transformation
Management Intensity and their Perception of Organizational Readiness to Adopt
AI/ML Technologies

H9a

SA ->FA ->DV

The Firm Age will moderate the relationship between the firms Strategic Agility and
their Perception of Organizational Readiness to Adopt AI/ML Technologies

HOb

KAC ->FA ->DV

The Firm Age will moderate the relationship between the firms Knowledge Adoption
Capacity and their Perception of Organizational Readiness to Adopt A/ML
Technologies

HO9c¢

DDMC -> FA -> DV

The Firm Age will moderate the relationship between the firms Data Driven Decision
Making Capabilities and their Perception of Organizational Readiness to Adopt
AI/ML Technologies

H9d

DI ->FA -> DV

The Firm Age will moderate the relationship between the firms Competitive
Advantage or Need and their Perception of Organizational Readiness to Adopt
AI/ML Technologies

HO%e

CAN ->FA ->DV

The Firm Age will moderate the relationship between the firms Digital Intensity or
Need and their Perception of Organizational Readiness to Adopt AVML
Technologies

HOf

TMI -> FA -> DV

The Firm Age will moderate the relationship between the firms Transformation
Management Intensity and their Perception of Organizational Readiness to Adopt
AI/ML Technologies

H10a

SA ->JR ->DV

The respondent’s Job Role will moderate the relationship between the firms Strategic
Agility and their Perception of Organizational Readiness to Adopt AI/ML
Technologies

H10b

KAC ->JR ->DV

The respondent’s Job Role will moderate the relationship between the firms
Knowledge Adoption Capacity and their Perception of Organizational Readiness to
Adopt A/ML Technologies

H10c

DDMC -> JR ->DV

The respondent’s Job Role will moderate the relationship between the firms Data
Driven Decision Making Capabilities and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

H10d

CAN ->JR ->DV

The respondent’s Job Role will moderate the relationship between the firms
Competitive Advantage or Need and their Perception of Organizational Readiness to
Adopt AI/ML Technologies

H10e

DI->JR ->DV

The respondent’s Job Role will moderate the relationship between the firms Digital
Intensity or Need and their Perception of Organizational Readiness to Adopt AI/ML
Technologies

H10f

TMI > JR -> DV

The respondent’s Job Role will moderate the relationship between the firms
Transformation Management Intensity and their Perception of Organizational
Readiness to Adopt A/ML Technologies
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Hypotheses Mnemonic/Path Description
The respondent’s Education Level will moderate the relationship between the firms
Strategic Agility and their Perception of Organizational Readiness to Adopt A/ML
Hlla SA ->EL ->DV Technologies
The respondent’s Education Level will moderate the relationship between the firms
Knowledge Adoption Capacity and their Perception of Organizational Readiness to
H11b KAC >EL ->DV Adopt AI/ML Technologies
The respondent’s Education Level will moderate the relationship between the firms
Data Driven Decision Making Capabilities and their Perception of Organizational
Hlle DDMC -> EL ->DV Readiness to Adopt A/ML Technologies
The respondent’s Education Level will moderate the relationship between the firms
Competitive Advantage or Need and their Perception of Organizational Readiness to
Hi1ld CAN ->EL -> DV Adopt A/ML Technologies
The respondent’s Education Level will moderate the relationship between the firms
Digital Intensity or Need and their Perception of Organizational Readiness to Adopt
Hlle DI->EL -> DV AI/ML Technologies
The respondent’s Education Level will moderate the relationship between the firms
Transformation Management Intensity and their Perception of Organizational
HI1lf TMI -> EL -> DV Readiness to Adopt AI/ML Technologies
The respondent’s Advanced Technology Experience will moderate the relationship
between the firms Strategic Agility and their Perception of Organizational Readiness
Hl2a SA -> ATE -> DV to Adopt AI/ML Technologies
The respondent’s Advanced Technology Experience will moderate the relationship
between the firms Knowledge Adoption Capacity and their Perception of
H12b KAC -> ATE -> DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Advanced Technology Experience will moderate the relationship
between the firms Data Driven Decision Making Capabilities and their Perception of
Hl2c DDMC -> ATE -> DV | Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Advanced Technology Experience will moderate the relationship
between the firms Competitive Advantage or Need and their Perception of
Hil2d CA ->ATE ->DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Advanced Technology Experience will moderate the relationship
between the firms Digital Intensity or Need and their Perception of Organizational
Hl2e DI -> ATE -> DV Readiness to Adopt A/ML Technologies
The respondent’s Advanced Technology Experience will moderate the relationship
between the firms Transformation Management Intensity and their Perception of
Hi12f TMI -> ATE -> DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Openness personality factor will moderate the relationship between
SA ->FFM-OPEN -> the firms Strategic Agility and their Perception of Organizational Readiness to Adopt
Hi3a DV AI/ML Technologies
The respondent’s Openness personality factor will moderate the relationship between
KAC ->FFM-OPEN -> | the firms Knowledge Adoption Capacity and their Perception of Organizational
H13b DV Readiness to Adopt AI/ML Technologies
The respondent’s Openness personality factor will moderate the relationship between
DDMC -> FFM-OPEN | the firms Data Driven Decision Making Capabilities and their Perception of
H13c -=>DV Organizational Readiness to Adopt AML Technologies
The respondent’s Openness personality factor will moderate the relationship between
CA ->FFM-OPEN -> the firms Competitive Advantage or Need and their Perception of Organizational
H13d DV Readiness to Adopt AI/ML Technologies
The respondent’s Openness personality factor will moderate the relationship between
DI ->FFM-OPEN -> the firms Digital Intensity or Need and their Perception of Organizational Readiness
H13e DV to Adopt AI/ML Technologies
The respondent’s Openness personality factor will moderate the relationship between
TMI ->FFM-OPEN -> | the firms Transformation Management Intensity and their Perception of
H13f DV Organizational Readiness to Adopt AI/ML Technologies
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Hypotheses Mnemonic/Path Description
The respondent’s Conscientiousness personality factor will moderate the relationship
SA ->FFM-CONSC-> | between the firms Strategic Agility and their Perception of Organizational Readiness
Hl4a DV to Adopt AI/ML Technologies
The respondent’s Conscientiousness personality factor will moderate the relationship
KAC ->FFM-CONSC | between the firms Knowledge Adoption Capacity and their Perception of
H14b ->DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Conscientiousness personality factor will moderate the relationship
DDMC -> FFM- between the firms Data Driven Decision Making Capabilities and their Perception of
Hl4c CONSC -> DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Conscientiousness personality factor will moderate the relationship
CAN > FFM-CONSC | between the firms Competitive Advantage or Need and their Perception of
H14d -> DV Organizational Readiness to Adopt A/ML Technologies
The respondent’s Conscientiousness personality factor will moderate the relationship
DI->FFM-CONSC -> | between the firms Digital Intensity or Need and their Perception of Organizational
Hl4e DV Readiness to Adopt A/ML Technologies
The respondent’s Conscientiousness personality factor will moderate the relationship
TMI -> FFM-CONSC - | between the firms Transformation Management Intensity and their Perception of
H14f >DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Extraversion personality factor will moderate the relationship
SA >FFM-EXTRA -> | between the firms Strategic Agility and their Perception of Organizational Readiness
Hl15a DV to Adopt AI/ML Technologies
The respondent’s Extraversion personality factor will moderate the relationship
KAC ->FFM-EXTRA | between the firms Knowledge Adoption Capacity and their Perception of
HI5b > DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Extraversion personality factor will moderate the relationship
DDMC -> FFM- between the firms Data Driven Decision Making Capabilities and their Perception of
H15¢ EXTRA -> DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Extraversion personality factor will moderate the relationship
CAN -> FFM-EXTRA | between the firms Competitive Advantage or Need and their Perception of
H15d -> DV Organizational Readiness to Adopt A/ML Technologies
The respondent’s Extraversion personality factor will moderate the relationship
DI->FFM-EXTRA -> | between the firms Digital Intensity or Need and their Perception of Organizational
H15e DV Readiness to Adopt A/ML Technologies
The respondent’s Extraversion personality factor will moderate the relationship
TMI > FFM-EXTRA - | between the firms Transformation Management Intensity and their Perception of
H15f >DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Agreeableness personality factor will moderate the relationship
SA ->FFM-AGREE -> | between the firms Strategic Agility and their Perception of Organizational Readiness
Hl6a DV to Adopt AI/ML Technologies
The respondent’s Agreeableness personality factor will moderate the relationship
KAC ->FFM-AGREE | between the firms Knowledge Adoption Capacity and their Perception of
H16b > DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Agreeableness personality factor will moderate the relationship
DDMC -> FFM- between the firms Data Driven Decision Making Capabilities and their Perception of
Hléc AGREE -> DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Agreeableness personality factor will moderate the relationship
CAN -> FFM-AGREE | between the firms Competitive Advantage or Need and their Perception of
Hle6d ->DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Agreeableness personality factor will moderate the relationship
DI->FFM-AGREE -> | between the firms Digital Intensity or Need and their Perception of Organizational
Hl6e DV Readiness to Adopt AI/ML Technologies
The respondent’s Agreeableness personality factor will moderate the relationship
TMI -> FFM-AGREE - | between the firms Transformation Management Intensity and their Perception of
Hle6f >DV Organizational Readiness to Adopt AI/ML Technologies
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Hypotheses Mnemonic/Path Description
The respondent’s Neuroticism personality factor will moderate the relationship
SA ->FFM-NEURO -> | between the firms Strategic Agility and their Perception of Organizational Readiness
H17a DV to Adopt AI/ML Technologies
The respondent’s Neuroticism personality factor will moderate the relationship
KAC ->FFM-NEURO | between the firms Knowledge Adoption Capacity and their Perception of
H17b ->DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Neuroticism personality factor will moderate the relationship
DDMC -> FFM- between the firms Data Driven Decision Making Capabilities and their Perception of
H17c NEURO -> DV Organizational Readiness to Adopt AI/ML Technologies
The respondent’s Neuroticism personality factor will moderate the relationship
CAN > FFM-NEURO | between the firms Competitive Advantage or Need and their Perception of
H17d > DV Organizational Readiness to Adopt A/ML Technologies
The respondent’s Neuroticism personality factor will moderate the relationship
DI->FFM-NEURO -> | between the firms Digital Intensity or Need and their Perception of Organizational
H17e DV Readiness to Adopt AI/ML Technologies
The respondent’s Neuroticism personality factor will moderate the relationship
TMI -> FFM-NEURO - | between the firms Transformation Management Intensity and their Perception of
HI17f >DV Organizational Readiness to Adopt AI/ML Technologies
Strategic Agility

The ability to adapt to new developments, continuously adjust the strategic direction of

the company, and devise inventive methods for generating value are all hallmarks of agility and

flexibility. (Weber & Tarba, 2014). The HR Daily advisor defines the three As of agility as:

anticipate, adapt, and act. (Pophal, 2019) Companies must remain strategically and

organizationally agile to respond to rapid changes in market and consumer demands.

Strategic agility denotes a company's ongoing capacity to successfully alter its course of
action in order to maintain its competitive advantages. (Weber & Tarba, 2014). Considering the
rapid availability of Al and ML technologies to help companies remain strategically agile, the

study hypothesizes:

HI: As the firm’s Strategic Agility increases, their Perception of Organizational
Readiness to Adopt AI/ML Technologies will increase
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Knowledge Absorption Capacity (KAC)

Knowledge Absorption Capacity (KAC) can be defined as processes oriented toward the
actual use of knowledge. (Gold, Malhotra, & Segars, 2001). This construct allows a firm to
create knowledge assets that can lead to a sustainable advantage over their competitors. KAC can
also be extremely valuable in developing the confidence of firm leadership and practitioners in

adopting and utilizing new technologies. In this research study, we hypothesize:

H?2: As the firm’s Knowledge Adoption Capacity increases, their Perception of
Organizational Readiness to Adopt AI/ML Technologies will increase.

Data Driven Decision Making Capabilities (DDMC)

The main objectives for firms that adopt Data Driven Decision Making frameworks is the
transformation of data into knowledge. This is enabled most effectively by the use of
technology-based tools that help to support decision making by various stakeholders across the

firm. (Mandinach, Honey, & Light, 2006).

As late as 2020, the successful transformation of companies becoming true data-driven
organizations has been low. (Svensson & Taghavianfar, 2020) Organizations that are positioning
themselves to adopt advanced technologies such as Al and ML, must make a serious and
concerted effort to address any obstacles if they wish to remain competitive. This research study

hypothesizes the following:

H3: As the firm’s Data Driven Decision Making Capabilities increases, their Perception
of Organizational Readiness to Adopt AI/ML Technologies will increase
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Competitive Advantage or Need (CAN)

Competitive Advantage/ Need refers to attributes that enable a firm to generate goods
and services more affordably and efficiently than its competitors. Firms must consider the
importance and significance of being adaptable and proactive in an effort to respond to
unforeseen and unpredictable changes in business environments (Worley, Williams, & Lawler
111, 2014). Many firms learned the importance of being proactively agile during 2020 and 2021
during the height of the Covid 19 pandemic. Those that were proactive in providing remote
working environments for their employees were able to maintain business operations with only
minor reductions in productivity, while others were forced to develop entirely new operating

models. As a result, we identify and test the following Hypothesis:

H4:As the firm’s Competitive Advantage or Need increases, their Perception of
Organizational Readiness to Adopt AI/ML Technologies will increase

Firm Level Digital Intensity (DI)

Digital Transformation has multiple definitions, however the most basic of all definitions
is leveraging technology to significantly enhance the efficiency of a business. (Westerman G. C.,
2011). Firm Level Digital Maturity is a combination of two domains. The first domain is called
Digital Intensity (DI), which is measured at the overall firm level. Its primary goal is to measure
and record processes, technologies and procedures that modify how a company operates
(Wroblewski, 2018). The relationship between DI and TMI is explained in more detail in Figure

3 in section 3.2.6 Transformation Management Intensity (TMI).

H5: As the firm’s Digital Intensity increases, their Perception of Organizational
Readiness to Adopt AI/ML Technologies will increase.
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Transformation Management Intensity (TMI)

Transformation Management Intensity (TMI) is the second of two domains in the Firm
Level Digital Maturity model. Its primary focus is to measure the level of investment in
leadership capabilities and mindset changes needed to create and implement operational and
governance strategies centered on adopting new digital transformation approaches. (Wroblewski,
2018) (Westerman G. C., 2011) (Westerman & McAfee, 2012). Figure 5 is the Four Level
Maturity model referenced in (Westerman & McAfee, 2012) and shows the relationship between
Digital Intensity (DI) discussed in section 3.2.5 and TMI.

Figure 5: The DI and TMI Framework (Westerman & McAfee, 2012)

FASHIONISTAS DIGIRATI

DIGITAL INTENSITY

BEGINNERS CONSERVATIVES

TRANSFORMATION MANAGEMENT INTENSITY

To illustrate the importance of the DI and TMI framework, the study hypothesizes:

H6: As the firm’s Transformation Management Intensity increases, their Perception of
Organizational Readiness to Adopt AI/ML Technologies will increase.
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Perception of Organizational Readiness (DV)

The theory of Organizational Readiness for change is a firm or organizational level
framework designed to categorize and measure a firm’s dedication (commitment to change), and
shared buy-in to effect changes (Weiner B. J., 2009). This variable is classified as a
psychological construct and is said to be a leading indicator for successful implementation of

complex changes in healthcare IT projects (Amatayakul, 2005) and (Weiner B. J., 2009).

This theory is also defined as the shared evaluation within an organization concerning its

ability, resources, and eagerness to effectively embrace and integrate new technologies.

As the conceptual model in Figure 2 denotes, this study hypothesizes that several factors
will have a moderating effect on a firm’s perception of its organizational readiness. support this
theory this study hypothesizes:

Moderators

Moderators affect the relationship between independent and dependent variables. They
most often amplify the strength or determine the direction of the relationship between variables.
For the purposes of this research study, we will investigate the following moderators and their
impact on the Perception of Organizational Readiness dependent variable from the independent
variables listed in section 3.2.

Moderating Effect of Firm Characteristics

Firm Characteristics can be defined as attributes of a firm that are normally under the
control of the firm (Nyabaga & Wepukhulu, 2020). For the purposes of this study, they include

Firm Size, Firm Industry and Firm Age. These attributes will be used in this study to investigate
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the following Moderating categories for their direct or indirect effect on the independent and

dependent variable relationships:

1. Firm Size — the number of employees with the measurement scale ranging from 1
to over 5000
2. Industry — the economic activity the respondent’s firm is associated with.

3. Firm Age — how long in years the respondent’s firm has been in existence.
The following moderating hypotheses for the Firm Characteristics moderator will be

interrogated in this study:

H7a: The Firm Size will moderate the relationship between the firms Strategic Agility
and their Perception of Organizational Readiness to Adopt AI/ML Technologies.

H7b: The Firm Size will moderate the relationship between the firms Knowledge
Adoption Capacity and their Perception of Organizational Readiness to Adopt AI/ML
Technologies.

H7c: The Firm Size will moderate the relationship between the firms Data Driven
Decision Making Capabilities and their Perception of Organizational Readiness to Adopt
AI/ML Technologies.

H7d: The Firm Size will moderate the relationship between the firms Competitive
Advantage or Need and their Perception of Organizational Readiness to Adopt AI/ML
Technologies.

H7e: The Firm Size will moderate the relationship between the firms Digital Intensity
and their Perception of Organizational Readiness to Adopt AI/ML Technologies.

H7f: The Firm Size will moderate the relationship between the firms Transformation
Management Intensity and their Perception of Organizational Readiness to Adopt AI/ML
Technologies moderator

H8a: The Firm Industry will moderate the relationship between the firms Strategic
Agility and their Perception of Organizational Readiness to Adopt AI/ML Technologies

H8b: The Firm Industry will moderate the relationship between the firms Knowledge

Adoption Capacity and their Perception of Organizational Readiness to Adopt AI/ML
Technologies
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HS8c: The Firm Industry will moderate the relationship between the firms Data Driven
Decision Making Capabilities and their Perception of Organizational Readiness to Adopt
AI/ML Technologies

H8d: The Firm Industry will moderate the relationship between the firms Competitive
Advantage or Need and their Perception of Organizational Readiness to Adopt AI/ML
Technologies

H8e: The Firm Industry will moderate the relationship between the firms Digital Intensity
or Need and their Perception of Organizational Readiness to Adopt AI/ML Technologies

HS8f: The Firm Industry will moderate the relationship between the firms Transformation
Management Intensity and their Perception of Organizational Readiness to Adopt AI/ML
Technologies

H9a: The Firm Age will moderate the relationship between the firms Strategic Agility
and their Perception of Organizational Readiness to Adopt AI/ML Technologies

H9b: The Firm Age will moderate the relationship between the firms Knowledge
Adoption Capacity and their Perception of Organizational Readiness to Adopt AI/ML
Technologies

H9c: The Firm Age will moderate the relationship between the firms Data Driven
Decision Making Capabilities and their Perception of Organizational Readiness to Adopt
AI/ML Technologies

H9d: The Firm Age will moderate the relationship between the firms Competitive
Advantage or Need and their Perception of Organizational Readiness to Adopt AI/ML

Technologies

H9e: The Firm Age will moderate the relationship between the firms Digital Intensity or
Need and their Perception of Organizational Readiness to Adopt AI/ML Technologies

HYf: The Firm Age will moderate the relationship between the firms Transformation

Management Intensity and their Perception of Organizational Readiness to Adopt AI/ML
Technologies

Moderating Effect of Respondent Characteristic
In this study we will investigate the following Moderating categories for their direct or

indirect effect on the independent and dependent variable relationships:

1. Job Role — the specific job or ownership title of the respondents
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2. Education Level — educational attainment level of respondents
3. Experience with Advanced Technology — a yes/ no indicator of experience level
with advanced technology constructs like Al or ML.

The following moderating hypotheses for the Respondent Characteristics moderator will

be interrogated in this study:

Hla: The respondent’s Education Level will moderate the relationship between the firms
Strategic Agility and their Perception of Organizational Readiness to Adopt AI/ML
Technologies

HIb: The respondent’s Education Level will moderate the relationship between the firms
Knowledge Adoption Capacity and their Perception of Organizational Readiness to
Adopt AI/ML Technologies

Hlc: The respondent’s Education Level will moderate the relationship between the firms
Data Driven Decision Making Capabilities and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

Hlid: The respondent’s Education Level will moderate the relationship between the firms
Competitive Advantage or Need and their Perception of Organizational Readiness to
Adopt AI/ML Technologies

Hle: The respondent’s Education Level will moderate the relationship between the firms
Digital Intensity or Need and their Perception of Organizational Readiness to Adopt
AI/ML Technologies

HIf: The respondent’s Education Level will moderate the relationship between the firms
Transformation Management Intensity and their Perception of Organizational Readiness
to Adopt AI/ML Technologies

HIi2a: The respondent’s Advanced Technology Experience will moderate the relationship
between the firms Strategic Agility and their Perception of Organizational Readiness to
Adopt AI/ML Technologies

HI12b: The respondent’s Advanced Technology Experience will moderate the relationship
between the firms Knowledge Adoption Capacity and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

H1i2c: The respondent’s Advanced Technology Experience will moderate the relationship

between the firms Data Driven Decision Making Capabilities and their Perception of
Organizational Readiness to Adopt AI/ML Technologies
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H12d: The respondent’s Advanced Technology Experience will moderate the relationship
between the firms Competitive Advantage or Need and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

H1i2e: The respondent’s Advanced Technology Experience will moderate the relationship
between the firms Digital Intensity or Need and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

H12f: The respondent’s Advanced Technology Experience will moderate the relationship

between the firms Transformation Management Intensity and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

Moderating Effect of the Five Factor Model of Personality

The Five Factor Model of Personality is one of the most widely used and well-known
theory models that identifies and groups personality traits into five dimensions (Digman, 1990).
The five factors identified in the Digman reference are Openness, Conscientiousness,
Extraversion, Agreeableness and Neuroticism. General definitions from Psychology Today are

listed below (Today, 2024) and (Contributors, 2024):

Openness — indicates creativity, open-mindedness, and insightfulness
Conscientiousness — indicates the thoughtfulness and goal-orientation
Extraversion — indicates positive emotionality and high energy

Agreeableness — indicates general concern for and a willingness for cooperation
Neuroticism — defined as negative emotionality and reactive to stressful situations

NE PN

Various studies have shown the influence of one or more of the five personality factors as
being more influential on leadership decision-making than others. In an effort to find and
potentially support this influence, we define each factor and hypothesize as follows:

Openness

H13b: The respondent’s Openness personality factor will moderate the relationship
between the firms Knowledge Adoption Capacity and their Perception of Organizational
Readiness to Adopt AI/ML Technologies
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H1i3c: The respondent’s Openness personality factor will moderate the relationship
between the firms Data Driven Decision Making Capabilities and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

H13d: The respondent’s Openness personality factor will moderate the relationship
between the firms Competitive Advantage or Need and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

H1i3e: The respondent’s Openness personality factor will moderate the relationship
between the firms Digital Intensity or Need and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

H13f: The respondent’s Openness personality factor will moderate the relationship
between the firms Transformation Management Intensity and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

Conscientiousness

Hlil4a: The respondent’s Conscientiousness personality factor will moderate the
relationship between the firms Strategic Agility and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

HIi4b: The respondent’s Conscientiousness personality factor will moderate the
relationship between the firms Knowledge Adoption Capacity and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

Hlil4c: The respondent’s Conscientiousness personality factor will moderate the
relationship between the firms Data Driven Decision Making Capabilities and their
Perception of Organizational Readiness to Adopt AI/ML Technologies

Hli4d: The respondent’s Conscientiousness personality factor will moderate the
relationship between the firms Competitive Advantage or Need and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

Hlid4e: The respondent’s Conscientiousness personality factor will moderate the
relationship between the firms Digital Intensity or Need and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

HI4f: The respondent’s Conscientiousness personality factor will moderate the

relationship between the firms Transformation Management Intensity and their Perception
of Organizational Readiness to Adopt AI/ML Technologies
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Extraversion

Hli5a: The respondent’s Extraversion personality factor will moderate the relationship
between the firms Strategic Agility and their Perception of Organizational Readiness to
Adopt AI/ML Technologies

HI15b: The respondent’s Extraversion personality factor will moderate the relationship
between the firms Knowledge Adoption Capacity and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

Hli5c: The respondent’s Extraversion personality factor will moderate the relationship
between the firms Data Driven Decision Making Capabilities and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

H15d: The respondent’s Extraversion personality factor will moderate the relationship
between the firms Competitive Advantage or Need and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

Hl5e: The respondent’s Extraversion personality factor will moderate the relationship
between the firms Digital Intensity or Need and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

HI15f: The respondent’s Extraversion personality factor will moderate the relationship
between the firms Transformation Management Intensity and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

Agreeableness

Hli6a: The respondent’s Agreeableness personality factor will moderate the relationship
between the firms Strategic Agility and their Perception of Organizational Readiness to
Adopt AI/ML Technologies

H16b: The respondent’s Agreeableness personality factor will moderate the relationship
between the firms Knowledge Adoption Capacity and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

HIi6c¢: The respondent’s Agreeableness personality factor will moderate the relationship
between the firms Data Driven Decision Making Capabilities and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

H16d: The respondent’s Agreeableness personality factor will moderate the relationship

between the firms Competitive Advantage or Need and their Perception of
Organizational Readiness to Adopt AI/ML Technologies
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Hli6e: The respondent’s Agreeableness personality factor will moderate the relationship
between the firms Digital Intensity or Need and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

HI16f: The respondent’s Agreeableness personality factor will moderate the relationship
between the firms Transformation Management Intensity and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

Neuroticism

Hli7a The respondent’s Neuroticism personality factor will moderate the relationship
between the firms Strategic Agility and their Perception of Organizational Readiness to
Adopt AI/ML Technologies

HI17b The respondent’s Neuroticism personality factor will moderate the relationship
between the firms Knowledge Adoption Capacity and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

HI17c¢ The respondent’s Neuroticism personality factor will moderate the relationship
between the firms Data Driven Decision Making Capabilities and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

H17d The respondent’s Neuroticism personality factor will moderate the relationship
between the firms Competitive Advantage or Need and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

Hli7e The respondent’s Neuroticism personality factor will moderate the relationship
between the firms Digital Intensity or Need and their Perception of Organizational
Readiness to Adopt AI/ML Technologies

HI7f The respondent’s Neuroticism personality factor will moderate the relationship

between the firms Transformation Management Intensity and their Perception of
Organizational Readiness to Adopt AI/ML Technologies

Control Variables and Construct Definitions

The impact on both independent and dependent variables in his study are controlled by
respondent age, gender, race, and income levels. Table 2 provides a summary of all constructs

used in this study.
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Table 2: Construct Definitions

Construct (abbr.) Definition (reference)

Strategic Agility (SA) g(l)lfsblhty to adjust to changing conditions to create value (Weber & Tarba,
Knowledge Absorption  The capacity to gather, absorb and utilize new knowledge (Gold, Malhotra,
Capacity (KAC & Segars, 2001)

ﬁ?ﬁi?rlézn ieilci{[si;(;n The utilization of tools and processes for transforming data into knowledge
(DDM%Z) p and using this knowledge to guide business decisions (Joubert, 2019)
Competitive Characteristics or abilities that afford a firm to outperform its competitors
Advantage/Need (CAN)  (Porter, 1980)

. . Leveraging technology to significantly enhance the efficiency of a business
Digital Intensity (DI) (Wester%na%l G. C. 2()g lyl) ¢ g g
Transformation Measures the level of investment in leadership capabilities and mindset
Manaeement Intensit changes needed to create and implement operational and governance
(TMI)g Y strategies centered on adopting new digital transformation approaches

(Westerman & McAfee, 2012)
Firm Characteristics Attributes of a firm that are normally under the control of the firm
(FO) ' (Nyabaga & Wepukhulu, 2020)
Ig)erceptlott} Ofl Psychological construct and is said to be a leading indicator for successful
Rzi?l?rllf:zsl(‘zga dobt implementation of complex changes in healthcare IT projects (Amatayakul,
P 2005) and (Weiner B. J., 2009)
AI/ML Technologies
Respondent Attributes of survey participants that often include demographic,

Characteristics (RC)
Five Factor Personality

personality, or other data points (Olson, Smyth, & Ganshert, 2019).
Theory models that identify and groups personality traits into five

Model (FFM) dimensions (Digman, 1990)

Controls

Age Respondent age

Gender Respondent gender

Race Respondent race

Income Level Respondent income level in US dollars
METHODOLOGY

A quantitative study utilizing Pollfish and Qualtrics was performed for the main study’s
data collection. The survey instrument was created in Qualtrics and administered via the Pollfish
survey platform. Respondents were provided access to the survey instrument after completing an

adequate qualifying process. Survey participants were given a maximum time of thirty five
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minutes to complete the twenty two questions survey as derived from the Pilot study and

analysis.

The demographic data in Table 5 was collected from four hundred respondents, of which
58% were male and 42% were female. The ages of the respondents were also captured and
9.25% were between ages 18-24, 29.25% were between ages 25-34, 45.5% were between ages
35-44 , 11.75% were between ages 45-54 and only 4.25% were aged 54 or older. Ethnicity data
was captured and 3.25% self-reported as Asian, 8.75% Black, 3% Hispanic, 2% Latino, 77.25%
White, 3.25% Multiracial, 1.75% Other and .75% Preferred not to say. Education attainment data
was also captured. 8% of respondents were High School educated, 14.75% had completed
Vocational or Technical College, 24.75% had earned University degrees and 42.50% were Post-
Graduates. Income data was also captured. 7.25% reported income under $25,000, 10% between
$25,000 and $49,999, 13.50% between $50,000 and $74,999, 14.50% between $75,000 and
$99,000, 12.25% between $100,000 and $124,999, 23% $150,000 or more, and 2.75% preferred

not to report their income.
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Table 3: Main Study Demographic Data (n = 400)

Control Response Freq. % of Sample
Age 18 -24 37 9.25%
25-34 117 29.25%
35-44 182 45.50%
45 - 54 47 11.75%
54 + 17 4.25%
Race Asian 13 3.25%
Black 35 8.75%
Hispanic 12 3%
Latino 8 2%
White 309 77.25%
Multiracial 13 3.25%
Other 7 1.75%
Prefer Not To Say 3 .075%
Gender Male 232 58%
Female 168 42%
Income Level Under $25,000 29 7.25%
$25,000 to $49,999 40 10%
$50,000 to $74,999 54 13.50%
$75,000 to $99,999 58 14.50%
$100,000 to $124,999 49 12.25%
$125,000 to $149,999 67 16.75%
$150,000 Or More 92 23%
Prefer Not To Say 11 2.75%
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Research Design

This research study utilized a quasi-experimental and cross-sectional design (Babbie, 2016).
This study included a quantitative survey instrument that allowed for an interrogation and
establishment of the relationships between independent, moderating, and dependent variables
(Creswell & Creswell, 2018). The survey instrument was developed and delivered using
Qualtrics Survey Software and was administered via web browser access and delivered via the
Pollfish market research provider platform. Respondents were selected by passing a rigorous
screening process controlled by the Pollfish. Qualifying questions used to select respondents
were:

1. Do you have at least 1 year of experience with Artificial Intelligence?
2. Are you an employee, agent or business owner of a United States-based firm or

company?

This research study was focused on exploring the research question and established
hypotheses using a 4-part process. An Informed pilot was conducted for the specific purpose of
validating the proposed research study. The pilot included four subject matter experts, with
considerable experience utilizing Artificial Intelligence and other advanced technologies. Next,
an informed pilot was conducted to validate the proposed content for the survey instrument and
the conceptual model. The focused pilot study was next conducted to validate the overall
research approach, survey instrument and data collection. Feedback, updates, and corrections

from all pilot studies were made prior to the launch of the Main or Full Study.
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Measures

The study utilized a 5-point Likert scale survey instrument used to measure all model
variables. The main study survey length was twenty one questions with an average completion
time of ten minutes and thirty six seconds against a target completion time of under thirty
minutes. The survey instrument was developed from several theoretical sources detailed in Table

4. The full survey instrument can be found in the Appendix.

Table 4: Survey Instrument Measure

Construct

(abbr.) ID Question Reference
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Senor leadership at my firm communicate
and align the organization's workforce with

Hla the strategic changes required to transform (Yukl, 2012)
existing business models
Strategic My firm plans, communicates, and executes (Cameron &
Agility (SA) Hlb change initiatives aimed at adopting new Green, 2015)
business models and strategies eer,
My firm 1dent1ﬂes and add'resses resistance (Beer & Nohria,
Hl1b to change when implementing new business
. 2016)
models and strategies
My firm effectively aligns its existing
H2c processes, products, and strategies with the (Teece, 2007)
knowledge it acquires
Knowledge :
Absoroti My firm promotes a culture of continuous
Csorp.lon H2e learning and knowledge sharing among (Senge, 2006)
apacity employees
(KAC) Mv £ ot —
y firm effectively captures and utilizes
(Brown &
H2e feedback from employees and customers to Eisenhardt. 1997
improve its processes and products 1senhardt, )
. (LaValle, Lesser,
My firm has an adequate data acquisition
. . Shockley,
H3a infrastructure for collecting necessary data Hopkins, &
for consumption by the business users. Kruschwitz. 2010)
Data Driven My firm invests in technologies for (Kambatla,

.. H3a ) .. Kollias, Kumar, &
Decision effective data acquisition. Grama, 2014)
C Mallo(}lr} & H3 My firm effectively ensures the reliability of | (Pipino, Lee, &
ag%l\l/[lges a acquired data Yang, 2002)

( ) My firm adequately updates its data analysis
H3b tools and methods. (Davenport, 2012)
My ﬁr.rn has adequa‘Fe capabilities for (Rahm & Do,
H3b detecting and resolving data errors and 2000)

inconsistencies
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My firm does an adequate job
H4b differentiating its products and services (Porter, 1980)
from competitors.
Competitive H4b My firm invests in resear.ch and .
development to create unique offerings.
Advantage
Need (CAN) My firm frequently 1aunche§ newor
H4b improved products and services to maintain (Ansoft, 1957)
is market differentiation.
H4b My firm effectively Fpmmuplcates its (Kapferer, 2008)
unique value proposition to its customers.
My firm's digital investments are (Fltzgera} d,
H5c | strategically aligned with its overall Kruschwitz,
Digital ls)usirelgs(s: 0};11s gne Sove Bonnet, & Welch,
Intensity (DI) £0a1s. 2013)
HSc My firm prioritizes digital investments in (Matt, Hess, &
strategic planning. Benlian, 2015)
Héb Firm !eaders.ac'iequgtely participate in (Eden, 1992)
technical training discussions.
Heb Firm leaders often champion the adoption of (V'enkates'h,
. g . . Morris, Davis, &
Transformation new digital tools across firm business units. .
Management Davis, 2003)
Tntensity H6b Firm Legdershlp Techmc.al'Competency at (Bassellier, Reich,
T™I my firm is adequate for digital & Benbasat. 2000
( ) transformational efforts. cenbasat, )
Héc Firm leaders welcome open discussions on (Kane, Palmer,
continuous learning and staying. updated Phillips, Kiron, &
with technological advancements. Buckley, 2016)

Information technology (IT) is now widely recognized as a key tool for boosting a firm’s

economic competitiveness. To maximize the impact of IT on firms’ productivity, the

determinants of IT adoption must be clearly understood. The adoption of the IT constructs must

be firm- wide to maximize its impact. (Oliveira & Martins, 2011)

Strategic Agility

The ability to adapt to new developments, continuously adjust the strategic direction of
the company, and devise inventive methods for generating value are all hallmarks of agility and

flexibility. (Weber & Tarba, 2014). The HR Daily advisor defines the three As of agility as:
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anticipate, adapt, and act. (Pophal, 2019) Companies must remain strategically and

organizationally agile to respond to rapid changes in market and consumer demands.

Strategic agility does not refer to a single change that an organization makes, such as in
response to a serious threat or emergency. Strategic agility, on the other hand, denotes a
company's ongoing capacity to successfully alter its course of action in order to maintain its
competitive advantages. (Weber & Tarba, 2014)

Knowledge Absorption Capacity

Knowledge Absorption Capacity (KAC) can be defined as processes oriented toward the
actual use of knowledge. (Gold, Malhotra, & Segars, 2001). This construct allows a firm to create
knowledge assets that can lead to a sustainable advantage over their competitors. KAC can also
be extremely valuable in developing the confidence of firm leadership and practitioners in
adopting and utilizing new technologies.

Data Driven Decision Making Capabilities

The main objectives for firms that adopt the Data Driven Decision Making frameworks is
the transformation of data into knowledge. This is enabled most effectively by the use of
technology-based tools that help to support decision making by various stakeholders across the

firm. (Mandinach, Honey, & Light, 2006).

As late as 2020, the successful transformation of companies becoming true data-driven
organizations has been low. (Svensson & Taghavianfar, 2020) Organizations that are positioning
themselves to adopt advanced technologies such as Al and ML, must make a serious and

concerted effort to address any obstacles if they wish to remain competitive.
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Competitive Advantage or Competitive Need

As competition increases due to globalization, the rapid pace of technological change,
changes in consumer tastes and preferences and the changing demands on business models, firms
must take into consideration the importance of becoming adaptable and proactively nimble in
order to respond to unforeseen or unpredictable changes in their business environments. (Worley,
Williams, & Lawler 111, 2014)

Firm Level Digital Intensity (DI)

Digital Transformation has multiple definitions, however the most basic of all definitions
is leveraging technology to significantly enhance the efficiency of a business. (Westerman G. C.,
2011). Firm Level Digital Maturity is a combination of two domains. The first domain is called
Digital Intensity (DI), which is targeted at the overall firm. It focuses on capturing and
measuring the processes and technologies that change how a company operates. (Westerman,
2011). Digital Intensity (DI), which focuses on capturing and measuring the processes and
technologies that change how a company operates.

Transformation Management Intensity (TMI)

Transformation Management Intensity (TMI) is the second of two domains in the Firm
Level Digital Maturity construct. Its primary focus in on leadership mindset changes in the
development and implementation of operational and governance strategies centered on adopting
new digital transformation approaches. (Wroblewski, 2018) (Westerman G. C., 2011)

Perception of Organizational Readiness

The theory of Organizational Readiness for change is defined as organizational level

construct that measures an organization’s shared resolve to implement or effect a change (change
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commitment) and their shared ability to implement change (change efficacy) (Weiner B. J.,
2009). When people of an organization desire to make a change and are confident that they can
make it, organizational readiness is likely to be at its maximum.

Pretest and Informed Pilot

The Pretest and Informed Pilot was conducted in August 2023 prior to the completion of
a Pilot study. Four subject matter experts with extensive experience in Al and ML technology
participated in the Informed Pretest in two stages. Stage one was completed with a review of the
conceptual model, construct definitions, and survey instrument. Stage two was completed after
incorporating feedback from the SMEs that involved updates to the survey instrument to correct
wording errors. All constructs were validated during Stage two and updates improved the survey

instrument validity and internal reliability.

In addition to the Pretest Study, the SMEs were provided with defense proposal feedback
from the dissertation committee to provide additional support for the overall study, instrument,
and internal reliability. The feedback and responses can be found in the Appendix on Table 6.

Pilot Study

A quantitative methodology was used for the informed pilot study. The Connect Cloud
survey platform by Cloud Research was used to administer the data collection. The survey
questions were developed and administered by Qualtrics and IBM SPSS was used to conduct
analysis and validate the strength of the model constructs. One hundred fifty responses were
collected and validated through data cleansing. The survey instrument initially contained one

hundred thirty three questions and through factor analysis we discovered constructs that were not
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differentiating indicating high correlations across my survey questions that resulted in the final
survey containing twenty two questions.

Figure 6: Rotated Component Matrix Factor Analysis
1 2 3 4 5 6

DDD - QI (H3a) 2 778
DDD - Q1 (H3a) 5 771
DDD - Q1 (H3a) 4 734

DDD - Q2 728

(H3b) 2

DDD - Q2 567

(H3b) 1

TMI - Q2 (H6b) 2 776

TMI - Q2 (H6b) 3 754

TMI - Q2 (H6b) 5 748

TMI - Q3 (Héc) 3 586 532

KAC-Q5 (H2e) 3 755

KAC-Q5 (H2e) 1 643

KAC-Q3 (H2c) 4 594 520
CNA - Q1 (H4b) 4 813

CNA - Q1 (H4b) 1 729

CNA - Q1 (H4b) 2 686

CNA - Q1 (H4b) 5 571

SA - Q2 (H1b) 1 752

SA - Q1 (Hla) 2 704

SA - Q2 (H1b) 3 558

DI - Q1 (H5a) 3 646
DI - Q3 (H5¢) 3 631
DI - Q3 (H5c¢) 4 563

Extraction Method: Principal Component Analysis.

Rotation Method: Varimax with Kaiser Normalization.?
a. Rotation converged in 7 iterations.

The KMO and Bartlett’s Test also indicated a .922 or 92.2% sampling adequacy and a
Significance/ p-value <.001. These results indicate the data collected is suitable for factor

analysis. These analyses show that the constructs demonstrate reasonable validity and reliability.
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Figure 7: KMO and Bartlett's Test Results

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. 922
Bartlett's Test of Sphericity Approx. Chi-Square 1782.345
df 231
Sig. <.001
RESULTS

The calculated sample size for the study was three hundred seventy respondents based on
the Qualtrics Sample Size Calculator. The confidence level of 95%, population size of ten
thousand and margin of error of 5% were derived from guidance provided by (Hair, Hult, Ringle,
& Sarastedt, 2017). However, to prepare for the potential for unusable data, additional responses

were added for a total sample size of four hundred.

IBM SPSS was used for exploratory factor analysis (EFA) to validate the measurement
model and to ensure the proper loading of survey results and to ensure discriminant validity.
Cross loadings were validated during the Pilot study using the varimax rotated factor matrix with

a .05 for loadings and resulted in only twenty two questions used for the survey instrument.

Regression analysis was also used to test the research hypotheses by comparing the

means and grand means of the Independent, Moderating and Dependent Variables.

Using a 5 point Likert Scale to validate the proposed model using regression-based
approach and four hundred respondents answered the survey questions. Respondents that failed
the qualifying questions, had missing responses or data, attention check questions or completed

the survey in less than 3 minutes were removed from the main study prior to analysis. After data
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cleansing and additional analysis, only two hundred five of the four hundred respondents’ data

was utilized in the survey analysis.

Hypothesis Testing and Results

Table 5 below lists the seventy two hypotheses identified in this study along with

hypothesis testing results. Additional details on the results are summarized in the subsequent

sections.

Table 5: Hypothesis Testing Results

Hypotheses

Mnemonic/Path

Description

t- statistic

ANOVA/ P-Value

Supported/
Unsupported

H1

SA > DV

As the firm’s Strategic
Agility increases, their
Perception of
Organizational Readiness to
Adopt AI/ML Technologies
will increase

0.484

7.831

<.001

KAC ->DV

As the firm’s Knowledge
Adoption Capacity
increases, their Perception
of Organizational
Readiness to Adopt A/ML
Technologies will increase

0.607

10.833

<.001

H3

DDMC ->DV

As the firm’s Data Driven
Decision Making
Capabilities increases, their
Perception of
Organizational Readiness to
Adopt AI/ML Technologies
will increase

0.705

14.082

<.001

H4

CAN > DV

As the firm’s Competitive
Advantage or Need
increases, their Perception
of Organizational
Readiness to Adopt A/ML
Technologies will increase

0.579

10.069

<.001

H5

DI-> DV

As the firm’s Digital
Intensity increases, their
Perception of
Organizational Readiness to
Adopt AI/ML Technologies
will increase

0.588

10.317

<.001

H6

T™MI -> DV

As the firm’s
Transformation
Management Intensity
increases, their Perception
of Organizational
Readiness to Adopt AI/ML
Technologies will increase

0.587

10.276

<.001

H7a

SA ->FS -> DV

The Firm Size will
moderate the relationship
between the firms Strategic
Agility and their
Perception of

Organizational Readiness
To Adopt AUML
Technologies

0.185

2.451

<.001
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Hypotheses

Mnemonic/Path

Description

t- statistic

ANOVA/P-Value

Supported/
Unsupported

H7b

KAC ->FS ->DV

The Firm Size will
moderate the relationship
between the firms
Knowledge Adoption
Capacity and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.147

2.258

<.001

H7c

DDMC ->FS -> DV

The Firm Size will
moderate the relationship
between the firms Data
Driven Decision Making
Capabilities and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.027

0.433

<.001

H7d

CAN > FS -> DV

The Firm Size will
moderate the relationship
between the firms
Competitive Advantage or
Need and their Perception
of Organizational
Readiness to Adopt AUML
Technologies

0.185

2.679

<.001

H7e

DI ->FS -> DV

The Firm Size will
moderate the relationship
between the firms Digital
Intensity and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.105

1.452

<.001

H7f

TMI -> FS -> DV

The Firm Size will
moderate the relationship
between the firms
Transformation
Management Intensity and
their Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.175

2.538

<.001

H8a

SA ->FI->DV

The Firm Industry will
moderate the relationship
between the firms Strategic
Agility and their
Perception of
Organizational Readiness
to Adopt AUML
Technologies

0.029

0.465

<.001

HS8b

KAC ->FI->DV

The Firm Industry will
moderate the relationship
between the firms
Knowledge Adoption
Capacity and their
Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.061

1.081

<.001

H8c

DDMC ->FI -> DV

The Firm Industry will
moderate the relationship
between the firms Data
Driven Decision Making
Capabilities and their
Perception of
Organizational Readiness to
Adopt AI/ML Technologies

-0.02

-0.288

<.001

H8d

CAN ->FI -> DV

The Firm Industry will
moderate the relationship
between the firms
Competitive Advantage or
Need and their Perception

-0.01

-0.129

<.001
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Hypotheses

Mnemonic/Path

Description

t- statistic

ANOVA/P-Value

Supported/
Unsupported

of Organizational
Readiness to Adopt AUML
Technologies

H8e

TMI -> FI -> DV

The Firm Industry will
moderate the relationship
between the firms Digital
Intensity or Need and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.046

0.796

<.001

HS8f

DI ->FI-> DV

The Firm Industry will
moderate the relationship
between the firms
Transformation
Management Intensity and
their Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.026

0.454

<.001

H9a

SA ->FA ->DV

The Firm Age will
moderate the relationship
between the firms Strategic
Agility and their Perception
of Organizational
Readiness to Adopt AUML
Technologies

0.149

1.665

<.001

HOb

KAC ->FA ->DV

The Firm Age will
moderate the relationship
between the firms
Knowledge Adoption
Capacity and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.086

1.083

<.001

HO9c¢

DDMC ->FA -> DV

The Firm Age will
moderate the relationship
between the firms Data
Driven Decision Making
Capabilities and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.055

0.773

<.001

Hod

DI ->FA -> DV

The Firm Age will
moderate the relationship
between the firms
Competitive Advantage or
Need and their Perception
of Organizational
Readiness to Adopt AUML
Technologies

-0.01

-0.076

<.001

H9e

CAN ->FA -> DV

The Firm Age will
moderate the relationship
between the firms Digital
Intensity or Need and their
Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.109

0.012

<.001

HOf

TMI -> FA -> DV

The Firm Age will
moderate the relationship
between the firms
Transformation
Management Intensity and
their Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.135

1.584

<.001
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Hypotheses

Mnemonic/Path

Description

t- statistic

ANOVA/P-Value

Supported/
Unsupported

H10a

SA ->JR ->DV

The respondent’s Job Role
will moderate the
relationship between the
firms Strategic Agility and
their Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.06

0.957

<.001

H10b

KAC ->JR ->DV

The respondent’s Job Role
will moderate the
relationship between the
firms Knowledge Adoption
Capacity and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.016

0.271

<.001

H10c

DDMC ->JR -> DV

The respondent’s Job Role
will moderate the
relationship between the
firms Data Driven Decision
Making Capabilities and
their Perception of

Organizational Readiness to
Adopt A/ML Technologies

0.043

0.838

<.001

H10d

CAN ->JR ->DV

The respondent’s Job Role
will moderate the
relationship between the
firms Competitive
Advantage or Need and
their Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.059

0.998

<.001

H10e

DI ->JR -> DV

The respondent’s Job Role
will moderate the
relationship between the
firms Digital Intensity or
Need and their Perception
of Organizational
Readiness to Adopt AML
Technologies

0.006

0.095

<.001

H10f

TMI -> JR -> DV

The respondent’s Job Role
will moderate the
relationship between the
firms Transformation
Management Intensity and
their Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.049

0.842

<.001

Hlla

SA ->EL ->DV

The respondent’s Education
Level will moderate the
relationship between the
firms Strategic Agility and
their Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.013

1.734

<.001

H1lb

KAC ->EL -> DV

The respondent’s Education
Level will moderate the
relationship between the
firms Knowledge Adoption
Capacity and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.109

1.684

<.001

Hllc

DDMC > EL ->DV

The respondent’s Education
Level will moderate the
relationship between the
firms Data Driven Decision
Making Capabilities and

-0.01

-0.153

<.001
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Hypotheses

Mnemonic/Path

Description

t- statistic

ANOVA/P-Value

Supported/
Unsupported

their Perception of
Organizational Readiness to
Adopt AI/ML Technologies

HIld

CAN ->EL -> DV

The respondent’s Education
Level will moderate the
relationship between the
firms Competitive
Advantage or Need and
their Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.131

1.912

<.001

Hlle

DI->EL ->DV

The respondent’s
Education Level will
moderate the relationship
between the firms Digital
Intensity or Need and their
Perception of

Organizational Readiness
to Adopt A/ML
Technologies

0.093

1.34

<.001

HI11f

TMI -> EL -> DV

The respondent’s Education
Level will moderate the
relationship between the
firms Transformation
Management Intensity and
their Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.083

1.201

<.001

Hl12a

SA -> ATE -> DV

The respondent’s Advanced
Technology Experience
will moderate the
relationship between the
firms Strategic Agility and
their Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.111

1.435

<.001

H12b

KAC -> ATE -> DV

The respondent’s Advanced
Technology Experience
will moderate the
relationship between the
firms Knowledge Adoption
Capacity and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.083

1.197

<.001

Hl12c

DDMC -> ATE -> DV

The respondent’s Advanced
Technology Experience
will moderate the
relationship between the
firms Data Driven Decision
Making Capabilities and
their Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.06

0.976

<.001

Hi2d

CA -> ATE -> DV

The respondent’s Advanced
Technology Experience
will moderate the
relationship between the
firms Competitive
Advantage or Need and
their Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.087

1.124

<.001

H12e

DI -> ATE -> DV

The respondent’s Advanced
Technology Experience
will moderate the
relationship between the
firms Digital Intensity or

0.143

2.065

<.001
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Hypotheses

Mnemonic/Path

Description

t- statistic

ANOVA/P-Value

Supported/
Unsupported

Need and their Perception
of Organizational
Readiness to Adopt A/ML
Technologies

H12f

TMI -> ATE -> DV

The respondent’s
Advanced Technology
Experience will moderate
the relationship between
the firms Transformation
Management Intensity and
their Perception of
Organizational Readiness to
Adopt A/ML Technologies

0.078

1.052

<.001

H13a

SA -> FFM-OPEN -> DV

The respondent’s
Openness personality
factor will moderate the
relationship between the
firms Strategic Agility
and their Perception of

Organizational Readiness
to Adopt AI/ML
Technologies

1.019

8.96

<.001

H13b

KAC -> FFM-OPEN -> DV

The respondent’s
Openness personality
factor will moderate the
relationship between the
firms Knowledge
Adoption Capacity and
their Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.759

6.947

<.001

Hl13c

DDMC -> FFM-OPEN -> DV

The respondent’s Openness
personality factor will
moderate the relationship
between the firms Data
Driven Decision Making
Capabilities and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.556

4.818

<.001

H13d

CA -> FFM-OPEN -> DV

The respondent’s
Openness personality
factor will moderate the
relationship between the
firms Competitive
Advantage or Need and
their Perception of
Organizational

Readiness to Adopt A/ML
Technologies

0.862

8.052

<.001

H13e

DI -> FFM-OPEN -> DV

The respondent’s Openness
personality factor will
moderate the relationship
between the firms Digital
Intensity or Need and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.479

7.761

<.001

The respondent’s

Openness personality
factor will moderate the
relationship between the
firms Transformation
Management Intensity and
their Perception of
Organizational Readiness to
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H13f

TMI -> FFM-OPEN -> DV

Adopt A/ML Technologies

7.097

<.001

Hypotheses

Mnemonic/Path

Description

t- statistic

ANOVA/P-Value

Supported/
Unsupported

Hl4a

SA -> FFM-CONSC -> DV

The respondent’s
Conscientiousness
personality factor will
moderate the relationship
between the firms Strategic
Agility and their
Perception of
Organizational Readiness
to Adopt AUML
Technologies

1.013

8.943

<.001

H14b

KAC ->FFM-CONSC -> DV

The respondent’s
Conscientiousness
personality factor will
moderate the relationship
between the firms
Knowledge Adoption
Capacity and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.808

7.423

<.001

Hl4c

DDMC -> FFM-CONSC -> DV

The respondent’s
Conscientiousness
personality factor will
moderate the relationship
between the firms Data
Driven Decision Making
Capabilities and their
Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.597

5.535

<.001

Hl4d

CAN -> FFM-CONSC -> DV

The respondent’s
Conscientiousness
personality factor will
moderate the relationship
between the firms
Competitive Advantage or
Need and their Perception
of Organizational
Readiness to Adopt AML
Technologies

0.014

0.917

<.001

Hl4e

DI -> FFM-CONSC -> DV

The respondent’s
Conscientiousness
personality factor will
moderate the relationship
between the firms Digital
Intensity or Need and their
Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.835

8.171

<.001

H14f

TMI -> FFM-CONSC -> DV

The respondent’s
Conscientiousness
personality factor will
moderate the relationship
between the firms
Transformation
Management Intensity and
their Perception of
Organizational Readiness to

Adopt AI/ML Technologies

0.833

7.501

<.001
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H15a

SA -> FFM-EXTRA -> DV

The respondent’s
Extraversion personality
factor will moderate the
relationship between the
firms Strategic Agility and
their Perception of
Organizational Readiness to
Adopt AI/ML Technologies

1.017

9.741

<.001

Hypotheses

Mnemonic/Path

Description

t- statistic

ANOVA/ P-Value

Supported/
Unsupported

HI15b

KAC ->FFM-EXTRA -> DV

The respondent’s
Extraversion personality
factor will moderate the
relationship between the
firms Knowledge Adoption
Capacity and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.802

8.055

<.001

Hl15¢

DDMC -> FFM-EXTRA -> DV

The respondent’s
Extraversion personality
factor will moderate the
relationship between the
firms Data Driven Decision
Making Capabilities and
their Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.612

6.147

<.001

H15d

CAN -> FFM-EXTRA -> DV

The respondent’s
Extraversion personality
factor will moderate the
relationship between the
firms Competitive
Advantage or Need and
their Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.876

8.579

<.001

H15e

DI -> FFM-EXTRA -> DV

The respondent’s
Extraversion personality
factor will moderate the
relationship between the
firms Digital Intensity or
Need and their Perception
of Organizational
Readiness to Adopt A/ML
Technologies

0.88

7.883

<.001

H15f

TMI -> FFM-EXTRA -> DV

The respondent’s
Extraversion personality
factor will moderate the
relationship between the
firms Transformation
Management Intensity and
their Perception of
Organizational Readiness to
Adopt A/ML Technologies

0.889

7.927

<.001

H16a

SA -> FFM-AGREE -> DV

The respondent’s
Agreeableness personality
factor will moderate the
relationship between the
firms Strategic Agility and
their Perception of
Organizational Readiness to
Adopt A/ML Technologies

0.947

7.947

<.001
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H16b

KAC -> FFM-AGREE -> DV

The respondent’s
Agreeableness personality
factor will moderate the
relationship between the
firms Knowledge Adoption
Capacity and their
Perception of

Organizational Readiness to
Adopt AI/ML Technologies

0.717

6.608

<.001

Hl6c

DDMC -> FFM-AGREE -> DV

The respondent’s
Agreeableness personality
factor will moderate the
relationship between the
firms Data Driven Decision

0.511

4.75

<.001
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Hypotheses

Mnemonic/Path

Description

t- statistic

ANOVA/P-Value

Supported/
Unsupported

Making Capabilities and
their Perception of
Organizational Readiness to
Adopt A/ML Technologies

Hlé6d

CAN -> FFM-AGREE -> DV

The respondent’s
Agreeableness personality
factor will moderate the
relationship between the
firms Competitive
Advantage or Need and
their Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.826

7.579

<.001

Hl6e

DI -> FFM-AGREE -> DV

The respondent’s
Agreeableness personality
factor will moderate the
relationship between the
firms Digital Intensity or
Need and their Perception
of Organizational
Readiness to Adopt A/ML
Technologies

0.547

8.676

<.001

Hlef

TMI -> FFM-AGREE -> DV

The respondent’s
Agreeableness personality
factor will moderate the
relationship between the
firms Transformation
Management Intensity and
their Perception of

Organizational Readiness to
Adopt A/ML Technologies

0.78

6.217

<.001

Hl17a

SA ->FFM-NEURO -> DV

The respondent’s
Neuroticism personality
factor will moderate the
relationship between the
firms Strategic Agility and
their Perception of

Organizational Readiness to
Adopt A/ML Technologies

0.992

8.833

<.001

H17b

KAC ->FFM-NEURO -> DV

The respondent’s
Neuroticism personality
factor will moderate the
relationship between the
firms Knowledge Adoption
Capacity and their
Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.788

<.001

Hl17c¢

DDMC -> FFM-NEURO -> DV

The respondent’s
Neuroticism personality
factor will moderate the
relationship between the
firms Data Driven Decision
Making Capabilities and
their Perception of
Organizational Readiness to
Adopt A/ML Technologies

0.578

5.309

<.001

H17d

CAN -> FFM-NEURO -> DV

The respondent’s
Neuroticism personality
factor will moderate the
relationship between the
firms Competitive
Advantage or Need and
their Perception of
Organizational Readiness to
Adopt AI/ML Technologies

0.909

9.124

<.001
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Supported/
Hypotheses Mnemonic/Path Description B t- statistic | ANOVA/P-Value | Unsupported
The respondent’s
Neuroticism personality
factor will moderate the
relationship between the
firms Digital Intensity or
Need and their Perception
of Organizational
Readiness to Adopt AUML
H17e DI -> FFM-NEURO -> DV Technologies 0.831 7.71 <.001 S
The respondent’s
Neuroticism personality
factor will moderate the

relationship between the
H17f TMI -> FFM-NEURO -> DV firms Transformation 0.875 7.774 <.001 S

Independent Variables

Strategic Agility (SA) has a positive impact on a firm’s Perception Of Readiness to
Adopt Al and ML technologies (DV). The P value, t-statistic, and p-values of 0.788, 8.0 and

p<.001 is significant and show H1 is supported.

Knowledge Absorption Capacity (KAC) has a positive impact on a firm’s Perception Of
Readiness to Adopt Al and ML technologies (DV). The B value, t-statistic, and p-values of

0.607, 10.833 and p< .001 is significant and show H2 is supported.

Data Driven Decision Making (DDMC) has a positive impact on a firm’s Perception Of
Readiness to Adopt Al and ML technologies (DV). The B value, t-statistic, and p-values of

0.705, 14.082 and p<.001 s is significant and show H3 is supported.

Competitive Advantage/ Need (CAN) has a positive impact on a firm’s Perception Of
Readiness to Adopt Al and ML technologies (DV). The B value, t-statistic, and p-values of 0.579

10.069and p<.001 show H4 is supported.

Digital Intensity (DI) has a positive impact on a firm’s Perception Of Readiness to Adopt
Al and ML technologies (DV). The B value, t-statistic, and p-values of 0.588, 10.317 and p<.001

show that HS is supported.
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Transformation Management Intensity (TMI) has a positive impact on a firm’s
Perception Of Readiness to Adopt Al and ML technologies (DV). The B value, t-statistic, and p-
values of 0.587, 10.276 and p< .001 show H6 is supported

Moderating Variables

Firm Size (FS) moderates the relationship between the firm’s Strategic Agility (SA) and
their Perception Of Readiness to Adopt Al and ML technologies (DV). The B value, t-statistic,

and p-values of 0.185, 2.451 and p<.001 show H7a is supported.

Firm Size (FS) moderates the relationship between the firm’s Knowledge Absorption
Capacity (KAC) and their Perception Of Readiness to Adopt Al and ML technologies (DV). The

B value, t-statistic, and p-values of 0.147, 2.258 and p< .001 show H7b is supported.

Firm Size (FS) moderates the relationship between the firm’s Data Driven Decision
Making (DDMC) and their Perception Of Readiness to Adopt Al and ML technologies (DV).

The B value, t-statistic, and p-values of 0.027, 0.433 and p<.001 show H7c is supported.

Firm Size (FS) moderates the relationship between the firm’s Competitive Advantage/
Need (CAN) and their Perception Of Readiness to Adopt Al and ML technologies (DV). The

value, t-statistic, and p-values of 0.185, 2.679 and p< .001 show H7d is supported.

Firm Size (FS) moderates the relationship between the firm’s Digital Intensity (DI) and
their Perception Of Readiness to Adopt Al and ML technologies (DV). The 3 value, t-statistic,

and p-values of 0.105, 1.452 and p<.001 show H7e is supported.

Firm Size (FS) moderates the relationship between the firm’s Transformation

Management Intensity (TMI) and their Perception Of Readiness to Adopt Al and ML
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technologies (DV). The B value, t-statistic, and p-values of 0.175, 2.538 and p<.001 show H7f is

supported.

Firm Industry (FI) moderates the relationship between the firm’s Strategic Agility (SA)
and their Perception Of Readiness to Adopt Al and ML technologies (DV). The B value, t-

statistic, and p-values of 0.029, 0.465 and p< .001 show H8a is supported.

Firm Industry (FT) moderates the relationship between the firm’s Knowledge Absorption
Capacity (KAC) and their Perception Of Readiness to Adopt Al and ML technologies (DV). The

B value, t-statistic, and p-values of 0.061, 1.081and p<.001 show H8b is supported.

Firm Industry (FI) moderates the relationship between the firm’s Data Driven Decision
Making (DDMC) and their Perception Of Readiness to Adopt Al and ML technologies (DV).
The B value, t-statistic, and p-values of -0.015, -0.288 and p<.001 show H8c supports an inverse

relationship.

Firm Industry (FI) moderates the relationship between the firm’s Competitive
Advantage/ Need (CAN) and their Perception Of Readiness to Adopt Al and ML technologies
(DV). The B value, t-statistic, and p-values of -0.01, -0.129 and p<.001 show H8d supports an

inverse relationship.

Firm Industry (FI) moderates the relationship between the firm’s Digital Intensity (DI)
and their Perception Of Readiness to Adopt Al and ML technologies (DV). The B value, t-

statistic, and p-values of 0.046, 0.796 and p< .001 show H8e is supported.

Firm Industry (FI) moderates the relationship between the firm’s Transformation

Management Intensity (TMI) and their Perception Of Readiness to Adopt Al and ML
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technologies (DV). The B value, t-statistic, and p-values of 0.026, 0.454 and p<.001 show H8f is

supported.

Firm Age (FA) moderates the relationship between the firm’s Strategic Agility (SA) and
their Perception Of Readiness to Adopt Al and ML technologies (DV). The B value, t-statistic,

and p-values of 0.149, 1.665 and p< .001 show H9a is supported.

Firm Age (FA) moderates the relationship between the firm’s Knowledge Absorption
Capacity (KAC) and their Perception Of Readiness to Adopt Al and ML technologies (DV). The

B value, t-statistic, and p-values of 0.086, 1.083 and p<.001 show H9b is supported.

Firm Age (FA) moderates the relationship between the firm’s Data Driven Decision
Making (DDMC) and their Perception Of Readiness to Adopt Al and ML technologies (DV).

The B value, t-statistic, and p-values of 0.055, 0.773 and p<.001 show H9c is supported.

Firm Age (FA) moderates the relationship between the firm’s Competitive Advantage/
Need (CAN) and their Perception Of Readiness to Adopt Al and ML technologies (DV). The 3
value, t-statistic, and p-values of -0.007, -0.076 and p<.001 show H9d supports an inverse

relationship.

Firm Age (FA) moderates the relationship between the firm’s Digital Intensity (DI) and
their Perception Of Readiness to Adopt Al and ML technologies (DV). The B value, t-statistic,

and p-values of 0.109, 0.012 and p< .001 show H9e is supported.

Firm Age (FA) moderates the relationship between the firm’s Transformation
Management Intensity (TMI) and their Perception Of Readiness to Adopt Al and ML
technologies (DV). The B value, t-statistic, and p-values of 0.135, 1.584, and p<.001 show H9f

is supported.
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Job Role (JR) moderates the relationship between the firm’s Strategic Agility (SA) and
their Perception Of Readiness to Adopt Al and ML technologies (DV). The B value, t-statistic,

and p-values of 0.06, 0.957 and p< .001 show H10a is supported.

Job Role (JR) moderates the relationship between the firm’s Knowledge Absorption
Capacity (KAC) and their Perception Of Readiness to Adopt Al and ML technologies (DV). The

B value, t-statistic, and p-values of 0.016, 0.271 and p<.001 show H10b is supported.

Job Role (JR) moderates the relationship between the firm’s Data Driven Decision
Making (DDMC) and their Perception Of Readiness to Adopt Al and ML technologies (DV).

The B value, t-statistic, and p-values of 0.043, 0.838 and p<.001 show H10c is supported.

Job Role (JR) moderates the relationship between the firm’s Competitive Advantage/
Need (CAN) and their Perception Of Readiness to Adopt Al and ML technologies (DV). The 3

value, t-statistic, and p-values of 0.059, 0.998 and p<.001 show H10d is supported.

Job Role (JR) moderates the relationship between the firm’s Digital Intensity (DI) and
their Perception Of Readiness to Adopt Al and ML technologies (DV). The B value, t-statistic,

and p-values of 0.006, 0.095 and p<.001 show H10e is supported.

Job Role (JR) moderates the relationship between the firm’s Transformation Management
Intensity (TMI) and their Perception Of Readiness to Adopt Al and ML technologies (DV). The

B value, t-statistic, and p-values of 0.049, 0.842 and p< .001 show H10f is supported.

Education Level (EL) moderates the relationship between the firm’s Strategic Agility
(SA) and their Perception Of Readiness to Adopt Al and ML technologies (DV). The B value, t-

statistic, and p-values of 0.013, 1.734 and p<.001 show H11a is supported.

57



Education Level (EL) moderates the relationship between the firm’s Knowledge
Absorption Capacity (KAC) and their Perception Of Readiness to Adopt Al and ML
technologies (DV). The B value, t-statistic, and p-values of 0.109, 1.684 and p<.001 show H11b

is supported.

Education Level (EL) moderates the relationship between the firm’s Data Driven
Decision Making (DDMC) and their Perception Of Readiness to Adopt Al and ML technologies

(DV). The B value, t-statistic, and p-values of -0.01, -0.153 and p<.001 show H11c supports an

inverse relationship.

Education Level (EL) moderates the relationship between the firm’s Competitive
Advantage/ Need (CAN) and their Perception Of Readiness to Adopt Al and ML technologies

(DV). The B value, t-statistic, and p-values of 0.131, 1.912 and p<.001 show H11d is supported.

Education Level (EL) moderates the relationship between the firm’s Digital Intensity
(DI) and their Perception Of Readiness to Adopt Al and ML technologies (DV). The B value, t-

statistic, and p-values of 0.093, 1.34 and p<.001 show H11e is supported.

Education Level (EL) moderates the relationship between the firm’s Transformation
Management Intensity (TMI) and their Perception Of Readiness to Adopt Al and ML
technologies (DV). The B value, t-statistic, and p-values of 0.083, 1.201 and p<.001 show H11f

is supported

Advanced Technology Experience (ATE) moderates the relationship between the firm’s
Strategic Agility (SA) and their Perception Of Readiness to Adopt Al and ML technologies

(DV). The B value, t-statistic, and p-values of 0.111, 1.435 and p<.001 show H12a is supported.
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Advanced Technology Experience (ATE) moderates the relationship between the firm’s
Knowledge Absorption Capacity (KAC) and their Perception Of Readiness to Adopt Al and ML
technologies (DV). The B value, t-statistic, and p-values of 0.083, 1.197 and p<.001 show H12b

is supported.

Advanced Technology Experience (ATE) moderates the relationship between the firm’s
Data Driven Decision Making (DDMC) and their Perception Of Readiness to Adopt Al and ML
technologies (DV). The B value, t-statistic, and p-values of 0.06, 0.976 and p<.001 show H12c is

supported.

Advanced Technology Experience (ATE) moderates the relationship between the firm’s
Competitive Advantage/ Need (CAN) and their Perception Of Readiness to Adopt Al and ML
technologies (DV). The B value, t-statistic, and p-values of 0.087, 1.124 and p<.001 show H12d

is supported.

Advanced Technology Experience (ATE) moderates the relationship between the firm’s
Digital Intensity (DI) and their Perception Of Readiness to Adopt Al and ML technologies (DV).

The B value, t-statistic, and p-values of 0.143, 2.065 and p< .001 show H12e is supported.

Advanced Technology Experience (ATE) moderates the relationship between the firm’s
Transformation Management Intensity (TMI) and their Perception Of Readiness to Adopt Al and
ML technologies (DV). The B value, t-statistic, and p-values of 0.078, 1.052 and p<.001 show

H12f is supported.

The respondent’s Openness personality factor (FFM — OPEN) moderates the relationship

between the firm’s Strategic Agility (SA) and their Perception of Organizational Readiness to
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Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-values of 1.019, 8.96 and

p<.001 show H13a is supported.

The respondent’s Openness personality factor (FFM — OPEN) moderates the relationship
between the firm’s Knowledge Absorption Capacity (KAC) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values of 0.759, 6.947 and p< .001 show H13b is supported.

The respondent’s Openness personality factor (FFM — OPEN) moderates the relationship
between the firm’s Data Driven Decision Making (DDMC) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values of 0.556, 4.818 and p<.001 show H13c is supported.

The respondent’s Openness personality factor (FFM — OPEN) moderates the relationship
between the firm’s Competitive Advantage/ Need (CAN) and their Perception of Organizational
Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-values of 0.862,

8.052 and p<.001 show H13d is supported.

The respondent’s Openness personality factor (FFM — OPEN) moderates the relationship
between the firm’s Digital Intensity (DI) and their Perception of Organizational Readiness to
Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-values of 0.479, 7.761 and

p<.001 show H13e is supported.

The respondent’s Openness personality factor (FFM — OPEN) moderates the relationship
between the firm’s Transformation Management Intensity (TMI) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The 3 value, t-statistic, and p-

values of 0.88, 7.097 and p<.001 show H13f is supported.
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The respondent’s Conscientiousness personality factor (FFM — CONSC) moderates the
relationship between the firm’s Strategic Agility (SA) and their Perception of Organizational
Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-values of 1.013,

8.943 and p<.001 show H14a is supported.

The respondent’s Conscientiousness personality factor (FFM — CONSC) moderates the
relationship between the firm’s Knowledge Absorption Capacity (KAC) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values of 0.808, 7.423 and p< .001 show H14b is supported.

The respondent’s Conscientiousness personality factor (FFM — CONSC) moderates the
relationship between the firm’s Data Driven Decision Making (DDMC) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values of 0.597, 5.535 and p<.001 show H14c is supported.

The respondent’s Conscientiousness personality factor (FFM — CONSC) moderates the
relationship between the firm’s Competitive Advantage/ Need (CAN) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The  value, t-statistic, and p-

values 0f 0.014, 0.917 and p<.001 show H14d is supported.

The respondent’s Conscientiousness personality factor (FFM — CONSC) moderates the
relationship between the firm’s Digital Intensity (DI) and their Perception of Organizational
Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-values of 0.835,

8.171 and p<.001 show H14e is supported.

The respondent’s Conscientiousness personality factor (FFM — CONSC) moderates the

relationship between the firm’s Transformation Management Intensity (TMI) and their
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Perception of Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-

statistic, and p-values of 0.833, 7.501 and p<.001 show H14f is supported.

The respondent’s Extraversion personality factor (FFM — EXTRA) moderates the
relationship between the firm’s Strategic Agility (SA) and their Perception of Organizational
Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-values of 1.017,

9.741 and p< .001 show H15a is supported.

The respondent’s Extraversion personality factor (FFM — EXTRA) moderates the
relationship between the firm’s Knowledge Absorption Capacity (KAC) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values of 0.802, 8.055 and p<.001 show H15b is supported.

The respondent’s Extraversion personality factor (FFM — EXTRA) moderates the
relationship between the firm’s Data Driven Decision Making (DDMC) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values 0f 0.612, 6.147 and p<.001 show H15c is supported.

The respondent’s Extraversion personality factor (FFM — EXTRA) moderates the
relationship between the firm’s Competitive Advantage/ Need (CAN) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values of 0.876, 8.579 and p<.001 show H15d is supported.

The respondent’s Extraversion personality factor (FFM — EXTRA) moderates the
relationship between the firm’s Digital Intensity (DI) and their Perception of Organizational
Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-values of 0.88,

7.883 and p<.001 show H15e is supported.
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The respondent’s Extraversion personality factor (FFM — EXTRA) moderates the
relationship between the firm’s Transformation Management Intensity (TMI) and their
Perception of Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-

statistic, and p-values of 0.889, 7.927 and p<.001 show H15f is supported.

The respondent’s Agreeableness personality factor (FFM — AGREE) moderates the
relationship between the firm’s Strategic Agility (SA) and their Perception of Organizational
Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-values of 0.947,

7.947 and p< .001 show H16a is supported.

The respondent’s Agreeableness personality factor (FFM — AGREE) moderates the
relationship between the firm’s Knowledge Absorption Capacity (KAC) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values of 0.717, 6.608 and p<.001 show H16b is supported.

The respondent’s Agreeableness personality factor (FFM — AGREE) moderates the
relationship between the firm’s Data Driven Decision Making (DDMC) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values of 0.511, 4.75 and p<.001 show H16c is supported.

The respondent’s Agreeableness personality factor (FFM — AGREE) moderates the
relationship between the firm’s Competitive Advantage/ Need (CAN) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values of 0.826, 7.579 and p< .001 show H16d is supported.

The respondent’s Agreeableness personality factor (FFM — AGREE) moderates the

relationship between the firm’s Digital Intensity (DI) and their Perception of Organizational

63



Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-values of 0.547,

8.676 and p<.001 show H16e is supported.

The respondent’s Agreeableness personality factor (FFM — AGREE) moderates the
relationship between the firm’s Transformation Management Intensity (TMI) and their
Perception of Organizational Readiness to Adopt AI/ML Technologies (DV). The f value, t-

statistic, and p-values of 0.78, 6.217 and p<.001 show H16f is supported.

The respondent’s Neuroticism personality factor (FFM — NEURO) moderates the
relationship between the firm’s Strategic Agility (SA) and their Perception of Organizational
Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-values of 0.992,

8.833 and p<.001 show H17a is supported.

The respondent’s Neuroticism personality factor (FFM — NEURO) moderates the
relationship between the firm’s Knowledge Absorption Capacity (KAC) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values of 0.788, 8.0 and p<.001 show H17b is supported.

The respondent’s Neuroticism personality factor (FFM — NEURO) moderates the
relationship between the firm’s Data Driven Decision Making (DDMC) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values of 0.578, 5.309 and p<.001 show H17c¢ is supported.

The respondent’s Neuroticism personality factor (FFM — NEURO) moderates the
relationship between the firm’s Competitive Advantage/ Need (CAN) and their Perception of
Organizational Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-

values of 0.909, 9.124 and p< .001 show H17d is supported.
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The respondent’s Neuroticism personality factor (FFM — NEURO) moderates the
relationship between the firm’s Digital Intensity (DI) and their Perception of Organizational
Readiness to Adopt AI/ML Technologies (DV). The B value, t-statistic, and p-values of 0.831,

7.71 and p<.001 show H17e is supported.

The respondent’s Neuroticism personality factor (FFM — NEURO) moderates the
relationship between the firm’s Transformation Management Intensity (TMI) and their
Perception of Organizational Readiness to Adopt AI/ML Technologies (DV). The f value, t-

statistic, and p-values of 0.875, 7.774 and p< .001 show H17f is supported.
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DISCUSSION AND IMPLICATIONS

Discussion

In order for US business consumers to continue leveraging these technological
advancements, we must have a baseline understanding of the motivations for firms to perceive
their readiness in adopting advanced technologies. This study focused on using empirical survey
research and statistical analysis methods to answer the question what the factors are contributing
to the perception of organizational readiness in adopting Artificial Intelligence and Machine
Learning technologies for US firms. The fundamental purpose of this study is to better
understand at a more granular level firm readiness and to identify the drivers that will influence
the adoption of aforementioned advanced technology constructs for American business

consumers.

The conceptual model in this study is a new model that aimed to identify specific
constructs not necessarily present in some of the more well-known technology adoption models
and theories. The study findings provide positive statistical support for sixty eight of the seventy
two relationships identified in the model that hypothesized positive impacts on firm perception
of organizational readiness to adopt Al and ML technologies. The results of the analysis show
that with the exception of four inverse moderating relationships, firm perception of readiness to
adopt Al and ML technologies is positively correlated with firm-level factors of Strategic
Agility, Knowledge Absorption Capacity, Data Driven Decision Making Capabilities,

Competitive Advantage/ Need, Digital Intensity and Transformation Management Intensity.
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Hypothesis Analysis

The research tested seventy two hypothesis to identify the relationship and impact of six
firm-level constructs on the dependent variable as identified in the conceptual model. The
findings were surprising in that all but four of the identified hypotheses showed positive support.
The inversely supported hypotheses were moderating hypotheses and identified that Firm
Industry had an inverse impact on the relationship between Data Driven Decision Making and
Firm Perception of Readiness to Adopt Al and ML. Firm Industry also had an inverse
moderating effect on the relationship between Competitive Advantage and Firm Perception of
Readiness to Adopt Al and ML. Firm Age also proved to have an inverse moderating effect on
the relationship between Competitive Advantage and Firm Perception of Readiness to Adopt Al
and ML. Lastly, Education Level had an inverse moderating effect on the relationship between

Data Driven Decision Making and Firm Perception of Readiness to Adopt Al and ML.

The research surmises that the inverse moderating effect shown in four of the hypotheses
tested could be due to response cross loadings or calculation errors. Additional testing will be
needed for more detailed analysis and conclusions.

Implications

Theoretical Implications

This study was conducted to contribute to and extend existing literature on technology
adoption by employing applied research and deep industry expertise and experiences. This study
aimed at providing a baseline model and analysis for a future framework to help firms better

understand and measure their readiness for advanced technology adoption.
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The theory of Organizational Readiness for change is defined as organizational level
construct that measures an organization’s shared resolve to implement or effect a change (change
commitment) and their shared ability to implement change (change efficacy) (Weiner B. J.,
2009). Additionally, when people of an organization desire to make a change and are confident
that they can make it, organizational readiness is likely to be at its maximum. The theory of
Organizational Readiness is also defined as a psychological construct and is said to be a leading
indicator for successful implementation of complex changes in healthcare IT projects.

(Amatayakul, 2005) and (Weiner B. J., 2009)

One of the main obstacles to the successful adoption of Al is reported to be the shortage
of expertise and abilities in data science among current employees (Ipsos Belgium, 2020). This
study purports to extend this literature by adding the organizational level construct of firm readiness as
another critical success factor for successful Al adoption practices.

Practical Implications

As early as 2022, we have seen a steady disruption in the consulting services firm
revenues due to the impact and use of Al in performing data processing and analysis workflows
(Kaplan, Soren, 2023). Companies are utilizing internal resources undergirded by Generative Al
in addition to smaller, more focused strategy organizations to help improve their operations and

derive additional insights from their data assets.

This study was aimed at developing a modernized conceptual and theoretical approach to
interrogate existing technology adoption literature for relevance measuring advanced
technologies such as Al and ML. Additionally, this study can be used as a baseline conceptual
model for development of an adoption framework to help firms better understand and measure

their readiness for advanced technology adoption. The ability to develop new measurement
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frameworks and monetize them as a service could be an extremely lucrative business opportunity
for the near future.

Limitations

This study and related analysis relied on the self-reported results of the survey
respondents and the willingness of the participants to share open and honest feedback. One factor
that could have a direct impact on the survey data gathering, analysis and readout could be the
respondents experience level with the aforementioned advanced technology platforms, tools, and
software. Another factor that could limit the study accuracy is the size of the company or firm of
the respondent. More often than not, larger firms have shown themselves to have more
experienced and engaged professionals, particularly with respect to new and emerging

technologies.

This study began with a one hundred and thirty three questionnaire. Several rounds of
factor analysis revealed a remarkably high degree of correlations and cross-loadings. In order to
establish discriminant and convergent validity, the survey instrument used in the full study was
reduced to a questionnaire that contained less than 10% of the original questionnaire. Additional
research should be completed to further validate the constructs and survey instrument identified

and utilized in this study.

The majority of the constructs measured in this study were developed from extending
existing literature and from the professional experiences of the researcher. This could in effect
introduce unintentional biases such as affinity or conformity bias. Future studies are

recommended to minimize this potential.
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The personality of the respondent could have different moderating effects, depending
upon the mood and mind state of the respondent at the time of data collection. In addition, more
research is needed to determine how firm level factors are impacted by moderators at the

individual level.

There is an active debate in psychology and academic research on the importance and
value of significance and alpha levels as indicators of statistical significance (Aidley, 2019).
Guidance provided by the American Statistical Association shares six principles on the statistical
significance of p-values. The most impactful observation that could have the most direct impact
on this and future studies that utilize p-values as a measure of evidence states that p-values alone
are not good measures of the strength of a hypothesis. In the context of this study, EFA, p-
values, along with t-statistics and beta values were used together to demonstrate the strength of
tested hypothesis.

Future Studies

This study attempted to create a more contemporary theoretical and conceptual
framework as an extension of existing theories for analyzing the literature on technology
adoption and determining the firm-level perception of readiness to adopt advanced technologies
like Al and ML. The researchers aim was to structure this study to be used as a baseline
conceptual model for development of an adoption framework to help firms better understand and

measure their readiness for advanced technology adoption.

A European enterprise survey on the use of technologies based on Al conducted by Ipsos
and the International Centre for Innovation, Technology and Education presented a list of

internal obstacles to the adoption of Al firms reported during the survey. The cost of adoption,
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difficulty of hiring new skilled staff and the lack of skills of existing staff were shown to be the
most relevant (Ipsos Belgium, 2020). Future studies to extend this research could include
analysis of the theory of firm readiness to adopt Al to determine if it would also be listed as one

of the most relevant barriers.

CONCLUSIONS

This study was aimed at developing a modernized conceptual and theoretical approach to
interrogate existing technology adoption literature for relevance measuring advanced
technologies such as Al and ML. Additionally, this study can be used as a baseline conceptual
model for development of an adoption framework to help firms better understand and measure

their readiness for advanced technology adoption.

Utilizing CFA, EFA and Regression Analysis, the researcher concluded that all
constructs were proven to have a positive or inverse relationship with the firm’s perception of
readiness to adopt Al and ML technologies. As today’s firms scramble to prepare for the
adoption of Al technologies like Generative Al and other large language models, having a solid
understanding of the drivers for Al adoption could present an opportunity for the monetization of

this research for financial gain.
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APPENDICES

Table 6: Defense Proposal Feedback and Researcher Response

Defense Proposal Feedback

Researcher Response

Am [ testing for employee resistance to Al
and ML?

Not for this study. This is an important aspect, but not for this
dependent variable with regard to my planned respondents.
This is definitely a factor to be considered for my future
research on this topic.

What Types of AI/ ML am I targeting for this
research? You should consider focusing on Al
types: AGI, ANI and ASI or ML types:
Simple to Predictive, Deep Learning or
Prescriptive.

For this study I am focusing on the organization readiness
regardless of the type of Al or ML technology. This is
definitely an important distinction given the proliferation of
GenAl and Cloud based ML solutions. I will consider this for
my future research topics.
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