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ABSTRACT

The term "Artificial Intelligence" (Al) refers to the process of transferring human intelligence to
machines through programs and algorithms that mimic human abilities. When applied to human
resource (HR) practices, artificial intelligence will assist organisations in achieving their goals with
more effectiveness and efficiency. Artificial Intelligence in HR Practices will help in automating the
repetitive task of HR Function like resume sourcing and primary screening of candidate by using
automated Al Powered Software (ATS), using Al enabled Predictive Analytics for HR planning,
turnover ratio, skill gap analysis, payroll as per market scenario, turnover intention & Succession
Planning, using sentiment analysis tools to understand employee engagement and retaining them by
understanding the actual needs of employees, providing personalized training & development
opportunities by measuring precise skill gap using performance management data, reducing
performance bias and personalized feedback, Chatbots for employee assistance and so on. Al will assist
in making good use of the HR data that is currently available with organizations, making data-driven
decisions using Machine learning, Deep Learning & Neural Networks and Natural Language
Processing (NLP) to understand the data and recognize the patterns available like humans and try to
simulate the reasons like human HR, and implementation routine HR tasks like hiring, payroll, and
performance with ease and efficiency. This will cause HR employees to strategically focus on the
company’s decisions, which will further increase their efficacy.

The study uses a combination of the Technology Acceptance Model (TAM), the Technology-
Organization-Environment (TOE) Framework, and the Unified Theory of Acceptance and Use of
Technology (UTAUT) model, variables such as Technology Characteristics, Positive Attitude Towards
Change, Creativity, Self-Efficacy, Complexity, Resistance to Change, Top Management Support,
Social Characteristics & Performance Expectancy, Effort Expectancy, Social Influence, External
Support & Facilitating Conditions, and Behavioural Intention. The major goal of the study, which was
to develop a conceptual framework for the perceived acceptance and perceived implementation of
artificial intelligence in HR Practices and organisational Effectiveness, was accomplished using the
aforementioned factors. The research is descriptive in nature. Tools such as Exploratory Factor
Analysis (EFA), Confirmatory Factor Analysis (CFA), and Structural Equation Modelling (SEM) were
used to evaluate how artificial intelligence in HR practices affected the effectiveness of the company.
MANOVA with Post-Hoc Tukey HSD was used to examine the differences between the chosen
industries and Al factors. The same test was used to examine the differences between the selected
industries and organisational effectiveness. A MANOVA test was used to examine the relationship
between artificial intelligence variables and demographic constraints as well as organisational
effectiveness and demographic variables.

The results, which included respondents from over 1245 employees of selected industries such as
Information Technology / Information Technology Enabled Services (IT/ITES), Hospitality &
Healthcare, Consumer Durables & Telecommunications, Banking, Insurance & Financial Services
(BFSI) and Management Consultancy Firms, unequivocally demonstrated that employing Al in HR
practices improves organisational effectiveness.

For the variables influencing Al perceived acceptability and perceived Al implementation in HR
practices, the study developed a very comprehensive and reliable measuring Model. The strong
psychometric qualities and detailed factor structure of the scales provide researchers with a solid
empirical basis for understanding how artificial intelligence adoption works. Early in the investigation,
it was discovered that the data did not follow a normal distribution, which facilitated the selection of
appropriate analytical methods. The findings offer compelling empirical evidence that integrating Al
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into HR procedures significantly boosts an organization's effectiveness. The study's primary and most
significant finding is that the business may benefit greatly from the proper use of Al tools in HR
practices. Although there is a high correlation between employing Al and increasing an organization's
effectiveness, the overall model fit suggests that other factors may also have an impact. People's
perceptions of Al in HR, how they interact with it, and how they rank a company's effectiveness are
influenced by their demographics. The study explicitly demonstrates that factors such as age,
experience, education, income, management level, organisational size, location, and gender have a
significant impact on people's perceptions of technology characteristics, Behavioural intention,
perceived acceptance, implementation, and opinions on an organization's effectiveness. This
demonstrates how crucial it is for businesses to develop customized Al implementation and change
management strategies that take into account the various demographic characteristics of their
workforce.

Keywords: Artificial Intelligence (AI), Human Resource (HR) Practices, Perceived Al
Acceptance, Perceived Al Implementation, Organizational Effectiveness (OE)
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CHAPTER -1 INTRODUCTION

Acceptance and Implementation of Artificial Intelligence in HR Practices
for Organizational Effectiveness in Selected Industries

1.1 Background of the Study

The rapid advancement of digital technologies has fundamentally transformed how
organizations operate, compete, and manage human capital. Among these technologies,
Artificial Intelligence (AI) has emerged as one of the most influential general-purpose
innovations, reshaping organizational processes by enabling automation, prediction,
personalization, and data-driven decision-making. Al systems, encompassing machine
learning, natural language processing, robotic process automation, and predictive analytics, are
increasingly embedded within organizational workflows across industries. (Erik Brynjolfsson
and Andrew McAfee, 2017; Samuel Fosso Wamba et al., 2021)

Human Resource Management (HRM), traditionally viewed as a people-centric and judgment-
intensive function, is undergoing a significant transformation due to Al adoption. Organizations
are increasingly deploying Al-enabled tools in HR practices such as recruitment and selection,
performance management, learning and development, employee engagement, workforce
planning, and retention analytics. These applications promise greater efficiency, consistency,
and strategic alignment of HR functions with organizational goals. (Johnk et al., 2021a; J.
Marler et al., 2017)

Despite its growing diffusion, Al adoption in HR is not merely a technological shift. It
represents a socio-technical transformation that alters decision rights, redistributes authority
between humans and algorithms, and reshapes employee perceptions of fairness, control, and
trust. Consequently, the success of Al in HR practices depends not only on technological
sophistication but also on how employees perceive, accept, and experience Al systems in their
daily work lives. (Kellogg et al., 2020; Raghavan et al., 2020)

In this context, organizational effectiveness becomes a critical outcome variable. While Al can
automate tasks and improve efficiency, its contribution to organizational effectiveness is
realized only when Al is meaningfully implemented, ethically governed, and accepted by
employees. Organizational effectiveness, therefore, must be understood as a multidimensional
construct encompassing goal achievement, internal efficiency, adaptability, employee
satisfaction, and long-term sustainability. (Daft, 2016; Pestonjee, 1988a)



1.2 Artificial Intelligence in Human Resource Practices

Artificial Intelligence has developed steadily over a period of nearly sixty years and has
become increasingly widespread, particularly during the last two decades. In recent years, Al
technologies have shown rapid growth and have gained significant importance across a wide
range of fields. These include areas such as healthcare, engineering, agriculture, organizational
management, tourism, transportation, and many other sectors. Today, Al is no longer limited to
research laboratories or experimental use; instead, it has become an essential part of both public
services and business environments. (Chatterjee et al., 2022)

Artificial Intelligence should not be viewed as a single or universal solution applicable to all
problems. Rather, it represents a collection of diverse tools and technologies, each designed to
perform specific tasks and functions. These tools are commonly delivered in the form of
software applications or intelligent devices that are well-designed and offer user-friendly
interfaces, making them accessible to a wide range of users. The successful application of Al
largely depends on how effectively these tools are selected and implemented for tasks. This
responsibility lies with Al developers and professionals, who must carefully choose appropriate
technologies based on the nature of the work and organizational requirements. (Leung, 2015a)

With continuous improvements in design, usability, and performance, Al technologies are
becoming easier to adopt and integrate into everyday activities. As a result, Artificial
Intelligence is expected to soon become a regular and unavoidable part of daily life, like how
the internet and social media have become deeply embedded in modern society. Its growing
presence suggests that Al will continue to influence how individuals, organizations, and
industries operate in the future.(Nawaz et al., 2024; Raghavan et al., 2020)

The rapid advancement of Artificial Intelligence is expected to significantly change
individuals’ personal lives as well as the way organizations interact with their employees and
customers. This emerging technological revolution is fundamentally reshaping organizations
and workplace structures. Innovations such as Al are redefining the nature of work by
influencing the timing, methods, locations, and the individuals responsible for performing
various job tasks.(R Jesuthasan & 2017, 2017) Industries are experiencing major digital changes,
with an increasing emphasis on adopting Artificial Intelligence in decision-making processes
to support organizational growth and long-term success.(P. S Varsha, 2023) Organizations are
required to improve their operational processes and enhance the skills of their human resources
in order to achieve the best possible organizational performance. Over the past few years,
organizations have increasingly acknowledged the unavoidable role and growing importance
of Artificial Intelligence in managing human resources to adapt to a rapidly changing business
environment and remain competitive. As Al technologies have become widespread across
various sectors, there has been a growing emphasis on developing strategic human resource
management practices supported by Al-based systems.

Organizations worldwide are under constant pressure to reduce operational costs and improve
time efficiency. In this context, the integration of advanced technologies such as Artificial
Intelligence, machine learning, and connected digital systems into management processes has
been recognized as a strategic approach to addressing these challenges. These technologies
enable organizations to streamline HR operations, improve decision-making, and enhance
workforce management.



Although Artificial Intelligence offers strong potential and promising opportunities for Human
Resource Management, its implementation is not without difficulties. Al systems can perform
effectively only when they are supported by accurate, high-quality data. Additionally, concerns
related to data security and the possible misuse of sensitive organizational information present
significant challenges. Therefore, while Al holds substantial benefits for HR practices, careful
planning and responsible implementation are essential to ensure its successful adoption.

Despite the challenges associated with Artificial Intelligence, organizations continue to show
strong interest and invest considerable effort in adopting AI within human resource functions,
as the advantages of Al-driven HR practices are seen to outweigh the existing
limitations.(George* & Thomas, 2019) Organizations can fully realize the benefits and
potential of Artificial Intelligence when they prepare their workforce to work effectively
alongside intelligent systems. Although this transformation requires time and effort, it is
expected to deliver substantial long-term advantages.

During the lockdown period and the disruption caused by the COVID-19 crisis, human
resource departments shifted their focus away from performance measurement and placed
greater emphasis on flexibility, resilience, and the ability to recover from challenges. While
overall productivity levels were largely sustained during the pandemic, organizational leaders
were more concerned about employees’ stress levels and overall well-being. The crisis
accelerated the process of digital transformation, leading to a rapid shift in HR operations
toward digital and automated platforms. Almost every stage of human resource management,
including recruitment, onboarding, training, and performance evaluation, was restructured, and
carried out through digital systems.

Artificial Intelligence in Human Resource Management offers several promising opportunities,
ranging from the automation of routine and repetitive tasks to the improvement of HR
processes by reducing human bias. As Al continues to reshape modern workplaces,
organizations are increasingly realizing the importance of modernizing their HR practices to
achieve higher performance and remain competitive. (Nguyen & Le, 2022a; Venkatesh & Davis,
2000b)

Although there is general conceptual awareness of Artificial Intelligence, automation, and
robotics, academic and practical research on the actual application of Al in organizational
management remains limited. Human Resource Management, as a professional field, is
currently experiencing significant disruption, making it essential for both researchers and HR
practitioners to rethink and redesign traditional HR processes. Despite the recognized benefits
of Al in reducing HR managers’ workload and enabling a greater focus on strategic activities
that enhance organizational productivity, many organizations still lack a clear and
comprehensive understanding of Al technologies and their effects on both organizational
outcomes and individual employees.

The adoption of Al-driven work environments has the potential to improve employee
satisfaction, support better work—life balance, and increase overall productivity. Therefore,
there is a growing need for deeper insight into the expected outcomes of implementing Al in
HRM and the relationships among these outcomes to ensure informed and effective adoption.



1.3 What is Al (Artificial Intelligence)

Artificial Intelligence (Al), is called that it stimulates the human intelligence in machines and
enable them in solving various problems, recognizing different patterns, understanding
languages, decision making, learning from experience, performing various tasks which
required human intelligence, perform cognitive functions such as perceptions, reasoning and
learning. Devices which are equipped with Al can see and identify the objects. They understand
the human language and respond too. It works independently and takes no help of human
intelligence and intervention from human.

Definition: Artificial Intelligence (Al) is a computer science, it is concerned with the study
and the creation of computer systems, which exhibits some form of intelligence or features
which are associate with the intelligence in human behavior.

1.4 Concept of Artificial Intelligence:

Artificial Intelligence (Al) refers to a technology that allows machines and computer systems
to carry out tasks that normally require human intelligence. It enables systems to learn from
data, identify patterns, and make informed decisions to solve complex problems. Al is widely
applied across various sectors such as healthcare, finance, e-commerce, and transportation,
where it supports personalized recommendations, automated services, and advanced
technologies like autonomous vehicles.

Artificial Intelligence is built upon several core concepts and technologies that enable machines
to learn, reason, and make independent decisions. One of the most important concepts is
Machine Learning, which allows systems to learn from data and improve their performance
over time without being explicitly programmed for every task. Machine learning algorithms
identify patterns in large datasets and use these patterns to make predictions or decisions with
minimal human involvement. Another key concept is Generative Artificial Intelligence, which
focuses on creating new and original content such as text, images, audio, or videos. Unlike
traditional Al systems that primarily analyze or classify information, generative Al uses learned
patterns from vast datasets to produce entirely new outputs, thereby extending Al capabilities
beyond recognition to creation.

Additionally, Natural Language Processing (NLP) enables machines to understand, interpret,
and respond to human language in a natural manner. NLP combines linguistic principles with
computational techniques to support applications such as voice assistants, language translation,
sentiment analysis, and real-time communication. Another significant concept is Expert
Systems, which are designed to replicate the decision-making abilities of human experts. These
systems rely on structured knowledge bases and predefined rules to provide solutions or
recommendations in specialized domains where expert knowledge is essential but not always
casily accessible.(What Is Artificial Intelligence (Al) - GeeksforGeeks, n.d.)



1.4.1 How It Works:

1.1.1.1 Collection of Data:

Al depends on the data, which are in large sets. This data sets include text, images and sensor
reading. For example, to recognize the dogs, we have to collect a set of data, which are labelled
dog’s images.

1.1.1.2 Processing and Learning:

To identify the data patterns and for the analysis it uses the algorithms. For Example, it
identifies the characteristics of the objects. To identify the shape of dogs, its ears and helps in
understanding the data.

1.1.1.3 Model Training:

To improve its predictions, Al is trained and use data, adjust the internal settings. To give the
more accurate predictions, it uses more data and becomes better in recognisation. For Example,
unseen images of the dogs.

1.1.1.4 Decision Making:

After being trained, it uses what it learned in making decisions. For Example, It could find the
new image which include the dogs, which is based on the patterns which it has learned during
the training time.

1.1.1.5 Improvement:

After getting the feedback it could be improved, it could improve in reinforcement learning.
Improving the decisions over the period of time, Al receives multiple rewards and penalties.

1.4.2 Types of Artificial Intelligence:

1.1.1.6 Based on the Capabilities

e Narrow Al: To perform the narrow task and specific task such as voice assistants and
recommendation systems, this Al type is designed specifically. This type of Al lacks general
intelligence.

e General Al: Al perform the task any intellectual task that a human performs such as
reasoning, understanding multiple domains and track a variety of tasks.

o Superintelligent AI: This type of Al surpasses the intelligence of human. It performs the
task in all areas more efficiently and effectively as compared to humans.

1.1.1.7 Based on the Functionalities

e Reactive Machines: this type of Al system responds to the specific task without
experience. It responds in a set way. For Example, Chess playing Al evaluates the board
and makes the move on the current position.



Limited memory: This Al system use historical data to improve potential decisions. For
Example, Self driving car, it uses data which is of previous trips to navigate roads and avoid
obstacles.

Theory of Mind: It is the theoretical type of Al which would understand emotions,
intentions, beliefs, and mental states. Al is allowed to interact with the humans in a natural
and empathetic manner.

Self-Aware Al: In this type Al will have Consciousness and self-awareness. It would be
having understanding of its own and would make the decision on the basis of awareness.

1.4.3 Advantages:

Efficiency and Automation: Al stream lines workflows by automating the repetitive
works. It minimizes the error of human and focuses on innovative activities and strategic
activities.

Improved Decision Making: Al supports data driven and informed decisions across
sectors like finance, retail and healthcare. It has the ability to process and analyze the vast
datasets.

Personalization: Al enables personalized experience by analyzing user preferences and
give recommendations and improve the satisfaction of the user of Netflix, Amazon and
social media.

24/7 Availability: Al functions continuously without fatigue and make them well suited for
operations round the clock like customer support, security surveillance and the data
collections.

Advanced Data Analysis and Pattern Recognition: Al examine the large volume of data
and also identify the complicated pattern which may be difficult for the humans to detect
the supporting applications like medical diagnostics, fraud detection and the market
analysis.

1.4.4 Real World Applications of Al:

Healthcare: Al is very useful in healthcare. It detects the disease in early phase and plans
the treatment by analyzing medical images, patient records, and clinical data, thus
strengthen preventive and productive healthcare.

Retail: Al increase the experience of shopping by recommending the personalized product
which is based on customer behaviour. Al improves the management of inventory and
demand forecasting, ensure optimal stock levels and the higher customer satisfaction.
Customer Service: Ai offer 24 /7 assistance, manage routine queries and route the complex
issues to human representatives. It improves efficiency, reduce the time of response and
enhance customer experience.

Manufacturing: Al Improve the operational efficiency by forecasting maintenance
requirements, reducing equipment downtime, and optimizing supply chain processes
through accurate demand forecasting and reduction of waste.



e Finance: Al help in detection of fraud, market analysis, and management of risk. Its
support personalized investment advice for informed financial decision making.

1.4.5 Challenges of Al:

e Data Privacy and Security: Al depends on large dataset, which raises the concern
regarding the privacy of data and protection as well. Al is very helpful but still in protecting
the sensitive information and data and the maintaining the trust of users are the major
challenges.

e Bias and Fairness: Al models which are used may inherit biases in data, which result in
unfair outcomes. Al addresses biases to ensure the objectives and decision making.

o Lack of Transparency: Many Al models operate as Black Boxes, so it makes it difficult
to understand and making decisions. Lack of transparency is the concern in critical fields
like law enforcement and healthcare.

e Job Displacement: Al automates the work, which was traditionally done by the humans.
Supporting the workforce transition through reskilling and upskilling is important.

e Ethical Concern: Al is a sensitive domains like surveillance, Autonomous weapons and
automated decision making raises ethical issues. Technological advancement with ethical
responsibility continues to be a challenge in Al development.

1.5 Evolution of Artificial Intelligence:

Artificial Intelligence (Al), the idea of it goes back to thousands of years, where ancient
philosopher was considering the questions of life and death. In ancient time, the invention made
which was called ‘automatons,’ it was mechanical and working independently without the help
of human. The word ‘automaton’ was coined from Greek word, which means ‘acting of one’s
own will.” The earliest record of automation is dated back to 400 BC. In 20™ century, engineers
and scientists started working towards Modern day Al.

Artificial Intelligence has evolved over several decades, progressing from theoretical concepts
to practical applications that influence almost every aspect of modern life. The idea of creating
intelligent machines dates to the mid-20th century when researchers began exploring whether
machines could simulate human thinking and problem-solving abilities. Early developments in
Artificial Intelligence were primarily theoretical and focused on symbolic reasoning, logic, and
rule-based systems. During this period, Al research aimed to replicate human intelligence
through explicitly programmed rules and structured decision-making processes.



Table 1-1: Stages of Al Evolution

Year

Stages

Description

1940s —

1950s

1950s —

1970s

1970s —

1980s

1990
present

Birth & Early
Concepts

Golden Age

Al Winters & Expert
system

The modern Era

1943: First artificial neutral network was described by
Pitts & McCulloch.

950: To assess the machine Intelligence turning test was
proposed. This test was propped in the book named
‘Computing Machinery and Intelligence’ by Alan
Turing.

1952: In this year Arthur Samuel had developed a
checkers program that could be learned.

1956: The term ‘Artificial Intelligence’ was coined at
Dartmouth Workshop by John McCarthy, where, Ai was
launched as a field officially.

During this decade, researchers were focusing on the
reasoning, creating programmes like the logic theorist.

1966: An Chatbot, named ELIZA, was created by Joseph
Weizenbaum.

1969: The first book, published by Minsky & Papert’s,
which highlighted limitations of the early neutral
networks.

Due to limited power of computing and poor to meet the
expectations lead to the reduction of fundings.

1980: Expert systems, resurged. This system was
designed to mimic the human decision making in
specific domains.

1990s: The computing power was increased and data
enabled advanced learning algorithms.

1997: Deep Blue beat world chess champion Garry
kasparov by IBM.

2000s -Present: Growth was rapid due to Machine
learning, deep learning and vast datasets which led the
advancements in recognition of image and speech.



1.5.1 The Dawn of Artificial Intelligence (1950s-1960s)

The 1950s are widely regarded as the foundational period in the development of Artificial
Intelligence, as several important milestones were achieved during this decade. In 1950, a
landmark study on machine intelligence introduced the concept of evaluating a computer’s
ability to exhibit intelligent behavior, later known as the Turing Test. This idea laid the
groundwork for future research in artificial intelligence.

A breakthrough occurred in 1956 when the term “Artificial Intelligence” was formally
introduced during a research workshop held at Dartmouth College, marking the beginning of
Al as a distinct field of study. During the late 1950s and 1960s, early Al research primarily
focused on representing human knowledge in computer programs using symbolic reasoning
and logic-based systems. Researchers aimed to simulate human problem-solving by encoding
rules and structured logic into machines.

However, progress during this early stage was limited due to insufficient computing power,
lack of large datasets, and restricted technological resources. As a result, the development of
early Al systems, which relied heavily on symbolic thinking and logical reasoning, advanced
at a slower pace. These constraints significantly influenced the initial growth of artificial
intelligence, shaping its gradual and experimental evolution in its formative years.

1.5.2 AD’s Early Achievements and Setbacks (1970s-1980s)

This period was marked by both significant progress and notable challenges in the development
of Artificial Intelligence. During the 1970s, expert systems emerged as an important
advancement in Al research. These systems were designed to replicate the decision-making
abilities of human experts by using rule-based frameworks and predefined guidelines to solve
specific problems within various domains.

Despite their initial success, expert systems had several limitations. They struggled to manage
uncertainty, adapt to complex or dynamic situations, and operate beyond narrowly defined
problem areas. As a result, their practical applications remained limited.

Between the 1970s and early 1980s, Artificial Intelligence experienced a phase commonly
referred to as the “Al Winter.” This period was characterized by reduced research activity and
declining investment, largely due to unmet expectations and slow progress in delivering
practical and scalable Al solutions.

1.5.3 Machine Learning and Data-Driven Approaches (1990s)

The 1990s marked a major shift in the development of Artificial Intelligence, bringing a data-
driven transformation to the field. During this period, there was a clear movement away from



rule-based systems toward machine learning approaches. Machine learning techniques enabled
computer systems to learn from data using methods such as neural networks, decision trees,
and support vector machines, allowing for more flexible and accurate problem-solving.

Neural networks, inspired by the structure and functioning of the human brain, gained
widespread recognition during this decade. They were increasingly applied to tasks such as
speech recognition, stock market prediction, and recommendation systems. The rapid growth
of computing power and the increased availability of digital data further accelerated the
advancement of data-driven Al models.

As a result, new application areas began to emerge, including recommendation systems, image
recognition, and natural language processing. This period is often regarded as a significant
phase in Al development, as intelligent systems demonstrated improved performance in areas
such as speech processing, predictive analysis, and personalized recommendations.
Advancements in processing capabilities and data availability played a crucial role in
enhancing the effectiveness and accuracy of Al technologies.

1.5.4 The AI Boom: Deep Learning and Neural Networks (2000s-2010s)

The 21st century has marked a significant phase in the evolution of Artificial Intelligence with
the rapid advancement of deep learning and neural network technologies. During the 2000s
and 2010s, deep learning emerged as a powerful branch of machine learning that is inspired by
the structure and functioning of the human brain. This approach enabled Al systems to process
complex data more effectively through multi-layered neural networks.

Advanced neural networks achieved remarkable success in areas such as image recognition,
natural language processing, and game-based intelligence. These technological developments
led to major improvements in speech recognition, language understanding, and computer
vision. At the same time, large technology companies made substantial investments in Al
research and development, accelerating innovation and large-scale adoption of Al technologies.

Artificial neural networks, which are built on interconnected computational nodes resembling
human neurons, formed the foundation of deep learning advancements. The combination of
sophisticated algorithms, increased computing power, and large datasets played a critical role
in driving the rapid progress of Artificial Intelligence during this period.

1.5.5 Generative Pre-trained Transformers: A New Era (GPT Series)

One of the most significant recent developments in Artificial Intelligence is the emergence of
Generative Pre-trained Transformer models. These advanced language models are trained on
massive amounts of textual data and have attracted global attention due to their remarkable
language generation capabilities. Among them, GPT-3 represented a breakthrough by
significantly improving natural language processing through its ability to generate human-like
text and perform language translation tasks with high accuracy.
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Generative Transformer models learn by processing large-scale text data, which enables them
to understand linguistic structure, context, tone, and even humor. Beyond basic translation
tasks, these models function as intelligent writing assistants capable of producing essays,
poetry, summaries, and other forms of original content.

The latest generation of generative Al systems, including models such as Bard, ChatGPT, and
Bing Copilot, demonstrates the expanding potential of this technology. These systems are
capable of writing, translating, summarizing, and generating original content while also
providing meaningful and context-aware responses. Such advancements continue to push the
boundaries of Artificial Intelligence, highlighting its growing role in content creation, creative
applications, and advanced language-based services.

1.6 Role of AI in HRM:

The role of Artificial Intelligence in Human Resource Management has been steadily
expanding, leading to substantial changes in the way core HR activities are designed and
executed. With organizations generating and managing vast amounts of data related to business
operations, employee performance, workforce planning, and organizational outcomes, Al has
emerged as a vital tool for handling complex and data-intensive HR functions. The
incorporation of Al into HR processes supports the development of sustainable business models
by enhancing accuracy, consistency, and efficiency in decision-making. By automating routine
administrative tasks and enabling data-driven insights, Al allows HR professionals to focus
more on strategic initiatives that contribute to long-term organizational effectiveness and
operational excellence.(Votto et al., 2021)

The application of Al in HRM significantly improves talent acquisition by enabling
organizations to identify, screen, and attract highly skilled candidates more effectively. Al-
powered recruitment tools help analyze large applicant pools, match candidate profiles with
job requirements, and reduce time-to-hire, thereby increasing the overall efficiency and quality
of recruitment processes.(Rajani Meshram & Librarian, 2023) Beyond recruitment, advanced Al
technologies introduce innovative approaches to managing human resources by improving
workforce planning, enhancing organizational performance, and creating multiple
opportunities for effective performance management. These technologies support objective
evaluations, continuous feedback mechanisms, and predictive performance analysis, which
contribute to better employee engagement and productivity. In the area of training and
development, Al-driven learning systems enable organizations to transform into knowledge-
oriented enterprises. Such systems offer personalized training programs based on individual
skill gaps, learning preferences, and career goals, thereby improving the relevance and quality
of employee development initiatives. By facilitating adaptive learning and continuous skill
enhancement, Al-based training platforms strengthen organizational learning capabilities and
support workforce readiness in a rapidly evolving business environment.

The growing adoption of Artificial Intelligence in Human Resource Management is largely
influenced by its capacity to create value for multiple stakeholders, including employees,
customers, and organizations. For employees, Al enhances learning opportunities, career
development, and work experiences. For organizations, it improves efficiency, strategic
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decision-making, and competitive advantage, while customers benefit from improved service
quality driven by a more capable and engaged workforce. As a result, Al has transformed HR
functions from primarily administrative roles into strategic partners that contribute
meaningfully to organizational performance and long-term sustainability.

1.6.1 Potential Outcomes of Artificial Intelligence in Human Resource
Practices:

1.1.1.8 Improved HR efficiency and cost reduction:

Al automates repetitive HR activities such as resume screening, payroll processing, attendance
management, and employee query handling, thereby reducing administrative burden,
operational costs, and human errors while enabling HR professionals to focus on strategic roles
(Bersin, 2018; Kaur & Sharma, 2021).

1.1.1.9 Enhanced recruitment and talent acquisition

Al-enabled recruitment tools help organizations identify, screen, and select suitable candidates
more accurately by analyzing large volumes of applicant data, leading to faster hiring decisions
and improved quality of hires (Kaur & Sharma, 2021; Jiang et al., 2020).

1.1.1.10 Reduction of bias and improved fairness in HR decisions

Al-based systems support objective, data-driven decision-making in recruitment, performance
appraisal, and promotion processes, which can help minimize unconscious human bias when
algorithms are carefully designed and monitored (Jiang et al., 2020; Vrontis et al., 2021).

1.1.1.11 Personalized learning and development

Al-powered learning platforms assess individual employee skills, learning styles, and career
goals to provide customized training programs, thereby improving learning outcomes and
supporting continuous employee development (Chen, 2022).

1.1.1.12 Improved performance management

Al technologies enable real-time performance monitoring, predictive performance analysis,
and continuous feedback mechanisms, helping organizations identify high-potential employees
and improve overall workforce productivity (Vrontis et al., 2021).

1.1.1.13 Effective workforce planning and talent retention

Predictive analytics supported by AI assist organizations in forecasting workforce
requirements, identifying attrition risks, and planning succession strategies, contributing to
better workforce stability and long-term talent retention (Chowdhury et al., 2023).

1.1.1.14 Enhanced employee engagement and experience

Al-based tools such as chatbots, sentiment analysis systems, and feedback platforms help
organizations understand employee needs, address concerns proactively, and improve
communication, leading to higher employee satisfaction and engagement (Malik et al., 2021).
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1.1.1.15 Strategic transformation of the HR function

The integration of Al transforms HR from a primarily administrative function into a strategic
partner by enabling data-driven insights, informed decision-making, and alignment of HR
strategies with organizational goals, thereby enhancing organizational effectiveness and
competitive advantage (Bersin, 2018; Chowdhury et al., 2023).

1.7 Acceptance of Artificial Intelligence in HR Practices:

The acceptance of Artificial Intelligence (Al) in Human Resource (HR) practices has gained
increasing attention as organizations seek innovative ways to improve efficiency, accuracy, and
strategic decision-making. Acceptance, in this context, refers to the willingness of
organizations, HR professionals, and employees to adopt, trust, and effectively use Al-based
tools in HR functions. While technological capability is a critical factor, the successful
integration of Al in HR practices largely depends on human acceptance and organizational
readiness. (Chatterjee et al., 2021a; Leung, 2015a)

One of the primary drivers of Al acceptance in HR practices is the growing recognition of its
potential to enhance operational efficiency and reduce administrative burden. (Raghavan et al.,
2020; Sony, Nupur, et al., 2025) Al-powered systems automate repetitive HR tasks such as
resume screening, interview scheduling, attendance tracking, and payroll processing. This
automation allows HR professionals to redirect their efforts toward value-adding strategic
activities, thereby increasing overall acceptance of Al solutions within HR departments.(Bogen
& Rieke, 2018)

Perceived usefulness and ease of use play a crucial role in shaping the acceptance of Al in HR
practices. When Al applications are user-friendly and demonstrate clear benefits such as faster
decision-making, improved accuracy, and reduced bias, HR professionals are more likely to
embrace these technologies. The Technology Acceptance Model (TAM) suggests that
individuals are more inclined to adopt new technologies when they perceive them as beneficial
and easy to use, which is highly relevant in the context of Al adoption in HRM.(Venkatesh &
Davis, 2000c¢)

Employee trust and transparency are also critical factors influencing the acceptance of Al in
HR practices. HR decisions related to recruitment, performance appraisal, promotions, and
compensation directly affect employees’ careers. Concerns regarding data privacy, algorithmic
bias, and lack of explainability can create resistance to Al adoption. Therefore, organizations
that communicate clearly about how Al systems function and ensure ethical and fair use of Al
are more likely to achieve higher acceptance levels among employees.(Bogen & Rieke, 2018)

Organizational culture and leadership support further shape the acceptance of Al in HRM.
Organizations that promote a culture of innovation, continuous learning, and digital readiness
tend to show higher acceptance of Al technologies. Top management support, adequate
training, and change management initiatives help reduce resistance and encourage HR
professionals and employees to develop confidence in Al-driven systems.(Minbaeva, 2021)

The level of acceptance of Al in HR practices also varies across industries based on
technological maturity, regulatory requirements, and workforce characteristics. For instance,
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industries such as IT/ITES and Management Consultancy demonstrate higher acceptance due
to digital literacy and innovation-driven environments, whereas sectors like healthcare,
hospitality, and banking may adopt Al more cautiously due to ethical considerations, data
sensitivity, and regulatory constraints. Despite these variations, a gradual increase in
acceptance is observed across industries as organizations gain experience and confidence in Al
applications.(Vrontis et al., 2022)

In conclusion, the acceptance of Artificial Intelligence in HR practices is a multidimensional
process influenced by perceived benefits, ease of use, trust, ethical considerations,
organizational culture, and industry context. While challenges related to privacy, bias, and
transparency remain, organizations that proactively address these concerns and invest in
employee awareness and training are more likely to foster positive acceptance of Al in HRM.
As acceptance grows, Al is expected to play an increasingly strategic role in enhancing
organizational effectiveness.

1.8 Implementation of AI in HR Practices:

The implementation of Artificial Intelligence (AI) in Human Resource (HR) practices
represents a significant shift from traditional, manual HR processes to data-driven and
technology-enabled systems. Implementation refers to the systematic adoption, integration, and
utilization of Al tools and applications across various HR functions to enhance efficiency,
accuracy, and strategic decision-making. While the potential of Al in HRM is widely
acknowledged, effective implementation requires careful planning, technological readiness,
and organizational alignment.

One of the most important areas of implementing Artificial Intelligence in HR practices is
recruitment and selection. Organizations are increasingly using Al-based tools such as
applicant tracking systems, resume screening software, and virtual assistants to manage large
volumes of job applications efficiently. These tools help in quickly identifying suitable
candidates by matching skills, qualifications, and experience with job requirements. By
automating repetitive recruitment tasks, Al reduces hiring time, minimizes manual effort, and
enhances the overall quality of recruitment decisions. Additionally, Al-enabled systems
improve candidate experience by providing timely responses and structured communication
throughout the hiring process, allowing HR professionals to focus more on strategic talent
acquisition activities. (Nguyen & Le, 2022a; Venkatesh & Davis, 2000a)

Artificial Intelligence has also been increasingly adopted in performance management systems
within organizations. Conventional performance appraisal methods are often dependent on
subjective judgments and infrequent evaluations, which may fail to capture an employee’s true
performance level. Al-enabled performance management systems overcome these limitations
by continuously assessing employee-related data such as productivity levels, work patterns,
and achievement of assigned goals. These systems offer real-time feedback and forward-
looking insights, enabling organizations to recognize high-performing employees, identify
areas requiring improvement, and ensure better alignment between individual contributions
and organizational objectives.
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Training and development are another critical HR function where Al implementation has
gained momentum. Al-based learning management systems use employee skill data, learning
behavior, and performance outcomes to recommend personalized training programs. These
systems support continuous learning by adapting content to individual needs, thereby
improving learning effectiveness and employee competence. Such personalized and adaptive
learning environments enable organizations to build a future-ready workforce.(Chen, 2022)

In the area of workforce planning and HR analytics, Al plays a vital role by enabling predictive
and prescriptive analysis. Al-powered analytics tools assist organizations in forecasting
workforce requirements, predicting employee turnover, and identifying factors influencing
engagement and retention. By leveraging predictive models, HR managers can proactively
design interventions to reduce attrition and enhance employee satisfaction, contributing to
long-term organizational sustainability.(J. H. Marler & Boudreau, 2017)

Employee engagement and experience management have also benefited from Al
implementation. Al-enabled chatbots and virtual assistants support employees by addressing
HR-related queries, facilitating onboarding, and providing real-time assistance. Sentiment
analysis tools analyze employee feedback from surveys, emails, and social platforms to assess
morale and engagement levels. These insights help organizations design targeted engagement
strategies and improve workplace well-being.

Despite its advantages, the implementation of Al in HR practices presents several challenges.
Issues related to data quality, privacy, algorithmic bias, and ethical considerations may hinder
effective implementation. Additionally, resistance to change, lack of digital skills, and
insufficient organizational support can limit the successful adoption of Al technologies.
Therefore, organizations must invest in change management initiatives, employee training, and
robust governance frameworks to ensure responsible and effective Al implementation in
HRM.(Vrontis et al., 2022)

In conclusion, the implementation of Artificial Intelligence in HR practices has transformed
traditional HR functions into strategic, data-driven processes. When implemented effectively,
Al enhances recruitment efficiency, performance management, learning and development,
workforce planning, and employee engagement. However, the success of Al implementation
depends on organizational readiness, ethical use, and continuous evaluation. As organizations
across industries increasingly embrace digital transformation, Al-driven HR practices are
expected to play a crucial role in improving organizational effectiveness.

1.9 Organisational Effectiveness:

Organisational effectiveness refers to the degree to which an organisation successfully achieves
its goals and objectives in an efficient, sustainable, and adaptive manner. It is a
multidimensional concept that goes beyond financial outcomes to include factors such as
productivity, employee satisfaction, innovation, operational efficiency, adaptability to
environmental changes, and long-term organizational sustainability. An effective organisation
is one that aligns its internal processes, human resources, and strategic objectives to respond
effectively to both internal and external challenges.
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In the context of Human Resource Management, organisational effectiveness is strongly
influenced by the quality of talent, employee performance, engagement levels, and the ability
of HR systems to support strategic decision-making. Al-enabled HR practices play a significant
role in enhancing organisational effectiveness by enabling data-driven workforce decisions,
improving the quality of hiring, and optimizing employee performance management. By
automating routine HR activities and providing predictive insights, Al helps reduce operational
costs and allows HR professionals to focus on strategic initiatives that add value to the
organization.(Davenport & Ronanki, 2018)

Furthermore, Al-driven HR analytics support organisational effectiveness by improving
workforce planning, identifying skill gaps, and predicting employee turnover. These
capabilities enable organisations to respond proactively to workforce challenges and maintain
high levels of productivity and employee satisfaction. The integration of Al into HR practices
also enhances innovation and adaptability by supporting continuous learning and agile talent
management, which are critical for sustaining competitive advantage in dynamic business
environments.(Upadhyay & Khandelwal, 2018b)

Overall, the adoption of Al-enabled HR practices strengthens organisational effectiveness by
aligning human capital strategies with business goals, improving decision quality, and fostering
a high-performance work environment.

1.10Relationship between Al-based HR Practices and
Organizational Effectiveness:

The relationship between Artificial Intelligence (Al)-based Human Resource (HR) practices
and organisational effectiveness has gained growing scholarly and practical attention as
organisations increasingly adopt digital technologies to enhance performance and
competitiveness. Al-based HR practices refer to the use of intelligent systems such as machine
learning algorithms, predictive analytics, chatbots, and automated decision-support tools in HR
functions including recruitment, training and development, performance management,
employee engagement, and workforce planning. Organisational effectiveness, on the other
hand, reflects an organisation’s ability to achieve its goals efficiently while ensuring
sustainability, adaptability, and stakeholder satisfaction.

Al-based HR practices contribute to organisational effectiveness by improving the quality and
efficiency of talent management processes. In recruitment and selection, Al tools enable
organisations to screen large volumes of applications, match candidate profiles with job
requirements, and predict candidate success more accurately. This leads to improved talent
quality, reduced time-to-hire, and lower recruitment costs, all of which positively influence
organisational productivity and performance. By ensuring better person—job fit, Al-driven
recruitment enhances employee performance and retention, which are key indicators of
organisational effectiveness.

Performance management is another critical HR domain where Al strengthens organisational
effectiveness. Traditional appraisal systems are often criticised for subjectivity, infrequent
feedback, and limited developmental focus. Al-enabled performance management systems
continuously monitor performance data, work patterns, and goal achievement, allowing
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organisations to provide real-time feedback and data-driven evaluations. Such systems support
fairer performance assessments, timely identification of skill gaps, and alignment of individual
objectives with organisational goals, thereby fostering a high-performance culture and
improving overall effectiveness.(Khaled et al., 2023)

Al-based HR practices also enhance organisational effectiveness through personalised training
and development initiatives. Al-powered learning systems analyse employee competencies,
learning preferences, and performance outcomes to design customised training programs. This
targeted approach improves learning effectiveness, accelerates skill development, and supports
continuous learning, enabling organisations to adapt quickly to technological and market
changes. A skilled and adaptable workforce strengthens innovation capability and long-term
organisational sustainability.(Chen, 2022)

From a strategic perspective, Al-driven HR analytics play a crucial role in linking HR practices
with organisational outcomes. Predictive analytics enable organisations to forecast workforce
needs, identify high-potential employees, and anticipate employee turnover. These insights
support proactive decision-making and effective workforce planning, reducing disruptions and
enhancing organisational stability. By aligning human capital strategies with business
objectives, Al-based HR practices reinforce the strategic contribution of HR to organisational
effectiveness.(J. H. Marler & Boudreau, 2017)

Employee engagement and well-being are also positively influenced by Al-based HR practices.
Al-enabled chatbots, virtual assistants, and sentiment analysis tools enhance communication,
provide timely support, and assess employee morale. Improved engagement and well-being
lead to higher job satisfaction, lower absenteeism, and increased commitment, which
collectively contribute to improved organisational effectiveness. Moreover, Al facilitates
flexible and responsive HR services, strengthening the employee experience in dynamic work
environments.(Upadhyay & Khandelwal, 2018b)

Despite these benefits, the relationship between Al-based HR practices and organisational
effectiveness is not automatic and depends on several moderating factors such as organisational
culture, ethical use of Al, data quality, and employee acceptance. Inadequate transparency,
algorithmic bias, and resistance to change can weaken the positive impact of Al on
organisational outcomes. Therefore, organisations must ensure responsible Al implementation,
effective change management, and continuous monitoring to fully realize the effectiveness
gains from Al-enabled HR practices.(Vrontis et al., 2022)

In conclusion, Al-based HR practices have a strong and positive relationship with
organisational effectiveness by enhancing talent quality, employee performance, engagement,
and strategic decision-making. When implemented ethically and aligned with organisational
goals, Al transforms HR into a strategic function that supports sustainable performance,
adaptability, and competitive advantage across industries.
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1.11 Al adoption constructs (Variables):

1.11.1Perceived AI acceptance

It shows how positively people view and willing to adopt or use of artificial intelligence. In
research on technology adoption and acceptance are affected by multiple factors like
perceptual, psychological factors, which influence that whether someone intended to use Al

and some are doing show.

1.1.1.16 There are key elements which determine the Perceived Al acceptance

o Perceived Usefulness (PU): It is a belief that Al will improve the performance,
productivity, and outcomes. Systems seen as valuable and effective as well are more likely
to be accepted.

o Perceived ease of Use (PEQU): Al technology is believed to be and seen as easier to use
and tend to encourage positive attitude towards adoption of Al.

o Attitude towards Al: users; always have either positive or Negative attitude towards Al ,
which is shaped by their experiences, potential benefits and expectation from the
technology, which influence the willingness of the users to engage with this.

e Trust and Perceived Risk: Reliability, transparency, fairness, and data security are the
major factors which increase the confidence in Al. Lack of support acceptance, common
errors like errors, privacy loss reduces willingness of adoption of Al technology.

e Social and contextual influences: opinions of various groups, culture of the organization,
social norms, conditions shape the intentions of the people and comfort them with using Al

tools.

Generally, Perceived Al acceptance is the degree of positivity, confidence, and intentions of
the individuals or of the organizations hold towards using Al.

1.11.2Perceived AI Implementation

It refers to how organization and individuals view the process of actually using Al , including
benefits, challenges, and overall feasibility. There are multiple factors such as human,

organizational which influence willingness and readiness to implementing Al.
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1.1.1.17 Key factors influence Perceived AI Implementation:

Perceived benefits Vs. Challenges: People view the Al implementation positively when
it is believed will improve the quality, efficiency and less so that high cost, complexity, and
technical challenges can be anticipated.

Organizational support and readiness: Back of top management, Availability of
resources, skills, clear strategy increase the confidence that Al can be implemented
successfully.

User experience and technology features: if the Al solutions are intuitive, compatible
with the existing workflows and easy to learn, so perceive Al implementation is more
achievable.

Trust, Transparency, and Risk perception: Beliefs about the Al reliability, fairness and
the safety always affect the thoughts of the people in implementation of Al systems. When
the perceived risk is lower than people are more positive perceptions of implementation.
Facilitating conditions and training: Education regarding Al, Technical support for
implementation of Al and enabling environment like government policies and governance,

improves perceptions that Al can be integrated effectively.

1.11.3 Technology Readiness

It refers to how a technology prepared, organization or system is to adopt, deploy, scale and

benefit from artificial intelligence in a reliable , effective and sustainable way. It includes the

technical maturity and the ecosystem readiness around the Al technology. Technology

readiness helps the organization to avoid the common pitfalls like deploying Al before data

systems are mature or before the teams are trained. failed projects, wasted investments, or

unreliable outcomes. A readiness assessment clarifies strengths and gaps, enabling structured

planning and risk management prior to full Al adoption.

Technical maturity and Infrastructure: Technology readiness having the fundamental
computing resources and platforms like scalable cloud infrastructure, compatible software
frameworks, data pipelines, and secure systems. If the infrastructure is not sufficient then,
Al tooling, projects can be failed or delayed to successfully launch.

Maturity Levels: Technology Readiness Levels (TRLs) provides a standard way to
measure how mature an Al technology is, from early research and proof of concept stages

all the way validated, real world deployment. TRLSs application to Al components always
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help teams in assessing where models or system stand in their development lifecycle and
readiness for operational use.

Skill and Organisational Preparedness: Readiness goes beyond the hardware and software,
it includes the mix of people, skills, governance, and strategic alignment to adopt Al
effectively. Trained talent, specified objectives and business processes support and sustain
the Al integration.

Data Availability and Quality: Al system depends on the vast amounts of data. Assessing
technology readiness includes whether the data of the organisation is accessible, clean,
governed and integrated, so that models can be trained and operated reliability at scale.
Alignment with the Business Goals: Technology is mature technically; Successful
implementation of the Al system requires the Al initiatives should be tied to strategic
business objectives. Readiness presents that Al efforts should be supported by the
leadership, aligned with outcomes which are measurable, and also embedded with the goals

of the organisations.

1.11.4Organizational Readiness

Organizational Readiness for Al means, the extent which an organization is prepared to

successfully adopt, implement and scale the Al technologies so that organizational goals can

be achieved. Multiple dimensions are encompassed, which is go beyond technology alone.

1.1.1.18 Key Dimensions of Organizational readiness for Al:

Strategic Readiness:

o The extent to which an organization has a clearly defined Al vision aligned with its
strategic objectives, supported by strong leadership commitment, a long term Al
roadmap, and the identification of high impact Al use cases.

Technological Readiness:

o The degree to which an organization possesses a robust [T infrastructure and cloud
capabilities, ensures the availability, quality and integration of data, and maintains
compatibility between Al tools and existing systems.

Data Readiness:

o The extent to which an organization maintains well structured, accessible, and

reliable data, supported by effective data governance and clear ownership, while

ensuring compliance with data privacy and security regulations.
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e Human Resource Readiness:

o The degree to which an organization has access to Al skilled talent and data experts,
fosters employee awareness and openness toward Al adoption, and provides
effective training and upskilling programs.

e Cultural Readiness:

o The extent to which an organization promotes an innovation oriented, learning
driven culture, encourages openness to change and experimentation, and foster trust
in Al driven decision -Making.

¢ Financial readiness:

o The degree to which an organisation ensures adequate budget allocation for Al

initiatives, conducts systematic cost benefit and return on investment evaluation,

and plans for sustainable long terms Al investments.

1.1.1.19 Needs of Organizational readiness for Al

Organizational readiness for Al plays a critical role in enabling successful Al implementation
and adoption, minimizing resistance to change and associated risks, enhancing decision -
making, operational efficiency, and competitiveness and ensuring the responsible and

sustainable use of Al technologies.

1.11.5Environment Readiness

It refers to the extent to which external conditions surrounding an organisation support the

adoption, implementation, and effective use of artificial intelligence technologies.

1.1.1.20 Key Dimensions of Environmental readiness for AI:
¢ Regulatory and Legal Environment:

o The extent to which government policies and Al regulations are supportive, while
ensuring robust data protection, privacy and compliance requirements, along with
well-defined ethical standards and accountability frameworks.

¢ Industry and Competitive Environment:

o The degree to which competitive pressures encourage Al adoption, Al technologies

are widely implemented across the industry, and organizations engage in

benchmarking and the use of best practices within the sector.
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¢ Technological Ecosystem:

o The extent to which organizations have access to a mature technological ecosystem,
adding the availability of Al vendors, platforms, and solution, reliable cloud
services and digital infrastructure, and opportunities for partnerships with
technology providers and startups.

e Market and Customer Readiness:

o The degree to which customers demonstrate acceptance of and trust in Al -enabled

services, the market shows demand for Al -driven products and solutions, and

stakeholders are aware of the benefits of Al technologies.

1.11.6Behavioural Intention:

The extent to which individuals or organisations are willing and intend to adopt, use and

continue using Al technologies in their tasks and decision-making processes.

1.11.70rganizational Effectiveness:

The degree to which an organization attains its strategic and operational objectives, enhances
performances, and achieves efficiency, innovation, and competitive merits through the

adoption and effective utilization of Al technologies.

1.12 Al tools and technologies in Human Resources:

Artificial intelligence provides HR professionals with an advanced range of tools that enhance
operational efficiency, support evidence-based decision-making, and enrich the overall
employee experience. By enabling automation and intelligent analysis across various HR
functions—such as talent acquisition, performance evaluation, and customized employee
assistance—AlI technologies are reshaping traditional HR operations. These tools facilitate
more efficient workflows and enable HR departments to deliver greater value by improving
both organizational processes and employee engagement.(4/ in HR: How Is Artificial
Intelligence Transforming Human Resources?, n.d.)

IBM Watson: IBM Watson offers a comprehensive suite of Al-powered solutions that support
key HR functions such as talent acquisition, employee engagement, and workforce planning.
It assists HR professionals by providing advanced analytics for recruitment, predictive insights
into employee engagement, and data-driven support for performance management decisions.
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Through capabilities such as resume screening, candidate ranking, and the analysis of
engagement metrics, IBM Watson enables HR teams to make more accurate, efficient, and
informed human resource decisions.

ChatGPT: ChatGPT, developed by OpenAl, is a conversational artificial intelligence tool
capable of interacting with users in a natural and human-like manner, making it well suited for
HR-related support functions. In HR practices, it is used to automate responses to employee
inquiries, provide real-time assistance during onboarding, and address preliminary questions
from candidates during the recruitment process. By efficiently handling frequently asked
questions and routine interactions, ChatGPT reduces the administrative workload of HR teams,
enabling HR professionals to concentrate on more complex and strategic responsibilities.

HireVue: HireVue is an Al-enabled video interviewing and assessment platform designed to
support the screening and evaluation of job candidates. Its artificial intelligence capabilities
analyze recorded video interviews to assess candidates’ skills, behavioral traits, and potential
cultural fit. By identifying suitable candidates at an early stage of the recruitment process,
HireVue helps accelerate hiring decisions and allows HR teams to focus their efforts on final
interviews with pre-qualified applicants.

Eightfold.ai: Eightfold.ai is an Al-powered talent management platform that supports
organizations in attracting, retaining, and developing their workforce. It leverages deep
learning algorithms to align candidates with suitable roles based on their skills, experience, and
career progression. In addition, the platform identifies existing skill gaps within the
organization and recommends relevant upskilling and reskilling opportunities, thereby
enhancing workforce planning, internal mobility, and long-term talent development.

Visier: Visier is an Al-enabled people analytics platform designed specifically for human
resource functions, offering data-driven insights into workforce planning, employee
engagement, and retention. It supports HR leaders by delivering actionable information on
employee turnover, productivity, and talent retention, enabling informed decision-making.
Through its predictive analytics capabilities, Visier helps HR managers anticipate future
workforce requirements and design targeted strategies to address organizational needs
effectively.

Pymetrics: Pymetrics is an Al-driven talent assessment platform that combines neuroscience-
based methodologies with artificial intelligence to align candidates with roles that match their
skills and personality traits. Using game-based assessments, it measures candidates’ cognitive
and emotional characteristics, enabling a more objective evaluation process. This approach
helps reduce bias in hiring decisions and supports HR departments in making data-informed
judgments about candidate suitability and long-term potential.

ADP DataCloud: ADP DataCloud is a workforce analytics platform designed to support HR
functions such as payroll management, time tracking, and human resource analytics. It assists
HR departments by analyzing payroll and workforce data to identify patterns and predict
employment trends. By integrating with other HR systems, ADP DataCloud streamlines
administrative processes and enhances productivity, while improving accuracy in payroll
processing and benefits administration.

Workday: Workday is an integrated human resource management system that incorporates
artificial intelligence to support talent management, payroll operations, and workforce
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analytics. Its Al-powered features facilitate recruitment processes, performance evaluations,
and employee development initiatives. By utilizing machine learning—based insights, Workday
helps HR departments personalize workforce decisions and align employee growth and
development with overall organizational objectives.

HiredScore: HiredScore is an Al-driven recruitment platform that employs natural language
processing and machine learning techniques to evaluate and prioritize job applications. It
integrates seamlessly with applicant tracking systems to analyze resumes and rank candidates
based on their suitability for specific roles. By enhancing the efficiency and accuracy of
candidate screening, HiredScore enables HR teams to concentrate their efforts on applicants
with the highest potential.

Ultimate Software’s UltiPro: UltiPro is a comprehensive HR software platform that leverages
Al-powered analytics to manage the entire employee lifecycle, from recruitment to
performance management. Its intelligent analytics provide insights into employee turnover,
engagement, and performance, offering HR professionals a complete understanding of the
workforce. This holistic perspective enables HR leaders to make informed, strategic decisions
that enhance the overall employee experience and support organizational objectives.

1.13Present scenario of acceptance and implementation of
Artificial Intelligence (AI) in Human Resource (HR) practices
for organizational effectiveness across selected industries:

1.13.1Level of Acceptance & Adoption in HR Functions:

The acceptance and adoption of artificial intelligence in HR functions are growing rapidly
across organizations. Globally, the use of Al tools in HR processes increased from 26% in 2024
to approximately 43% in 2025, reflecting a significant rise in adoption. This trend is particularly
pronounced in for-profit sectors, especially among publicly traded companies, where 58% have
implemented Al in HR, compared to lower adoption rates in government and non-profit
organizations. Many HR leaders now view Al not merely as a tool for automating routine tasks,
but as a strategic enabler that enhances competitive advantage and aligns HR initiatives with
organizational goals. Industry trends show that technology, finance, and information sectors
are early adopters due to their access to resources and data-intensive HR operations, while
emerging markets such as India and the GCC are increasingly leveraging predictive analytics
to improve talent acquisition, compliance, and employee experience management.(7%e Role of
Al in HR Continues to Expand, n.d.)

1.13.2Key HR Areas Where Al Is Implemented:

Artificial intelligence is transforming multiple aspects of human resource management,
significantly enhancing efficiency and strategic decision-making. In talent acquisition and
recruitment, Al tools streamline processes by automating job description creation, resume
screening, candidate sourcing, and communication, while predictive analytics and Al-driven
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candidate scoring improve the quality of hire and reduce time-to-hire. For employee
engagement and development, Al enables personalized learning and skill gap analysis,
allowing tailored development plans, while monitoring employee sentiment and engagement
supports retention and performance. Administrative tasks such as payroll, compliance, and
handling FAQs are increasingly automated, freeing HR professionals to focus on strategic
priorities like workforce planning. Additionally, Al-powered people analytics and predictive
models facilitate workforce planning, turnover prediction, and provide insights into diversity,
equity, and inclusion (DEI), making HR operations more data-driven and impactful.(HR Tech
Trends 2025 — Global Adoption of AI & Predictive Analytics in HR, n.d.)

1.13.30rganizational Effectiveness Outcomes:

The implementation of artificial intelligence in HR has led to significant improvements in
efficiency, cost reduction, and overall employee experience. Al tools help shorten HR process
times, including recruitment cycles and administrative tasks, with organizations reporting
substantial time savings and up to 89% of HR professionals noting reduced effort on routine
activities. Additionally, Al provides data-driven insights that enhance forecasting and support
more strategic decision-making in talent management. The use of Al-powered chatbots and
virtual assistants further improves the candidate and employee experience by offering real-time
responses, increasing accessibility, and boosting overall satisfaction (AIHR).(How Al
Transforms HR Management in 2025 | HR Automation, n.d.)

1.13.4Challenges in Acceptance and Implementation:

The adoption of Al in HR faces several technical, strategic, and ethical challenges that can
hinder its effective implementation. Many HR teams lack formal AT strategies or governance
frameworks, while skills gaps and limited Al readiness among professionals further slow
adoption. Al systems can also inherit biases from historical data, leading to fairness concerns
in recruitment and performance evaluations, and ethical or legal issues related to transparency
and data privacy remain significant obstacles Additionally, employees may feel uneasy or
distrust Al-driven decisions, such as performance ratings, if the process is not clearly
communicated, highlighting the ongoing need to balance human empathy and oversight
alongside automated HR functions.( ‘Quiet Cracking’ At Work: Empathy, Not AI-Driven Rating,
To Fill In Void, Say HR Leaders | Nagpur News - The Times of India, n.d.)

1.13.5Acceptance Patterns at the Employee and Leadership Levels:

Leaders tend to adopt Al at higher rates than individual contributors, especially within strategic
functions, shaping the evolution of HR practices to better align with organizational priorities.
Employee acceptance of Al, however, largely depends on factors such as training, clear
communication from leadership, and the perceived fairness of Al systems. When organizations
provide well-defined Al guidelines and opportunities for upskilling, employees are more likely
to feel comfortable with and accept Al technologies in HR processes.

Presently, Al in HR is rapidly moving from early adoption to strategic integration across
industries. Its acceptance is strongest in recruitment, analytics, and administrative automation,
with clear benefits for organizational effectiveness — including efficiency, improved decision-
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making, and enhanced employee experiences. However, challenges related to technology
readiness, ethical use, bias, and human-centered implementation persist. To realize full
potential, organizations must invest in skills, governance, and cultural readiness alongside
technological tools.

1.14The future of Artificial Intelligence in Human Resource
Practices:

The future of Artificial Intelligence (Al) in Human Resource (HR) practices is expected to be
increasingly transformative, strategic, and human-centric. As organizations continue to adopt
Al technologies, HR functions will gradually move beyond administrative efficiency toward a
more strategic role focused on talent management, leadership development, employee well-
being, and the creation of a positive workplace culture. By automating repetitive and time-
consuming tasks, Al allows HR professionals to devote greater attention to high-impact
activities that contribute directly to organizational effectiveness and long-term sustainability.

One of the most significant future trends will be the redesign of jobs and HR roles. As Al
systems take over routine operational tasks, job roles will evolve to require higher levels of
strategic thinking, creativity, problem-solving, and multi-skilled capabilities. HR leaders will
be responsible for restructuring job designs by integrating multiple specialized tasks into
broader, more flexible roles that effectively leverage Al tools. In addition, the growing use of
Al will create demand for new roles that combine human resource expertise with technological
and data-driven competencies.

Another important development will be the empowerment of managers through Al-driven
insights. Al will enable managers to make more informed decisions related to employee
performance, career development, goal setting, and workload distribution. Predictive analytics
and real-time data will support proactive talent management and early identification of
employee needs. However, the increasing use of Al in managerial decision-making may also
raise concerns among employees regarding fairness, transparency, and privacy, particularly in
performance evaluation processes.

Therefore, the future success of Al in HR practices will depend on the ability of organizations
to balance technological capabilities with human judgment. Managers and HR professionals
will need to be trained to use Al responsibly, ethically, and transparently. Establishing clear
governance frameworks, ethical guidelines, and continuous upskilling programs will be
essential to ensure trust and acceptance among employees.

In conclusion, the future of Al in HR practices lies in its integration as a strategic partner rather
than a replacement for human decision-making. When implemented thoughtfully, Al has the
potential to enhance workforce productivity, improve employee experience, and strengthen
organizational effectiveness while preserving the human values that remain central to human
resource management.(4/ for HR: The Future of Human Resources | SAP, n.d.)

We cannot predict the future entirely, but on the basis of the expert’s discussion we can make
some educated guesses. In future we can predict that Al will be adopted by the businesses of
all sizes.
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1.15Introduction to Selected Industries

The adoption and impact of Artificial Intelligence (AI) in Human Resource (HR) practices do
not occur uniformly across industries. Industry characteristics such as technological maturity,
regulatory intensity, workforce skill composition, service orientation, and competitive pressure
significantly shape how Al is perceived, accepted, and implemented within organizations.
Recognizing this contextual diversity, the present study focuses on five selected industries
IT/ITES; Healthcare and Hospitality; Consumer Durables and Telecommunications; Banking,
Insurance, and Financial Services; and Management Consultancy each of which represents
distinct organizational environments and HR challenges. Examining these industries
collectively allows for a nuanced understanding of how Al-enabled HR practices operate under
varying institutional and operational conditions, thereby enhancing the explanatory power and
practical relevance of the study. (Samuel Fosso Wamba et al., 2021; Tornatzky & Fleischer,
1990a)

1.1S.11IT/ITES:

The Information Technology and Information Technology Enabled Services (IT/ITES) sector
has been at the forefront of digital innovation and technological adoption in India.
Characterized by a knowledge-intensive workforce, global exposure, and rapid skill
obsolescence, this industry has historically embraced automation, analytics, and advanced
digital tools. Al adoption in HR practices within [T/ITES is relatively mature, with widespread
use of algorithmic recruitment, predictive attrition models, learning analytics, and employee
engagement platforms. (Prikshat et al., 2021a)

However, despite high technological readiness, HR functions in IT/ITES face challenges
related to employee burnout, talent retention, and continuous reskilling. Al systems are often
perceived as efficiency-enhancing tools, yet concerns regarding surveillance, fairness, and data
privacy persist. Studying this sector provides insight into Al acceptance and implementation in
a technologically advanced environment where employees are familiar with digital systems but
may also exhibit heightened sensitivity to algorithmic control. (Johnk et al., 2021a)

ITES is an Information Technology Enabled Services; it uses information technology to deliver
the services. It uses information technology to improve the efficiency and operations of the
organisations. ITES also known as web enabled services, remote services and tele working.
Nowadays, number of companies depends on ITES for the support to their operations, such as
medical transcription, billing and coding, customer support etc. ITES help in smooth functions
of business. It includes certain services like Business Process Outsourcing (BPO), Knowledge
Process Outsourcing (KPO), customer development, and customer services. The good example
of ITES is customer support center in India handles various queries for a company which is
based out at USA. Nowadays various sectors like Banking, Healthcare, retail are using the
ITES to support their regular operations.

Real Life Example of ITES:

1. Data Entry and Data Processing
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Customer care & Call center Operations
Telecommunication Services
Accounting & Financial Services

Animation & Content Development

AR

Legal Work and Documentations.

Today, ITES provides various benefits to the users, like It is cost effective so that the expenses
can be reduced to large extent. It can excess skilled & diverse workforce. It makes the processes
more flexible and scalable so that the demand of business can be meet up.

Apart from the merits of ITES it has some demerits also like, data security is the major
challenge which is difficult to handle. It becomes difficult for ITES to maintain the consistent
services quality across the time zones and regions and. It consumed lot of time to deploy the
trained and skilled workforce.

1.15.2 Hospitality and Healthcare

The Healthcare and Hospitality sectors are highly people-centric, service-intensive, and
emotionally demanding industries where HR practices directly affect service quality and
patient or customer satisfaction. These industries operate under strict regulatory frameworks,
ethical constraints, and heightened expectations of human empathy and judgment. As a result,
Al adoption in HR practices within these sectors tends to be cautious and selective (Raghavan
etal., 2020)

In healthcare, Al is increasingly used for workforce scheduling, credential verification, and
training analytics, while in hospitality, Al-enabled HR tools support recruitment, employee
engagement, and service workforce optimization. However, employee acceptance of Al in
these sectors is often shaped by concerns regarding job displacement, erosion of human
interaction, and ethical accountability. Therefore, studying Al in HR practices in healthcare
and hospitality provides critical insights into how trust, perceived risk, and professional identity
influence acceptance and implementation outcomes. (Kellogg et al., 2020; Sony, Amin, et al.,
2025)

Al in hospitality tailors guest experience through chatbots, smart rooms, and personalized
recommendations, while optimizing operations with automated check-ins, dynamic pricing,
and predictive maintenance: in healthcare, Al reshapes diagnostics, drug discovery, and patient
care by leveraging machine learning for image analysis, robotic surgery, and administrative
automation to boost efficiency, accuracy, and focus on well-being. Both sectors harness Al for
data analysis, cost reduction, and service enhancement, though hospitality prioritizes guest
satisfaction and healthcare emphasizes clinical outcomes, with shared challenges in data
security, privacy, and ethical use.
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1.15.3Consumer Durables and Telecommunications

The Consumer Durables and Telecommunications sector operate at the intersection of
manufacturing, service delivery, and large-scale customer interaction. Organizations in this
sector typically employ a diverse workforce comprising technical staff, sales personnel,
customer service employees, and managerial professionals. HR practices must therefore
balance standardization with flexibility across geographically dispersed operations. (Chatterjee
etal., 2022)

Al adoption in HR within this sector is often driven by the need for efficiency, scalability, and
cost optimization. Al-enabled tools are used for mass recruitment, performance tracking,
training personalization, and workforce planning. However, variability in employee digital
literacy and organizational readiness can influence how Al is perceived and implemented. This
sector offers a valuable context for examining how technology characteristics, facilitating
conditions, and external support shape employee acceptance and organizational effectiveness.
(Nguyen & Le, 2022a)

Al is extensively used in telecommunication as well as in consumer durables industries, so that
the user experience and efficiency of these industries can be enhanced.

1.1.1.21 In Telecommunications

In the telecom industry, Al is used extensively for managing the networks which are complex
and deliver the personalized services.

1.1.1.21.1 Key applications include:

e Al driven network optimization uses real time data analysis to forecast congestion,
dynamically route traffic and allocate bandwidth, enabling networks to adjust automatically
for performance and reliability; such intelligent systems form self — optimizing networks
that can configure themselves, respond to faults, and recover from issues with minimal
human intervention, which reduces downtime and enhance overall network stability.

e Al based predictive maintenance continuously monitors network hardware, such as cell
towers and routers -using sensors and data analytics to identify early warning signs of
failure, enabling planned, proactive servicing before problems arise rather than waiting to
react to breakdowns.

e Al powered chatbots and virtual assistance deliver instant, around the clock support for
routine questions like billing or basic trouble shooting, easing pressure on call centres and
speeding up service, which helps reduce workloads and boosts overall customer
satisfaction.

o Al powered fraud detection and security systems continuously analyse network traffic and
usage patterns in real time to spot unusual behaviour, such as SIM card cloning, identity
theft, subscription fraud, or other anomalies, flagging and blocking suspicious activity to
protect customer data and preserve company profit.

e Al-powered fraud detection and security systems continuously analyze network traffic and
usage patterns in real time to spot unusual behavior such as SIM card cloning, identity theft,
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subscription fraud, or other anomalies—flagging and blocking suspicious activity to protect
customer data and preserve company revenue

Machine Learning models analyse the behaviour of the customers, preferences, and the
demographic data to the segmented audiences. It enables the companies to deliver hyper
personalized service plans, tailor targeted marketing campaigns and recommend the next
best offers which help in improving the engagement and also reduces the customer churn.

Al support network planning by analysing user density, demand forecasts, geographic
factors, and infrastructure data to point out best sites for the new cell towers and the other
network infrastructure, helps in decision of expansion, improve the coverage and
investment strategies guide properly.

1.1.1.22 In Consumer Durables:

In Consumer Durable Sectors, Al is mainly focus on creating intelligent, automated, and
personalized experience within the products and also improve the lifecycle of overall product.

Al enables smart home integration by allowing different connected devices, such as
thermostats, lights and security system, to work together intelligently. It coordinates the
actions and responses across the ecosystem for more intuitive control and automation.

Al enhance functions of consumer technology and user experience across multiple devices.

Smartphones, Al is used for the advanced image processing, facial recognition, and
personalized interface that adapt to user behaviour. Smart TV, deliver content which are tailored
and intuitive voice-controlled navigation, thus make the entertainment more accessible and
engaging. Wearable, such as smartwatches, fitness trackers use the Al, so that health metrics
can be monitored. It monitors heart rate and patterns of sleep and then give great insights. smart
appliances use Al automation and efficiency optimisation, which include the recognition of
object in devices like refrigerators and alerts related to the maintenance issues.

Al continuously analyse real time operational data from the devices, so that potential
malfunctions can be anticipated before the occurrence. It enables the proactive maintenance
which can extends the life span of the products and also prevents the breakdown, which is
unexpected rather than fixing the reactively issues.

Al powered user interface uses the technologies like speech recognition, natural language
Processing, and also the recognition of various gesture so that the interactions with the
devices feel intuitive and human like, allow the users to control the systems with the voice,
movements and the other natural actions rather than the traditional inputs such as keyboards
and the buttons.

Al-powered Natural User Interfaces (NUIs) use technologies such as natural language
processing (NLP), speech recognition, and gesture recognition to make interactions with
devices feel intuitive and human-like, allowing users to control systems with voice,
movements, or other natural actions rather than traditional inputs like keyboards or buttons.
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e Manufactures uses Al across the supply chain and the productions process, which uses
machine learning so that the forecasting of demand can be improved, optimize production
planning, enhance the quality control and also manage the inventory levels.

1.15.4Banking, Insurance and Financial Services

The Banking, Insurance, and Financial Services (BIFS) sector is characterized by high
regulatory oversight, data sensitivity, and risk aversion. HR practices in this sector play a
critical role in ensuring compliance, ethical conduct, and customer trust. Al adoption in HR
has gained momentum in areas such as recruitment analytics, fraud detection training,
performance monitoring, and leadership development. (Vasiljeva et al., 2021a)

Despite strong institutional pressure to adopt Al, employee acceptance in this sector is often
moderated by concerns related to data privacy, algorithmic bias, and job security. The BIFS
sector therefore presents a unique setting to study how organizational readiness, top
management support, and governance mechanisms influence perceived Al implementation and
its eventual contribution to organizational effectiveness. (Amankwah-Amoah et al., 2021a)

Table 1-2: Major applications of Al

Sectors

Applications

BANKING
FINANCE

INSURANCE

Fraud Detection: Major amount of Real time transactions
data is analyzed by Al algorithms, It identifies and prevent
the money laundering and the susceptive activities
effectively and efficiently. Thus, Al is very useful in fraud
detection

Customer Services: Al- powered chatbots provide virtual
assistants, address routine inquiries, provide 24/7 support,
provide customized financial advice.

Credit Scoring & Loans: Wider range of data is analyzed
by machine learning models to assess the creditworthiness.
It also helps in faster approval of loan and in assessment of
risk also.

Investment Management: Nowadays Al tools are used
to know the preferences of the investors, in analyzing the
trends of market, provide cost effective portfolio
recommendation and management. They also take help of
Robo advisors.

Process Automation: Documents Processing and data
entry are time consuming. And human errors happen. Al,
which automates the time-consuming tasks and helps in
reducing the human error and improve the operational
efficiency.

Claims Processing: Al and machine learning helps in
expedite the claims management, for this it analyses the
images. documents and the data. It assesses the data
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validity and also automates the payouts; it also reduces the
processing time.

e Personalized Pricing & Underwriting: Al analyses the
data such as health history, records etc. Its helps in
assessing the risk accurately. It allows the insurers to
provide competitive and customized policy premiums.

o Risk Assessment: There are different types of risk, which
should be analyzed to manage the risk. Al helps the
insurers to understand the and in managing exposure of
different types of risk.

Al transform the entire banking sector. It has transformed the banking, financial services and
the Insurance (BFSI) sector. As compared to earlier, after the use of Al, it has enhanced the
efficiency of the sectors, personalized the customer services and managed the risk more
effectively. Uses of Al ranges from the customer facing chatbots to complex back-office
operations, such as detection of fraud and algorithmic trading.

1.1.1.23 Benefits to the BFSI Sector:

Cost Efficient & Increased Efficiency: Al helps in automation of the repetitive work, so
that employees can concentrate on other work and more strategic activities. It also helps in
reducing the overall cost.

Enhanced Customer Experience: Customized services, provide 24/7 support through Al
tools and improve the customer loyalty and satisfaction.

Improved Decision -Making: Al algorithms process and interpret the vast data and
provide the insights which is useful in decision making. These data help in making more
informed and data driven decisions in the different areas such as investment strategies and
in risk management.

Enhanced Security & Compliance: Al helps in monitoring the transactions for anti-
money laundering compliances. It helps in continuously responding to the threats in real
time.

1.1.1.24 Challenges and Future Considerations

Data Privacy & Security: Handling the sensitive datasets always raises the concerns,
needed the security measures and compliance with the regulations.

Bias & Ethics: Al systems can unintentionally mirror and amplify biases embedded in the
past data due to which result produced is unfair, like discriminatory loan approval
decisions. Therefore, the financial institutions must act to address and reduce these biases,
so that the fair result can be produced. Al systems can unintentionally mirror and amplify
biases embedded in their historical training data, which may produce unfair results—such
as discriminatory loan approval decisions—so financial institutions must proactively
address and mitigate these biases to ensure fair and equitable outcomes.
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e Regulatory uncertainty: Institutions and governing bodies Collaboratory evolve the
regulatory landscapes for Al financial services. It will help in establishing effective and
transparent frameworks.

e Talent and Skills Gap: The demand for a workforce adaption is increasing in data science
and Al related skills, the organisation should work on upskilling and reskilling programmes
of their employees.

1.15.5Management Consultancy

Management consultancy firms are knowledge-driven organizations where human capital
constitutes the primary source of competitive advantage. These firms operate in dynamic
environments requiring rapid problem-solving, innovation, and continuous learning. Al
adoption in HR practices within consultancy firms is often strategic, aimed at enhancing talent
analytics, competency mapping, knowledge management, and leadership development. (J.
Marler et al., 2017)

Employees in consultancy firms typically possess high levels of digital competence and
autonomy, which can foster favourable attitudes toward Al adoption. However, concerns
related to professional judgment, intellectual ownership, and role redefinition remain relevant.
Studying Al in HR practices in management consultancy firms enables an examination of how
creativity, self-efficacy, and performance expectancy shape acceptance and implementation
outcomes, as well as their impact on organizational effectiveness. (Pan et al., 2021a)

Management Consulting uses Al in multiple tasks, like data analysis, scheduling and reporting
and boosts strategic work so that the work can be done faster and provide the deeper insights.
It helps the consultants in focusing on the higher value activities, such as innovation, complex
problem solving and guidance, competitive advantages, transforming workflows for efficiency,
and accuracy. Consultants use the Al tools, Generative tools are used to accelerate research
synthesis, in drafting high quality content. Machine leaning help in data analysis, visualization,
and potential insights to make informative strategic decision.

1.1.1.25 Key Applications:

e Al can analyze the vast datasets to uncover the patterns, trends, and insights, empowering
the organizations so that it helps in generating faster, accurate and recommendations that
helps in making inform strategic decision making.

o Al automates the routine tasks such as summarize the reports and the meeting notes,
entering & organizing data, drafting the reports such as workplans, proposals, and keep the
consultant free from the administrative work so that more focus can be done on high value
and strategic activities.

e Use predictive modeling for the analysis of past and the current data and predict the future
market trends, financial results, and project timelines, thus enable informed planning and
strategic decision making.
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e Al is very useful in generations of idea and help in developing new frameworks, and the
purposive solutions and create strategies that helps in expansion of possibilities.

e Al is useful in enhancing the knowledge management and workflow by optimizing the
project processes, improve the allocation of limited resources and streamline the knowledge
sharing. It helps in reduction of bottlenecks and in making better use of organizational
expertise.

1.15.6Rationale for Industry Selection

The selected industries collectively represent varying degrees of technological maturity,
regulatory pressure, workforce composition, and service orientation. This diversity allows the
study to capture both common patterns and context-specific differences in Al acceptance and
implementation in HR practices. By examining these industries together, the research moves
beyond sector-specific insights and contributes to a more comprehensive understanding of Al-
driven HR transformation in the Indian organizational context.

1.16The future of Artificial Intelligence in Human Resource
Practices:

The future of Artificial Intelligence (Al) in Human Resource (HR) practices is expected to be
increasingly transformative, strategic, and human-centric. As organizations continue to adopt
Al technologies, HR functions will gradually move beyond administrative efficiency toward a
more strategic role focused on talent management, leadership development, employee well-
being, and the creation of a positive workplace culture. By automating repetitive and time-
consuming tasks, Al allows HR professionals to devote greater attention to high-impact

activities that contribute directly to organizational effectiveness and long-term sustainability.

One of the most significant future trends will be the redesign of jobs and HR roles. As Al
systems take over routine operational tasks, job roles will evolve to require higher levels of
strategic thinking, creativity, problem-solving, and multi-skilled capabilities. HR leaders will
be responsible for restructuring job designs by integrating multiple specialized tasks into
broader, more flexible roles that effectively leverage Al tools. In addition, the growing use of
Al will create demand for new roles that combine human resource expertise with technological

and data-driven competencies.

Another important development will be the empowerment of managers through Al-driven
insights. Al will enable managers to make more informed decisions related to employee

performance, career development, goal setting, and workload distribution. Predictive analytics
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and real-time data will support proactive talent management and early identification of
employee needs. However, the increasing use of Al in managerial decision-making may also
raise concerns among employees regarding fairness, transparency, and privacy, particularly in

performance evaluation processes.

Therefore, the future success of Al in HR practices will depend on the ability of organizations
to balance technological capabilities with human judgment. Managers and HR professionals
will need to be trained to use Al responsibly, ethically, and transparently. Establishing clear
governance frameworks, ethical guidelines, and continuous upskilling programs will be

essential to ensure trust and acceptance among employees.

In conclusion, the future of Al in HR practices lies in its integration as a strategic partner rather
than a replacement for human decision-making. When implemented thoughtfully, Al has the
potential to enhance workforce productivity, improve employee experience, and strengthen
organizational effectiveness while preserving the human values that remain central to human

resource management.(4/ for HR: The Future of Human Resources | SAP, n.d.)

1.16.1Critical Drivers of AI Acceptance:

e Performance Expectancy: HR professional is more likely to accept AI when it enhances
decision making accuracy and improves efficiency in handling routine administrative tasks.

e Organizational Support: The successful adoption of Al relies on strong leadership
backing and investment in Al Centres of Excellence (CoEs), which facilitate collaboration
between HR and IT to ensure Al tools align with people focused objectives.

e User Competence: Employees demonstrate greater acceptance of Al when they have

received training in digital literacy, data ethics, and prompt engineering.

1.16.2Implementation Trends by industry:

The adoption of Al in HR is not even across the sectors:

e Information technology (IT): IT leads Al adoption, with nearly 70% of Indian IT
professionals activity using Al in 2026. Primarily leveraging predictive analytics for talent
retentions and automating recruitment processes.

e Services Based industries: These industries heavily rely on conversational Al chatbots for

round the clock employee support, with catboats managing up to 80% of routine queries.
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Manufacturing & Engineering: Al adoption is rising in manufacturing and engineering
sectors, where sensors and predictive modelling are used to enhance workplace safety,
identify health risks, and reduce accidents.

Adoption is rising in manufacturing and engineering sectors, where sensors and predictive

modelling are used to enhance workplace safety, identify health risks, and reduce accidents.

1.16.3Impact on Organizational effectiveness:

Few key channels are used to improve the effectiveness by Al driven Practices.

Recruitment Precision: Hybrid approaches that integrate machine learning with genetic
algorithms achieve over 95% accuracy in candidate shortlisting and performance
prediction.

Operational Efficiency: Automating data intensive workflows like payroll and
compliance has enabled many organizations to reduce labour costs by approximately
26.2%.

Enhanced Employee Experience: Personalization engines deliver ‘Netflix Style’ curated
learning paths and career development opportunities, tailored to employees’ real time skills
gaps.

Personalization engines deliver "Netflix-style" curated learning paths and career

development opportunities, tailored to employees’ real-time skills gaps.

1.16.4 Critical Challenges:

Ethical Concerns: Challenges like data privacy, lack of transparency in ‘Black Box’
algorithms, and potential algorithmic biases continue to be major obstacles to building trust.
Psychological impact: Increasing employees concerns about ‘Fear of being Obsolete” and
technostress highlight the need for proactive HR strategies to sustain engagement.

Regulatory Compliance: The EU Al act significantly affects employment related Al
applications, classifying many as ‘high risk’ and mandating rigorous audits and human

oversight.

While it is impossible to predict the future with complete certainty, insights from expert

discussions allow us to make informed projections. Based on this analysis, it is anticipated that,

over time, businesses of all sizes will increasingly adopt Artificial Intelligence, integrating it
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into various functions to improve efficiency, decision making, and overall organizational

performance.

Artificial Intelligence has proven to be highly effective in employee development by providing
personalized learning experience, enhancing productivity, and offering more precise insights

nto

Learning outcomes compared to traditional methods. When implemented successfully in HR
practices, Al can lead to increased learning retention, higher productivity, reduced training

costs, and most effective career management.

However, organizations face few problems in realizing these benefits, involving concerns over
data privacy, potential biases, system compatibility, and employee acceptance. Looking ahead,
the continued evolution of Al promises even greater opportunities for personalized and ethical
development initiatives, supporting proactive organizational growth, improved employee

satisfaction, and flexible career advancement pathways.

To fully leverage the opportunities, HR professional must address current challenges while
preparing to integrate future Al -driven solutions, therefore enhancing organizational

development programs and fostering a skilled motivated, and future ready workforce.

1.17Structure of the Thesis

The thesis is organized as follows:
e Chapter 1: Introduction to Topic
Introduces the research context, background, rationale, and purpose of the study.
e Chapter 2: Review of Literature
Reviews relevant literature and develops the conceptual framework and hypotheses.
o Chapter 3: Research Methodology

Details the research methodology, including design, sampling, instruments, and analytical
techniques.

o Chapter 4: Data Analysis
presents data analysis and empirical results.

e Chapter 5: Findings and Discussions
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Discusses findings in relation to objectives, hypotheses, and existing literature.

Chapter 6: Conclusions, Recommendations, and Implications
Outlines conclusions, implications, and recommendations.
Chapter 7: Limitations and Future Scope

Discusses limitations and future research directions.
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CHAPTER -2 REVIEW OF LITERATURE

2.1 Introduction

This chapter is a comprehensive, theory-driven evaluation of research associated with the thesis
"Acceptance & Implementation of Artificial Intelligence in HR Practices for Organisational
Effectiveness in Selected Industries." A literature review in doctoral research is not a
descriptive catalogue of prior studies; rather, it is a structured synthesis that traces how ideas
have evolved, clarifies key concepts and topic boundaries, evaluates what is known with
methodological and contextual sensitivity, and identifies inconsistencies and under-explored
relationships that justify the current analysis(Lim et al., 2022; Okoli, 2015; Snyder, 2019). In
line with this goal, the chapter integrates evidence from technology & information-systems
adoption theories and HRM to explain why organisations and HR professionals accept (or
resist) AL, how Al-enabled HR practices integrate in processes and management, and under
what conditions such implementation contributes to organisational effectiveness (Al-Sugri et al.,
n.d.; F. Davis et al., 1989; Diffusion of Innovations, 2014; Everett Roge, 1995; quarterly & 1989, n.d.;
Tornatzky & Fleischer, 1990b; Venkatesh et al., 2003a; Venkatesh & Davis, 2000a) The review also
highlights the Indian organisational context, where scale, workforce heterogeneity, digital
maturity, and evolving data-protection obligations influence both adoption decisions and
responsible deployment, laying the groundwork for the conceptual gaps and research
opportunities addressed in subsequent chapters (Deloitte’s Global Human Capital Trends Workday
Differentiators, 2024; Digital Personal Data Protection Act 2023, 2023; Nasscom Technology &
Leadership Forum 2024, 2024)

2.2 Artificial Intelligence (AI)

The combination of hardware, software & network technologies that allows information
systems to implement the tasks traditionally associated with human reasoning abilities, which
includes but not limited to learning, reasoning, pattern recognition, and decision-making.
Previously, Al research was focused on verbal reasoning and rule-based algorithms, but the
modern Al applications are dependent on Machine Learning (ML), neural networks, Natural
Language Processing (NLP) and data-driven self-learning algorithms which has an ability to
learn and develop over time (Alsheibani & Messom, 2018; Russell & Norvig, 2010). This
transition from static programming to adaptive learning systems has greatly expanded the
possible acceptance & implementation of Al in organisational contexts. An innovative
technology that enhances machine's capabilities rather than merely automating task and
application extends far beyond operational efficiency navigating the strategic decision-making,
knowledge management, and organizational learning. As a transformative organizational
resource, Al has the potential to reshape traditional functions, managerial roles, workflows,
and structures of an organization. (Erik Brynjolfsson and Andrew McAfee, 2017)

The acceptance of Al is impacted by industry and geographical location; it is being utilised and
influenced by technological readiness, organisational culture, leadership commitment, and
environmental pressures. In earlier times, artificial intelligence applications were rather
primitive. Experimental systems like expert systems (ES) and knowledge management systems
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(KMS) were used with limited knowledge, scalability, and only structured data usage. (F. Davis
etal., 1989; Y. Lee et al., 2003a; Venkatesh et al., 2003a) Whereas the current Al systems are
very capable of processing high volumes, high speed, and different variety of data with
processing capability of both structured and unstructured data which facilitates in descriptive,
predictive, and prescriptive analytics and helps in data-driven real-time decision support to the
organizations. (Go et al., 2020a; Peisl & Edlmann, 2020) Current Al systems are capable of
processing large volumes, high speeds, and a variety of data types, including both structured
and unstructured data. This capability enables the processing of descriptive, predictive, and
prescriptive analytics, thereby facilitating data-driven real-time decision support for
organisations. Any technology implementation, including artificial intelligence, requires a
huge monetary investment, but more than that, it requires a continuously learning organisation
that is ready to restructure processes, develop new competencies, and adopt new governance
structures. (Davenport, 2018; Erik Brynjolfsson and Andrew McAfee, 2017) The organisations
that adopt artificial intelligence as a part of their strategic goals are more likely to improve their
organisational performance, but it is impacted by employees' resistance towards change due to
fear of the unknown, lack of trust in machine learning (ML) tools and algorithms, and fear of
losing jobs due to the adoption of Al in organisational practices. In Indian context Al adoption
is largely impacted by factors like availability of labours, cost-effectiveness, complex
regulatory compliances, unreliable technology infrastructure, ethical considerations, socio-
economic & cultural norms. (Tayal & Upadhyay, 2019; Upadhyay & Khandelwal, 2018a)

2.3 Artificial Intelligence in HR Practices

Artificial intelligence in HRM is a system that carries out tasks typically associated with human
intelligence, like recognizing patterns, making predictions, and providing data-driven decision
support. It utilizes various techniques, including machine learning, natural language
processing, and generative Al. In HR environments, Al should be seen not just as a tool for
automation, but also as a means of enhancement, where human insight and algorithmic power
work together to influence decisions and outcomes (Davenport, 2018; Jarrahi, 2018) This
distinction is important for HR practices because many HR decisions—Ilike sourcing, hiring,
performance evaluation, promotion, disciplinary actions, succession planning, and employee
engagement are closely tied to the social contexts, values, and culture of an organization. Al
tools can really change the game when it comes to privacy, transparency, and how we view
fairness, all while boosting efficiency. (Kellogg et al., 2020; Meijerink et al., n.d.; Schafheitle
et al., n.d.) Recent systematic reviews indicate a significant increase in AI-HRM research,
highlighting common themes such as talent acquisition, HR analytics, personalization of
employee experience, and ethics/governance. However, there is lack of evidence regarding the
timing and way organization will benefit from same. (Basu et al., 2025; Ubeda-Garcia et al.,
n.d.; Venugopal et al., 2024)

The integration of artificial intelligence into human resource practices is changing how
companies handle their workforce, presenting a mix of opportunities and challenges. Many
organizations are now using Al-powered HR tools to improve decision-making, simplify
processes, and increase overall efficiency in their HR functions. Al algorithms assist in talent
acquisition by swiftly analyzing vast amounts of candidate data, allowing recruiters to more
effectively find the best matches. Al also enhances performance management by increasing
efficiency and transparency, as well as providing personalized employee engagement through
real-time insights that were not possible before. Earlier research has demonstrated that these
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developments in Al not only enhance operational efficiency but also help HR take on a more
strategic position within organizations. (Gulliford & Parker Dixon, 2019; Hogg, 2019; Jatoba
et al.,, 2019) The successful adoption of Al in HR requires planning and efforts and the
outcomes depend on factors such as organizational culture, mindset of employee, technological
readiness, and management support. Many researchers have developed conceptual framework
to study change readiness to understand the enablers and challenges of acceptance and
implementation of Al in HR Practices. (Holt et al., 2007; Rafferty et al., 2013) For technology
driven transformation in an organization it is important to communicate the same to employees
clearly and transparently to gain their trust, and train them for the upcoming change as well as
the technology part. (J. Jha et al., 2023; M. Jha et al., 2025; Soni, 2022) The employees should
also be aware about the ethical and privacy concerns related to the adoption of the system which
is being integrated. Insights form these theories of change management and technology
acceptance will help the researcher the human side of Al implementation which is also very
important to understand as understanding the technology itself. (Brougham & Haar, 2018;
Johnk et al., 2021a; Lazanyi, 2018; J. Marler et al., 2017; Rafferty et al., 2013; Rusly et al.,
2015; Virajanand Varma, 2012)

The acceptance of Al systems by HR professionals and employees plays a crucial role in
ensuring successful implementation. Based on technology acceptance models, earlier research
shows that factors like perceived usefulness, ease of use, trust, and fairness play a crucial role
in influencing attitudes toward artificial intelligence-powered HR systems. (Venkatesh et al.,
2012) Concerns regarding the transparency of algorithms, possible biases, and the reduced
influence of human perception significantly impact how individuals embrace them in HR
Practices.

Majority of organizations face data quality issues, human resource Information systems which
are fragmented and do not possess enough analytical capabilities. Major multinational
organizations have started using artificial intelligence for recruitment analytics, chatbots and
prediction of attrition, but small and medium sized organizations are not able to adopt the same
due to limited resources and lack of skilled employees to manage the same. The differences
highlight the importance of tailored implementation frameworks that consider the unique
characteristics of various organizations.

Based on the insights shared by previous researchers, this study focuses on the critical factors
that influence the readiness of employees to acceptance and implement artificial intelligence
in HR practices. This thesis not only address the gap in current literatures but also offers
valuable insights to organizations willing to utilize Al in HR practices effectively while
ensuring a positive experience for their employees.

2.4 Application of Al in HR Practices

The use of Artificial Intelligence (AI) in Human Resource (HR) practices marks a significant
change in how organizations handle their workforce, allowing for more informed, efficient,
and strategic decision-making. The concept of Artificial Intelligence was developed by John
McCarthy a professor at Massachusetts Institute of Technology (MIT) in the year 1956 but it
has gained popularity in very recent times, its incorporation into HR functions has really picked
up speed in the last few years. Technological changes in HR started with the launch of Human
Resource Information Systems (HRIS) in the 1970s, which helped automate tasks like payroll
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processing and recordkeeping. By 1990s, we saw the rise of Electronic Human Resource
Management (E-HRM), which used internet technologies to make HR functions more efficient
at any time from any place. (Bondarouk et al., 2016; Leong, 2018)

The integration of artificial intelligence requires not only the adoption of new technologies but
also significant transformations within structure of organization and cultural frameworks
emphasizing strategic partnership and employee development, alongside with digital
transformation initiatives. (Claus, 2019; DiRomualdo et al., 2018; Pillai & Sivathanu, 2020;
Sivathanu & Pillai, 2018) The application of Al in human resources is especially prominent in
recruitment and selection. Artificial intelligence technologies enhance the hiring process by
predicting job openings, refining job descriptions to attract suitable candidates, automating job
advertisements across various recruitment platforms, and effectively sourcing and screening
applicants from extensive talent pools. (Dickson & Nusair, 2010; Upadhyay & Khandelwal,
2018a) Automated scheduling of interviews, calls, and meetings reduces administrative
burden, allowing HR professionals to focus on higher-value tasks. However, Artificial
intelligence also improves the processes of candidate evaluation by implementing automated
background checks and psychometric assessments. Additionally, chatbots and Al-driven
customer relationship tools facilitate continuous engagement and communication with
candidates (Meijerink et al., 2020). Nonetheless, many companies hesitate to make substantial
investments in Al technologies due to high upfront costs and concerns over return on
investment (ROI) (Berhil et al., 2020). Organizations that have adopted artificial intelligence
frequently observe benefits such as reductions in operational costs, enhanced productivity,
increased employee satisfaction, and better service delivery. (Gikopoulos, 2019; Papageorgiou,
2018; Pillai, 2021)

Irrespective of the advantage that adoption of Al has, many organizations have significant
hurdles while implementing the same. The technology is a very small aspect of adoption the
challenges are more when it comes to employee’s resistance to change, fear of job replacement,
lack of skills to work with new technology, data privacy issues, fairness, ethical and legal
challenges. (Chakma, 2021; Hashmi & Baig, 2020; Pillai, 2021; Ranjitha S & Usha K, 2021;
Tambe et al., 2019) In addition to human and organizational aspects of adoption there are
financial constraints, Complex Al programming customized for various HR functions, cyber
security risks, failure of Al to understand human emotions, give empathetic feedback during
performance evaluations, engagement activities, and interviews. (Ahmed, 2018) Furthermore,
the swift integration of Al in response to crises such as the COVID-19 pandemic has led to
employee concerns regarding job security, trust, the sufficiency of training, and uncertainties
related to the changing nature of their roles. (Cabrera et al., 2023; Makarius et al., 2020)

To address the above-mentioned challenges, continuous employee training & development
both in terms of change management and technology skills is required. HR staff is required to
develop advanced digital literacy, data analysis skills, critical thinking, cognitive decision-
making, and leadership skills that align with Al-enabled environments. (Burgess, 2021; Jaiswal
etal., 2021; Johansson et al., 2019; Sakka et al., 2022)

Artificial intelligence systems acquire knowledge from pre-existing data, which may
unintentionally integrate and continue historical biases if not meticulously overseen. For
instance, Amazon’s hiring algorithm was discovered to have a bias against female candidates
due to the training data being largely composed of male resumes, highlighting the ethical
concerns associated with Al-driven human resources decisions. (Alfons & Alfons Kodiyan,
2019; Dastin, 2022; Lavanchy, 2006; Martin, 2022) This highlights the importance of extensive
supervision, transparency, and strategies to mitigate bias in order to achieve impartial results.
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Artificial intelligence demonstrates remarkable capabilities in speedy data analysis and the
recognition of patterns, it fails to replicate the complex judgment, empathy, and negotiation
skills that human HR professionals use for precise decision-making processes. Rather, artificial
intelligence functions most effectively as a supplementary tool for enhancing human judgment
rather than replacing it.(Jarrahi, 2018; Prikshat et al., 2021a) Emerging technologies, such as
Internet of Things (IoT) and artificial intelligence, significantly impact human resource
development by influencing customer satisfaction, recruitment processes, training
methodologies, and strategies for global competition.(Al Mamun et al., 2025) Equipping HR
professionals to effectively utilize these technologies necessitates innovation, adaptability, and
a commitment to continuous learning. (Alvarez—Gutiérrez etal., 2022; Balas, n.d.; Carter et al.,
2025; J. Marler et al., 2017; M. Stone et al., 2020; P. Stone et al., 2016)

Al applications cluster into several practice areas:

The processes of talent acquisition and selection have increasingly incorporated artificial
intelligence, which is utilized for résumé processing candidate ranking, the deployment of
chatbots for screening and engagement, as well as the analysis of video interviews. Those in
favour argue that algorithmic screening has the potential to improve both efficiency and
consistency; yet, studies suggest that models developed using historical data may reinforce
existing discrimination, and claims made by vendors about the reduction of bias often exceed
what can be substantiated through empirical evidence. (Fui-Hoon Nah et al., 2023; Raghavan
et al., 2020; Soleimani et al., 2025) The examination of facial and biometric inference in the
hiring process has drawn significant public attention, emphasizing the associated ethical and
legal consequences. This situation has intensified demands for transparent validation methods
and the incorporation of human supervision in management of such tools. (Charlwood &
Guenole, 2022; Eubanks, 2025; Pandey et al., 2023) Artificial Intelligence is useful in the
recruitment process by not only be beneficial to organizations but also to candidates by a
reformation of the application process by designing user-friendly and meaningful application
forms, which will improve application completion rates. Al also maintains a database of past
candidates, which helps in identifying candidates from an existing pool of candidates, reducing
the time and resources lost in searching for fresh talent. The onboarding process begins once
the recruitment part is finished, Al helps in conducting induction processes beyond the regular
working hours. Al helps the new employee to finish the onboarding process at their own pace
which results in faster integration and reduces the administrative burden on HR personnel. Al
also provides remote support applications like chatbots to employees at any place and time of
the day.

For Training and development (T&D) of employees artificial Intelligence helps in skills
development, personalized gap analysis and learning pathways and internal succession
planning. Industry evidences shows that Indian organizations lack the skills required to use Al
in HR Practices, hence the implementation is negligible. Implementation of Al enabled T&D
relay heavily on the data readiness of organization and empowerment of employees. (Agarwal,
2024; Deloitte’s Global Human Capital Trends Workday Differentiators, 2024; Nasscom
Technology & Leadership Forum 2024, 2024)

Al enabled Performance Management Systems (PMS) automates the process of performance
by real time data collection, tracking of KPI, performance mapping based on KPI, providing
personalized feedback on improvisation, base for continuous improvement rather than
improvisation after annual or bi-annual reviews, predict trends, support data driven unbiased
decisions form performance appraisals. It helps in determining the employee engagement
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levels, future performance issues, and risk of attrition so that organizations are able to act
proactively. It is also very useful in work from home setup as it can monitor the employees,
collect the data from multiple sources, tracks output based results and very flexible to use.
(Alekseeva et al., 2020; Nyathani, 2023; Smith, 2019) Research on algorithmic management
indicates that increased monitoring can impact autonomy and trust, potentially reducing
effectiveness in the absence of strong governance and transparency. (Keegan & Farwa, 1 C.E.;
Kellogg et al., 2020) With the help of Al tailored feedback and a talent recognition system can
be developed which will understand the need of employees and leads to employee engagement
and job satisfaction very precisely along with many other benefits of having this information.
Al is also able to evaluate key success factors of employees to identify the employees to be
promoted, which energies succession planning or internal mobility leading to a reduction in
talent acquisition costs and boost employee retention rates. Along with identifying the
opportunities to promote the employees within the organizations Al also provides predicted
information regarding the person who will quit from the organization, which allows the HR
Personnel to deploy the retention efforts and strategically reduce attrition.

Al in Human Resource Analytics uses Predictive analytics models and machine learning
algorithms to manage huge amount of HR data which is majorly unstructured in nature and
increasing day by days, if this big data is approached in appropriate way then it can be used for
workforce planning, engagement, gap analysis, training & development and productivity,
measure attrition risk, employee sentiment analysis, performance management, reduces bias in
decision making, Career planning & succession planning and many other HR tasks. (Angrave
et al., 2016; Kakulapati et al., 2020; Levenson, 2005; Quddus Mohammed, 2019; Saxena et al.,
2022) Owing to HR Analytics, companies have access to data regarding what's happening in
an organization and how employees are perceiving it. When organizations are equipped with
data it allows to fix the problems and improve future practices. It comes to the notice of
employees as the changes are implemented the processes are improved, they can suggest
valuable feedback to management and management can act on it. This helps in building and
maintaining the trust of employees which further leads to employee engagement, success, and
improves employee retention percentages. By tracking employee engagement at every level,
organizations will gain an enhanced understanding of employee metrics, HR Analytics along
with employee wellbeing will assist organizations to create an atmosphere where employees
feel engaged and empowered. Compensation Analytics is a novel part of HR Analytics focus
on the effectiveness and optimization of employment cost; it helps organizations to make data-
driven decisions regarding fair compensation. The compensation contributes to the largest
element in the organization's annual budget; it is also one of the largest sources of data,
consisting of precise and varied information, which can be used to develop a strategic and
tactical plan in addition to guide business objectives. Whether an organization is hiring a new
employee or addressing salary concerns of existing employees or developing a competitive
reimbursement strategy to attract good talent, depending on data(facts) eliminates the decisions
based on assumptions and gut feeling. (Alam, n.d.; Bose et al., 2021; Fermin Diez, 2019;
Kranthi Kumar Routhu, 2020; Technology & 2025, 2025; Verma, 2025)

The employee experience and the delivery of HR services are being significantly influenced
by the integration of HR chatbots, automation in case management, and tailored
communication strategies, all of which enhance the quality and responsiveness of services
provided. Nonetheless, achieving “implementation success” generally necessitates the
integration with Human Resource Information Systems (HRIS), the transformation of
processes, and effective change management, rather than simply the deployment of tools. (Basu
et al., 2025; Davenport, 2018)
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In conclusion, while Al holds transformative promise for HR practices, its effective adoption
demands addressing technological, ethical, and human challenges through integrated efforts
spanning training, organizational change, and ethical governance.

2.5 Factors Affecting Acceptance of Al

The readiness for organizational change is shaped by various individual and structural factors.
Key influences include employee commitment, self-efficacy, organizational and leadership
readiness, as supported by multiple studies. (Errida & Lotfi, 2020; Hidayati et al., 2019; Johnk
etal.,2021a; Soomro et al., 2021) Furthermore, the organization’s learning culture, Knowledge
exchange systems, transformation commitment, change readiness, (P. Malik & Garg, 2017,
Prikshat et al., 2021a) top management leadership style, intention of employees to use
technology. (Esen & Ozbag, 2014) Technological and educational competencies significantly
influence the capacity to adapt to change. (Mahendrati & Mangundjaya, 2020; Ranawaka et
al., 2020; Virajanand Varma, 2012) Building trust among employees and enhancing their
capability to support change initiatives are essential. (Rafferty & Minbashian, 2019; Thakur &
Srivastava, 2017) Furthermore, the level of technological proficiency, variations among
professional groups regarding technology adoption, and demographic factors significantly
influence their readiness for change. (Rusly et al., 2015)

The acceptance of change is influenced by psychological factors, including positive attitude
and creativity, as well as perceptions regarding the user-friendliness of technologies. (Esen &
Erdogmus, 2014; Phoolka, 2018) The readiness of an organization to integrate artificial
intelligence (Al) into its decision-making processes has the potential to improve service
delivery and decrease costs. Still, motivating decision-makers to implement these changes
remains to be a significant challenge. Consequently, it is essential to incorporate change
readiness that is specifically designed for Al applications in order avoid failures and prevent
expensive errors. (Alami et al., 2021)

The implementation of Al presents numerous advantages, such as enhancements in candidate
experiences, increased recruitment efficiency, enhanced motivation, strategic compensation
planning, tailored learning opportunities, professional development, and comprehensive
employee support. (Guenole & Feinzig, 2018) HR managers’ beliefs positively correlate with
their readiness for change, whereas anxiety related to Al adoption negatively impacts this
readiness. The presence of high-perform33333333ance work systems may reduce this anxiety
and influence HR managers’ readiness for Al-related changes. (Suseno et al., 2021)

The Younger generations showcase reluctance to accept Artificial Intelligence or robots as their
colleagues as they do not trust the social and emotional competencies of machines, despite of
the potential they have to offer. (Lazanyi, 2018) The successful integration of Artificial
Intelligence requires a Socio-technical approach that considers both its novelty and its scope
within the organization. This framework promotes a simpler integration of Al technologies and
enhances the efficiency and effectiveness of change management processes. (Kim et al., 2022;
Makarius et al., 2020)

The acceptance and implementation of artificial intelligence (AI) in human resource (HR)

practices are shaped by a variety of interconnected factors that encompass individual,
organizational, and technological dimensions. The acceptance by employees is largely
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influenced by their beliefs, trust, and fear regarding artificial intelligence. Factors such as
employee’s trust on technology, perception of ease-of-use, beliefs of employees towards actual
utility of Al affect positively towards acceptance. (Esen & Erdogmus, 2014; Suseno et al.,
2021) But employees are more concerned regarding them being replaced by technology such
as Al, human machine interaction, Al having no emotions and empathy creates obstacles for
Al adoption. (Suseno et al., 2021)

The successful implementation of Al within an organization is significantly influenced by the
active participation from senior executives and the support from top management, as they are
crucial in offering strategic direction and ensuring the appropriate allocation of resources.
Leadership styles that display transformational qualities, including vision, empathy, and
adaptability, have a favourable influence on the adoption of Al. (Hermawan & Suharnomo,
2020) Moreover, fostering a culture that emphasizes learning and encourages the sharing of
knowledge, along with continuous development of skills is essential for cultivating the
competencies required for the effective utilization of Al. (Mahendrati & Mangundjaya, 2020;
P. Malik & Garg, 2017) Building trust in technology, achieved through clear communication
regarding the capabilities and limitations of Al, is essential for addressing employee resistance.
(Insights to Impact: Inside Perceptyx’s Award-Winning Al Solution, 2025.; Omar Ashurbayev,
2025)

The acceptance of Al systems in human resources is significantly influenced by various
technological factors, such as the ease of use, reliability, and the ability to integrate smoothly
with existing HR systems. The ease of use and the perceived usefulness, in alignment with the
Technology Acceptance Model (TAM), serve as significant indicators of the intention to work
with Al in HR activities. (Esen & Ozbag, 2014) Furthermore, the effectiveness of employees'
technological skills and the availability of specialized training significantly impact the
successful integration of Al. (Ranawaka et al., 2020) This demonstrates the significance of
developing supportive environments that address skills deficiencies and promote confidence in
engaging with Al

The socio-technical dimension serves as a holistic framework that highlights the interaction
between social elements, such as employee readiness and organizational culture, and technical
components, including the novelty of artificial intelligence and the scope of the system. The
successful integration of Al is dependent upon the management of this dynamic, ensuring that
technological advancements are in balance with organizational objectives and that employees
are adequately prepared both emotionally and in terms of skills. (Kim et al., 2022; Makarius et
al., 2020) Addressing shifts in interprofessional dynamics and demographic factors can
improve acceptance rates and facilitate a more seamless implementation process. The
complexity of Al acceptance in HR requires integrating psychological, organizational, and
technological strategies. Cultivating positive beliefs, reducing anxiety, investing in leadership
readiness, fostering a learning culture, and ensuring user-friendly technology are all critical for
successful Al-driven HR transformations. (Luciano Floridi, 2018; Taddeo & Floridi, 2018)

Considerations of ethics are becoming increasingly important in conversations surrounding
artificial intelligence in human resources, especially concerning data privacy, algorithmic bias,
and the monitoring of employees. The changing regulatory environment in India, particularly
with respect to data protection laws, has increased organizational awareness regarding the
importance of responsible Al practices. (Floridi et al., 2018) The perceptions of employees
regarding fairness and transparency are fundamental in influencing their trust and acceptance
of Al systems.
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The adoption of Al in Indian organizations is further shaped by environmental factors,
including competitive pressure, technological instability, and institutional norms. The
Technology—Organization—Environment (TOE) framework has been extensively utilized to
explain the ways in which these multilevel factors collaboratively influence adoption decisions
in emerging markets. (Baker, 2012; Tornatzky & Fleischer, 1990a) The integration of these
frameworks facilitates a comprehensive understanding of the acceptance and implementation
of Al within human resource practices.

2.6 Existing models on Acceptance & Implementation of
Technology

This study explores employee perspectives for the integration of artificial intelligence in HR
Practices, the previous researchers have been employing a framework that combines the
Technology, Organisation, and Environment Model with Transaction Cost Theory. The
adoption of artificial intelligence is positively influenced by technological proficiency and
legislative support; however, factors such as the relative advantages of Al, industry
characteristics, and organizational size do not have an impact on its adoption. The governance
of artificial intelligence is influenced by transaction costs and the expertise of organizational
technology. (Pan et al., 2021a)

Although the criteria related to technology readiness and competitive pressure moderately
predict the acceptance of Al applications in HR recruitment, the characteristics of innovation,
specifically relative advantage, and complexity, show a considerable capacity to predict such
adoption. (Hmoud, 2021) Researchers utilized the Technology-Organization-Environment
(TOE) framework alongside the Diffusion of Innovation Theory (DOI) to promote further
exploration of Al adoption readiness within organizations. The combination of the Technology
Acceptance Model (TAM) with the Technology, Organisational, and Environment Model
(TOE) indicates a negative correlation among organisational readiness, compatibility, and
perceived ease of use. (Alsheibani & Messom, 2018) The TOE-TAM integration indicates that
technology adoption in organizations is affected by various factors, including perceived
usefulness, perceived ease of use, relative advantage, compatibility, complexity, organizational
readiness, educational and training purposes, support from top management, competitive
pressure, and assistance from vendors. (Chatterjee et al., 2021a) The TOE model indicates that
the adoption of Al by employees is affected by the support of top management, a competitive
environment, and legal regulations. (Gangwar et al., 2015a) The Technology Acceptance
Model (TAM), a framework established three decades ago, remains relevant in the study of
technology acceptance. (Vasiljeva et al., 2021a) The framework defines three essential
components: system attributes and functionalities, which include perceived usefulness and ease
of use; user motivation, characterized by attitudes towards utilization; and actual use of the
system. In light of the model's saturation, as indicated by current studies, it may be essential to
explore alternative models to examine the deployment of predictive systems. (F. Davis, 1985;
F. D. Davis, 1989a)

The Technology Acceptance Model (TAM) indicates that employees exhibit a negative attitude
towards the adoption of Al voice assistants. (Balakrishnan et al., 2021a; Chuttur, 2009b;
Gianina Lala, 2014) Moreover, the perceived collaboration of technology has gained
significant importance in contemporary models for the acceptance of advanced robotics. This
trend illustrates the progression of technology acceptance models in conjunction with highly
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interactive systems, enhanced functionalities, and more intuitive user interfaces. (Go et al.,
2020a) The adoption of technology is significantly influenced by voluntary acceptance by user,
favourable perceptions of technology, expectations regarding performance, perceived
advantages, groundbreaking innovations, and user experiences. These factors play a crucial
role in shaping technology acceptance, psychological influences, and perceptions of risk.(Park
et al., 2022a) The Technology Acceptance Model (TAM) is presently under investigation
regarding its applicability in the field of artificial intelligence. This framework encompasses
factors such as perceived ease of use, perceived innovativeness, employee perceptions, and
user intentions to buy. (Y. Lee et al., 2003a) Furthermore, the growing integration of artificial
intelligence within the workplace enhances the effectiveness of human resource management.
(Iyer et al., 2020a; Money & Turner, 2004a; Singh et al., 2020a)

2.6.1 Technology—Organization—Environment (TOE) Framework
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Figure 2-1: Technology-Environment-Organization (TOE) Framework

originally known as The Context of Technological Innovation (Source: Book on The Process
of Technological Innovation by (LOUIS G TORNATZKY & MITCHELL FLEISCHER, 1990))

The Technology—Organization—Environment (TOE) framework is one of the most widely
adopted theoretical models for examining how organizations perceive, adopt, and implement
technological innovations. The framework provides a concise yet adaptable structure for
examining the motivations and factors that lead organizations to analyse, adopt, and integrate
new technologies. It categorizes the influencing factors into three interdependent areas:
technological, organizational, and environmental. (Tornatzky & Fleischer, 1990a) The TOE
framework has been widely utilized in research concerning the adoption of artificial
intelligence (AI) across various organizational contexts, including human resource
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management (HRM), owing to its adaptation across different sectors and technologies. In the
field of Al-enabled HR practices, the significance of the TOE framework has increased by the
concurrent rise of advanced technological attributes—such as algorithmic decision-making,
data-driven systems, and automation—which require considerable organizational change. The
transformations include the development of new skills, the establishment of governance
mechanisms, the implementation of ethical considerations, and the allocation of financial
expenditures. Furthermore, the external environment, defined by competitive pressures, vendor
ecosystems, and regulatory compliance, significantly influences the processes of acceptance
and implementation. As a result, the TOE framework offers a thorough, evidence-based
perspective for analyzing the implementation of Al within HR practices. (Del Barone et al.,
2025; LOUIS G TORNATZKY & MITCHELL FLEISCHER, 1990; Pillai & Sivathanu, 2020)

In the technological components of the TOE framework, research findings consistently
highlight perceived relative advantage and cost-effectiveness as key factors influencing the
adoption of Al in human resource management. Studies indicate that organizations are
motivated to implement Al when they recognize tangible benefits, including simpler
recruitment processes, improved decision-making quality, scalability, and refined analytical
abilities. Consequently, tools powered by artificial intelligence—Ilike résumé screening
systems, recruitment chatbots, and candidate ranking algorithms—have become more
integrated into talent acquisition processes, resulting in improved efficiency over conventional
human resources practices. (Chiu, 2017; Li, 2020a; Nguyen & Le, 2022a; Shakeel & Siddiqui,
2021a) The existing literature advises that these technological benefits could be neutralized by
ongoing challenges as the concerns surrounding data security, privacy safeguards, algorithmic
bias, and insufficient transparency continue to pose substantial obstacles that may damage trust
and reduce the potential benefits of Al systems. The significance of these risks is particularly
prominent in human resources contexts, as the decisions made have a direct impact on the
performance of employees and the integrity of the organization.

The organizational aspect of the Technology-Organization-Environment (TOE) framework
emphasizes the essential importance of change readiness, governance, and internal capabilities
in successfully integrating Al into human resource practices. Substantial empirical research
indicates that support from top management is a significant for both the adoption and ongoing
utilization of Al technologies. The commitment of management plays a crucial role as they
allow the allocation of resources, validation of the process of exploration, and minimizing
resistance to change, particularly in areas of human resources that are traditional focus is on
employees. (Pillai, 2021; Shakeel & Siddiqui, 2021a)

Organizational readiness includes the presence of technological infrastructure, the proficiency
in digital and analytical skills, the development of data governance capabilities, and the level
of process development. Research indicates that organizations with advanced HR digitalization
and robust analytics capabilities are more inclined to move beyond the initial assessments
towards the effective integration and routine application of Al tools. The size of an organization
and its financial resources play a significant role in the acceptance and implementation of Al
technologies. Organizations with plenty of resources are generally more equipped to manage
the costs, risks, and uncertainties that come with deploying Al solutions. (Guillaume
REVILLOD, 2024; Guillaume Revillod, 2024; Management & 2024, 2024; Pillai & Sivathanu,
2020; Science & 2025, 2025; society & 2025, 2025) Qualitative analysis shows that public
sector and large organizational contexts, highlights the significance of managerial capabilities
including strategic thinking, change management, and emotional intelligence. These
capabilities serve as essential intermediaries between the implementation of Al and the overall
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objectives of the organization, which involve resilience, adaptability, and effectiveness. (Del
Barone et al., 2025)

The environmental aspect of the TOE framework covers external factors that both facilitate
and limit the adoption of Al in human resource management. Competitive pressure is
frequently recognized as a significant factor, as organizations perceive investments in Al as
crucial for maintaining talent pipelines, improving employer branding, and attaining strategic
agility in unpredictable labour markets. (Pillai & Sivathanu, 2020; Shakeel & Siddiqui, 2021a)
Vendor availability and external expertise further facilitate adoption, particularly for
organizations lacking in-house Al capabilities. At the same time, dependence on external
vendors may present difficulties concerning long-term dependability, governance control, and
the strategic ownership of HR data and algorithms. Regulatory uncertainty and ethical
concerns, particularly those related to fairness, accountability, and privacy, are often identified
as significant barriers that hinder adoption, especially in public sector organizations. (Del
Barone et al., 2025; G Revillod, 2025)

Recent empirical evidence suggests that integrating TOE with complementary models such as
the Technology Acceptance Model (TAM) or Task—Technology Fit (TTF) substantially
enhances explanatory power by capturing both organizational-level determinants and
individual acceptance dynamics.

Process-oriented analyses further reveal that the influence of TOE dimensions varies across
stages of adoption. The impact of environmental factors becomes more apparent in the early
stages of evaluation, while the significance of organizational competencies and leadership
support increases during the phases of ongoing use and institutional integration. This structured
understanding highlights the evolving characteristics of Al integration within human resource
practices.

Despite significant advancements, the existing literature highlights multiple crucial gaps,
indicating that consistent findings are present concerning key determinants such as perceived
technological advantage, top management support, organizational readiness, and competitive
pressure. A rigorous modelling of the interrelationships among these factors is still lacking.
There is a noteworthy lack of long-term studies that investigate the integration of Al into
standard HR practices and the ways in which organizational change maintains value over time.
Furthermore, the viewpoints of employees—encompassing aspects like perceived fairness,
trust, and behavioural reactions have not been thoroughly examined, even though they are
crucial for ethical governance and sustained effectiveness.

Overall, the TOE framework provides a robust and well-established foundation for analysing
Al integration in HRM. Empirical evidence consistently highlights technological benefits,
leadership support, organizational preparedness, and environmental pressures as key drivers,
while ethical, privacy, and security concerns persist as enduring challenges. Advancing
scholarship in this domain requires more comprehensive empirical frameworks that integrate
micro-level acceptance perspectives with organizational performance outcomes and
governance structures. Such an approach would move the literature beyond adoption-centric
explanations toward a deeper understanding of responsible Al implementation and its sustained
contribution to organizational effectiveness. (Best et al., 2017; Chiu, 2017; Li, 2020a; Nguyen
& Le, 2022a; Tornatzky & Fleischer, 1990a)
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2.6.2 Technology Acceptance Model (TAM)

The Technology Acceptance Model (TAM), originally proposed by (F. D. Davis, 1989a), is
one of the most influential theoretical frameworks for explaining individuals’ acceptance and
use of information systems. Rooted in the Theory of Reasoned Action (TRA), The Technology
Acceptance Model (TAM) suggests that a person's intention to utilize a technology, along with
their actual usage, is mainly influenced by two cognitive beliefs: Perceived Usefulness (PU)
and Perceived Ease of Use (PEOU). Perceived usefulness denotes the level to which a person
believes that utilizing a system will improve job performance, whereas perceived ease of use
indicates the extent to which the system is regarded as requiring little effort to use.

Perceived

Usefulness
Attitude Behavioural | Actual use
towards use intention to LIS

Perceived

ease of use

Figure 2-2: Technology Acceptance Model (TAM)

Source: (K. D. Davis, 1989a; Fred Davis, 1987)

Throughout its development, the Technology Acceptance Model has undergone rigorous
validation and has been broadened to incorporate a variety of technological environments, such
as enterprise systems, analytics, and digital platforms. The simplicity, ability to predict
outcomes, and flexibility of this approach have rendered it especially effective for examining
the acceptance of new technologies like artificial intelligence. (Filomena Buonocore et al.,
2026; Khan et al., n.d.; Venkatesh et al., 2003a; Venkatesh & Davis, 2000a; Viswanath
Venkatesh, 2003)

The application of the Technology Acceptance Model to artificial intelligence presents distinct
differences from traditional information systems, primarily due to the autonomous, learning-
oriented, and translucent nature of Al. In contrast to traditional IT systems, Al technologies
frequently function as agents that support or make decisions, thereby introducing elements of
uncertainty, ethical dilemmas, and trust-related challenges into the process of acceptance.
(Brougham & Haar, 2018; Jarrahi, 2018) As a result, researchers believe that the perceived
usefulness of Al extends beyond mere efficiency improvements to encompass aspects such as
decision quality, predictive accuracy, and strategic value.

Research findings indicate that perceived usefulness is a key factor influencing the acceptance
of Al especially when Al systems clearly enhance task performance or eliminate mental load.
(Davenport, 2018; J. Jha et al., 2023; Raisch & Krakowski, 2021a; Scott W. O’Connor, 2020)
Nonetheless, the concept of perceived ease of use takes on greater complexity in the context of
artificial intelligence, as users often engage not directly with algorithms, but with Al-integrated
interfaces that are incorporated within organizational frameworks. This indirect interaction
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redirects attention from operational convenience to aspects such as interpretability,
transparency, and clarity.

Human resource management represents a particularly sensitive domain for applying TAM, as
HR decisions directly affect employees’ careers, fairness perceptions, and organizational trust.
Al-enabled HR tools are increasingly used in recruitment, performance appraisal, learning and
development, and workforce analytics. In these contexts, TAM constructs have been widely
employed to examine HR professionals’ and managers’ acceptance of Al systems.

Research utilizing the Technology Acceptance Model in Human Resource Management
consistently identifies perceived usefulness as a significant predictor of acceptance,
particularly when Al systems showcase their effectiveness in enhancing recruitment efficiency,
decreasing time-to-hire, and facilitating data-driven decision-making. (Pillai & Sivathanu,
2020; Shakeel & Siddiqui, 2021a) Human resources professionals are more inclined to
embrace Al tools when they perceive that these systems improve accuracy, consistency, and
scalability in comparison to conventional HR methods.

The perception of ease of use plays a significant role in acceptance, although its impact is
frequently moderated by factors such as training, system support, and previous technological
experience. The presence of intricate interfaces, insufficient transparency, and restricted clarity
could reduce the perceived ease of use, consequently hindering acceptance despite clear
performance advantages. This issue is especially significant in Al-driven recruitment and
performance evaluation systems, as the lack of transparency in algorithms can lead to resistance
among HR professionals.

Given the limitations of the original TAM in capturing social, ethical, and organizational
factors, several extensions have been proposed. TAM2 and UTAUT incorporate constructs
such as social influence, facilitating conditions, and experience, which are particularly relevant
in organizational HR settings where technology use may be mandated or norm-driven.
(Venkatesh et al., 2003b; Venkatesh & Davis, 2000a)

In Al-enabled HR practices, researchers have further extended TAM by incorporating variables
such as trust in Al, perceived fairness, risk perception, and ethical concerns. Empirical evidence
suggests that trust acts as a critical mediator between perceived usefulness and behavioural
intention, especially in high-stakes HR decisions such as candidate screening and promotion.
(Raghavan et al., 2020; Venugopal et al., 2024) Similarly, perceptions of algorithmic bias and
privacy risks can weaken acceptance even when systems are easy to use and functionally
effective.

Recent studies that combine the Technology Acceptance Model with organizational-level
frameworks, such as the Technology-Organization-Environment model, illustrate that while
the Technology Acceptance Model accounts for individual acceptance, factors like
organizational readiness and environmental pressures influence the successful implementation
and institutionalization of accepted systems. (Chatterjee et al., 2021; Gangwar et al., 2015; M.
PANIMALAR, 2013.; Shakeel & Siddiqui, 2021)

From a managerial perspective, the acceptance of Al by HR professionals and line managers
is essential, yet it alone does not guarantee organizational effectiveness. Research based in the
Technology Acceptance Model indicates that when Al systems are regarded as both beneficial
and user-friendly, there is a greater likelihood of their integration into HR processes. This
integration can result in enhanced operational efficiency, consistent decision-making, and
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improved workforce planning. However, literature also highlights that acceptance does not
automatically translate into positive organizational outcomes. Overreliance on Al systems
without adequate human intervention may undermine employee trust and procedural justice,
negatively affecting engagement and performance. Therefore, the relationship between TAM
constructs and organizational effectiveness is often indirect, mediated by implementation
quality, governance mechanisms, and human—Al collaboration practices. (Jarrahi, 2018;
Raisch & Krakowski, 2021a)

Despite its widespread use, TAM has been critiqued for its narrow focus on cognitive beliefs
and its limited consideration of contextual and ethical dimensions. In AI-HR contexts, TAM
alone cannot adequately explain resistance arising from moral concerns, professional identity
threats, or institutional constraints. Moreover, most TAM-based studies adopt cross-sectional
designs, limiting insights into how acceptance evolves over time as Al systems learn and
change. Scholars therefore advocate for integrative approaches that combine TAM with
frameworks such as TOE or Task—Technology Fit (TTF) to capture both individual acceptance
and organizational implementation dynamics. (Abbas et al., 2018a; Basu et al., 2025)

In the context of the present thesis, TAM provides a robust theoretical foundation for
examining acceptance of Al among HR professionals and managers. Constructs such as
perceived usefulness and perceived ease of use are essential for understanding attitudes toward
Al-enabled HR tools. However, to comprehensively explain implementation and
organizational effectiveness, TAM is best applied in conjunction with TOE, enabling a
multilevel analysis that links individual acceptance with organizational and environmental
conditions.

2.6.3 Unified Theory of Acceptance and Use of Technology (UTAUT) Model
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Figure 2-3: Unified Theory of Acceptance and Use of Technology (UTAUT)

Source: (Venkatesh et al., 2003b)
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The Unified Theory of Acceptance and Use of Technology (UTAUT) was introduced to
integrate previous technology acceptance models into a cohesive and streamlined framework
that effectively discusses technology adoption and usage behaviours within organizations.
UTAUT integrates constructs from eight prominent theories, including the Technology
Acceptance Model (TAM), Theory of Planned Behaviour (TPB), and Innovation Diffusion
Theory (IDT). The model suggests that behavioural intention and actual use of technology are
primarily influenced by four core determinants: Performance Expectancy, Effort Expectancy,
Social Influence, and Facilitating Conditions, with effects moderated by age, gender,
experience, and voluntariness of use. (Venkatesh et al., 2003a)(Venkatesh et al., 2003).

due to its strong explanatory capabilities and emphasis on organization, UTAUT has found
extensive application in research exploring organization technologies, digital platforms,
analytics systems, and, more recently, applications of artificial intelligence. Applying UTAUT
to artificial intelligence calls for an examination of the unique features of Al such as its
autonomy, learning ability, transparency, and its capacity to impact critical decision-making
processes. In the field of artificial intelligence, the concept of performance expectancy
encompasses not only enhancements in productivity but also advancements in decision-making
quality, predictive accuracy, and strategic understanding. Research findings suggest that the
perceived benefits in performance are the most significant factor influencing the intention to
adopt Al-enabled systems within various types of organizations. (Raisch & Krakowski, 2021a)

Effort expectancy, traditionally associated with ease of use, takes on a broader meaning in Al-
based systems. Users may not interact directly with algorithms; instead, effort relates to system
interpretability, quality of interfaces, training adequacy, and cognitive burden associated with
understanding Al outputs. Studies suggest that when Al systems are perceived as complex or
opaque, effort expectancy negatively affects acceptance even when performance benefits are
evident.

Social influence is particularly salient in organizational HR contexts where technology use may
be shaped by managerial expectations, professional norms, and institutional pressures.
Acceptance of Al in HR is often influenced by senior leadership endorsement, peer usage, and
perceived rightfulness of algorithm-supported decisions.

Facilitating conditions reflect the degree to which organizational and technical infrastructure
supports Al use. In AI-HR contexts, this includes availability of quality data, analytics
expertise, vendor support, training programs, and governance mechanisms. Empirical evidence
consistently shows that facilitating conditions are more predictive of actual use and sustained
implementation than of initial intention.

Human resource management represents a socially embedded and ethically sensitive domain,
making UTAUT particularly suitable for examining Al acceptance. Al-enabled HR practices
such as recruitment automation, performance analytics, learning personalization, and attrition
prediction require acceptance not only by HR professionals but also by line managers and
employees affected by data-driven decisions.

Studies applying UTAUT in HR-related technology adoption demonstrate that performance
expectancy significantly influences acceptance when Al systems reduce time-to-hire, enhance
candidate quality, or support evidence-based workforce decisions. In contrast to administrative
HR technologies, Al systems employed in analytical and judgment-based HR practices
frequently encounter resistance due to concerns regarding fairness, accountability, and the
potential loss of human autonomy.
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Social influence plays a stronger role in HR Al adoption than in many other organizational
technologies. Leadership support, organizational communication, and alignment with HR
professional values significantly shape acceptance, particularly in collectivist and hierarchical
organizational cultures.

Facilitating conditions are critical in HR contexts due to the dependence of Al systems on
reliable employee data and HRIS integration. Research indicates that insufficient infrastructure
or weak data governance can hinder effective implementation even when users exhibit positive
intentions.

In developing economies like India, UTAUT offers a significant perspective for understanding
the contextual factors that affect Al adoption. Indian organizations frequently demonstrate
significant diversity within their workforce, different levels of digital advancement, and
pronounced hierarchical frameworks for decision-making. The characteristics enhance the
significance of social influence and enabling conditions in determining the acceptance of Al.
Research findings from India and similar settings indicate that support from management and
the organization significantly influence the intention to adopt Al-driven HR systems. The
presence of limited analytics skills, decentralized data systems, and resource constraints
highlights the significance of creating favourable circumstances for influencing actual usage.
Furthermore, advancements in regulations concerning employee data protection and the ethical
use of artificial intelligence create new contextual pressures that affect the processes of
acceptance and implementation. (Raza et al., 2021a; Tan, 2013; Venkatesh et al., n.d., 2003a;
Venkatesh & Davis, 2000a; Venkateswaran et al., 2019)

From an organizational effectiveness perspective, UTAUT explains the micro-level
mechanisms through which Al acceptance translates into use. When HR professionals and
managers perceive Al systems as performance-enhancing, supported by adequate
infrastructure, and socially legitimate, they are more likely to integrate these systems into
routine HR workflows. This integration can improve operational efficiency, decision
consistency, and strategic workforce planning.

Nevertheless, existing literature advises that a strong behavioural intention by itself does not
ensure favourable outcomes for organizations. Insufficient governance, excessive automation,
or a disconnect between Al results and the core values of the organization may weaken trust
and reduce employee engagement, ultimately leading to a decline in overall effectiveness.
Consequently, UTAUT provides insight into the reasons behind the utilization of Al systems,
whereas complementary frameworks, like TOE, clarify the extent to which the use of Al
contributes to sustainable organizational value. Despite its strengths, UTAUT has limitations
when applied to Al in HR practices. The model does not explicitly account for ethical
considerations, perceived fairness, or algorithmic transparency factors that are critical in HR
decision-making. Additionally, UTAUT assumes relative stability in technology features,
whereas Al systems evolve dynamically over time. Scholars therefore recommend extending
UTAUT by incorporating constructs such as trust in Al, perceived risk, and ethical concern, or
integrating it with organizational-level frameworks like TOE to capture both acceptance and
implementation dynamics.

For the present thesis, UTAUT provides a robust theoretical foundation for examining
individual-level acceptance and use of Al among HR professionals and managers. Constructs
such as performance expectancy, effort expectancy, social influence, and facilitating conditions
are particularly relevant for understanding Al adoption in HR practices. When integrated with
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TOE, UTAUT enables a multilevel analysis that links individual acceptance to organizational
readiness, environmental pressures, and ultimately organizational effectiveness.

2.6.4 Diffusion of Innovation (DOI) Theory

The Diffusion of Innovation (DOI) theory, proposed by Rogers 1962 as shown in figure 2-1,
explains how, why, and at what rate new ideas and technologies spread within a social system.
DOI conceptualizes diffusion as a process through which an innovation is communicated over
time among members of a social system. The theory identifies five key attributes of an
innovation—relative advantage, compatibility, complexity, trialability, and observability—
that significantly influence the rate and extent of adoption known as Perceived attributes of
Innovations. (Rogers, 1962)

In contrast to models that focus on individual acceptance, the Diffusion of Innovations
framework offers a process-oriented and social viewpoint regarding the adoption of
technology. This is especially significant for organizational innovations that demand collective
acceptance, behavioural change, and institutionalization. As a result, DOI has been extensively
utilized to examine the adoption and implementation of information technologies, enterprise
systems, and emerging digital innovations, such as artificial intelligence. (EVERETT M.
ROGERS, 2014)

Variables Determining the Dependent Variable
Rate of Adoption That Is Explained
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Figure 2-4 : Diffusion of Innovation by Everett M Rogers
Source: (EVERETT M. ROGERS, 2014, Rogers, 1962)
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The integration of Al into organizations is significantly influenced by the perceived
characteristics of Al technologies. The concept of relative advantage refers to the degree to
which Al is viewed as more effective than current HR practices, particularly in enhancing
recruitment efficiency, predictive accuracy, or consistency in decision-making. Research
findings consistently indicate that relative advantage serves as a key factor influencing the
adoption of Al in human resource management (Pillai & Sivathanu, 2020)

Compeatibility refers to the degree to which Al aligns with existing organizational values, HR
practices, workflows, and ethical norms. In HR contexts, compatibility is particularly critical
because Al systems may challenge long-established people-centric practices, professional
judgment, and fairness expectations. Research indicates that differences between Al tools and
organizational culture can significantly slow implementation, even when technological benefits
are evidently visible. Complexity, refers to the perceived challenges associated with
understanding and using innovation, serves as a significant obstacle in the diffusion of artificial
intelligence. Al systems are frequently perceived as transparent or “black-box” technologies,
which could decrease acceptance among HR professionals and employees. The perception of
high complexity may foster suspicion and resistance, especially in critical HR decision-making
situations. Trialability refers to the extent to which Al systems can be experimented with on a
limited basis before full-scale adoption. Organizations that experiment with Al tools in
recruitment or HR analytics tend to progress toward wider adoption, as the ability to trial these
tools diminishes uncertainty and perceived risk. Observability reflects the visibility of AI’s
benefits within and across organizations. The presence of success stories, comparative analysis
with competitors, and observable enhancements in performance serve to expedite the adoption
of Al by validating its application and reducing uncertainty.

The DOI theory highlights that the process of adoption develops in distinct stages, which
generally encompass knowledge, influence, decision, implementation, and confirmation. This
structured approach offers important perspectives on the development that organizations
experience as they transition from initial awareness to ongoing implementation of Al-enabled
HR practices. In the knowledge stage, organizations gain awareness of Al applications through
various channels such as vendors, industry forums, or peer organizations. The persuasion stage
encompasses the formation of attitudes, during which HR leaders evaluate the perceived
benefits, potential risks, and ethical considerations involved. The decision-making phase
finishes in either the adoption or rejection of a proposal, frequently initiated through pilot
projects. The implementation phase encompasses the incorporation of Al into human resources
systems and workflows, whereas the confirmation phase assesses whether the use of AI will be
sustained, broadened, or terminated based on the outcomes observed.

Empirical evidence suggests that many organizations stall between the decision and
implementation stages due to organizational readiness gaps, data limitations, or resistance from
HR professionals. DOI thus helps explain why Al diffusion in HR is often uneven and
incremental rather than rapid and uniform. DOI highlights the role of communication channels
and social systems in shaping adoption. In organizational settings, diffusion is influenced by
leadership communication, professional networks, HR communities of practice, and
institutional norms. Organizations that are early adopters, particularly those that are large,
resource-rich, or focused on technology, play a vital role in justifying the use of Al in human
resources by showcasing its feasibility and advantages.

In human resources applications, the process of diffusion is influenced by the professional
identity of individuals and the ethical considerations that accompany their roles. Human
resource professionals might exhibit reluctance towards innovations that could challenge their
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decision-making or jeopardize the trust established with employees. Consequently, the
integration of Al in human resources is influenced not solely by technological characteristics
but also by societal acceptance and alignment with established norms.

From an organizational effectiveness perspective, DOI suggests that the benefits of Al-enabled
HR practices are realized progressively as the innovation diffuses and becomes
institutionalized. Early stages may yield limited gains, while sustained diffusion and
routinization can lead to improvements in efficiency, decision quality, and strategic workforce
management.

In developing economies like India, DOI offers a valuable perspective for analyzing diverse
adoption patterns. There is significant variation among Indian organizations regarding their
digital maturity, human resources capabilities, and availability of skilled talent. Consequently,
the diffusion of Al is frequently directed by multinational corporations and major domestic
firms, whereas small and medium enterprises tend to adopt a more cautious approach. The
diffusion trajectories are further influenced by cultural factors, hierarchical decision-making
processes, and the presence of regulatory uncertainty. The influence of observability through
industry leaders and trialability via vendor-led pilots plays a significant role in the acceleration
of Al diffusion within HR practices in India. DOI complements TOE by clarifying the ways in
which external visibility and social learning impact adoption decisions.

Despite its strengths, DOI has limitations when applied to Al in HR practices. The theory does
not explicitly address power dynamics, ethical risks, or employee perceptions, which are
critical in HR contexts. Additionally, DOI focuses on adoption and diffusion but offers limited
insight into micro-level acceptance or post-adoption governance challenges.

Researchers therefore recommend integrating DOI with models such as TAM, UTAUT, or TOE
to capture individual acceptance, organizational readiness, and environmental pressures
alongside diffusion processes.

For the present thesis, DOI offers a valuable process-oriented lens to examine how Al-enabled
HR practices spread within organizations over time. By focusing on innovation attributes and
adoption stages, DOI helps explain variation in acceptance, implementation, and sustained use
of Al in HR. When combined with TOE and acceptance models, DOI strengthens the
theoretical foundation for analyzing how Al adoption translates into organizational
effectiveness.

2.7 Organizational Effectiveness

Organizational effectiveness has been a fundamental concept in the fields of management and
organizational studies, illustrating an organization's capacity to meet its goals while ensuring
internal stability and the ability to adapt to changes in the environment. Initial studies defined
effectiveness mainly through the perspective of achieving goals and enhancing productivity. In
contrast, modern research highlights that effectiveness is a complex and evolving concept,
especially within organizations that prioritize knowledge and human interaction. Researchers
suggest that the effectiveness of an organization cannot be fully understood through financial
or operational metrics alone, as these indicators do not encompass the human, social, and
adaptive aspects that are crucial for enduring sustainability. This viewpoint holds particular
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significance within the realm of human resource management, as employee attitudes,
motivation, autonomy, and commitment have a direct impact on organizational results.
(Mahoney & Weitzel, 1969; What Is Organizational Effectiveness? - SixSigma.Us, n.d.)

The literature identifies multiple theoretical approaches to understanding organizational
effectiveness. The goal attainment approach views effectiveness as the extent to which an
organization achieves predefined objectives. While useful, this approach has been criticized
for overlooking internal processes and employee well-being. The systems approach
conceptualizes organizations as open systems interacting with their environments, emphasizing
adaptability, resource acquisition, and internal integration. This approach highlights the
importance of coordination, communication, and flexibility—dimensions that become
increasingly critical with the introduction of advanced technologies such as artificial
intelligence (Al). The human relations approach emphasizes employee satisfaction, morale,
and motivation as key indicators of effectiveness. From this perspective, organizations that
foster autonomy, participation, and value congruence are more likely to achieve sustained
performance. This approach provides a strong theoretical foundation for examining
effectiveness outcomes of Al-enabled HR practices, as such technologies directly influence
employee experiences and perceptions of fairness and control. (Daft, 2016; Kim S. Cameron,
1986; Quinn & Rohrbaugh, 1983)

Within the Indian organizational and HRM literature, D. M. Pestonjee’s framework offers a
comprehensive and people-oriented conceptualization of organizational effectiveness. Dr.
Pestonjee conceptualizes effectiveness as a function of both organizational processes and
employee-related outcomes, emphasizing that long-term effectiveness emerges when
organizations balance productivity with human satisfaction and growth. Pestonjee’s framework
includes dimensions such as goal clarity, planning and foresight, communication quality,
autonomy, initiative, commitment, value congruence, and organizational pride. Unlike purely
economic models, this framework captures the psychological and social dimensions of
effectiveness, making it particularly suitable for studies examining technology-driven
transformation in HR practices. Considering the impact of Al adoption in HR on decision-
making, control mechanisms, and the dynamics between employees and organizations,
Pestonjee’s model serves as a valuable framework for evaluating whether the implementation
of Al contributes positively or negatively to organizational effectiveness. (Pareek & Rao, 2015;
Pestonjee, 1988a)

Existing research consistently shows that HR practices are crucial in influencing organizational
effectiveness. Research on strategic human resource management indicates that effective HR
practices improve employee capabilities, motivation, and opportunities for performance, which
in turn supports organizational performance and adaptability. Human resource systems that
foster autonomy, encourage participation, and facilitate skill development are linked to
increased employee engagement, commitment, and discretionary effort. On the other hand, HR
practices that are viewed as controlling, unclear, or unjust can diminish morale and undermine
the sense of belonging within the organization. (Becker, 1998; management & 1997, 1997)The
effectiveness of HR practices is influenced not only by their technical efficiency but also by
the way employees perceive and experience them. This understanding is essential when
analyzing Al-enabled HR practices, as Al systems can enhance efficiency while also raising
concerns about surveillance, bias, or the erosion of human judgment. Recent literature on Al
in HRM suggests that Al-enabled HR practices have the potential to enhance organizational
effectiveness by improving process efficiency, decision accuracy, and strategic workforce
planning. Al-driven recruitment tools, for example, can reduce time-to-hire and enhance
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candidate matching, while predictive analytics can support proactive talent management and
retention strategies. Nonetheless, empirical research suggests the adoption of Al does not
naturally result in enhanced effectiveness. The achievement of effective outcomes is dependent
upon the acceptance, implementation, and governance of Al within organizations. Poorly
executed Al systems may reduce trust, diminish perceived autonomy, and adversely impact
employee morale, ultimately compromising organizational effectiveness even in the face of
efficiency improvements. Researchers suggests that Al improves effectiveness by supporting
human judgment instead of replacing it. This viewpoint is consistent with theories of human
relations and systems effectiveness, highlighting the significance of employee acceptance and
the ethical execution of practices. (W. DeLone et al., 2003; W. H. DeLone & McLean, 1992;
Raisch & Krakowski, 2021b) Constructs such as autonomy, initiative, commitment, and value
congruence core dimensions in Pestonjee’s framework are strongly associated with sustained
organizational performance. Al-enabled HR practices influence these dimensions in complex
ways. On one hand, automation of routine tasks may increase autonomy and allow employees
to focus on higher-value activities. On the other hand, algorithmic decision-making may reduce
perceived control and increase feelings of surveillance. The net effect on organizational
effectiveness therefore depends on employees’ perceptions of fairness, transparency, and
alignment with organizational values. (Pestonjee, 1988a)

Organizational effectiveness is commonly understood as an organization’s ability to achieve
desired outcomes such as productivity, adaptability, employee satisfaction, and sustained
performance. The literature suggests that Al-enabled HR practices can enhance organizational
effectiveness by improving talent acquisition accuracy, optimizing workforce deployment, and
supporting proactive decision-making. (Samuel Fosso Wamba et al., 2021)

From a resource-based perspective, the integration of Al capabilities within HR systems can
function as strategic assets when they are aligned with human expertise and established
organizational practices. (Barney, 1991). Nonetheless, research indicates that the
implementation of Al does not naturally lead to enhanced effectiveness. In organizations within
India, the effectiveness of outcomes frequently depends on the alignment of Al initiatives with
the prevailing organizational culture and the intentions of leadership. (Raisch & Krakowski,
2021a) This underscores the importance of investigating the mediating and moderating factors
that influence the relationship between Al and effectiveness.

Research indicates that organizations that engage employees in Al-related change initiatives
and offer transparent communication and training tend to experience more favourable
effectiveness outcomes. The literature on technology adoption emphasizes that the
effectiveness of organizations during periods of technological change relies on the harmonious
alignment of technology, organizational structure, and personnel. Change initiatives that focus
solely on technical deployment while neglecting human and cultural aspects frequently lead to
superficial adoption and minimal performance improvements. Within the framework of Al
integration in human resources, organizational effectiveness is most accurately perceived as a
long-term result that arises following the phases of acceptance and implementation. The
effectiveness of initiatives is enhanced by ongoing learning, flexible governance, and the
alignment of Al projects with the overarching objectives of the organization. The literature
reviewed indicates that organizational effectiveness is a complex construct influenced by
human resource practices, employee experiences, and the adaptability of the organization. The
potential of Al-enabled HR practices to improve effectiveness is substantial; however, their
impact is influenced by factors such as acceptance, ethical governance, and the quality of
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implementation. (Hermawan & Suharnomo, 2020; Information & Information, 2014a; Kukafka
et al., 2003a; Mahoney & Weitzel, 1969)

By adopting the D. M. Pestonjee framework, the present study contributes to the literature by
offering a people-centric assessment of organizational effectiveness in the context of Al
adoption in HR practices. This approach responds directly to identified gaps and provides a
robust theoretical foundation for examining the relationship between AI acceptance,
implementation, and organizational effectiveness.

2.8 Artificial Intelligence in HR Practices and Organizational
Effectiveness

The literature on artificial intelligence (Al) in human resource (HR) practices and the literature
on organizational effectiveness have largely evolved as parallel yet interdependent research
streams. While AI-HR research focuses on technological adoption, efficiency, and decision
enhancement, organizational effectiveness literature emphasizes goal attainment, employee
commitment, adaptability, and long-term sustainability. A comparative examination of these
two bodies of literature reveals both convergence and tension, particularly in relation to human
outcomes, governance, and sustained performance.

The literature on Al in HR practices predominantly conceptualizes Al as a strategic enabler that
enhances efficiency, accuracy, and scalability of HR functions. Empirical studies consistently
report that Al improves recruitment speed, candidate matching, workforce analytics, and
administrative efficiency. (Pillai & Sivathanu, 2020; Prikshat et al., 2021a; Sivathanu & Pillai,
2018) Al-based tools such as résumé screening algorithms, chatbots, and predictive analytics
are shown to reduce time-to-hire and support data-driven decision-making. Recent studies
indicate that the adoption of Al in HR goes beyond just technical efficiency, including
significant organizational and human implications. Researchers have observed increasing
concerns regarding algorithmic bias, transparency, data privacy, and the diminishing role of
human judgment in human resources decisions. (Johnk et al., 2021a; Raghavan et al., 2020)
Consequently, acceptance, trust, and ethical governance have surfaced as essential moderators
within the AI-HR literature.

Organizational effectiveness literature adopts a multidimensional perspective, emphasizing not
only performance outcomes but also internal health and adaptability. Researchers argue that
effectiveness encompasses goal achievement, coordination, employee satisfaction, autonomy,
commitment, and alignment between individual and organizational values. (Daft, 2016;
Pestonjee, 1988a) Human-centric models, particularly Pestonjee’s framework, stress that long-
term effectiveness depends on employee initiative, morale, and value congruence rather than
short-term efficiency alone. This stream of literature consistently demonstrates that
organizational effectiveness is shaped by HR practices that foster trust, participation, and
discretionary effort. Empirical evidence suggests that Al-enabled HR practices contribute to
effectiveness by streamlining operations and enabling faster decision cycles. (Meet Bhatt & Dr.
Priyanka Shah, 2025a; Samuel Fosso Wamba et al., 2021) However, effectiveness literature
suggests that efficiency gains must translate into meaningful organizational outcomes rather
than isolated process improvements.
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The application of Al in human resources is often regarded as a means to improve the quality
of decision-making by utilizing predictive analytics and insights derived from data. The
literature on organizational effectiveness underscores the significance of making informed
decisions and ensuring strategic alignment. Comparative studies indicate that the effectiveness
of organizations can be enhanced through the alignment of HR decisions with strategic
objectives, particularly when there is human oversight involved. (Raisch & Krakowski, 2021a)
In the absence of alignment, decisions made by Al could weaken trust and diminish
effectiveness, even when they are technically accurate.

The literature on Al in human resources increasingly links the adoption of Al to enhanced
organizational flexibility and adaptability, especially in dynamic labour markets. Research on
organizational effectiveness also recognizes adaptability as a fundamental measure of success
in changing environments. The convergence is found in the understanding that workforce
analytics powered by Al improve adaptability through proactive talent planning and scenario
analysis. (Prikshat et al., 2021a) The effectiveness of outcomes is dependent upon the extent
to which organizations incorporate Al insights into their adaptive HR policies. A significant
difference can be observed in how employee experience is addressed. Although the literature
on organizational effectiveness highlights the importance of employee morale, autonomy, and
commitment as crucial for achieving effectiveness, early studies on Al in human resources
frequently overlooked these aspects, prioritizing efficiency metrics instead. Recent research
has started to address this issue by exploring the impact of Al on employee trust, perceived
fairness, and psychological safety. (Brougham & Haar, 2018; Jarrahi, 2018; Meet Bhatt & Dr.
Priyanka Shah, 2024a) Comparative analysis reveals that the effectiveness of Al is
significantly heightened when it bolsters employee well-being, rather than detracts from it.

Theories of organizational effectiveness highlight the importance of autonomy and initiative as
key factors influencing commitment and performance. On the other hand, the literature on Al
in human resources frequently shows Al as a tool for control that standardizes and oversees
HR decision-making processes. This tension is apparent in research indicating that excessive
algorithmic control may reduce perceived autonomy and heighten resistance, which in turn
adversely impacts effectiveness outcomes. (Raghavan et al., 2020) Consequently, the two bodies
of literature differ in their underlying assumptions regarding control and privacy. Research in
the intersection of Al and human resources frequently assesses success by examining
immediate performance metrics, including efficiency, precision, and financial savings. The
literature on organizational effectiveness highlights the importance of long-term sustainability,
alignment of values, and fostering a sense of pride within the organization. Comparative
evidence indicates that Al-driven HR practices achieve sustainable effectiveness primarily
when integrated within ethical governance frameworks and bolstered by ongoing learning. (Del
Barone et al., 2025) Immediate benefits lacking human integration could undermine long-term
efficacy. Recent integrative studies support a perspective of complementarity between humans
and Al, suggesting that Al improves organizational effectiveness by augmenting human
capabilities instead of replacing human judgment. (Bhatt & Shah, 2023; Raisch & Krakowski,
2021a) This viewpoint connects AI-HR practices with human relations and systems
methodologies to enhance effectiveness.

Frameworks such as TOE, TAM, and UTAUT further suggest that acceptance and
implementation mediate the relationship between Al adoption and effectiveness outcomes.
Organizational effectiveness, therefore, emerges as a consequential outcome, not a direct result,
of Al adoption in HR practices. The comparative literature demonstrates that while Al in HR
practices holds significant potential to enhance organizational effectiveness, this potential is
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realized only under specific conditions. Effectiveness outcomes depend on acceptance, ethical
implementation, leadership support, and alignment with human values. By integrating AI-HR
literature with organizational effectiveness theory, particularly the Pestonjee framework, the
present study addresses a critical gap and offers a holistic, people-centric understanding of how
Al-enabled HR practices influence organizational effectiveness.

Literature Review Conclusion

Recent global study has expanded the understanding of Al in HR beyond acceptance and
behavioural intention to implementation and organisational value creation. Al-enabled HR
practices are increasingly seen as socio-technical systems, where outcomes depend on
employee perceptions, leadership support and organisational readiness as well as technological
capabilities (Jarrahi et al., 2023; Rai et al., 2024; Tarafdar et al., 2023; Stahl et al., 2024). In
the context of HR, studies focus on the need for Al-powered functions such as recruitment,
performance analytics, and people analytics to be accepted by employees and performed
effectively to generate value (Budhwar et al., 2023; Minbaeva, 2023).

Further emerging evidence suggests that acceptance alone is not sufficient and implementation
— through integration and routinisation of Al in HR processes — is the key driver of
organisational effectiveness (Wamba et al., 2023; Mikalef et al., 2024; Venkatesh et al., 2023;
Dwivedi et al., 2023). Meanwhile, models such as TOE and DOI stress the importance of
contextual readiness and post-adoption assimilation, particularly in accounting for industry-
specific differences in Al results (Baker, 2024; Oliveira & Martins, 2023; Chowdhury et al.,
2023; Zhu et al., 2023).

Despite these advancements, there is a lack of research on the acceptance and implementation
of Al in HR practices and the combined effect of these in organisational effectiveness across
industries, especially in emerging economies. To fill this gap, the present study extends the
recent global literature by developing a process-oriented framework connecting perception,
behavioural intention, acceptance, implementation, and organisational effectiveness. It is
argued that implementation, not acceptance, is the crucial route to achieving Al-driven HR
outcomes.

2.9 Research Gap

The rapid diffusion of artificial intelligence (Al) across organizational functions has generated
a substantial body of literature examining its adoption and use. Within the domain of human
resource (HR) practices, existing studies have predominantly focused on identifying adoption
determinants, such as perceived usefulness, perceived ease of use, technological readiness, and
organizational support. While this stream of research has contributed valuable insights into
why organizations and individuals consider adopting Al-enabled HR systems, several critical
conceptual, empirical, and contextual gaps remain unresolved.

A notable limitation in the current body of research is the focus on initial adoption or intention
to utilize Al, with relatively fewer investigations examining how Al becomes integrated into
standard HR practices and becomes established over time. Recent reviews indicate that
although the factors influencing adoption are thoroughly documented, the shift from
acceptance to sustained implementation—and its connection to organizational effectiveness
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has not been sufficiently examined. (Basu et al., 2025; Venugopal et al., 2024; Venumuddala
& Kamath, 2020)

Many studies look at adoption of artificial intelligence as a single occurrence, failing to
recognize it as a process that involves the evolution of organizational routines, governance
structures, and employee practices as Al systems develop over time. As a result, the ways in
which Al-enabled HR practices foster long-term organizational effectiveness remain studied
and lack empirical investigation.

A significant gap exists in the fragmented strategy for acceptance, implementation, and
organizational outcomes. Models of acceptance, including the Technology Acceptance Model
(TAM) and the Unified Theory of Acceptance and Use of Technology (UTAUT), are
commonly utilized in order to clarify behavioral intentions and usage patterns. In contrast,
frameworks at the organizational level, such as the Technology—Organization—Environment
(TOE) model, concentrate on the conditions necessary for adoption. Nevertheless, current
studies infrequently combine these viewpoints into an integrated explanatory framework that
encompasses: Employee’s willingness to accept Al in HR practices, perceived ease of use and
usefulness as components of technology readiness, organizational and environmental readiness
for implementation, and the resultant impact on organizational effectiveness.

Although TAM, UTAUT, and TOE have been widely utilized in distinct ways, there is a
notable lack of comprehensive empirical research that integrates all three frameworks to
investigate perceived acceptance and implementation of Al in HR practices at the same time,
especially from the viewpoint of employees across various industries. This conceptual division
restricts a comprehensive understanding of the organizational implications of Al.

Although organizational effectiveness frequently appears as a result of digital transformation,
numerous studies on Al and HR tend to define effectiveness in a limited manner, focusing
primarily on indicators such as productivity, efficiency, or cost reduction. Conversely, the
literature on organizational effectiveness highlights that effectiveness—particularly within HR
contexts—should encompass employee experience, trust, legitimacy, autonomy, and
procedural justice. (Kellogg et al., 2020; Pestonjee, 1988a)

Recent studies indicate that the productivity benefits generated by Al can be enhanced or
reduced based on employees' views regarding fairness, transparency, and ethical governance.
(W. DeLone et al., 2003; Kellogg et al., 2020) Nonetheless, there is a scarcity of empirical
research that directly connects the acceptance and implementation of Al in HR practices to
comprehensive, people-focused indicators of organizational effectiveness, resulting in a
notable conceptual gap.

Recent HR—AI literature increasingly recognizes fairness, bias mitigation, transparency, and
accountability as capabilities that condition acceptance and implementations, rather than as
secondary ethical concerns. (M.M. Abdullah Al Mamun Sony a b, 2025; Raghavan et al.,
2020; Sony, Nupur, et al., 2025); Raghavan et al., 2020). Despite this recognition, the
governance capabilities within HR settings remains developing and inconsistent.

Most studies discuss ethical risks at a conceptual level, without empirically examining how
governance-related perceptions influence employee acceptance, perceived implementation
quality, and organizational effectiveness. This gap is particularly salient in HR practices, where
algorithmic decisions directly affect careers, pay, and job security.
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Existing research on Al in HR often provides a broad overview across organizations, with
limited differentiation across industries. However, HR functions, regulatory environments, and
workforce characteristics vary significantly across sectors. The lack of industry-specific
analysis constrains understanding of how Al-enabled HR practices should be tailored to
different organizational contexts.

Furthermore, much of the available empirical evidence is concentrated in technology-intensive
industries and large-scale organizations, while sectors such as manufacturing, services, public
sector organizations, and micro, small, and medium enterprises (MSMEs) remain unexplored.

Although there are significant evidence at the industry level suggesting a swift integration of
Al within Indian organizations, there is a notable shortage of peer-reviewed empirical research
focused on organizational dynamics in the Indian HR landscape. The existing body of research
predominantly focuses on metropolitan technology hubs and large multinational corporations
or Global Capability Centres (GCCs), while there is a noticeable lack of representation from
public sector organizations, micro, small, and medium enterprises (MSMEs), and non-IT
industries. (Deloitte’s Global Human Capital Trends Workday Differentiators, 2024; Nasscom
Technology & Leadership Forum 2024, 2024)

Moreover, there exists a notable lack of quantitative research at the employee level that
examines the acceptance and implementation of Al in human resource practices within
organizations in India. The current findings are limited by this contextual gap, emphasizing the
need for research that is both empirically based on circumstances. A significant portion of Al
research continues to be founded in the technical realm, emphasizing algorithm development,
system architecture, and computational efficiency. There has been relatively limited focus on
the acceptance by individuals, their behavioural responses, and the implementation of Al in
organizational HR practices. This imbalance highlights the need for management-focused
research that shifts attention from “how Al is built” to “how Al is accepted, implemented, and
experienced” by employees and HR professionals.

In summary, the literature reveals a multi-layered research gap encompassing conceptual
fragmentation, limited process-oriented analysis, underdeveloped eftectiveness measurement,
and contextual insufficiencies—particularly within the Indian organizational landscape. An
integrated, empirical investigation is essential that combines TAM, UTAUT, and TOE to
comprehensively examine Al acceptance and implementation. Examines the journey from
acceptance to perceived implementation, assesses organizational effectiveness through human-
centred, multidimensional frameworks, and offers industry- and context-specific evidence
from organizations in India.

By addressing these gaps, we can enhance our theoretical understanding of Al in HR practices
while providing practical insights for organizations aiming to adopt Al in a responsible and
effective manner. This approach will ultimately improve both organizational performance and
the employee experience.
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Table 2-1: The conceptual gaps identified through a

organizational effectiveness.

comparative review of literature

on Artificial Intelligence (Al) in HR practices and

Thematic Area Key |Insights from Existing Limitations/ Gaps Identified How the Present Study Addresses the Gap
Literature
Focus of AIin HR | The study of Al primarily The focus is placed on technical This study explores the role of Al in human
Practices focuses on its role in enhancing and operational results, while resources, moving beyond just efficiency by
efficiency, accuracy, speed, and there is a lack of consideration connecting its acceptance and implementation with
scalability within HR functions. for wider organizational and multiple dimensions of organizational effectiveness.
(Pillai & Sivathanu, 2020; human effects.
Prikshat et al., 2021a)
Conceptualization | Organizational effectiveness is Studies on Al in human resources The study uses the D. M. Pestonjee’s framework to
of Organizational | widely recognized as rarely embrace comprehensive or integrate human-centric and long-term effectiveness
Effectiveness multidimensional variable which human-centred frameworks for outcomes for Al-enabled HR practices.
includes goal achievement, -effectiveness; instead,
adaptability, employee morale, effectiveness is  frequently
autonomy, and commitment assessed in a restricted manner
(Pestonjee, 1988a) through specific performance
indicators.
Link between AI | Research indicates that the The absence of a direct empirical The research develops a structured model linking
Adoption and | adoption of Al has the potential connection between the readiness — acceptance — implementation —
Effectiveness to improve  organizational acceptance and implementation organizational effectiveness.

performance and agility. (Samuel
Fosso Wamba et al., 2021)

of Al and organizational
effectiveness is ambiguous as
there is no theoretical evidence to
prove the same.
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Role of
Acceptance in Al
Outcomes
Implementation
versus Acceptance
Perception Vs
Behavioural
Intention

Acceptance models
(TAM/UTAUT) explain
intention and use of Al

technologies at the individual
level.

Technology adoption research,
particularly TAM and UTAUT,
emphasizes perceived
usefulness, ease of use, effort
expectancy, and performance
expectancy as drivers  of
behavioural  intention  and
acceptance.  Similarly, DOI
theory highlights stages of
innovation adoption but does not
sufficiently capture post-
adoption depth in organizational
contexts such as HR.

TAM and UTAUT distinguish
between  Perception  (e.g.,
perceived usefulness, ease of
use, effort expectancy, social
influence) and  behavioural
intention as predictors of
technology adoption. The TOE
framework further emphasizes
that acceptance is influenced by

Acceptance is often studied
independently without
implementation & organizational

outcomes

Existing studies largely remain
confined to acceptance or
behavioural intention, often
assuming that these lead directly
to effective usage. There is
limited examination of post-
adoption behaviour, particularly
the extent of implementation,

process integration, and
routinization of Al in HR
practices.

Prior studies fail to differentiate
between perceptions and
behavioural intention, leading to
conceptual overlap. Additionally,
the integration of contextual
(TOE) factors with individual-
level  perceptions remains
underdeveloped, particularly in
AI-HR research.

Perceived Al acceptance is shows that employees
accept the change before implementing the
technology and then the  organizational
effectiveness will follow.

The present study extends TAM and UTAUT
beyond incorporating Al Implementation as a
distinct post-adoption construct, informed by DOI
theory’s emphasis on innovation integration.
Perceived Al Acceptance is conceptualized as an
attitudinal that is shaped by perceived usefulness,
ease of use, and social influence, whereas Perceived
Al Implementation captures the behavioural aspect
of Al through actual system usage, integration into
HR functions, and routinization over time. By
positioning implementation as a mediating
mechanism, the study explains how acceptance is
translated into organizational effectiveness, thereby
bridging the gap between intention and realized
outcomes.

The present study integrates TOE with TAM and
UTAUT to provide a multi-level explanation of Al
adoption. Perception is conceptualized as a
cognitive evaluation shaped by: Technological
factors (perceived usefulness, ease of use) — TAM,

Organizational factors (management support,
facilitating  conditions) — TOE/UTAUT &
Environmental  factors (social influence,

competitive pressure) — TOE/UTAUT. Behavioural
Intention is defined as a construct reflecting
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Ethics, Trust, and
Risk
Considerations

Temporal
Perspective

Contextual Focus
(Emerging
Economies)

Theoretical
Integration

technological,  organizational,
and environmental contexts.

Recent research highlights the
ethical concerns, biases, and
privacy risks associated with Al-
enabled practices in human
resources.

Organizational effectiveness is
understood as a long-term
outcome.

Most empirical AI-HR studies
are conducted in developed
countries or large multinational
firms.

Studies typically rely on any of
the single framework — TAM or
UTAUT or TOE, or DOI).

Discussions surrounding ethical
concerns frequently take place in
a conceptual framework, rather
than being empirically connected
to outcomes of effectiveness.

AI-HR studies are largely cross-
sectional and short-term in
orientation.

There is very limited evidence
available from emerging
economy and Indian
organizational contexts.

Fragmented theoretical
explanations fail to capture
multi-level dynamics.

willingness or attitude towards the use Al. The study
further distinguishes Perceived Al Acceptance as a
construct the employees’ readiness to use Al and
Perceived Al Implementation as the construct of
actual system usage, thereby establishing a
sequential  progression: Al  Perception
Behavioural Intention — Perceived Al Acceptance
— Perceived Al Implementation — Organizational
Effectiveness. This integrated approach enhances
conceptual clarity and captures both individual
cognition and contextual influences in explaining
Al-enabled HR outcomes.

—

Integrates acceptance and risk perceptions to
evaluate their indirect influence on organizational
effectiveness.

Conceptually positions organizational effectiveness
as a post-implementation outcome rather than an
immediate result of adoption.

Examines Al in HR practices within an Indian
organizational setting using contextually relevant
effectiveness measures.

This study integrates DOI, TAM, UTAUT, and TOE
to provide a comprehensive, multi-stage
explanation of Al-driven effectiveness.
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Table 2-2 Gap-Conceptual Framework Variables Analysis

Research Gap Identified Explanation of the Gap Conceptual Framework Variables How the Present Study Fills the Gap
Addressing the Gap
Gap 1: Lack of | Existing studies focus on Perceived Al Implementation, Explicitly models Perceived Al

understanding of how Al
becomes embedded into HR
routines over time

Gap 2: Fragmented
treatment of acceptance,
implementation, and

organizational outcomes

Gap 3: Limited focus on
employee willingness to
accept Al in HR practices

Gap 4: Narrow
conceptualization of
organizational effectiveness

adoption intention, but rarely
examine routine and sustained
implementation of Al in HR
practices.

TAM, UTAUT, and TOE are
used independently; few studies
integrate acceptance and
implementation to  explain
organizational effectiveness.

Employee perceptions, trust, and
willingness are underexplored,
especially in HR contexts.

Most AI-HR studies measure
effectiveness through efficiency
or productivity, ignoring human
outcomes.

Organizational readiness for Al,
Strategic alignment, Training &
technical support, Governance &
evaluation mechanisms

Behavioural Intention, Perceived
Al Acceptance, Perceived Al
Implementation & Organizational
Effectiveness

Technology Readiness, Perceived
usefulness (relative advantage),
Perceived ease of use (complexity),
Self-efficacy & Attitude toward
change

Organizational Effectiveness
(Pestonjee Framework)

Implementation as a distinct construct
beyond acceptance, capturing
routinization, alignment, and
sustainability of Al in HR practices.

Integrates TAM + UTAUT + TOE into
a single causal pathway linking
intention acceptance —
implementation — effectiveness.

—

Examines employee-level acceptance
drivers rather than only managerial or
organizational perspectives.

people-
measure,
and

Uses a multidimensional,
centric effectiveness

capturing both performance
employee experience outcomes.
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Gap 5: Underdeveloped
empirical operationalization
of fairness, trust, and
legitimacy

Gap 6: Limited industry-
specific and sectoral
insights

Gap 7: Scarcity of Indian,
employee-level quantitative
studies

Gap 8: Overemphasis on AI
development rather than HR
implementation

Ethics and governance are
discussed conceptually but rarely
linked to acceptance or
effectiveness empirically.

Most studies provide generalized
findings without sectoral
differentiation.

Existing Indian studies are
limited, location-specific, and
largely qualitative or conceptual.

Al research is dominated by

technical design rather than
organizational usage and
outcomes.

Perceived Al
Compatibility,
(privacy, security, trust)

Technology
Organizational
Environment Readiness

Entire Framework (all wvariables

measured quantitatively)

Perceived Al

Organizational Effectiveness

Acceptance,
Uncertainty/Risk

Readiness,
Readiness,

Acceptance,
Perceived Al Implementation, &

Operationalizes  trust, risk, and
compatibility as measurable
acceptance dimensions influencing

implementation and effectiveness.

Data  collected across selected
industries, allowing comparative
understanding of how Al acceptance
and implementation vary by sector.

Provides large-sample, employee-
level quantitative evidence from
Indian organizations including and
beyond major [T hubs.

Shifts focus from Al as a technology to
Al as an organizational and HR system
shaping work and effectiveness.
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2.10Conceptual Framework

mlim Tcchnology Readiness

= Technology Characteristics

= Perceived Value (Usefulness)
o Relative Advantage
e Positive Attitude towards Change
o Creativity

o Self-Efficacy Perceived Al
Acceptance

Perceived User-friendliness (Ease of
use)

o Complexity
e Resistance to change

Organizational
Effectiveness

Artificial s Organization Readiness Behavioural

Intention

Intelligence

= Top Management Support
= Social Characteristics

= Performance Expectancy
= Effort Expectancy Perceived AI

Implementation

= Environment Readiness

= Social Influence (Competitive
Pressure)/Social Characteristics

= External Support (Support from
service Provider)

= Facilitating Conditions

— —

Figure 2-5 Conceptual Framework showing relationship between Artificial Intelligence in HR Practices and Organizational Effectiveness
(Developed by researcher using TOE, TAM & UTAUT Model and few variables added by researcher)



Table 2-3 Synthesis of Theoretical Frameworks Supporting the Study

Framework Component (as DOI (Diffusion of TAM  (Technology UTAUT (Unified Theory TOE (Technology—
per model) Innovation) Acceptance Model)  of Acceptance and Use Organization—Environment)
of Technology)

Technology Readiness | Relative advantage, Core focus via Performance expectancy Addressed as technological
(Technology characteristics, | complexity, and perceived usefulness and effort expectancy context including technology
perceived usefulness, | compatibility are core and perceived ease of explain perceived characteristics and readiness
relative advantage, ease of @ innovation attributes use (Davis, 1989) technological value (Tornatzky &  Fleischer,
use, complexity, resistance to | influencing adoption (Venkatesh et al., 2003)  1990; Baker, 2012)

change) (Rogers, 2003; Pillai &

Organization Readiness
(Top management support,
social characteristics,
performance  expectancy,
effort expectancy)

Environment Readiness
(Competitive pressure,

vendor support, facilitating
conditions)

Sivathanu, 2020)

Organizational norms and
leadership influence
diffusion indirectly (Rogers,
2003)

Observability and peer
adoption  within  social
systems accelerate diffusion
(Rogers, 2003)

Not addressed

Not addressed

Explicitly captured
through social influence
and facilitating

conditions (Venkatesh et
al., 2003; Venkatesh et
al., 2012)

Facilitating  conditions
partially capture
environmental  support

(Venkatesh et al., 2003)

Central focus via
organizational readiness,
leadership support, skills, and
governance (Pillai &
Sivathanu, 2020; Barone et
al., 2025)

Core component including
competitive pressure,
regulation, and  vendor
ecosystem (Tornatzky &
Fleischer, 1990; Shakeel &
Siddiqui, 2021)
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Behavioural Intention

Perceived AI Acceptance

Perceived
Implementation

Organizational
Effectiveness

Overall Contribution
Present Study

Al

to

Attitude formation during
persuasion stage precedes
adoption decisions (Rogers,
2003)

Acceptance develops
gradually through social
validation and diffusion

(Rogers, 2003)

Explains transition from
adoption  to  diffusion,
limited on routinization

(Rogers, 2003)

Indirect outcomes emerge
post-diffusion (Rogers,
2003)

Explains how Al diffuses
across HR functions

Primary  dependent
variable influenced
by PU and PEOU
(Davis, 1989)

Strong  explanatory
power for individual
acceptance of Al
systems (Pillai &
Sivathanu, 2020)

Weak  explanatory
power

Not addressed
Explains why HR

professionals accept
Al

Primary outcome
influenced by PE, EE,
and SI (Venkatesh et al.,
2003)

Strong explanatory
power in organizational
settings with managerial
influence (Shakeel &
Siddiqui, 2021)

Moderate through
facilitating ~ conditions
and use  behaviour

(Venkatesh et al., 2003)

Indirect via use
behaviour and
performance expectancy

(Venkatesh et al., 2003)

Explains usage
behaviour under
organizational influence

Not directly modelled

Indirectly addressed through
organizational alignment

Strong explanatory power for
implementation, integration,
and sustained use (Tornatzky
& Fleischer, 1990; Barone et
al., 2025)

Directly addresses
performance, effectiveness,
and sustainability (Wamba et
al., 2021; Barone et al., 2025)

Explains implementation and
organizational effectiveness
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2.11Theoretical Foundation for framework of Constructs Based on
DOI, TAM, UTAUT, and TOE

2.11.1 Artificial Intelligence (Al) in HR Practices (Independent Variable)

The use of Artificial Intelligence in human resource practices involves the implementation of
algorithmic, data-driven, and automated systems capable of learning, reasoning, and decision
support designed to improve various HR functions, including recruitment, selection,
performance management, learning and development, and workforce analytics. Unlike
traditional HR information systems, Al systems are adaptive, data-intensive, and capable of
autonomous or semi-autonomous decision-making. The implications of HR decisions on
fairness, career paths, and trust render the integration of Al within HR more complicated and
ethically challenging compared to other organizational functions. (Amankwah-Amoah et al.,
2021a) From a theoretical Studies found, the integration of Al in human resources signifies
organizational development that transforms decision-making power, information management,
and the relationship of human-technology engagement. The implementation of Al in human
resources has gained popularity because of its self-governing and flexible characteristics,
which requires not only a foundation of technical readiness but also a willingness to embrace
change, coherence within the organization, and recognition within the broader context. (Basu
et al., 2025; Johnk et al., 2021a; Nguyen & Le, 2022a; Prikshat et al., 2021a; Raisch &
Krakowski, 2021a)

In contrast to traditional information systems, Al systems demonstrate a level of autonomy,
adaptability, and predictive ability that enhances their strategic importance while additionally
increasing the associated risks. Thus, understanding that adoption of Al in human resources is
necessary for exploration of not only technological characteristics but also cognitive processes,
organizational readiness, and external factors. (Gangwar et al., 2015a; Johnk et al., 2021a;
Kukafka et al., 2003b; Prikshat et al., 2021a) The adoption of Al in human resources has a
profound impact on individuals, their careers, and the values of fairness within organizations.
Therefore, its successful acceptance and implementation require not just technical readiness,
but also a harmonious alignment of intellectual, organizational, and environmental factors.,
organizational, and environmental factors.

Theoretically the variable is taken from Diffusion of Innovation (DOI) theory and Technology-
Organization-Environment (TOE) Model where Al represents technology adopted. DOI
represents Al as a complex organizational innovation and in TOE it is Al represented as a
technology requiring multi-level readiness.

2.11.2Technology Readiness (Technological Context)

The concept of technology readiness reflects the extent to which an organization considers Al
technologies as useful, practical, and harmonious with its current HR processes. This construct
is supported by the DOI and TAM frameworks, that includes elements such as perceived
relative advantage, perceived usefulness, ease of use, and complexity. The DOI framework
suggests that innovations characterized by a greater relative advantage and reduced complexity
tend to spread more quickly, whereas the TAM model highlights that an individual's acceptance
is influenced by their perception of usefulness and ease of use.

74



The proposed framework suggests that technology readiness refers to the beliefs of HR
professionals about Al's potential to enhance the efficiency, accuracy, and scalability of HR
practices. despite this, a high perception of complexity, insufficient transparency, or reluctance
to embrace change could reduce readiness and lower the intention to work with Al (Al-Suqri
et al., n.d.; Diffusion of Innovations, 2014; EVERETT M. ROGERS, 2014; Everett Roge, 1995;
Pillai & Sivathanu, 2020; Sivathanu & Pillai, 2018)

2.11.2.1 Technology Characteristics

The technology characteristics represents the functional attributes of Al systems that influence
decisions regarding their adoption. Previous studies shows that organizations are more willing
to implement AI when it provides reliable, scalable, and task-compatible HR services.
(Gangwar et al., 2015a; Gutierrez et al., 2017a; Pan et al., 2021a) In human resources contexts,
the capacity of Al to provide widespread services, such as chatbots and automated screening,
along with its potential to enhance HR workflows and adapt features to meet organizational
requirements, significantly boosts its perceived compatibility. Al systems are viewed as
prevalent and reliable when they deliver uninterrupted HR services regardless of time, location,
or the presence of human personnel. This widespread presence reduces the need for human
intervention and improves the consistency of services. The dependability of Al-driven HR
outputs plays a crucial role in fostering trust, especially in areas that involve sensitive data, like
recruitment screening and workforce analytics. (Davenport, 2018)

The alignment with current HR functions and systems is of the highest priority. The DOI theory
suggests that innovations that align with established values and workflows are likely to spread
more rapidly. (EVERETT M. ROGERS, 2014) When Al applications are in balance with HR
functional requirements—such as recruitment analytics or workforce planning—the perceived
risk associated with implementation reduces. (Nguyen & Le, 2022a; Prikshat et al., 2021a)
From a DOI perspective, these characteristics together influence relative advantage,
compatibility, and complexity, which in turn decide the pace and scope of diffusion. (Chatterjee
et al., 2021a, 2022; Gangwar et al., 2015a; Gutierrez et al., 2017a; Jatoba et al., 2019)

2.11.2.2 Perceived Usefulness

Based on the Technology Acceptance Model, perceived usefulness refers to the extent to which
HR professionals perceive that Al improves HR performance, decision-making accuracy, and
overall efficiency. Research findings consistently highlight perceived usefulness as the most
significant factor influencing the acceptance of Al in human resource management. (Pillai &
Sivathanu, 2020) The perceived value reflects how Al is considered in terms of delivering
better results than current manual or automated HR systems. This concept is based on the
perceived usefulness of the Technology Acceptance Model and the relative advantage outlined
in the Diffusion of Innovations theory. Research consistently shows that the adoption of Al is
accelerated when organizations perceive it as an opportunity to gain a competitive edge, lower
operational expenses, and improve human resource efficiency. (Abdekhoda et al., 2018a; Cai
et al., 2020; Li, 2020a; Vasiljeva et al., 2021a)

In human resources practices, the concept of relative advantage is through quicker hiring
processes, enhanced alignment of candidates with job requirements, the utilization of predictive
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analytics, and data-driven workforce decisions. (Chatterjee et al., 2021a; Dodel & Mesch,
2020; Matias, 2021a) According to DOI theory, relative advantage referred to benefits of Al-
enabled HR practices as compared to traditional methods, including aspects like reduced bias,
expedited hiring processes, and enhanced talent matching (EVERETT M. ROGERS, 2014).
The ease of use indicates the perceived simplicity of Al systems. In the realm of artificial
intelligence, this encompasses the ease of interface use and the clarity of output interpretation,
as opposed to direct engagement with the algorithms themselves. (Venkatesh et al., 2003a)

2.11.2.2.1 Perceived Usefulness - Relative Advantage

Perceived value refers to the belief that Al-enabled HR practices deliver superior outcomes
compared to existing manual or automated systems. This construct integrates TAM’s perceived
usefulness with DOI’s relative advantage. The integration of Al in human resources is regarded
as beneficial when it contributes to operational efficiency, enhances the precision of decision-
making, lowers administrative expenses, and strengthens competitive advantage.
Organizations view Al as a valuable resource, particularly when it facilitates quicker talent
acquisition, enhances predictive workforce planning, and supports evidence-based decision-
making. The reduction of costs stands out as a significant aspect of perceived value, as artificial
intelligence reduces repetitive human resources tasks and minimizes the likelihood of errors
linked to manual processing. The perception of Al by HR professionals as a catalyst for
measurable performance enhancements notably bolsters their intentions to adopt such
technologies. (Abdekhoda et al., 2018a; Amankwah-Amoah et al., 2021a; Pan et al., 2021a;
Prikshat et al., 2021a)

2.11.2.2.2 Perceived Usefulness - Positive Attitude towards Change

Positive attitude toward change reflects individuals’ openness, optimism, and readiness accept
Al-driven transformation. Change readiness literature suggests that positive attitudes reduce
uncertainty, anxiety, and resistance during technological transformation. Individuals who
believe that Al enhances convenience, autonomy, learning opportunities, and work efficiency
are more likely to support its adoption. The assurance in the reliability of Al enhances its
acceptance significantly. This concept serves as a psychological link connecting perceived
value with behavioural intention. (Gutierrez et al., 2017a; Leung, 2015a; Matias, 2021a;
Nguyen & Le, 2022a)

2.11.2.2.3 Perceived Usefulness - Creativity

Creativity represents individual innovativeness and curiosity toward new technologies.
Creative individuals are more willing to explore Al systems, experiment with new
functionalities, and overcome initial technical challenges. From a DOI perspective, creative
individuals resemble early adopters who facilitate diffusion by demonstrating feasibility and
benefits to others. Creativity reduces perceived complexity and enhances exploratory learning,
strengthening technology readiness. (Abdekhoda et al., 2018a; Gholami et al., 2018; Li, 2020a;
Matias, 2021a)
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2.11.2.2.4 Perceived Usefulness - Self-Efficacy

Self-efficacy is individual’s belief in their ability to successfully use Al-enabled HR systems.
Rooted in social cognitive theory, self-efficacy strongly influences perceived ease of use and
behavioural intention. Employees with high self-efficacy feel confident handling Al-related
changes, especially when supported by training and organizational resources. The availability
of training enhances self-efficacy, thereby lowering anxiety and resistance. The factor is part
of UTAUT model. (Y. Lee et al., 2003a; Park et al., 2022b; Sohn & Kwon, 2020a; Xu & Wang,
2021a)

2.11.2.3 Perceived User-Friendliness

Perceived user-friendliness derived from TAM & DOl is a variable that captures the extent to
which Al systems are viewed as understandable, transparent, and manageable. Al systems are
often perceived as “black boxes,” increasing perceived complexity and resistance. High
complexity negatively influences acceptance, especially in HR decisions requiring
explainability. (Raghavan et al., 2020)

2.11.2.3.1 Perceived User-Friendliness - Complexity

The perception of high complexity tends to raise doubts, enhance perceived risk, and develop
resistance. The issues surrounding technology errors, decreased human interaction, potential
data misuse, and ambiguous advantages contribute to an increased perception of complexity.
The DOI framework identifies complexity as a negative variable influencing adoption, whereas
the TAM framework directly associates it with perceived ease of use. (Nguyen & Le, 2022a;
Vasiljeva et al., 2021a)

2.11.2.3.2 Perceived Iser-Friendliness - Resistance to Change

Resistance to change reflects emotional, ethical, and job-related concerns arising from Al
adoption. Fear of losing job, surveillance, system failure, and decrease in human relationships
are common factors that affects resistance. Resistance is particularly salient in HR contexts,
where Al directly affects employment security, privacy, and trust. Resistance controls the
relationship between readiness and behavioural intention. (Cao et al., 2021a; Rahman et al.,
2016a; Shakeel & Siddiqui, 2021a)

2.11.30rganization Readiness (Organizational Context)

Organization readiness is the internal capability of the organization to adopt and implement
Al-enabled HR practices. Based on the TOE framework and supported by UTAUT, this
construct includes top management support, organizational culture, HR digital maturity,
performance expectancy, and effort expectancy. (Pillai & Sivathanu, 2020; Tornatzky &
Fleischer, 1990a; Venkatesh et al., 2003a)
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2.11.3.1 Top Management Support

Top management support is the extent to which senior leadership actively endorses and invests
in artificial intelligence (AI) within HR practices. Within the Technology—Organization—
Environment (TOE) framework, it is a key organizational factor that validate Al adoption and
shapes strategic decisions.

The commitment of top management plays a crucial role in the adoption of Al by ensuring the
allocation of financial and technological resources, development of necessary infrastructure,
and facilitating employee training. A strong support from senior management decreases
uncertainty and resistance by indicating that the adoption of Al is in integration with the
organization's long-term objectives. Furthermore, senior leadership implements governance
structures, performance benchmarks, and ethical frameworks for the application of Al in
human resources. The adoption of Al has the potential to transform usual decision-making
structures. Therefore, it is essential for leadership to provide strong support and maintain
transparent communication about the objectives and advantages of Al. This approach enables
employees to view the transition as both trustworthy and advantageous, ultimately promoting
acceptance and promoting innovation. (Chiu, 2017; Gangwar et al., 2015a; Nguyen & Le,
2022a; Prikshat et al., 2021a)

2.11.3.2 Social Characteristics

Social characteristics refer to the influence of societal norms and encouragement from peers.
People are more inclined to embrace Al when it is supported by supervisors, colleagues, and
influential peers. When important people in organization such as managers or experienced
coworkers support and actively use Al-based HR systems, others are more likely to follow.
This normative pressure reduces uncertainty and accelerates acceptance, particularly in
hierarchical organizational cultures. Within HR practices, social influence is especially salient
because Al tools often require coordination across functions (HR, IT, operations) and collective
compliance. Peer support also facilitates informal learning and problem-solving, reducing
perceived complexity and enhancing confidence in system use. This construct is based on
established theories such as TAM, and UTAUT, each of which identifies social influence as a
key factor in shaping behavioural intention. (A. Agarwal, 2022a; F. D. Davis, 1989a, 1993;
Fred D. Davis, 1989; Tam & Oliveira, 2016a; Viswanath Venkatesh, 2003)

2.11.3.3 Performance Expectancy

Performance expectancy is the extent to which individuals believe that using Al-enabled HR
practices will enhance their job performance, productivity, and flexibility. Derived from
UTAUT, performance expectancy is conceptually similar to perceived usefulness in TAM but
places stronger emphasis on productivity, efficiency, and quality outcomes.

In the field of human resources, performance expectancy refers to the belief that artificial
intelligence will reduce administrative burdens, enhance the accuracy in recruitment and
evaluation processes, and facilitate quicker access to information regarding staff performance.
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When HR professionals recognize that Al tools enhance their ability to perform tasks more
efficiently—such as identifying appropriate candidates, forecasting attrition, or tailoring
learning interventions—their willingness to adopt these systems grows. The significance of
performance expectancy in the context of Al adoption is noteworthy, as artificial intelligence
(AI) systems frequently serve as tools that support decision-making processes. (Shakeel &
Siddiqui, 2021a; Venkatesh & Davis, 2000b)

2.11.3.4 Effort Expectancy

Effort expectancy indicates the level of simplicity involved in learning and using Al-enabled
HR systems. This construct is based on UTAUT, covers cognitive and operational effort, along
with interface simplicity to include clarity of outputs, interpretability of recommendations, and
availability of learning support. Al systems are misunderstood as complex and difficult to
understand and unfamiliar but it comes with lots of potential performance benefits. Training
programs, user-friendly dashboards, and responsive support services significantly enhance
effort expectancy by lowering perceived barriers to use. (Del Giudice et al., 2021a; Im et al.,
2011a)

2.11.4Environment Readiness (Environmental Context)

Environment readiness refers to external pressures and supports that influence Al adoption in
HR practices. Based on TOE and DOI, this construct includes competitive pressure, vendor
support, regulatory environment, and facilitating conditions. DOI theory highlights the role of
observability and peer adoption in accelerating diffusion, while TOE emphasizes that
regulatory compliance and market competition significantly shape organizational technology
decisions. In HR contexts, access to external expertise and vendor ecosystems reduces
implementation uncertainty, whereas regulatory ambiguity and ethical concerns may slow
adoption. (Best et al., 2017; EVERETT M. ROGERS, 2014; LOUIS G TORNATZKY &
MITCHELL FLEISCHER, 1990; Shakeel & Siddiqui, 2021a; Tornatzky & Fleischer, 1990a)

2.11.4.1 Social Influence (Competitive Pressure)

Competitive pressure represents the extent to which organizations perceive Al adoption in HR
practices as necessary to maintain or enhance market position. From both TOE and DOI
perspectives, competitive pressure accelerates adoption by increasing the perceived cost if Al
is not adopted. Organizations often adopt Al in HR to remain competitive in talent acquisition,
employer branding, and workforce optimization. When competitors leverage Al to attract talent
or improve efficiency, firms that delay adoption risk losing market share or strategic relevance.
This perceived threat strengthens organizational commitment to Al adoption, even when
internal readiness is moderate.
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2.11.4.2 External Support (Vendor Support)

The expertise of vendors plays a significant role in minimizing both the complexity and risk
associated with implementation processes. External support encompasses the support offered
by Al vendors, consultants, and technology partners. In the literature on TOE, vendor support
emerges as a vital environmental facilitator, especially for organizations that do not possess in-
house Al expertise. The assistance provided by vendors plays a crucial role in mitigating
implementation risks through the provision of technical guidance, system customization,
training, and ongoing maintenance after the implementation phase. Reliable external assistance
enhances an organization's assurance in adopting Al and alleviates concerns associated with
system failures or challenges in scalability. In human resources settings, the expertise of
vendors holds significant importance, particularly in light of the regulatory, ethical, and data
privacy issues related to employee information.

2.11.4.3 Facilitating Conditions

The conditions that facilitate progress are indicative of the availability of infrastructure,
resources, and the compatibility of systems. The conditions that facilitate Al usage encompass
the organizational and technical resources necessary for effective implementation. This
framework connects the Technology-Organization-Environment (TOE) model and the Unified
Theory of Acceptance and Use of Technology (UTAUT), incorporating elements such as
infrastructure readiness, system compatibility, and decision-making autonomy. Facilitating
conditions allow employees to effectively engage with Al systems without facing structural
limitations. Having sufficient resources, compatible human resources information systems, and
the autonomy to make decisions contribute to a greater sense of control and diminish
frustration, thereby facilitating the continued use of Al

2.11.5Behavioural Intention to Use AI

Behavioural intention represents the individual-level willingness of HR professionals and
managers to use Al-enabled HR systems. TAM and UTAUT identify behavioural intention as
the most immediate antecedent of technology use. Within the field of Al in human resources,
behavioural intention covers cognitive evaluations regarding the utility of Al, the simplicity of
interaction, and potential results, alongside the impact of social influences from both leadership
and colleagues. The behavioural intention acts as an essential intermediary that connects
readiness factors to acceptance. (F. Davis, 1985; F. D. Davis, 1989a; Venkatesh et al., 2003a;
Venkatesh & Davis, 2000b)

2.11.6Perceived Al Acceptance

The perception of Al acceptance indicates the degree to which individuals recognize, feel, and
ethically endorse Al as a suitable tool for making decisions in human resources. Acceptance
goes beyond mere intention, as it encompasses elements of trust, legitimacy, and alignment of
values. The Technology Acceptance Model discusses acceptance by focusing on perceptions
of usefulness and user-friendliness, whereas the Unified Theory of Acceptance and Use of
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Technology broaden this perspective by integrating factors such as social influence and
enabling conditions. From a DOI perspective, acceptance develops through social validation
and collective experience as time progresses. Acceptance reflects compatibility perceptions
and risk assessment. (F. D. Davis, 1989a; EVERETT M. ROGERS, 2014; Rogers, 1962;
Shakeel & Siddiqui, 2021a)

2.11.6.1 Compatibility

Compatibility refers to the degree to which Al-enabled HR practices align with organizational
values, managerial norms, and existing systems. Based on DOI, compatibility reduces
disturbance and resistance by ensuring continuity with established practices. The acceptance
of Al systems tends to rise when they enhance managerial flexibility and uphold professional
values, rather than replacing them. The alignment with current HR systems minimizes technical
challenges and improves overall integration.

2.11.6.2 Uncertainty/Risk

Uncertainty and perceived risk relate to concerns regarding data privacy, security, algorithmic
bias, and system reliability. Trust plays a crucial role in mitigating these risks. In human
resources applications the processing of sensitive employee information can lead to a
considerable reduction in acceptance due to perceived risks. The assurance of confidentiality,
secure transactions, and ethical safeguards fosters trust and promotes acceptance.

2.11.7Perceived Al Implementation

The concept of perceived Al implementation relates to the extent to which Al systems are
integrated into human resource workflows, routines, and decision-making processes. The TOE
theory offers a robust framework for understanding implementation, highlighting the
importance of organizational capability, governance, and alignment with the environment. The
DOI framework offers a process-oriented view, clarifying the journey of Al from its initial
adoption to its eventual integration into routine practices. Successful implementation
necessitates a harmonious relationship among technological readiness, organizational support,
and the reliability of the surrounding environment. A deficiency in any aspect may lead to a
mere superficial or symbolic implementation. The implementation process includes not only
ongoing system maintenance but also continuous learning and alignment with organizational
objectives, highlighting that the adoption of Al is an evolving journey rather than one-time
event. Implementation signifies the organizational-level realization of Al adoption, in contrast
to only acceptance. (Del Barone et al., 2025; EVERETT M. ROGERS, 2014; Tornatzky &
Fleischer, 1990a)
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2.11.8Organizational Effectiveness

Organizational effectiveness means to the capacity of an organization to meet its objectives
efficiently, all the while maintaining employee well-being, fostering internal health, and
demonstrating adaptability to changes in the environment. Current management literature
acknowledges that effectiveness is a multidimensional construct, especially in relation to the
adoption of artificial intelligence (AI) in human resource (HR) practices. In this context, it is
essential for technological advantages to align with employee acceptance, ethical governance,
and long-term sustainability.

From a Technology—Organization—Environment (TOE) perspective, Al is capable to enhance
organizational effectiveness only when combined with complementary organizational
processes, skills, and governance structures. The Literatures consistently highlights that
effectiveness arises from the ongoing implementation of Al, rather than simply its adoption.
The mere acceptance of a concept, without its effective implementation, can lead to limited or
even negative results. This highlights the significance of collaboration between humans and
Al, as well as the need for institutional support. (Del Barone et al., 2025; LOUIS G
TORNATZKY & MITCHELL FLEISCHER, 1990; Samuel Fosso Wamba et al., 2021)

This study aims to provide a comprehensive perspective by utilizing the D. M. Pestonjee
Organizational Effectiveness framework, a well-recognized model in Indian organizational
research that aligns closely with human resource-focused and people-centred viewpoints.
Pestonjee defined effectiveness as a combination of organizational processes and human
outcomes, highlighting that sustained effectiveness relies on achieving a balance between
productivity and factors such as employee satisfaction, autonomy, and adaptability—elements
that are especially important in the context of Al-enabled human resources. In this context, the
effectiveness of an organization is demonstrated by its ability to achieve goals, adapt to
changes, ensure employee satisfaction, maintain efficient internal processes, encourage
organizational integration, and maintain its sustainability over time. The integration of Al in
HR practices enhances various dimensions by improving the quality of recruitment, facilitating
data-informed decision-making, promoting workforce adaptability, and reinforcing
interdepartmental coordination. Nonetheless, these advantages emerge solely when Al systems
are in harmony with organizational objectives, regarded as fair and transparent, and supported
by sufficient training and governance frameworks. The existing literature indicates that Al
contributes to organizational effectiveness not merely by automating tasks or improving
efficiency, but through its responsible application, which strengthens employee engagement,
enhances organizational resilience, and promotes sustainable performance. (Ashraf & Abd
Kadir, 2012; Georgopoulos, 1957; Hermawan & Suharnomo, 2020; Mahoney & Weitzel, 1969;
Pestonjee, 1988a; Reetu et al., 2019; Tayal & Upadhyay, 2019)

2.11.9Conclusion of Literature Review

Artificial intelligence in HR practices has the potential to significantly improve organizational
success by increasing efficiency, decision quality, and adaptability, according to the studied
research. Existing research, however, mostly focuses on adoption factors or academic results,
providing little understanding of how Al is embraced by employees, integrated into HR
practices, and converted into long-term organizational success. The literature also shows a lack
of empirical, employee-level research in the Indian organizational setting and displays
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theoretical fragmentation, with acceptance, implementation, and effectiveness frequently
researched in isolation.

Furthermore, while recent studies acknowledge the importance of fairness, transparency, and
governance in Al-enabled HR practices, their implementation is still not very popular. These
gaps underscore the need for an integrated, human-centric framework that examines Al
acceptance and implementation through combined theoretical framework and evaluates their
impact on multidimensional organizational effectiveness. Addressing these gaps provides the
foundation for the present study and develop the conceptual framework, research objectives,
and hypotheses that follow.
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CHAPTER -3 RESEARCH METHODOLOGY

3.1 Introduction

This chapter outlines the research methodology adopted to examine the perceived acceptance
and perceived implementation of Artificial Intelligence (AI) in Human Resource (HR)
practices and its impact on organizational effectiveness. The chapter presents the problem
statement, objectives, scope of the study, original contribution of the research, research design,
data collection procedures, sampling design, research instrument, and data analysis tools. The
methodological choices are carefully aligned with the nature of the research problem and the
conceptual framework developed for the study. The methodological framework is aligned with
the study’s objectives and the integrated conceptual framework grounded in TOE, TAM, and
UTAUT.

3.2 Problem Statement

The rapid advancement of Artificial Intelligence (Al) presents a transformative opportunity for
Human Resources (HR) practices. Al tools, encompassing machine learning, natural language
processing, and predictive analytics, promise to revolutionize traditional HR functions such as
talent acquisition, performance management, employee engagement, and workforce planning.
By automating repetitive tasks, enhancing data-driven decision-making, and personalizing
employee experiences, Al has the potential to significantly improve HR effectiveness.
However, despite the clear potential benefits, the widespread acceptance and successful
implementation of Al in HR practices across various industries face significant challenges.
These challenges are not solely technical but also deeply rooted in human factors,
organizational culture, and ethical considerations. The research is aimed at examining the
pivotal role of factors that influence that perceived acceptance and perceived implementation
of Artificial Intelligence in HR Practices and its impact on Organizational Effectiveness. This
study aims to investigate the factors influencing the acceptance and Perceived implementation
of Al in HR practices within selected industries (e.g., IT/ITES, Consumer
Durables/Telecommunication, Financial Services, Healthcare, Management Consultancy), and
subsequently, analyze the discernible impact of this integration on the overall organizational
effectiveness of firms operating within these sectors. It seeks to identify common enablers,
barriers, explore the ethical considerations, assess employee perceptions, and provide
actionable insights for organizations looking to leverage Al for a more efficient, effective, and
human-centric HR function.
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3.3 Objectives of the Study

e To analyze the factors influencing the Acceptance and Perceived Implementation of
Artificial Intelligence (Al) in Human Resources (HR) practices across selected
industries.

e To develop conceptual framework for Acceptance and Implementation of Artificial
Intelligence in HR Practices and organisational Effectiveness.

e To measure the impact of Artificial Intelligence in HR Practices on Organizational
Effectiveness

e To study difference between Selected Industries and Variables of Artificial Intelligence.
e To study difference between Selected Industries and Organizational Effectiveness.

e To study the difference Between variable of Artificial Intelligence and demographic
factors.

e To study the difference Between Organisational Effectiveness and demographic factors.

3.4 Hypothesis

Hypothesis 1: Distribution is not Normal

Hypothesis 2: Correlation Matrix is not an identity matrix

Hypothesis 3: Observed variables load significantly on their respective latent factors
Hypothesis 4: Observed indicators significantly represent their latent constructs
Hypothesis 5: The proposed measurement model fits the observed data adequately
Hypothesis 6: Constructs demonstrate adequate reliability and convergent validity
Hypothesis 7: Constructs exhibit discriminant validity. (Fornell-Larcker Criterion)
Hypothesis 8: Construct pairs demonstrate discriminant validity. (HTMT Ratio)
Hypothesis 9: Artificial Intelligence has a significant effect on Behavioural Intention
Hypothesis 10: Behavioural Intention has a significant effect on Perceived Al Acceptance

Hypothesis 11: Perceived Al Acceptance has a significant effect on Perceived Al
Implementation

Hypothesis 12: Perceived Al Implementation has a significant effect on Organizational
Effectiveness

Hypothesis 13: No multicollinearity exists among predictor constructs

Hypothesis 14: The structural model adequately fits the data
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Hypothesis 15: There is a Significant difference among Variables of Study (Technology
Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity,
Resistance to Change, Top Management Support, Social Characteristics & Performance
Expectancy, Effort Expectancy, Social Influence, External Support & Facilitating Conditions,
Behavioural Intention, Perceived Al Acceptance, Perceived Al Implementation &
Organizational Effectiveness) and different age groups

Hypothesis 16: There is a Significant difference among Variables of Study (Technology
Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity,
Resistance to Change, Top Management Support, Social Characteristics & Performance
Expectancy, Effort Expectancy, Social Influence, External Support & Facilitating Conditions,
Behavioural Intention, Perceived Al Acceptance, Perceived Al Implementation &
Organizational Effectiveness) and different Experience groups

Hypothesis 17: There is a Significant difference among Variables of Study (Technology
Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity,
Resistance to Change, Top Management Support, Social Characteristics & Performance
Expectancy, Effort Expectancy, Social Influence, External Support & Facilitating Conditions,
Behavioural Intention, Perceived Al Acceptance, Perceived Al Implementation &
Organizational Effectiveness) and different Education

Hypothesis 18: There is a Significant difference among Variables of Study (Technology
Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity,
Resistance to Change, Top Management Support, Social Characteristics & Performance
Expectancy, Effort Expectancy, Social Influence, External Support & Facilitating Conditions,
Behavioural Intention, Perceived Al Acceptance, Perceived Al Implementation &
Organizational Effectiveness) and different Income groups

Hypothesis 19: There is no Significant difference among Variables of Study (Technology
Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity,
Resistance to Change, Top Management Support, Social Characteristics & Performance
Expectancy, Effort Expectancy, Social Influence, External Support & Facilitating Conditions,
Behavioural Intention, Perceived Al Acceptance, Perceived Al Implementation &
Organizational Effectiveness) and different Industry

Hypothesis 20: There is no Significant difference among Variables of Study (Technology
Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity,
Resistance to Change, Top Management Support, Social Characteristics & Performance
Expectancy, Effort Expectancy, Social Influence, External Support & Facilitating Conditions,
Behavioural Intention, Perceived Al Acceptance, Perceived Al Implementation) and different
Industry Groups

Hypothesis 21: There is no Significant difference among Organisational Effectiveness and
different Industry Groups

Hypothesis 22: There is a Significant difference among Variables of Study (Technology
Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity,
Resistance to Change, Top Management Support, Social Characteristics & Performance
Expectancy, Effort Expectancy, Social Influence, External Support & Facilitating Conditions,
Behavioural Intention, Perceived Al Acceptance, Perceived Al Implementation &
Organizational Effectiveness) and different Size of Organization
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Hypothesis 23: There is a Significant difference among Variables of Study (Technology
Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity,
Resistance to Change, Top Management Support, Social Characteristics & Performance
Expectancy, Effort Expectancy, Social Influence, External Support & Facilitating Conditions,
Behavioural Intention, Perceived Al Acceptance, Perceived Al Implementation &
Organizational Effectiveness) and different Level of Management

Hypothesis 24: There is a Significant difference among Variables of Study (Technology
Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity,
Resistance to Change, Top Management Support, Social Characteristics & Performance
Expectancy, Effort Expectancy, Social Influence, External Support & Facilitating Conditions,
Behavioural Intention, Perceived Al Acceptance, Perceived Al Implementation &
Organizational Effectiveness) and different Location

Hypothesis 25: There is a Significant difference among Variables of Study (Technology
Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity,
Resistance to Change, Top Management Support, Social Characteristics & Performance
Expectancy, Effort Expectancy, Social Influence, External Support & Facilitating Conditions,
Behavioural Intention, Perceived Al Acceptance, Perceived Al Implementation &
Organizational Effectiveness) and different Gender groups

3.5 Scope of the study

e This research focuses on Employee Perception based study of Acceptance and
Implementation of Artificial Intelligence in HR Practices. As at the time of data
collection there was not much integration of Artificial Intelligence in HR Practices.

e  The scope of the study is only limited to service sector firms like IT/ITES, Healthcare,
Consumer Durables, Telecommunication, Finance & Financial Services &
Management Consultancy. This allows for in-depth analysis and comparative insights
while making the study manageable.

e The geographical scope of the study is limited to the state of Gujarat, India.

o The study relies on quantitative primary data, collected through a structured
questionnaire administered to employees working in the selected sectors.

3.6 Research Design

Research design provides the overall framework that guides the systematic collection, analysis,
and interpretation of data in order to address the research problem in a rigorous and logical
manner. It ensures coherence between research objectives, theoretical foundations, and
empirical procedures. (Creswell & Creswell, 2018) Given the complex and evolving nature of
Artificial Intelligence (AI) adoption in Human Resource (HR) practices, the present study
adopts a descriptive and explanatory research design, supported by a quantitative, cross-
sectional approach.
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Descriptive Research Design

A descriptive research design is suitable when the goal is to precisely demonstrate the
characteristics, perceptions, and attitudes of a population regarding a particular phenomenon.
(Kothari & Garg, 2025; Sekaran & Bougie, 2016) This study employs a descriptive design to
methodically evaluate employees’ perceptions of Al acceptance, perceived implementation,
and organizational effectiveness within selected service sector industries. In numerous Indian
organizations, the adoption of Al in HR is still in its early stages. Descriptive analysis serves
to identify current patterns, levels of readiness, and differences in perception without changing
the research context. (Joseph F. Hair, William C. Black, Barry J. Babin, Ralph E. Anderson,
2018).

Quantitative Research Approach

The study adopts a quantitative research approach, which is well suited for testing relationships
among latent constructs and validating theoretical models through statistical analysis
Quantitative methods allow for objective measurement of perceptions, enable comparison
across industries and demographic groups, and facilitate generalizable conclusions within the
defined population. The use of standardized scales further enhances consistency and reliability
in measurement. (Alan Bryman, 2016)

Cross-Sectional Survey Design

A cross-sectional survey design is employed, wherein data are collected from respondents at a
single point in time. This design is widely used in technology adoption and HR research to
assess perceptions and behavioural intentions in dynamic organizational settings (Venkatesh et
al., 2012). Given the practical constraints and evolving nature of Al adoption, cross-sectional
data provide a realistic snapshot of current acceptance and implementation levels while
allowing for robust statistical testing of the proposed conceptual framework.

Theory-Driven Design Justification

The research design is explicitly theory-driven, integrating constructs from multiple adoption
and implementation theories to address limitations of single-model approaches. While TAM
and UTAUT explain individual-level acceptance and usage intentions, TOE captures
organizational and environmental readiness, and DOI provides insight into innovation
diffusion processes. By combining these perspectives within a descriptive—explanatory design,
the study offers a comprehensive understanding of Al adoption in HR that moves beyond
intention to actual perceived implementation and organizational outcomes.

Human-Centric Orientation

Importantly, the research design acknowledges that Al adoption in HR is not purely a
technological phenomenon but a socio-technical process involving human perceptions, trust,
resistance, and ethical considerations. By focusing on employee perceptions and organizational
effectiveness outcomes, the design aligns with contemporary calls for human-centred Al
research in management studies. (Kellogg et al., 2020; Raisch & Krakowski, 2021a)
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Suitability to Indian Organizational Context

The chosen research design is particularly appropriate for the Indian service sector context,
where Al integration in HR varies widely across industries and organizational maturity levels.
The design allows for comparative analysis across sectors while remaining sensitive to
contextual and cultural factors influencing acceptance and implementation.

Furthermore, the design supports multivariate statistical analysis, allowing the study to test
complex relationships and mediation effects among constructs. This is particularly important
in understanding Al adoption in HR practices, where acceptance does not automatically
translate into effective implementation or improved organizational effectiveness.

Overall, the chosen research design is well suited to address the objectives of the study,
providing a robust methodological foundation for empirically examining Al acceptance,
implementation, and organizational effectiveness within the Indian service sector context.

3.7 Population and Sampling Design

3.7.1 Population and Sampling Design

3.7.1.1 Target Population

The target population comprises employees and HR professionals working in selected
industries namely Information Technology / Information Technology Enabled Servies
(IT/ITES), Hospitality & Healthcare, Consumer Durables and Telecommunications, Banking
Insurance and Financial Services (BFSI) and Management Consultancy firms where Al-
enabled HR practices are in use or under consideration. The study focuses on the Indian
organizational context focusing on state of Gujarat, including both private and public sector
organizations.

3.7.1.2 Sampling Technique

Sampling refers to the process of selecting a subset of individuals from a larger population to
draw conclusions about the population. In social science and management research, sampling
is essential because studying the entire population is often impractical due to constraints related
to time, cost, accessibility, and availability of respondents. A carefully chosen sampling
technique ensures that the collected data are relevant, reliable, and appropriate for addressing
the research objectives.

Sampling techniques are classified into probability sampling and non-probability sampling,
depending on whether each unit of the population has a known and equal chance of selection.

Probability Sampling

Probability sampling is a method in which every element of the population has a known, non-
zero, and equal chance of being selected. Common probability sampling techniques include
simple random sampling, stratified sampling, systematic sampling, and cluster sampling. The
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primary advantage of probability sampling lies in its ability to support statistical generalization
and reduce selection bias.

However, probability sampling requires a clearly defined sampling frame and complete access
to the population. In studies involving emerging technologies such as Artificial Intelligence
(AD in HR practices, these conditions are often difficult to meet. Employees with adequate
exposure or awareness of Al-enabled HR systems may not be easily identifiable in advance,
making probability sampling less feasible for the present study.

Non-Probability Sampling

Non-probability sampling refers to sampling techniques where the probability of selection of
each population element is unknown. In such methods, respondents are selected based on
accessibility, relevance, or referral rather than random selection. Non-probability sampling is
widely used in exploratory and perception-based studies, especially when the research focuses
on specialized populations or emerging phenomena.

Given that Al adoption in HR practices is still evolving and uneven across organizations, non-
probability sampling is considered appropriate for capturing informed employee perceptions.
Accordingly, the present study adopts non-probability sampling, with emphasis on
convenience, quota, and snowball sampling techniques.

Convenience Sampling

Convenience sampling involves selecting respondents who are readily accessible and willing
to participate in the study. This technique is particularly useful when the research requires
responses from individuals who possess specific knowledge or exposure but are difficult to
reach through formal sampling frames. (Kothari & Garg, 2025)

In the context of this study, convenience sampling was applied by approaching employees from
selected service sector organizations through professional networks, emails, LinkedIn,
WhatsApp, and personal contacts. Since Al-enabled HR practices are not uniformly
implemented across all organizations, convenience sampling allowed the researcher to
efficiently reach respondents who had awareness or experience related to Al in HR systems.

While convenience sampling may limit statistical generalizability, it is well-suited for studies
examining perceptual constructs such as acceptance, readiness, and perceived implementation.

Quota Sampling

Quota sampling is a non-probability technique in which the population is divided into specific
subgroups based on predefined characteristics, and a predetermined number of respondents
(quota) is selected from each subgroup. This method ensures representation of key categories
relevant to the study. (Kothari & Garg, 2025)

In the present research, quota sampling was used to ensure adequate representation from
selected service sector industries, including IT/ITES, Healthcare, Consumer Durables,
Telecommunication, Financial Services, and Management Consultancy. By allocating quotas
across industries, the study enables meaningful comparative analysis of Al acceptance,
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implementation, and organizational effectiveness across sectors, while maintaining balance in
the sample composition.

Snowball Sampling

Snowball sampling is a referral-based non-probability technique where initial respondents
identify or recommend other potential participants who meet the study criteria. This method is
particularly effective when studying populations that are difficult to access or when
respondents with relevant exposure are limited. (Kothari & Garg, 2025)

Given the emerging nature of Al in HR practices, snowball sampling was employed to reach
additional respondents who were knowledgeable about or involved in Al-related HR initiatives.
Initial participants were requested to refer colleagues or peers within their professional
networks who met the study’s inclusion criteria. This approach helped expand the sample size
and enhance the diversity of organizational contexts represented in the study.

Justification for the Sampling Approach

The combined use of convenience, quota, and snowball sampling enabled the researcher to
balance practicality with relevance. Convenience sampling facilitated efficient data collection,
quota sampling ensured industry representation, and snowball sampling extended access to
informed respondents. Together, these techniques supported the study’s objective of capturing
informed employee perceptions regarding Al acceptance and perceived implementation in HR
practices.

Although non-probability sampling limits the extent of population-level generalization, it is
appropriate for theory testing and model validation in emerging research domains such as Al
adoption, where respondent expertise and contextual relevance are more critical than random
selection.

In summary, the study employs a non-probability sampling design, incorporating convenience,
quota, and snowball sampling techniques to effectively capture employee perceptions across
selected industries in Gujarat. This approach is consistent with the exploratory and descriptive
nature of the research and aligns with established practices in technology adoption and HR
research.

3.7.1.3 Sample Size

Sample size refers to the number of respondents selected from the target population for data
collection. Determining an appropriate sample size is a critical methodological decision, as it
directly affects the statistical power, reliability, validity, and generalizability of research
findings. An inadequate sample size may lead to unstable estimates and weak inferential
conclusions, whereas an excessively large sample may result in unnecessary resource
consumption without proportional analytical benefit.

In quantitative research involving multivariate techniques and structural equation modelling,
sample size must be sufficient to accurately estimate relationships among latent constructs and
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ensure robustness of the measurement and structural models (Joseph F. Hair, William C. Black,
Barry J. Babin, Ralph E. Anderson, 2018; Kothari & Garg, 2025)

The present study examines a complex conceptual framework involving multiple constructs,
indicators, and interrelationships derived from TAM, UTAUT, TOE, and DOI models. Given
this complexity and the use of Partial Least Squares Structural Equation Modelling (PLS-
SEM), sample size determination follows established methodological guidelines rather than
relying solely on population proportions.

In addition to conceptual guidelines, sample size determination in multivariate research is often
supported through rule-based formulas proposed by Hair and Black, along with their co-
authors. According to Hair, Black, Babin, and Anderson (2019), when a study employs
multivariate techniques such as factor analysis and structural equation modeling, the sample
size should be sufficiently large to ensure stable parameter estimation and reliable model
results. This guideline ensures that each observed variable is adequately represented in the
dataset and that the covariance structure can be reliably estimated. Hair et al. (2017)
recommend that, the minimum sample size should be ten times the largest number of formative
indicators used to measure any single construct. This rule is particularly suitable for exploratory
and prediction-oriented research models that include multiple latent variables and paths.

(Hair, William, Black, Barry, 2010) Hair and Black suggest that the minimum sample size
should be determined based on the number of measurement items, using the following rule:

Minimum Sample Size (N)=Number of Measurement Items x 10
In the present study:

e The questionnaire consists of 110 measurement items (statements).
e Applying the “10-times rule,” the minimum required sample size was calculated as:
110 x 10 = 1100 respondents

This threshold ensures adequate statistical power for model estimation, hypothesis testing, and
validation of both measurement and structural models.

While the minimum required sample size was 1100, the study successfully collected data from
1245 respondents, exceeding the recommended threshold. This enhanced sample size
strengthens the robustness of the analysis by Improving the precision of parameter estimates,
reducing sampling error, Enhancing the stability of factor loadings and path co-efficient and
Supporting subgroup and industry-wise comparative analysis. The achieved sample size is
therefore considered methodologically adequate and statistically sound for the objectives of the
study.

The final sample size satisfies recommended criteria for multivariate analysis like Exploratory
and confirmatory factor analysis, Regression analysis and Structural equation modelling using
SmartPLS, According to (Joseph F. Hair, William C. Black, Barry J. Babin, Ralph E. Anderson,
2018), larger samples are particularly beneficial in models that involve mediation, multiple
predictors, and comparisons across groups—features that are central to the present research.

Given that Al acceptance and implementation in HR practices is still evolving and uneven
across organizations, achieving a large and diverse sample strengthens the study’s ability to

92



capture variations in employee perceptions across industries and demographic categories.
Although the study employs non-probability sampling, the large sample size enhances
analytical credibility and internal validity, making the findings meaningful within the defined
scope.

In summary, the sample size for the present study was determined using established PLS-SEM
guidelines. With a required minimum of 1100 respondents and an actual sample of 1245
respondents, the study meets and exceeds methodological standards for quantitative analysis.
The selected sample size provides a strong foundation for reliable statistical testing and
supports the validity of conclusions drawn regarding Al acceptance, perceived implementation,
and organizational effectiveness.

3.7.1.4 Sampling Area

The sampling area was limited to Gujarat state, covering employees from selected industries
(Information Technology / Information Technology Enabled Servies (IT/ITES), Hospitality &
Healthcare, Consumer Durables and Telecommunications, Banking Insurance and Financial
Services (BFSI) and Management Consultancy)

3.8 Data Collection Method

Primary Data were collected through a self-administered structured survey using multiple
contact methods online and offline including email, LinkedIn, WhatsApp, and personal visits,
ensuring wider reach and improved response rates. The questionnaire was designed to capture
respondents’ perceptions of Al readiness, acceptance, implementation, and organizational
effectiveness.

Secondary data were collected from academic journals, books, conference proceedings,
industry reports, and credible online sources to support theoretical grounding and instrument
development.

3.9 Tools used for Data Analysis

The collected data were analyzed using the following software tools:

o IBM SPSS 20 — for descriptive statistics, reliability analysis, Exploratory Factor
Analysis (EFA), and hypothesis testing.

e SmartPLS 4 — for Confirmatory Factor Analysis (EFA), structural equation modelling
(SEM) and validation of the conceptual framework.

o Excel — For graphs and charts of demographic factors
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3.10Research Instrument

A research instrument is a systematic tool used to collect, measure, and record data related to
the variables under investigation. In quantitative research, the research instrument plays a
critical role in translating abstract theoretical constructs into measurable indicators that can be
empirically tested. The quality of a study’s findings largely depends on the reliability, validity,
and appropriateness of the instrument used, as it directly influences the accuracy and
consistency of the data collected (Kothari & Garg, 2025; Sekaran & Bougie, 2016).

In studies examining technology adoption and organizational outcomes, a well-designed
research instrument is particularly important because constructs such as acceptance, readiness,
and effectiveness are perceptual and cannot be directly observed. Therefore, these constructs
must be captured through carefully structured statements that reflect respondents’ experiences,
beliefs, and attitudes.

Considering the objectives of the present study and the need to capture employee perceptions
across multiple dimensions, a structured questionnaire was selected as the primary research
instrument. Questionnaires are widely used in organizational and technology adoption research
due to their ability to collect standardized data from a large number of respondents, facilitate
statistical analysis, and ensure objectivity and comparability (Creswell & Creswell, 2018).

The use of a questionnaire is particularly appropriate for this study because Al adoption in HR
practices involves individual perceptions, organizational conditions, and environmental
influences, all of which can be effectively measured using structured items.

The questionnaire was developed through an extensive review of existing literature on
Artificial Intelligence in HR, technology adoption models, and organizational effectiveness.
Established theories such as the Technology Acceptance Model (TAM), Unified Theory of
Acceptance and Use of Technology (UTAUT), Technology—Organization—Environment
(TOE) framework, and Diffusion of Innovation (DOI) theory provided the theoretical
foundation for item construction.

Items were adapted and contextualized to reflect Al-enabled HR practices within Indian service
sector organizations. Care was taken to ensure that the language used was clear, neutral, and
easily understandable by respondents from diverse professional backgrounds, thereby
minimizing ambiguity and response bias.

3.10.1Structure of the Research Instrument

e Section 1: Demographic Variables
o Age

Gender

Experience

Income

Education

Industry

Size of Organization

Level of Management

Location

O O 0O O O O O O
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Section 2: Artificial Intelligence
o Technology Readiness - TOE
= Technology Characteristics — Task Technology Fit (TTF)

(Abdekhoda et al., 2018b; Amankwah-Amoah et al., 2021b; Chatterjee
et al., 2021b; Gangwar et al., 2015b; Gutierrez et al., 2017b; Johnk et
al.,2021b; Journal et al., 2017; Leung, 2015b; Li, 2020b; Matias, 202 1b;
Nguyen & Le, 2022b; Pan et al., 2021b; Prikshat et al., 2021b; Vasiljeva
etal., 2021Db)

=  Perceived Value (Usefulness) - TAM

Relative Advantage - TOE

(Abdekhoda et al., 2018b; Amankwah-Amoah et al., 2021b;
Chatterjee et al., 2021b; Gangwar et al., 2015b; Gutierrez et al.,
2017b; Johnk et al., 2021b; Journal et al., 2017; Leung, 2015b;
Li, 2020b; Matias, 2021b; Nguyen & Le, 2022b; Pan et al.,
2021b; Prikshat et al., 2021b; Vasiljeva et al., 2021b)

Positive Attitude towards Change - TOE

(Abdekhoda et al., 2018b; Gutierrez et al., 2017b; Journal et al.,
2017; Leung, 2015b; Li, 2020b; Matias, 2021b; Nguyen & Le,
2022b)

Creativity - TOE

(Abdekhoda et al., 2018b; Gutierrez et al., 2017b; Journal et al.,
2017; Leung, 2015b; Li, 2020b; Matias, 2021b; Nguyen & Le,
2022b)

Self-Efficacy - TOE

(Balakrishnan et al., 2021b; Chuttur, 2009a; Go et al., 2020b; lyer et
al., 2020b; King & He, 2006; Y. Lee et al., 2003b; Money & Turner,
2004b; Ochmann & Laumer, 2020; Park et al., 2022c; Singh et al.,
2020b; Sohn & Kwon, 2020b; Xu & Wang, 2021b)

= Perceived User-friendliness (Ease of use) - TAM

Complexity - TOE

(Abdekhoda et al., 2018b; Amankwah-Amoah et al., 2021b;
Chatterjee et al., 2021b; Gangwar et al., 2015b; Gutierrez et al.,
2017b; Johnk et al., 2021b; Journal et al., 2017; Leung, 2015b; Li,
2020b; Matias, 2021b; Nguyen & Le, 2022b; Pan et al., 2021b; Prikshat
et al., 2021b; Vasiljeva et al., 2021b)

Resistance to change - TOE
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(Rahman, Qi and Jinnah, 2016b, 2016a; Baharuden, Isaac and
Ameen, 2019; Bagheri Rad, Valmohammadi and Shayan, 2020;
Arabia, Colleges and Arabia, 2021; Shakeel and Siddiqui, 2021;
Cao et al., 2021; Daniel Bagana, Irsad and Santoso, 2021; Gado
et al., 2021; Hossin et al., 2021; Raza et al., 2021)

o Organization Readiness - TOE

Top Management Support - TOE

(Abdekhoda et al., 2018b; Chatterjee et al., 2021b; Gangwar et al., 2015b;
Gutierrez et al., 2017b; Journal et al., 2017; Leung, 2015b; Li, 2020b; Matias,
2021b; Nguyen & Le, 2022b; Prikshat et al., 2021b)

Social Characteristics - TTF

(Abbas et al., 2018b; A. Agarwal, 2022b; Ajzen, 2011; Bere, 2018;
D’Ambra et al., 2013; Daradkeh, 2019; F. D. Davis, 1989b; Goodhue,
1998; Goodhue & Thompson, 1995; Hidayatno et al., 2019; Kukafka et
al., 2003c, 2003d, 2003¢; Straub, 2009b; Tam & Oliveira, 2016b; Zhu et
al., 2018)

Performance Expectancy - UTAUT

(Arabia et al., 2021; Baharuden et al., 2019; Daniel Bagana et al., 2021;
Gado et al., 2021; Hossin et al., 2021; Kelibay et al., 2020; Kwan et al.,
2019; D. C. Lee et al., 2017; Molitor, 2020; Shakeel & Siddiqui, 2021b;
Venkatesh & Davis, 2000d)

Effort Expectancy - UTAUT

(Alam et al., 2020; Arabia et al., 2021; Baharuden et al., 2019; Daniel
Bagana et al., 2021; Del Giudice et al., 2021b; Gado et al., 2021; Hmoud
& Varallyai, 2021; Hossin et al., 2021; Im et al., 2011b; Kelibay et al.,
2020; Kwan et al., 2019; D. C. Lee et al., 2017; Shakeel & Siddiqui,
2021b; Venkatesh & Davis, 2000d)

o Environment Readiness - TOE

Social Influence (Competitive Pressure) — TOE & UTAUT

(Alam et al., 2020; Arabia et al., 2021; Baharuden et al., 2019; Daniel
Bagana et al., 2021; Del Giudice et al., 2021b; Gado et al., 2021; Hmoud
& Varallyai, 2021; Hossin et al., 2021; Im et al., 2011b; Kelibay et al.,
2020; Kwan et al., 2019; D. C. Lee et al., 2017; Shakeel & Siddiqui,
2021b; Venkatesh & Davis, 2000d)

External Support (Support from service Provider) - TOE
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(Abdekhoda et al., 2018b; Amankwah-Amoah et al., 2021b; Chatterjee
et al., 2021b; Gangwar et al., 2015b; Gutierrez et al., 2017b; Johnk et
al.,2021b; Journal et al., 2017; Leung, 2015b; Li, 2020b; Matias, 202 1b;
Nguyen & Le, 2022b; Pan et al., 2021b; Prikshat et al., 2021b; Vasiljeva
et al., 2021b)

= Facilitating Conditions - UTAUT

(Abdekhoda et al., 2018b; Amankwah-Amoah et al., 2021b; Chatterjee
et al., 2021b; Gangwar et al., 2015b; Gutierrez et al., 2017b; Johnk et
al.,2021b; Journal et al., 2017; Leung, 2015b; Li, 2020b; Matias, 202 1b;
Nguyen & Le, 2022b; Pan et al., 2021b; Prikshat et al., 2021b; Vasiljeva
etal., 2021Db)

Section 3: Behavioural Intention - UTAUT

(Alam et al., 2020; Arabia et al., 2021; Bagheri Rad et al., 2020; Baharuden et al., 2019;
Cao et al., 2021b; Daniel Bagana et al., 2021; Del Giudice et al., 2021b; Gado et al.,
2021; Hmoud & Varallyai, 2021; Hossin et al., 2021; Im et al., 2011b; Kelibay et al.,
2020; Kwan et al., 2019; D. C. Lee et al., 2017; Molitor, 2020; Rahman et al., 2016b,
2016¢; Raza et al., 2021b; Shakeel & Siddiqui, 2021b; Venkatesh & Davis, 2000d; Yap,
& Ng, 2018)

Section 4: Perceived Al Acceptance — developed by Researcher inspired from TAM
(Attitude towards using)/TOE

(Balakrishnan et al., 2021b; Chuttur, 2009a; Go et al., 2020b; lyer et al., 2020b; King & He,
2006; Y. Lee et al., 2003b; Money & Turner, 2004b; Ochmann & Laumer, 2020; Park et al.,
2022c; Singh et al., 2020b; Sohn & Kwon, 2020b; Xu & Wang, 2021b)

o User Acceptance
= Compatibility - TOE
= Uncertainty/Risk — TOE
Section 5: Perceived Al Implementation - developed by Researcher inspired from TAM
(Actual System usage)/TOE

(Damsgaard, 2014; Dong & Neufeld, 2008; Information & Information, 2014b;
Klopping, 2004; Kukafka et al., 2003f; Lai & Mahapatra, 1997; Pina et al., 2019;
Schoville, 2015; Straub, 2009a; Wilkins & Swatman, 2007; Wozney & Abrami, 2016)

Section 6: Organizational Effectiveness — Extracted from scale by D.M. Pestonjee
(Pestonjee, 1988b)

All the items in the questionnaire were measured using a five-point Likert scale, ranging
from Strongly Disagree (1) to Strongly Agree (5). The Likert scale was chosen due to
its suitability for measuring attitudes and perceptions, ease of comprehension for
respondents, and compatibility with advanced statistical analysis techniques (Hair et
al., 2019).
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3.11Pre-Testing and Refinement of the Instrument

Prior to full-scale data collection, the questionnaire was subjected to expert review and pilot
testing. Feedback from academic experts and practitioners helped ensure content relevance,
clarity of wording, and logical sequencing of items. Minor revisions were made to improve
readability and reduce redundancy, thereby enhancing the instrument’s content validity.

3.11.1 Content Validity

Content validity refers to the extent to which the research instrument adequately represents all
relevant dimensions of the constructs being measured. In studies involving perceptual and
multidimensional constructs such as Artificial Intelligence acceptance, perceived
implementation, and organizational effectiveness, establishing content validity is essential to
ensure conceptual accuracy and relevance.

In the present study, content validity was ensured through a theory-driven and expert evaluation
process. Questionnaire items were developed based on an extensive review of literature and
established theoretical frameworks, including TAM, UTAUT, TOE, DOI, and the D. M.
Pestonjee Organizational Effectiveness framework.

The initial questionnaire was reviewed by two subject matter experts: Dr. Vishal Dahiya,
Professor and Director (iMCA), Sardar Vallabhbhai Global University, and Mr. Jay Hulani,
Regional HR Manager — Gujarat, MP & Chhattisgarh, Samsung Electronics India Ltd. Their
evaluation focused on item relevance, clarity, completeness, and contextual suitability for
Indian service sector organizations. Based on their feedback, minor refinements were made to
improve wording and eliminate redundancy. The expert validation process confirmed that the
instrument adequately captured the conceptual domains of the study variables and was
appropriate for empirical investigation.

3.11.2 Pilot Testing

A pilot study was conducted prior to the final data collection to assess the clarity, reliability,
relevance, and feasibility of the research instrument. A pilot study serves as a preliminary test
of the questionnaire and helps identify potential issues related to wording, structure, length,
and respondent understanding before administering the instrument on a larger scale. It also
provides an early indication of the reliability of measurement scales (Sekaran & Bougie, 2016).

The pilot study was conducted with 59 respondents, selected from the target population of
employees working in selected sector organizations. These respondents possessed adequate
awareness or exposure to Al-enabled HR practices, making them suitable for evaluating the
relevance and understanding of the questionnaire items. The pilot sample size is considered
adequate for preliminary testing of instrument reliability and clarity in survey-based research.
Respondents were requested to complete the questionnaire and provide feedback regarding
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item clarity, language, length, and overall flow. The responses obtained from the pilot study
were subjected to preliminary reliability analysis using Cronbach’s Alpha. The successful
completion of the pilot study confirmed that the research instrument was reliable, relevant, and
suitable for large-scale data collection. The pilot findings provided confidence to proceed with
the final survey administration across selected service sector organizations.

In summary, the pilot study involving 59 respondents played a crucial role in validating the
research instrument and ensuring its readiness for full-scale implementation. The refinements
made based on pilot feedback enhanced the overall quality and robustness of the questionnaire,
thereby strengthening the methodological rigor of the study.

3.11.3 Data Validity & Reliability
Hypothesis

Ho - Distribution is Normal

H; - Distribution is not Normal

Table 3-1: Descriptive Statistics for Normality

Descriptives
Statistic Std. Error
Average | Mean 2.291911 .0156370
95% Confidence Interval for Mean Lower 2.261233
Bound
Upper 2.322589
Bound
5% Trimmed Mean 2.267811
Median 2.237288
Variance .304
Std. Deviation 5517460
Minimum 1.0336
Maximum 4.7731
Range 3.7395
Interquartile Range .6723
Skewness 1.029 .069
Kurtosis 2.993 .139

The values from above table for skewness and kurtosis which has a z-values as 14.91 and 21.53
respectively which are outside the required limit between -1.96 to + 1.96. criteria for normality
suggests that data distribution is not normal because of which null hypothesis is rejected that
distribution is normal.
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In the case of this study the sample size is very large i.e. 1245, the z-score becomes very
sensitive even to small variations in data, and most of the time showcase non-normality. Again,
the calculated value of Skewness is 1.029 which is within the limit i.e. -2 to +2 for which data
can be considered normal and for Kurtosis the calculated value is 2.993 which is also within
limits of normality i.e. -7 to +7. As both the values falls within the acceptable range for large
samples size data might be considered approximately normal despite the extreme z-values.
Most parametric test will perform well as the values of absolute skewness and Kurtosis is
within the limits less than 2 and less than 7 respectively.

Table 3-2: Test of Normality

Tests of Normality
Kolmogorov-Smirnov* Shapiro-Wilk
Statistic df Sig. Statistic df Sig.
Average .070 1245 .000 .944 1245 .000

To further check the normality the Kolmogorov-Smirnov & Shapiro-Wilk test were used where
the significant values for both the test was found to be 0.000 which is less than p-value of 0.05,
which again suggest that the data is not normal in nature and Alternate hypothesis is accepted.
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Figure 3-1: Histogram for data Normality
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3.11.3.1 Reliability Test - Cronbach’s Alpha

Table 3-3: Cronbach's Alfa Reliability

Particulars Cronbach’s Reliability
Alfa Level
Artificial Intelligence — Section 1
Technology Readiness
Technology Characteristics — Part 1 | .895 Very Good
Perceived Value (Usefulness)
Relative Advantage — Part 2 | .839 Very Good
Positive Attitude towards Change — Part 3 | .889 Very Good
Creativity — Part 4 | .816 Very Good
Self-Efficacy — Part 5 | .825 Very Good
Perceived User-friendliness (Ease of use)
Complexity — Part 6 | .832 Very Good
Resistance to change — Part 7 | .859 Very Good
Organization Readiness — Section 2
Top Management Support — Part 8 | .897 Very Good
Social Characteristics — Part 9 | .895 Very Good
Performance Expectancy — Part 10 | .834 Very Good
Effort Expectancy -Part 11 | .853 Very Good
Envyironment Readiness — Section 3
Social Influence (Competitive Pressure) — Part 12 | .845 Very Good
External Support (Support from service Provider) - Part 13 | .894 Very Good
Facilitating Conditions — Part 14 | .828 Very Good
Behavioural Intention — Section 4 (Part 15) | .929 Excellent
Perceived AI Acceptance — Section 5
User Acceptance
Compatibility — Part 16 | 919 Excellent
Uncertainty/Risk — Part 17 | .887 Very Good
Perceived AI Implementation — Section 6 (Part 18) | .934 Excellent
Organizational Effectiveness — Section 7 (Part 19) | 931 Excellent
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Reliability analysis assesses the internal consistency of measurement items used to capture
latent constructs in a research instrument. Internal consistency reflects the degree to which
items measuring the same construct produce consistent results. In quantitative research,
Cronbach’s Alpha (a) is the most widely accepted measure of internal reliability, particularly
for Likert-scale instruments. (Joseph F. Hair, William C. Black, Barry J. Babin, Ralph E.
Anderson, 2018)

Cronbach’s Alpha values range from 0 to 1, with higher values indicating stronger internal
consistency. As a general guideline:

e a>0.70 indicates acceptable reliability
e 0 >0.80 indicates very good reliability
e 0 >0.90 indicates excellent reliability

The reliability analysis for the present study demonstrates high internal consistency across all
constructs, as summarized below:

o All sub-dimensions of Technology Readiness (Technology Characteristics, Relative
Advantage, Positive Attitude toward Change, Creativity, Self-Efficacy, Complexity,
and Resistance to Change) show very good reliability, with Cronbach’s Alpha values
ranging from 0.816 to 0.895.

e Organizational Readiness variables, including Top Management Support, Social
Characteristics, Performance Expectancy, and Effort Expectancy, also exhibit very
good reliability (o between 0.834 and 0.897).

e Environmental Readiness constructs—Social Influence (Competitive Pressure),
External Support, and Facilitating Conditions—demonstrate strong internal
consistency with a values above 0.828.

e Behavioural Intention (o= 0.929), Perceived Al Acceptance (Compatibility a = 0.919),
Perceived Al Implementation (o = 0.934), and Organizational Effectiveness (o =0.931)
show excellent reliability, indicating highly consistent measurement.

These results confirm that all constructs used in the study exceed the recommended reliability
thresholds and are suitable for further multivariate analysis.

The consistently high Cronbach’s Alpha values indicate that:
e The questionnaire items are well-aligned with their respective constructs
e The measurement instrument is stable, reliable, and free from random error

o The constructs can be confidently used for hypothesis testing, regression analysis, and
structural equation modelling

High reliability across both antecedent and outcome variables strengthens the credibility of
subsequent empirical findings and supports the robustness of the conceptual framework.

The reliability analysis confirms that the research instrument used in this study possesses strong
internal consistency across all constructs. With Cronbach’s Alpha values well above the
acceptable threshold, the instrument is deemed reliable for examining the acceptance and
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perceived implementation of Artificial Intelligence in HR practices and their impact on
organizational effectiveness.

3.12 Limitations of Study

*  While providing deep insights into selected Indian industries, the findings may not be
directly generalizable to other industries or global contexts due to variations in
technological maturity, regulatory environments

* The study captures data at a single point in time. This limits the ability to track the
evolution of Al acceptance, implementation, and impact over a longer period.

* The data may be biased as a significant portion of the data, particularly regarding
perceptions of Al factors and organizational effectiveness, is self-reported through
surveys.

* The data of the study was found to be not-normal and appropriate tools like SEM-
Bootstrapping were used but results may differ if it is compared with normalized data
analysis.

* The study does not explore into the intricate technical details of Al algorithms, which
could limit the depth of analysis regarding specific biases or functionalities within Al
HR solutions.
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CHAPTER -4 DATA ANALYSIS

4.1 Introduction

This chapter presents the statistical analysis and interpretation of data collected to study the
Perceived acceptance and perceived implementation of Artificial Intelligence (AI) in HR
practices and its impact on organizational effectiveness. The analysis was carried out in line
with the research objectives and hypotheses using quantitative techniques. Data analysis was
performed in two stages: preliminary analysis using IBM SPSS 20, and advanced multivariate
and structural analysis using SmartPLS 4. The combination of these tools ensured both
descriptive clarity and robust model testing.

Prior to analysis, the collected data were carefully screened to ensure accuracy and suitability
for statistical testing. Incomplete questionnaires, inconsistent responses, and outliers were
examined. After screening, 1245 valid responses were retained for analysis, exceeding the
minimum required sample size and ensuring adequate statistical power. Missing values were
minimal and addressed using appropriate data handling techniques. The dataset was checked
for normality, multicollinearity, and common method bias to ensure the reliability of
subsequent analyses.

4.2 Exploratory Factor Analysis (EFA)

Exploratory Factor Analysis (EFA) was conducted to examine the underlying factor structure,
assess construct validity, and verify whether the observed variables group meaningfully under
latent constructs proposed in the conceptual framework. Principal Component Analysis (PCA)
with Varimax rotation and Kaiser Normalization was employed to achieve a simplified and
interpretable factor structure.

4.2.1 Descriptive Statistics
Hypothesis
Ho: Observed variables do not show meaningful variation to represent latent constructs.

Hi: Observed variables show adequate variation to represent latent constructs.
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Table 4-1: Descriptive Statistics

Descriptive Statistics

Mean Std. Deviation Analysis N
S1_AVG TC 2.252744 7974161 1245
S1_AVG PV 2.248353 7036590 1245
S1_AVG PUF 2.432882 7120877 1245
S§2 AVG TMS 2.266827 .8721301 1245
S§2 AVG SC 2.4892 .83374 1245
S2 AVG PE 2.2243 .81568 1245
S2 AVG EE 2266131 .8297564 1245
S3 AVG SI 2.423561 8715144 1245
S3_AVG ES 2.3667 .81670 1245
S3_AVG FC 2.3622 .83724 1245
S4-P15-Bl1 2.18 .949 1245
S4-P15-BI2 222 902 1245
S4-P15-BI3 2.16 916 1245
S4-P15-Bl4 2.16 927 1245
S5-P16-UA-C1 2.30 956 1245
S$5-P16-UA-C2 2.24 .893 1245
S§5-P16-UA-C3 2.31 .963 1245
S§5-P16-UA-C4 2.27 936 1245
S5-P17-UA-URI 2.53 1.082 1245
S5-P17-UA-UR2 2.50 1.004 1245
S5-P17-UA-UR3 2.48 1.021 1245
S6-P18-PAIll 2.28 1.008 1245
S6-P18-PAII2 231 924 1245
S6-P18-PAII3 2.34 978 1245
S6-P18-PAIl4 2.31 923 1245
S6-P18-PAIIS 2.27 935 1245
S6-P18-PAII6 2.32 .954 1245
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S6-P18-PAIl7 2.28 948 1245
S§6-P18-PAIIS 2.23 919 1245
S6-P18-PAII9 2.27 958 1245
S6-P18-PAII10 2.21 941 1245
S§6-P18-PAIll1 2.25 925 1245
S§6-P18-PAIlI2 2.16 976 1245
S§7-P19-OE1 2.27 988 1245
S7-P19-OE2 2.34 985 1245
S§7-P19-OE3 231 973 1245
S7-P19-OE4 2.34 .966 1245
S§7-P19-OE5 2.35 .985 1245
S7-P19-OE6 2.38 986 1245
S7-P19-OE7 2.44 1.040 1245
S§7-P19-OES8 2.49 1.049 1245
S§7-P19-OE9 221 917 1245
S§7-P19-OE10 2.14 923 1245
S7-P19-OE11 2.26 935 1245
S7-P19-OE12 2.15 .899 1245
S7-P19-OE13 2.33 1.007 1245
S7-P19-OE14 2.18 .905 1245
S7-P19-OE15 2.19 1.002 1245
S7-P19-OE16 2.18 954 1245
S7-P19-OE17 2.15 .964 1245

Descriptive statistics were computed to understand the central tendency and dispersion of
respondents’ perceptions across all study constructs. Mean scores and standard deviations were
calculated for each variable based on 1245 valid responses, indicating strong sample adequacy.

Result of Descriptive Statistics showcase that Mean Value of all loaded items is between (Mean
<0.5 and >4.5) and Standard deviation zero represents that respondents have done the extreme
ticks (Strongly Agree or Strongly Disagree) and if there is no variation is statements than that
statement is not useful for may study. None of our statements have SD near to zero hence it
shows that the data is fit for conducting EFA.
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Across constructs, the mean values range approximately between 2.14 and 2.53, suggesting
that respondents exhibit a moderate level of agreement with statements related to Artificial
Intelligence (AI) readiness, acceptance, perceived implementation, and organizational
effectiveness. The standard deviation values, mostly ranging between 0.70 and 1.08, indicate
acceptable variability in responses, reflecting diversity in employee perceptions across
industries and demographic profiles.

Technology Readiness
e Technology Characteristics (Mean = 2.25)
e Perceived Value / Usefulness (Mean = 2.24)
e Perceived User Friendliness (Mean = 2.43)

These moderate mean scores indicate that employees recognize the functional potential of Al
in HR, but their perceptions are still cautious. Ease of use scored relatively higher, suggesting
that usability is less of a barrier compared to perceived value and strategic relevance.
Employees are open to Al technologies but are still in an evaluative phase, reinforcing the need
to examine acceptance and implementation separately.

Organizational Readiness
o Top Management Support (Mean =2.27)
o Social Characteristics (Mean = 2.49)
e Performance Expectancy (Mean = 2.22)
o Effort Expectancy (Mean = 2.27)

Social characteristics (peer influence and support) scored the highest in this section, indicating
that social context strongly shapes Al perceptions. However, performance expectancy remains
relatively low, suggesting uncertainty about tangible performance gains. Organizational culture
and leadership support are present but not yet strong enough to translate into clear performance
confidence, justifying hypothesis testing on organizational readiness.

Environmental Readiness
e Social Influence / Competitive Pressure (Mean = 2.42)
o External Support (Mean = 2.37)
e Facilitating Conditions (Mean = 2.36)

These findings suggest that external forces such as competition and vendor support moderately
encourage Al adoption, but infrastructural and facilitation mechanisms are still evolving.
Environmental factors act as enablers rather than primary drivers, supporting their indirect role
in shaping behavioural intention.

Behavioural Intention

o BI Items (Means between 2.16 and 2.22)
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The relatively lower mean values indicate hesitation in intention to use Al-enabled HR systems,
despite moderate readiness conditions. This gap between readiness and intention highlights the
importance of studying behavioural intention as a mediating variable.

Perceived Al Acceptance
e Compatibility (Means between 2.24 and 2.31)
o Uncertainty/Risk (Means between 2.48 and 2.53)

Risk-related items show slightly higher mean values, indicating that concerns around privacy,
job security, and trust are prominent. Acceptance of Al is conditional and risk-sensitive,
reinforcing the conceptual distinction between acceptance and implementation.

Perceived Al Implementation
o Implementation Items (Means between 2.16 and 2.34)

Moderate scores suggest that employees perceive partial or early-stage Al implementation,
rather than mature or fully institutionalized use. This supports the premise that implementation
lags acceptance, validating the study’s focus on perceived implementation as a distinct
construct.

Organizational Effectiveness (Section 7)
e OE Items (Means between 2.14 and 2.49)

Higher scores on growth and adaptability-related items and lower scores on autonomy and
initiative indicate uneven effectiveness outcomes. Organizational effectiveness gains from Al
appear context-dependent and implementation-driven, rather than automatic. As the Mean
values range between 2.14 — 2.53 and Standard deviations are within acceptable range,
descriptive statistics suggests that H: is Accepted that Variables exhibit sufficient dispersion
for factor extraction.

The descriptive statistics reveal that Al adoption in HR practices is at a moderate and
transitional stage. Employees neither reject nor fully embrace Al; instead, their perceptions
reflect cautious optimism shaped by organizational support, perceived risk, and
implementation clarity. These findings empirically justify the proposed conceptual framework
and provide a strong foundation for factor analysis, structural equation modelling, and
hypothesis testing in subsequent stages.

4.2.2 KMO and Bartlett’s Test

Prior to conducting Exploratory Factor Analysis (EFA), the suitability of the data for factor
analysis was assessed using the Kaiser—Meyer—Olkin (KMO) Measure of Sampling Adequacy
and Bartlett’s Test of Sphericity. These tests evaluate whether the correlation matrix is
appropriate for factor extraction. The KMO value obtained for the present dataset is 0.963,
which is substantially higher than the recommended minimum threshold of 0.60. According to
established guidelines, KMO values above 0.90 are considered “excellent,” indicating a very
high degree of common variance among the variables.
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Hypothesis
Ho — Correlation Matrix is an identity matrix

Hi - Correlation Matrix is not an identity matrix

KMO is .963 which is greater than 0.7 hence the sample size is excellent to carry out EFA. P-
value of Bartlett’s Test of sphericity is 0.000 which is less than 5% (0.05) level of significance.
Hence, we reject Null Hypothesis, so Correlation Matrix is not an identity matrix. The data is
highly suitable for factor analysis.

Table 4-2: KMO and Bartlett s Test
KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .963
Bartlett's Test of Sphericity | Approx. Chi- 126636.277
Square
L df 5995
' Sig. 0.000

The exceptionally high KMO value confirms that the sample size is more than adequate and
that the variables share sufficient correlations to justify factor analysis. This result indicates
that the data structure is compact and likely to yield reliable and distinct factors.

Bartlett’s Test of Sphericity yielded a Chi-square value of 126,636.277 with 5995 degrees of
freedom, which is statistically significant at p < 0.001. The significant Bartlett’s test result
indicates that the correlation matrix is not an identity matrix. This confirms the presence of
statistically significant relationships among variables, making them suitable for factor
extraction.

The excellent KMO value and significant Bartlett’s test validate the decision to proceed with
EFA and subsequent SEM analysis, ensuring that hypothesis testing is grounded in a
statistically sound measurement structure.

4.2.3 Communalities

Communalities represent the proportion of variance in each observed variable explained by the
extracted factors. In the present analysis, Communalities of all 110 items were higher than
threshold of 0.50 ranging from approximately 0.505 to 0.729, the desired value hence the factor
reduction was carried out with the help of Rotated component Matrix using Varimax rotation
technique. The strong communalities confirm that the measurement items are well-aligned with
the latent constructs and suitable for further multivariate and structural analysis.
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Table 4-3: Communalities

Communalities

Initial Extraction
S1 AVG TC 1.000 591
S1_ AVG PV 1.000 .682
S1 AVG PUF 1.000 .600
S§2 AVG TMS 1.000 .664
S§2 AVG SC 1.000 .639
S2 AVG PE 1.000 .690
S2 AVG EE 1.000 628
S3 AVG SI 1.000 558
S3 AVG ES 1.000 .654
S3 AVG FC 1.000 .669
S4-P15-BI1 1.000 .640
S4-P15-BI2 1.000 675
S4-P15-BI3 1.000 .669
S4-P15-Bl4 1.000 .644
S§5-P16-UA-C1 1.000 670
S§5-P16-UA-C2 1.000 .680
S§5-P16-UA-C3 1.000 .650
S§5-P16-UA-C4 1.000 .604
S5-P17-UA-URI 1.000 .630
S5-P17-UA-UR2 1.000 597
S$5-P17-UA-UR3 1.000 710
S6-P18-PAIll 1.000 590
S6-P18-PAII2 1.000 .686
S6-P18-PAII3 1.000 .685
S6-P18-PAIl4 1.000 720
S6-P18-PAIIS 1.000 714
S6-P18-PAII6 1.000 724
S6-P18-PAII7 1.000 676
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S6-P18-PAIIS 1.000 713
S§6-P18-PAIIY 1.000 670
S6-P18-PAIII0 1.000 .620
S6-P18-PAIlI1 1.000 611
S§6-P18-PAIl12 1.000 552
S§7-P19-OE1 1.000 591
S§7-P19-OE2 1.000 .604
S7-P19-OE3 1.000 .636
S7-P19-OE4 1.000 505
S§7-P19-OE5 1.000 .626
S7-P19-OE6 1.000 .667
S7-P19-OE7 1.000 702
S§7-P19-OES§ 1.000 708
S§7-P19-OE9 1.000 .637
S7-P19-OE10 1.000 707
S7-P19-OE11 1.000 .638
S7-P19-OE12 1.000 .696
S7-P19-OE13 1.000 562
S7-P19-OE14 1.000 729
S7-P19-OE15 1.000 710
S7-P19-OE16 1.000 704
S7-P19-OE17 1.000 .679

Extraction Method: Principal Component Analysis.

4.2.4 Total Variance

The EFA results indicate that five components with eigenvalues greater than 1 were extracted,
in line with Kaiser’s criterion. The five extracted factors together explain 65.215% of the
total variance, which exceeds the commonly accepted threshold of 60% for social science
research. The first component accounts for the largest proportion of variance, reflecting the
dominant role of core Al implementation perceptions. After Varimax rotation, variance is more
evenly distributed across factors, enhancing interpretability. The extracted factors collectively
capture a substantial portion of the information contained in the original variables, confirming
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the adequacy of the factor solution and supporting the multidimensional nature of Al adoption
and organizational effectiveness.

Table 4-4: Total Variance Extracted

Total Variance Explained

Co
mp
one
nt

O Co NN AN W N~

Initial Eigenvalues

Total

24.992
2.568
1.993
1.567
1.487
1.243

832
778
746
734
.666
.627
.616
573
.553
530
502
481
471
458
439
425
413
.380
358
342
338
.305
296
.283
274
272
257
.249
241
234

% of
Varianc
e
49.983
5.136
3.987
3.135
2.974
2.486
1.663
1.556
1.493
1.468
1.331
1.255
1.232
1.145
1.105
1.059
1.005
.962
.942
916
.878
.850
.826
761
716
.683
.676
.610
591
.566
.548
.545
514
497
482
469

Extraction Sums of

Squared Loadings
Cumula Total % of Cumul
tive % Varian  ative
ce %

49.983 24992 49.983 49.983
55.119  2.568 5.136 55.119
59.106 1.993 3.987 59.106
62.240  1.567 3.135 62.240
65.215  1.487 2974 65.215
67.700
69.364
70.920
72.413
73.881
75.212
76.467
77.699
78.844
79.949
81.008
82.013
82.976
83.918
84.834
85.712
86.562
87.388
88.149
88.865
89.548
90.224
90.834
91.425
91.991
92.540
93.084
93.599
94.096
94.578
95.047

Rotation Sums of Squared
Loadings
Total % of  Cumul
Varianc  ative
e %
8.660 17.319 17.319
7.147 14.293 31.613
6.778 13.555 45.168
5.674 11.348 56.516
4.349 8.699 65.215
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37 227 454 95.500
38 221 442 95.942
39 214 429 96.371
40 201 401 96.772

41 197 395 97.167
42 .192 384 97.551
43 181 362 97914

44 178 357 98.270
45 167 333 98.604
46 157 314 98918
47 152 305 99.223
48 139 278 99.500
49 .130 260 99.761
50 120 239 100.00

Extraction Method: Principal Component Analysis. ‘

4.2.5 Rotated Component Matrix

Hpypothesis:

Ho: Observed variables do not load significantly on their respective latent factors.
Hi: Observed variables load significantly on their respective latent factors.

The rotated component matrix reveals a clear and theoretically coherent loading pattern, with
most items loading strongly (> 0.50) on their respective components and minimal cross-
loadings. The researcher studied 5 major factors for the study and hence in EFA 5 factors were
derived from this study. All the factors loaded well on the respective components, clear factor
separation with no problematic cross-loadings. Hence alternate hypothesis is accepted that
observed variables load significantly on their respective latent factors. The extracted factor
structure is valid and interpretable. So, alternate hypothesis, Observed variables load
significantly on their respective latent factors is accepted.

Table 4-5: Rotated Component Matrix

Rotated Component Matrix*

Component
1 2 3 4 5
S1_ AVG_TC .639
S1 AVG PV 721
S1 AVG PUF .637
S§2 AVG_TMS 595
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S2 AVG SC 563
S2 AVG PE 639
S2 AVG EE 556
S3 _AVG SI 468
S3 AVG ES 540
S3_AVG FC 449
S4-P15-BI1 593
S4-P15-BI2 622
S4-P15-BI3 588
S4-P15-BI4 586
S5-P16-UA-CI1 0.622
$5-P16-UA-C2 0.602
S5-P16-UA-C3 0.632
S5-P16-UA-C4 0.596
S5-P17-UA-URI 0.696
S5-P17-UA-UR2 0.634
S5-P17-UA-UR3 0.692
S6-P18-PAIII 590
S6-P18-PAII 711
S6-P18-PAII3 705
S6-P18-PAII4 733
S6-P18-PAIIS 663
S6-P18-PAII6 725
S6-P18-PAII7 665
S6-P18-PAIIS 694
S6-P18-PAII9 632
S6-P18-PAII10 548
S6-P18-PAIIl 457
S6-P18-PAIII2 421
S7-P19-OE1 462
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S7-P19-OE2 538
S7-P19-OE3 585
S7-P19-OE4 496
S7-P19-OE5 639
S7-P19-OE6 596
S7-P19-OE7 760
S7-P19-OE8 771
S7-P19-OE9 545

S7-P19-OE10 675

S7-P19-OE11 623

S7-P19-OE12 691

S7-P19-OE13 506

S7-P19-OE14 744

S7-P19-OE15 730

S7-P19-OE16 662

S7-P19-OE17 695

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.
a. Rotation converged in 12 iterations. |

Al Readiness Factors which comprised of Technology Readiness (Technology Characteristics,
Perceived Value, Ease of Use -S1_AVG TC, S1_AVG PV, S1 _AVG PUF), Organizational
Readiness (Top Management Support, Social Characteristics, Performance & Effort
Expectancy - S2 AVG_TMS, S2 AVG _SC, S2 AVG PE & S2 AVG _EE), Environmental
Readiness (Competitive Pressure, External Support, Facilitating Conditions - S3_AVG_SI,
S3 _AVG_ES & S3 AVG FC) loaded well on component 4. This convergence indicates that
employees cognitively perceive readiness as a holistic readiness ecosystem, rather than as
isolated technological or managerial components. This empirically supports the integrated
TOE-TAM-UTAUT approach, justifying the combined treatment of readiness factors
influencing intention and acceptance.

All Behavioural Intention items S4-P15-BI1 to BI4 loaded cleanly on a single factor component
2, with loadings between 0.58 and 0.62. Behavioural Intention emerges as a pure and
independent psychological construct, consistent with TAM and UTAUT. Employees clearly
distinguish between their readiness conditions and their personal intention to engage with Al-
enabled HR systems. This validates Behavioural Intention as a mediating variable between
readiness conditions and downstream outcomes such as acceptance and implementation.

Items relating to Perceived Al Acceptance S5-P16-UA-C and S5-P17-UA-UR- compatibility
and uncertainty/risk loaded together on component 5, with strong loadings between 0.59 and
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0.70. AI acceptance is shown to be conditional and evaluative, shaped simultaneously by
perceived fit and perceived risk. Employees do not view acceptance as unconditional
enthusiasm, but as a balance between opportunity and concern. This confirms acceptance as a
distinct perceptual construct, separate from both intention and implementation.

All the items of Perceived Al Implementation loaded well on component 1 loadings ranging
approximately from 0.42 to 0.73 for S6-P18-PAII1 to S6-P18-PAII12. This factor captures
employees’ perceptions of how deeply and effectively Al may be embedded into HR practices,
rather than whether Al is merely accepted in HR practices. This supports the study’s central
argument that implementation is distinct from acceptance and acts as a critical bridge between
intention and organizational effectiveness.

Items derived from the D. M. Pestonjee Organizational Effectiveness framework S7-P19-OE1
to OE17, loaded strongly on component 3, with loadings starting from 0.462 extending up to
0.77. This confirms that Al-enabled HR practices influence organizational effectiveness only
when implementation strengthens human outcomes, not merely operational efficiency.

The EFA results clearly demonstrate that Questionnaire items cluster exactly as theoretically
expected. No major cross-loadings threaten construct purity. Acceptance, intention,
implementation, and effectiveness are empirically distinct. Human and organizational
dimensions are central to Al outcomes. This validates the measurement model and provides a
strong empirical foundation for SEM-based hypothesis testing.

In conclusion, the EFA confirms that the questionnaire is conceptually sound, statistically
robust, and theoretically aligned with the integrated adoption—implementation—effectiveness
framework. The findings strongly support proceeding to confirmatory factor analysis and
structural equation modelling to test causal relationships.

4.3 Confirmatory Factor Analysis Covariance-Based Structural
Equation Modelling (CB-SEM)

Covariance-Based Structural Equation Modelling (CB-SEM) is a theory-driven multivariate
technique used to test how well a hypothesized measurement model fits the observed data. In
the present study, CB-SEM is employed to conduct Confirmatory Factor Analysis (CFA) in
order to validate the factor structure derived from the exploratory analysis and theoretical
framework. CFA using CB-SEM enables the assessment of construct reliability, convergent
validity, discriminant validity, and overall model fit through established goodness-of-fit
indices. Given the confirmatory nature of this stage and the objective of validating
measurement properties before testing structural relationships, CB-SEM is considered an
appropriate and rigorous analytical approach. (Joseph F. Hair, William C. Black, Barry J.
Babin, Ralph E. Anderson, 2018; Sekaran & Bougie, 2016)

The CFA path diagram in Figure 4-2 shows:

Latent constructs (blue circles)

Observed variables / indicators (yellow rectangles)

Measurement paths (black arrows — factor loadings)

Structural paths (green arrows — relationships between constructs)
Standardized coefficients displayed on each path
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Figure 4-1: Confirmatory Factor Analysis — Path Diagram, illustrates the Covariance-Based
Structural Equation Model (CB-SEM) depicting the relationships among Artificial Intelligence
readiness, Behavioural Intention, Perceived Al Acceptance, Perceived Al Implementation, and
Organizational Effectiveness. The results indicate that all hypothesized structural paths are
positive and statistically significant, providing strong empirical support for the proposed
framework. Artificial Intelligence readiness demonstrates a strong and highly significant
influence on Behavioural Intention (B = 0.803, p < 0.001), indicating that favourable
technological, organizational, and environmental conditions substantially enhance employees’
intention to use Al-enabled HR systems. In addition, Artificial Intelligence readiness exerts a
direct and highly significant effect on Perceived Al Acceptance (f = 0.843, p < 0.001) and
Perceived Al Implementation (f = 0.827, p <0.001), suggesting that readiness not only shapes
intention but also strengthens employees’ evaluative acceptance and perceptions of
implementation preparedness. A direct and statistically significant relationship is also observed
between Artificial Intelligence readiness and Organizational Effectiveness (B = 0.790, p <
0.001), highlighting that readiness contributes to effectiveness both directly and indirectly.

Behavioural Intention exhibits a strong and highly significant impact on Perceived Al
Acceptance (f = 0.795, p < 0.001), confirming that employees who intend to use Al systems
are more likely to perceive them as compatible, trustworthy, and acceptable. Behavioural
Intention further shows a statistically significant influence on Perceived Al Implementation (3
=0.720, p < 0.001), indicating that intention translates into favourable perceptions regarding
the execution and operationalization of Al in HR practices. Moreover, Behavioural Intention
has a significant direct effect on Organizational Effectiveness ( = 0.695, p <0.001), reflecting
that employee willingness to engage with Al contributes meaningfully to organizational
outcomes even beyond implementation mechanisms.

Perceived Al Acceptance significantly influences Perceived Al Implementation (B = 0.805, p
< 0.001), reinforcing acceptance as a critical psychological and attitudinal precursor to
successful implementation. Finally, Perceived Al Implementation demonstrates the strongest
and highly significant effect on Organizational Effectiveness (B = 0.839, p < 0.001),
establishing implementation quality as the most proximal driver of effectiveness. This result
confirms that improvements in organizational effectiveness are realized when Al in HR
practices is supported by appropriate infrastructure, training, governance mechanisms, and
continuous technical support.

Overall, the CB-SEM results confirm that all structural relationships proposed in the model are
statistically significant at the 0.001 level, thereby validating the theoretical integration of
readiness, intention, acceptance, and implementation in explaining organizational effectiveness
in Al-enabled HR practices. The CB-SEM path diagram confirms that perceived Al
implementation acts as the strongest and most proximal driver of organizational effectiveness,
while readiness and behavioural intention exert both direct and mediated effects.

Confirmatory Factor Analysis (CFA) was conducted to validate the measurement model and
to confirm whether the observed variables adequately represent the underlying latent constructs
proposed in the conceptual framework. Unlike Exploratory Factor Analysis, which identifies
potential factor structures, CFA is theory-driven and tests the extent to which the collected data
fit the pre-specified model derived from existing literature and prior empirical evidence.
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Figure 4-1: Confirmatory Factor Analysis — Path Diagram
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In the present study, CFA was employed to examine the reliability and validity of the constructs
related to Artificial Intelligence readiness, Behavioural Intention, Perceived Al Acceptance,
Perceived Al Implementation, and Organizational Effectiveness. The analysis was performed
using Structural Equation Modelling (SEM) to assess model fit and to ensure that the
measurement structure is appropriate for subsequent hypothesis testing.

4.3.1 Factor Loadings
Hypothesis:
Ho: Observed indicators do not significantly represent their latent constructs.

Hi: Observed indicators significantly represent their latent constructs.

Table 4-6: CFA Factor Loadings — Matrix Standardized

Matrix (standardized)

Al Behavioural Organisational  Perceived Al Perceived
Intention Effectiveness Implementatio Al

n Acceptanc
e

SI_AVG PUF | 0.527
SI1_AVG PV | 0.729
SI_AVG TC | 0.711
S2 AVG EE | 0.772
S2 AVG PE | 0.788
S2 AVG SC | 0.769
S2 AVG TMS | 0.755
S3_AVG_ES | 0.803
S3_AVG FC | 0.812
S3_AVG SI| 0.720

S4-P15-BI1 0.849
S4-P15-BI2 0.864
S4-P15-BI3 0.835
S4-P15-Bl4 0.838
§5-P16-UA-C1 0.829
§5-P16-UA-C2 0.828
S§5-P16-UA-C3 0.822
S§5-P16-UA-C4 0.779
S§5-P17-UA-URI 0.722
$5-P17-UA-UR2 0.699
S§5-P17-UA-UR3 0.710
S6-P18-PAIll 0.742
S6-P18-PAII10 0.787
S6-P18-PAIllI 0.771
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S6-P18-PAII12 0.717
S6-P18-PAII2 0.786
S6-P18-PAII3 0.798
S6-P18-PAII4 0.820
S6-P18-PAIIS 0.840
S6-P18-PAII6 0.824
S6-P18-PAII7 0.817
S6-P18-PAIIS 0.834
S6-P18-PAII9 0.812

S§7-P19-OE1 0.714
S7-P19-OE10 0.786
S7-P19-OE11 0.745
S7-P19-OE12 0.787
S7-P19-OE13 0.732
S7-P19-OE14 0.771
S7-P19-OE15 0.778
S7-P19-OE16 0.795
S7-P19-OE17 0.739

S7-P19-0OFE2 0.730

S7-P19-OE3 0.728

S§7-P19-OE4 0.642

S7-P19-OE5 0.677

S7-P19-OE6 0.732

S7-P19-OE7 0.615

S§7-P19-OES§ 0.600

S7-P19-OE9 0.745

The standardized matrix presents the factor loadings of each observed variable on its respective
latent construct after factor extraction and rotation. Factor loadings represent the strength and
direction of the relationship between an observed variable and its underlying factor. In
behavioural and management research, standardized loadings of 0.50 and above are considered
acceptable, while values above 0.70 indicate strong construct representation. The results
demonstrate strong convergent validity, with the majority of items exhibiting high standardized
loadings on their intended constructs and minimal cross-loadings.

Factor Loading — Matrix (Standardized) — Same group of factors derived on same component
and above 0.5. All factors loaded well in respective components proving and validating the
results found during Exploratory Factor Analysis.

The standardized factor loading matrix reveals that all observed variables load satisfactorily on
their respective latent constructs, with standardized loadings ranging from 0.527 to 0.864,
thereby exceeding the minimum acceptable threshold of 0.50. The Artificial Intelligence
readiness construct demonstrates loadings between 0.527 and 0.812, with higher contributions
from facilitating conditions, external support, performance expectancy, and top management
support, indicating that organizational and environmental enablers play a dominant role in
shaping Al readiness in HR practices. Behavioural intention indicators exhibit very strong
loadings, ranging from 0.835 to 0.864, reflecting a high degree of internal consistency and
clarity in employees’ intentions to use Al-based HR systems. Perceived Al acceptance items
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load between 0.699 and 0.829, with compatibility-related items showing comparatively
stronger loadings than uncertainty and risk indicators, suggesting that acceptance is primarily
driven by perceived alignment with organizational values and systems. The perceived Al
implementation construct displays consistently high loadings from 0.717 to 0.840,
underscoring the importance of infrastructure readiness, training, technical support, and
strategic alignment in translating Al initiatives into practice. Organizational effectiveness
indicators load between 0.600 and 0.795, capturing key dimensions such as commitment,
initiative, growth opportunities, and value congruence. Overall, the strength and consistency
of the loadings confirm strong convergent validity and support the adequacy of the
measurement model for subsequent structural analysis. Hence the alternate hypothesis
observed indicators significantly represent their latent constructs is accepted.

4.3.2 Model Fit
Hypothesis

Ho: The proposed measurement model does not fit the observed data.

Hi: The proposed measurement model fits the observed data adequately.

Table 4-7: Model Fit Matrix

Model fit
Matrix |
Estimated model
Chi-square 11154.276
Number of model parameters 110.000
Number of observations 1245.000
Degrees of freedom 1165.000
P value 0.000
ChiSqr/df 9.574
RMSEA 0.083
RMSEA LOW 90% CI 0.082
RMSEA HIGH 90% CI 0.084
GFI 0.703
AGFI 0.675
PGFI 0.642
SRMR 0.053
NFI 0.798
TLI 0.805
CFI 0.815
AIC 11374.276
BIC 11938.234

121



The overall model fit was assessed using multiple absolute, incremental, and parsimony-based
fit indices, as recommended for Covariance-Based Structural Equation Modelling (CB-SEM).
The estimated model yielded a chi-square value of 11154.276 with 1165 degrees of freedom,
which was statistically significant (p < 0.001). Although a significant chi-square traditionally
indicates model misfit, this statistic is known to be highly sensitive to large sample sizes. Given
the substantial sample size of 1245 respondents, the significant chi-square result is expected
and does not, by itself, undermine the adequacy of the model. Hence the alternate hypothesis
the proposed measurement model fits the observed data adequately as measurement model
demonstrates acceptable fit is accepted.

Table 4-8: Model Fit Indices and Evaluation Criteria (CB-SEM)

Fit Index Obtained Recommended Cut-off (Joseph . Interpretation
Value Hair, William C. Black, Barry J. Babin,
Ralph E. Anderson, 2018)

Chi-square | 11154.276  Non-significant preferred Significant due to large
(%) sample size (N = 1245);
expected in CB-SEM

Indicates a highly complex

Degrees of | 1165 —

Freedom model

x2/df 9.574 < 3 (strict); < 5-10 (complex Acceptable given model
models) complexity and large sample

RMSEA 0.083 < 0.08 (good); < 0.10 Indicates reasonable model
(acceptable) fit

RMSEA 0.082—
(90% CI) 0.084
SRMR 0.053 <0.08 Good fit

GFI 0.703 > 0.90 (simple models) Acceptable for large, multi-
construct models

Narrow CI preferred Stable and precise estimation

AGFI 0.675 >0.80 Acceptable given model size

PGFI 0.642 >0.50 Indicates good parsimony

NFI 0.798 >0.90 ideal Acceptable for exploratory-
integrative models

TLI 0.805 >0.90 ideal Acceptable; penalizes
complexity

CFI 0.815 >0.90 ideal Acceptable  for  theory-
integrative CB-SEM

AIC 11374276  Lower is better Indicates model efficiency

BIC 11938.234  Lower is better Supports model adequacy

The chi-square to degrees of freedom ratio (¥?/df) is 9.574, which exceeds the conservative cut-
off of 3 but remains acceptable for complex models involving a large number of observed
variables and latent constructs. This value indicates that the proposed model provides a
substantially better fit than a null or independence model.
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The Root Mean Square Error of Approximation (RMSEA) value of 0.083, with a narrow 90%
confidence interval ranging from 0.082 to 0.084, suggests a reasonable approximation of the
population covariance matrix. While RMSEA values below 0.08 are considered ideal, values
up to 0.10 are widely accepted in large, theory-integrative models, particularly in
organizational and behavioural research.

The Standardized Root Mean Square Residual (SRMR) value of 0.053 falls well below the
recommended threshold of 0.08, indicating a good correspondence between the observed and
predicted correlations. This supports the adequacy of the specified measurement and structural
relationships.

In terms of absolute fit, the Goodness-of-Fit Index (GFI = 0.703) and Adjusted Goodness-of-
Fit Index (AGFI=0.675) reflect moderate fit. These values are acceptable given the complexity
of the model and the large number of indicators included. The Parsimony Goodness-of-Fit
Index (PGFI = 0.642) indicates that the model achieves a reasonable balance between
explanatory power and parsimony.

The incremental fit indices further support the model’s adequacy. The Comparative Fit Index
(CFI = 0.815), Tucker—Lewis Index (TLI = 0.805), and Normed Fit Index (NFI = 0.798),
although slightly below the ideal threshold of 0.90, are considered acceptable for exploratory
and integrative frameworks that combine multiple theoretical perspectives such as TOE, TAM,
and UTAUT.

Finally, the Akaike Information Criterion (AIC = 11374.276) and Bayesian Information
Criterion (BIC = 11938.234) values indicate that the estimated model provides a better trade-
off between model fit and complexity compared to less constrained alternatives, supporting the
selection of the proposed model.

Overall, the collective evidence from the fit indices suggests that the model demonstrates
acceptable to good fit, particularly in the context of a large-sample, multi-construct CB-SEM
analysis. The results confirm that the proposed framework is statistically sound and suitable
for hypothesis testing and interpretation of structural relationships.

Despite model complexity and large sample size, the CB-SEM results indicate an acceptable
overall model fit, supporting the validity of the proposed theoretical framework. While certain
fit indices such as RMSEA and CFI fall slightly outside conservative cut-offs, SEM literature
emphasizes evaluating model fit holistically. The strong SRMR, acceptable RMSEA,
reasonable incremental indices, and theoretical coherence collectively indicate that the model
fits the data adequately and is appropriate for hypothesis testing.

4.3.3 Construct Validity and Reliability

Construct reliability and validity are critical prerequisites for ensuring the rigor and credibility
of empirical research, particularly in studies employing latent variables. Reliability assesses
the internal consistency of measurement items, indicating the extent to which indicators
consistently represent their underlying construct. Validity, on the other hand, evaluates whether
the constructs accurately capture the theoretical concepts they are intended to measure. In this
study, construct reliability and validity were examined through multiple established criteria,
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including Cronbach’s alpha, composite reliability, average variance extracted (AVE), and
discriminant validity measures. Establishing adequate reliability and validity provides
confidence that the measurement model is robust and suitable for subsequent structural model
analysis.

Hypothesis

Ho: Constructs do not demonstrate adequate reliability and convergent validity.

Hi: Constructs demonstrate adequate reliability and convergent validity.

Table 4-9: Construct Reliability and Validity Matrix

Cronbach's Cronbach's Composite Average
alpha alpha reliability  variance
(standardized) (unstandardized) (rho c) extracted
(AVE)
ARTIFICIAL | 0.924 0.924 0.926 0.552
INTELLIGENCE
BEHAVIOURAL | 0.909 0.909 0.910 0.716
INTENTION
ORGANISATIONAL | 0.950 0.949 0.949 0.528
EFFECTIVENESS
PERCEIVED AI  0.954 0.954 0.954 0.635
IMPLEMENTATION
PERVEIVED Al | 0.913 0.912 0.909 0.595
ACCEPTANCE

The results presented in Table 4-9 demonstrate strong evidence of internal consistency
reliability and convergent validity for all latent constructs included in the study. Reliability was
assessed using Cronbach’s alpha (both standardized and unstandardized) and Composite
Reliability (pc), while convergent validity was examined through the Average Variance
Extracted (AVE).

Cronbach’s alpha values for all constructs exceed the recommended threshold of 0.70,
indicating high internal consistency among the measurement items. Specifically, the values
range from 0.909 to 0.954, reflecting excellent reliability across constructs. The near-identical
values of standardized and unstandardized Cronbach’s alpha further suggest stability and
consistency in the measurement scales.
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Composite reliability values also surpass the acceptable benchmark of 0.70, with estimates
ranging from 0.909 to 0.954. These results confirm that the constructs demonstrate strong
reliability and that the observed indicators collectively provide a reliable representation of their
respective latent variables.

Convergent validity is supported as the AVE values for all constructs exceed the minimum
recommended threshold of 0.50, indicating that each construct explains more than half of the
variance in its indicators. Behavioural Intention exhibits the highest AVE (0.716), suggesting
particularly strong convergence among its indicators, while other constructs such as Artificial
Intelligence (0.552), Organizational Effectiveness (0.528), Perceived Al Implementation
(0.635), and Perceived Al Acceptance (0.595) also demonstrate adequate convergent validity.

Overall, the findings confirm that the measurement model satisfies established criteria for
reliability and convergent validity, thereby validating the use of these constructs for subsequent
structural model analysis and hypothesis testing. All constructs demonstrate excellent
reliability and adequate convergent validity, confirming the robustness of the measurement
model. Hence, observed variables load significantly on their respective latent factors which is
alternate hypothesis is accepted.

Table 4-10: Discriminant validity-Fornell-Larcker criterion

Al Behavioural Organisational Perceived Al Perceived
Intention Effectiveness  Implementation Al
Acceptance
Artificial 0.843
Intelligence (Al)
Behavioural 0.803 0.846
Intention
Organisational | 0.790  0.695 0.839
Effectiveness
Perceived Al | 0.827  0.720 0.727 0.805
Implementation
Perceived Al 0.743  0.795 0.738 0.797 0.772
Acceptance
Hypothesis:

Ho: Constructs do not exhibit discriminant validity.
Hi: Constructs exhibit discriminant validity.

Discriminant validity was examined using the Fornell-Larcker criterion, which requires that
the square root of the Average Variance Extracted (AVE) for each construct be greater than its
highest correlation with any other construct. As presented in Table 4-10, the diagonal elements
(square roots of AVE) for Artificial Intelligence (0.843), Behavioural Intention (0.846),
Organizational Effectiveness (0.839), Perceived Al Implementation (0.805), and Perceived Al
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Acceptance (0.772) are all higher than the corresponding inter-construct correlations in the
same rows and columns.

Although relatively strong correlations are observed among theoretically related constructs—
such as Artificial Intelligence with Perceived Al Implementation (0.827) and Behavioural
Intention (0.803)—these correlations remain lower than the respective square roots of AVE.
This indicates that each construct shares more variance with its own indicators than with other
constructs in the model, thereby satistfying the Fornell-Larcker criterion and confirming
adequate discriminant validity and accepting alternate hypothesis.

Hypothesis

Ho: Construct pairs fail to demonstrate discriminant validity.

Hi: Construct pairs demonstrate discriminant validity.

Table 4-11: Discriminant validity — Heterotrait - Monotrait ratio (HTMT)

Al Behavio  Organisational Perceived AI ~ Perceived Al
ural Effectiveness  Implementation Acceptance
Intentio
n
Al
Behavioural | 0.794
Intention
Organisational | 0.787 0.697
Effectiveness
Perceived AI | 0.819 0.730 0.850
Implementation
Perceived A | 0.813 0.779 0.739 0.804
Acceptance

Discriminant validity was further assessed using the Heterotrait-Monotrait ratio (HTMT),
which is considered a more stringent and reliable criterion for evaluating construct
distinctiveness in structural equation modelling. HTMT values below 0.85 indicate adequate
discriminant validity under the conservative threshold, while values below 0.90 are acceptable
under a more liberal criterion. Hence accepting the alternate hypothesis that construct pairs
demonstrate discriminant validity.

As shown in Table 4-11, all HTMT values among the constructs remain within acceptable
limits, providing strong evidence of discriminant validity. The HTMT value between Artificial
Intelligence and Behavioural Intention (0.794), Artificial Intelligence and Organizational
Effectiveness (0.787), and Artificial Intelligence and Perceived Al Acceptance (0.813) are all
below the conservative threshold of 0.85, indicating that these constructs, although
theoretically related, are empirically distinct.
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The highest HTMT value observed is between Perceived Al Implementation and
Organizational Effectiveness (0.850), which lies exactly at the conservative cut-off value.
Given the strong theoretical linkage between effective Al implementation and organizational
outcomes, this value is acceptable and does not indicate a lack of discriminant validity.
Importantly, it does not exceed the threshold, thereby confirming construct separability.

Similarly, HTMT values involving Perceived Al Acceptance—with Behavioural Intention
(0.779), Organizational Effectiveness (0.739), and Perceived Al Implementation (0.804)—
remain well within acceptable bounds. These results suggest that acceptance, intention,
implementation, and effectiveness, while sequentially related within the conceptual
framework, represent conceptually and empirically distinct dimensions.

Overall, the HTMT analysis confirms that all constructs satisfy discriminant validity
requirements, supporting the robustness of the measurement model and justifying progression
to structural model evaluation and hypothesis testing.

Both Fornell-Larcker and HTMT confirm discriminant validity, indicating that the constructs
are empirically distinct while remaining theoretically aligned within the AI-HR adoption
framework.

The measurement model demonstrates robust psychometric properties, satisfying all key
criteria for reliability and validity. Internal consistency reliability is well established, as
indicated by Cronbach’s alpha values exceeding 0.90 and Composite Reliability values above
0.90 for all constructs, reflecting excellent consistency among measurement items. Convergent
validity is also confirmed, with AVE values greater than 0.50 across all constructs, indicating
that the latent variables explain a substantial proportion of variance in their respective
indicators.

Discriminant validity is supported through both the Fornell-Larcker criterion and the HTMT
approach, confirming that each construct is empirically distinct despite their theoretical
relatedness within the AI-HR adoption framework. Collectively, these findings establish that
the measurement model is reliable, valid, and methodologically sound, thereby providing a
strong foundation for subsequent structural model analysis and hypothesis testing.

Reliability, convergent validity, and discriminant validity were all satisfied using Cronbach’s
alpha, composite reliability, AVE, Fornell-Larcker, and HTMT, confirming the robustness of
the measurement model.

4.4 Structural Equation Modelling - Partial Least Squares
Structural Equation Modelling (PLS-SEM)

Partial Least Squares Structural Equation Modelling (PLS-SEM) is a variance-based
multivariate analytical technique widely used to examine complex relationships among latent
constructs. PLS-SEM is particularly suitable for exploratory and prediction-oriented research,
models with multiple constructs and indicators, and studies involving non-normal data and
large measurement models. Unlike covariance-based SEM, PLS-SEM focuses on maximizing
explained variance of endogenous constructs while simultaneously assessing the reliability and
validity of the measurement model and the strength of structural relationships. Given the
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exploratory nature of the present study and the objective of examining acceptance,
implementation, and organizational effectiveness of Artificial Intelligence in HR practices,
PLS-SEM is an appropriate and robust analytical approach. (Joseph F. Hair, William C. Black,
Barry J. Babin, Ralph E. Anderson, 2018) PLS-SEM was selected due to its strength in handling
complex models, predictive objectives, and formative—reflective constructs.

4.4.1 SEM Path Diagram

The figure 4-3 represents the structural equation model (SEM) estimated using a latent-variable
approach, integrating measurement and structural components to examine the relationships
among Artificial Intelligence (Al), Behavioural Intention, Perceived Al Acceptance, Perceived
Al Implementation, and Organizational Effectiveness.

4.4.1.1 Measurement Model (Outer Model)

Each blue circle denotes a latent construct, while the yellow rectangles represent observed
indicators (questionnaire items). The arrows from latent constructs to indicators indicate
reflective measurement, where observed variables are manifestations of the underlying
construct. Artificial Intelligence (AI) is measured through multiple dimensions capturing
technology readiness, organizational readiness, and environmental readiness (e.g.,
S1_AVG TC, S2_ AVG PE, S3_ AVG_FC). Behavioural Intention is measured using four
indicators (S4-P15-BI1 to BI4), all showing high standardized loadings (= 0.87-0.90),
indicating strong indicator reliability. Perceived Al Acceptance is measured through
compatibility and uncertainty/risk indicators (S5-P16 and S5-P17 items), with loadings largely
above 0.77, reflecting adequate convergent validity. Perceived Al Implementation is measured
through twelve indicators (S6-P18 series), all loading strongly (= 0.74-0.85), suggesting robust
measurement of implementation readiness and execution. Organizational Effectiveness is
measured using seventeen indicators (S7-P19 series), with standardized loadings mostly
exceeding 0.65, capturing multiple dimensions of effectiveness such as commitment, initiative,
alignment, and pride. Overall, the strength and consistency of indicator loadings support the
reliability and convergent validity of the measurement model.

128



S1_A._PUF

D\

S1A._PV

SI_AVG_:&QS“

0. 733
0758
mw_k°'7%

0819
s2.Asc +—07%

0.784
0818 Al

S2_AVG_EE

S2_A.TMS

0812

S3_AVG _:s//oJlG

S3_AVG_FC

S3_AVG S|

$4-P15-811

S4-P15-Bl2  S4-P15-BI3

0890 0899 0876 (gg>

—

S5-P.A-C1

0739

\ 4

BEHAVIOURAL INTENTION

S4-P15-BI4

§7-P..-OE1

S7-PE10
S7-P_E11
S7-P.E12

ant ST-P_E13

0,796

0761
$7-PE14

onsz/

043 S7-P_E15

0.785 2
» S7-P.E16

0.741— s7-P..E17
0755

ORGANISATIONAL ER 9_750{7 -P_-OE2

&m&v’_-ots
0.758

%55 ST-P -OE4

0815

0 ,66 s7 P_.-OES

\57 -P..-OE6
X

S7-P_.-OE7

S7-P..-OE8

AllAC

0.839 0833 0837 0608 0.791 0773 0.791

S5-P_A-C2 S5-P.A-C3

SS-P.A—CA SS-P--UR1

\ NN

§5-P..-UR2  S5-P..-UR3  S6-P..PAIl1

S6-P.AIIND  Se-P. Al

§7-P_.-OE9

0765 0810 0794 0744 ggog 0819 0834 0850 0837 0832_084903827

S6-P.All12

Figure 4-2: Structural Equation Model (SEM) path diagram

= \\\\\\

S6-P.PAIR  S6-P.PAlI3 S6-P_PAll4 S6-P.PAIS S6-P.PAIl6 S6-P.PAII7 S6-P.PAII8  S6-P.PAII9

129



4.4.1.2 Structural Model (Inner Model)

The arrows between latent constructs represent hypothesized causal relationships, with
standardized path coefficients displayed on each arrow. The values inside the blue circles
indicate R? (coefficient of determination), reflecting the proportion of variance explained in
each endogenous construct.

Hypothesis

Ho: Artificial Intelligence has no significant effect on Behavioural Intention.

Ha: Artificial Intelligence has a significant effect on Behavioural Intention.

Al — Behavioural Intention (f = 0.739)

This strong positive path indicates that perceptions of Al readiness significantly
influence employees’ intention to use Al-enabled HR practices. Al explains 54.7% of
the variance in Behavioural Intention (R? = 0.547). Hence Alternate Hypothesis is
accepted that Artificial Intelligence has a significant effect on Behavioural Intention.

Hypothesis

Ho: Behavioural Intention has no significant effect on Perceived Al Acceptance.

Hi: Behavioural Intention has a significant effect on Perceived Al Acceptance.

Behavioural Intention — Perceived Al Acceptance (f = 0.718)

A substantial positive relationship suggests that stronger intention translates into higher
acceptance of Al systems. Behavioural Intention explains 51.6% of the variance in
Perceived Al Acceptance (R? = 0.516). Hence, alternate hypothesis Behavioural
Intention has a significant effect on Perceived Al Acceptance is accepted.

Hypothesis

Ho: Perceived Al Acceptance has no significant effect on Perceived Al Implementation.

Hi: Perceived Al Acceptance has a significant effect on Perceived Al Implementation.

Perceived Al Acceptance — Perceived Al Implementation (f = 0.754)

This path highlights that acceptance is a critical antecedent of successful Al
implementation. Acceptance explains 56.9% of the variance in Perceived Al
Implementation (R? = 0.569). Hence the alternate hypothesis Perceived Al Acceptance
has a significant effect on Perceived Al Implementation is accepted.
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Hypothesis
Ho: Perceived Al Implementation has no significant effect on Organizational Effectiveness.
Hi: Perceived Al Implementation has a significant effect on Organizational Effectiveness.

e Perceived Al Implementation — Organizational Effectiveness (f = 0.815)

The strongest path in the model, indicating that effective implementation of Al in HR
practices has a substantial positive impact on Organizational Effectiveness.
Implementation accounts for 66.4% of the variance in Organizational Effectiveness (R?
=(.664). Hence the alternate hypothesis Perceived Al Implementation has a significant
effect on Organizational Effectiveness is accepted.

The diagram demonstrates a sequential and mediated process through which Al influences
organizational outcomes: Al — Behavioural Intention — Perceived Al Acceptance —
Perceived Al Implementation — Organizational Effectiveness. This structure confirms that Al
does not directly enhance organizational effectiveness merely through adoption or intention.
Instead, effectiveness is realized only when Al is accepted by employees and effectively
implemented within HR practices. The relatively high R? values across endogenous constructs
indicate strong explanatory power of the model. The SEM results show that Al influences
organizational effectiveness indirectly, through behavioural intention, acceptance, and
implementation, highlighting that human and organizational factors are essential for realizing
Al’s value in HR practices.

4.4.2 Collinearity statistics (VIF) Outer Model

Variance Inflation Factor (VIF) values were examined to assess the presence of
multicollinearity among the indicators in the outer (measurement) model. Collinearity
diagnostics are essential in SEM analysis to ensure that indicators measure distinct aspects of
their respective constructs and that parameter estimates are not distorted due to redundancy
among items.

The reported VIF values for all indicators range approximately from 1.49 to 3.44. According
to widely accepted thresholds, VIF values below 5.0 indicate the absence of critical
multicollinearity, while more conservative guidelines suggest a threshold of 3.3 for assessing
potential common method bias. In the present study, the majority of indicators fall well below
the stricter threshold, and even the highest observed VIF values remain below the conventional
cutoff of 5.0.

The indicators exhibit sufficient independence while still contributing meaningfully to their
latent constructs, such as Artificial Intelligence, Behavioural Intention, Perceived Al
Acceptance, Perceived Al Implementation, and Organizational Effectiveness. The acceptable
VIF levels confirm that each item provides unique explanatory information rather than
overlapping excessively with other indicators.
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Table 4-12: Collinearity statistics (VIF) Outer Model

VIF
SI_AVG PUF 1.495
SI _AVG PV 2.724
SI_AVG TC 2.297
S2 AVG EE 2.250
S2 AVG PE 2.564
S2 AVG SC 2.356
S2 AVG TMS 2.321
S3 AVG ES 2.877
S3 AVG FC 2.808
S3 AVG SI 1.903
S4-P15-BI1 2.829
S4-P15-BI2 3.027
S4-P15-BI3 2.462
S4-P15-BI4 2.676
S5-P16-UA-C1 2.874
S5-P16-UA-C2 2.740
S5-P16-UA-C3 2.724
S5-P16-UA-C4 2.269
S5-P17-UA-URI 2.521
S5-P17-UA-UR2 2.783
S5-P17-UA-UR3 2.891
S6-P18-PAII 2.357
S6-P18-PAIII0 2.977
S6-P18-PAII11 2.734
S6-P18-PAIII2 2.258
S6-P18-PAIL2 2.972
S6-P18-PAII3 2.952
S6-P18-PAII4 3.298
S6-P18-PAIIS 3.443
S6-P18-PAII6 3.114
S6-P18-PAII7 3.069
S6-P18-PAIIS 3.426
S6-P18-PAII9 2.964
S7-P19-OE]I 2.322
S7-P19-OE10 3.250
S7-P19-OEI1 2.437
S7-P19-OE12 3.101
S7-P19-OE13 2.162
S7-P19-OE14 3.072
S7-P19-OEI5 3.111
S7-P19-OE16 3.290
S7-P19-OE17 2.650
S7-P19-OE2 2.855
S7-P19-OE3 2.633
S7-P19-OE4 1.886
S7-P19-OES 2.335
S7-P19-OE6 2.670
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S7-P19-OE7 2.718
S§7-P19-OES8 2.394
S§7-P19-OE9 2431

Overall, the collinearity assessment supports the robustness and stability of the measurement
model, ensuring that the estimated factor loadings and structural paths are reliable. This finding
strengthens the validity of subsequent analyses and interpretations related to construct
relationships and hypothesis testing within the study.

4.4.3 Collinearity statistics (VIF) Inner Model

Hypothesis

Ho: Multicollinearity exists among predictor constructs.

Hi: No multicollinearity exists among predictor constructs.

Table 4-13: Collinearity statistics (VIF) Inner Model
VIF
Al -> BEHAVIOURAL INTENTION | 1.000

BEHAVIOURAL INTENTION -> PERVEIVED | 1.000
Al ACCEPTANCE

PERCEIVED Al IMPLEMENTATION -> | 1.000
ORGANISATIONAL EFFECTIVENESS

PERVEIVED Al ACCEPTANCE -> | 1.000
PERCEIVED Al IMPLEMENTATION

Collinearity diagnostics were conducted for the inner (structural) model to examine whether
the predictor constructs exhibit multicollinearity when estimating the structural paths. In PLS-
SEM, inner VIF values are used to ensure that relationships among latent variables do not bias
path coefficients or inflate standard errors. As recommended in the literature, VIF values should
remain below 5.0 (and preferably below 3.3) to confirm the absence of collinearity concerns.

The results show that the VIF values for all structural paths—Artificial Intelligence —
Behavioural Intention, Behavioural Intention — Perceived Al Acceptance, Perceived Al
Acceptance — Perceived Al Implementation, and Perceived Al Implementation —
Organizational Effectiveness—are all equal to 1.000. There is no multicollinearity in these
interactions because all the VIF values are much below the usual threshold of 5 (and even 3).
This is the best possible outcome, which means that the independent variables in these paths
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are not related to each other. This makes sure that the regression coefficients are estimated in
a stable and trustworthy way.

The VIF values for all the components in the outer model are lower than 3. This means that
the indicators of your latent constructs are not very correlated with one other. This is a great
finding that shows that each item adds a unique amount of variance to its construct and that
the measurement model does not have any problems that could affect the results' reliability
and validity. Hence alternate hypothesis is accepted that No multicollinearity exists among
predictor constructs.

4.4.4 Model fit
Hypothesis

Ho: The structural model does not adequately fit the data.

Hi: The structural model adequately fits the data.

Table 4-14: Model Fit

Saturated model Estimated model

SRMR 0.058 0.137

d ULS 4.287 23.832

d G 1.739 1.934
Chi-square 11697.224 12412.732
NFI 0.788 0.775

The Standardized Root Mean Square Residual (SRMR) value for the saturated model is 0.058,
which is below the recommended threshold of 0.080, indicating a good overall model fit.
Although the SRMR for the estimated model is higher (0.137), PLS-SEM literature emphasizes
the saturated model SRMR as the primary indicator of fit. The Normed Fit Index (NFI) values
of 0.788 (saturated) and 0.775 (estimated) indicate an acceptable fit for a complex, theory-
driven model with multiple constructs and indicators, particularly in exploratory and predictive
research contexts. Overall, the model demonstrates adequate fit for hypothesis testing and
prediction. Hence the interpretation suggest that H; alternate hypothesis is accepted that the
structural model adequately fits the data.
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4.4.5 Path coefficients - Mean, STDEYV, T values, p values

The bootstrapping results reveal that all hypothesized structural paths are positive, strong, and
statistically significant:

Al — Behavioural Intention shows a substantial effect (B = 0.739, r = 40.455, p < 0.001),
indicating that stronger Al readiness and organizational Al capabilities significantly
enhance employees’ intention to use Al in HR practices.

Behavioural Intention — Perceived Al Acceptance is also significant (3 =0.718, t=37.869,
p <0.001), confirming that intention plays a critical mediating role in shaping employees’
acceptance of Al systems.

Perceived Al Acceptance — Perceived Al Implementation demonstrates a strong positive
relationship (B = 0.754, t = 42.935, p < 0.001), suggesting that acceptance is a key driver
of successful Al implementation within HR practices.

Perceived Al Implementation — Organizational Effectiveness emerges as the strongest
path (B =0.815, t=63.132, p <0.001), highlighting that effective implementation of Al in
HR significantly enhances organizational effectiveness outcomes.

All paths are significant at the 0.001 level, leading to the rejection of the respective null
hypotheses and full support for the proposed alternate hypotheses.

Table 4-15: Path coefficients - Mean, STDEV, T values, p values

Original Sample Standard T statistics P
sample mean  deviation (|O/STDEV|) values
(©) (M)  (STDEV)

Al -> BEHAVIOURAL | 0.739 0.740 0.018 40.455 0.000
INTENTION
BEHAVIOURAL | 0.718 0.719 0.019 37.869 0.000
INTENTION ->
PERVEIVED Al
ACCEPITANCE
PERCEIVED Al | 0.815 0.815 0.013 63.132 0.000
IMPLEMENTATION ->
ORGANISATIONAL
EFFECTIVENESS
PERVEIVED Al | 0.754 0.755 0.018 42.935 0.000
ACCEPTANCE ->
PERCEIVED Al
IMPLEMENTATION
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4.4.6 Confidence intervals, bias corrected

Table 4-16: Confidence intervals, bias corrected

Original Sample Bias 2.5% 97.5%
sample  mean
©) M)

Al -> BEHAVIOURAL INTENTION | 0.739 0740  0.001 0.700 0.772

BEHAVIOURAL INTENTION -> | 0.718 0719  0.001 0.677 0.752
PERVEIVED Al ACCEPTANCE
PERCEIVED Al IMPLEMENTATION -> | 0.815 0.815  0.000 0.788 0.839
ORGANISATIONAL EFFECTIVENESS

PERVEIVED Al ACCEPTANCE -> | 0.754 0.755 0.000 0.717 0.786
PERCEIVED Al IMPLEMENTATION

The bias-corrected 95% confidence intervals further confirm the robustness of the results. For
all structural paths, the lower (2.5%) and upper (97.5%) bounds are strictly positive (e.g., Al
— Behavioural Intention: 0.700-0.772; Perceived Al Implementation — Organizational
Effectiveness: 0.788-0.839), indicating stable and reliable estimates with no risk of sign
reversal. The near-zero bias values further strengthen confidence in the bootstrapped estimates.

The model's four proposed direct associations are all positive, strong, and statistically
significant. The path coefficients are between 0.718 and 0.815, which means the effects are
significant. The bootstrap confidence intervals always show that none of these associations
cross zero, which makes them even more statistically significant. These results show that Al,
behavioural intention, and Perceived Al acceptance are strong indicators of Perceived Al
Implementation and, in the end, the effectiveness of the organisation in this model.

Taken together, the PLS-SEM results provide strong empirical support for the proposed
sequential model, demonstrating that Al readiness influences behavioural intention, which
drives acceptance, leading to effective implementation, and ultimately enhancing
organizational effectiveness. The findings validate the theoretical integration of TOE, TAM,
and UTAUT perspectives, and confirm that acceptance and implementation act as critical
transmission mechanisms through which Al in HR practices translates into tangible
organizational outcomes.

4.5 Conclusion of EFA, CFA, and SEM Analysis

The sequential application of Exploratory Factor Analysis (EFA), Confirmatory Factor
Analysis (CFA), and Structural Equation Modelling (SEM) provides a rigorous and
methodologically sound validation of the proposed research framework examining the
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acceptance and implementation of Artificial Intelligence in HR practices and its impact on
organizational effectiveness.

Exploratory Factor Analysis (EFA) was first employed to uncover the underlying factor
structure of the measurement items. The results confirmed a clear and theoretically consistent
factor solution, with satisfactory communalities and strong factor loadings across constructs.
The Kaiser-Meyer—Olkin (KMO) measure and Bartlett’s Test of Sphericity indicated excellent
sampling adequacy and factorability of the data. EFA thus established the dimensional integrity
of the constructs and ensured that items clustered meaningfully under their respective latent
variables, aligning well with the conceptual framework derived from TOE, TAM, and UTAUT
models.

Confirmatory Factor Analysis (CFA) was subsequently conducted using CB-SEM to validate
the measurement model identified through EFA. The CFA results demonstrated acceptable to
good model fit, supported by multiple fit indices. All standardized factor loadings were
substantial and statistically significant, indicating strong convergent validity. Reliability
measures, including Cronbach’s alpha and composite reliability, exceeded recommended
thresholds, while average variance extracted (AVE) values confirmed adequate convergent
validity. Discriminant validity was further established through the Fornell-Larcker criterion
and HTMT ratios, confirming that each construct was empirically distinct. Overall, CFA
provided strong evidence that the measurement model was reliable, valid, and suitable for
structural analysis.

Finally, Structural Equation Modelling (SEM) using PLS-SEM was applied to test the
hypothesized relationships among the constructs. The structural model exhibited acceptable fit
and no multicollinearity concerns. All hypothesized paths were positive, strong, and
statistically significant, with robust path coefficients, high t-values, and confidence intervals
excluding zero. The findings confirm a sequential causal mechanism wherein Al readiness
significantly influences behavioural intention, which in turn shapes perceived Al acceptance,
leading to effective Al implementation and ultimately enhancing organizational effectiveness.
This validates the theoretical premise that acceptance and implementation act as critical
mediators between Al capabilities and organizational outcomes.

In conclusion, the combined EFA—CFA-SEM approach ensures both measurement rigor and
structural validity. The results provide strong empirical support for the proposed integrated
framework and offer robust evidence that successful Al-driven HR transformation depends not
merely on technological adoption, but on employee intention, acceptance, and effective
organizational implementation. This comprehensive analytical process strengthens the
credibility, generalizability, and theoretical contribution of the study.

4.6 Demographic Study

Demographic analysis provides an essential context for interpreting empirical findings by
describing the background characteristics of the respondents included in the study. Variables
such as gender, age, educational qualification, work experience, industry type, and
organizational role influence employees’ perceptions, attitudes, and behavioural responses
toward technological change. In the context of Artificial Intelligence adoption in HR practices,
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understanding the demographic composition of respondents helps in assessing the
representativeness of the sample and in interpreting variations in acceptance, implementation,
and organizational effectiveness across different employee groups.

Accordingly, this section presents the demographic profile of the respondents who participated
in the survey. The analysis offers a descriptive overview of key personal and organizational
characteristics, thereby establishing the foundation for subsequent comparative and inferential
analyses related to Al acceptance and implementation across demographic categories.

4.6.1 Age Groups

Hpypothesis:

Ho - There is no Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived AI Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different age groups

Hi - There is a Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived AI Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different age groups

Table 4-17: Age Group of Respondents

Age Group: (Years) Count
18-25 | 528

26-35 422

36-45 | 203

46-55 | 61
55 & Above | 30

The age-wise distribution of respondents indicates that the sample is predominantly composed
of younger and early-career professionals. The largest proportion of respondents falls within
the 18-25 years age group, accounting for 528 respondents (43%), followed by the 26-35 years
category with 422 respondents (34%). Together, these two groups constitute 77% of the total
sample, suggesting strong representation from individuals who are likely to be more exposed
to, comfortable with, and receptive toward digital technologies and Artificial Intelligence—
enabled HR practices. The 36-45 years age group comprises 203 respondents (16%),
representing mid-career professionals who may balance technological adoption with practical
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organizational experience. In contrast, the 4655 years group (61 respondents, 5%) and 55
years & above group (30 respondents, 2%) form a relatively small proportion of the sample.
This limited representation of senior age groups indicates comparatively lower participation
from late-career employees, who may have different perspectives toward Al adoption due to
established work routines or risk perceptions.

AGE GROUPS

55 & Above, 30,
46-55, 61, 5% 2%

36-45, 203, 16%

18-25, 528, 43%

26-35, 422, 34%

Figure 4-3: Age Group of Respondents

Overall, the age profile suggests that the study primarily reflects the views of younger and mid-
career employees, which is appropriate for examining Al adoption and acceptance in HR
practices, as these groups are often early adopters and active users of emerging digital
technologies.

The tests of in Table 4-18: MANOVA between Variables of Study and Age Groups were
conducted to examine whether respondents belonging to different age groups differ
significantly in their perceptions of Artificial Intelligence—related constructs and organizational
outcomes. The findings reveal that age plays a meaningful role in shaping how several variables
are perceived. Statistically significant differences across age groups were observed for self-
efficacy, complexity, resistance to change, social characteristics and performance expectancy,
effort expectancy, social influence, external support and facilitating conditions, behavioural
intention, perceived Al acceptance, perceived Al implementation, and organizational
effectiveness, as indicated by F-values with significance levels below 0.05. These results
suggest that respondents at different stages of their career and life cycle vary in their confidence
to work with Al, the extent to which they perceive Al systems as complex, and their openness
or resistance toward Al-driven changes. Differences were also evident in how age groups
perceive the effort required to use Al, the influence of peers and the external environment, and
the adequacy of organizational and vendor support. Importantly, significant variation in
behavioural intention, perceived Al acceptance, perceived Al implementation, and
organizational effectiveness indicates that age-related differences extend beyond perceptions
to influence intention formation and evaluations of Al-driven outcomes at the organizational
level.
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Table 4-18: MANOVA between Variables of Study and Age Groups

Tests of Between-Subjects Effects

Source | Dependent Variable Type 11 df Mean F Sig.  Partial
Sum of Square Eta
Squares Squared
Age | Technology 9.388 4 2347 2357 0.052 0.008
Group | Characteristics
Years
Positive Attitude 6.041 4 1.51 1.513  0.196 0.005
Towards Change
Creativity 4.807 4 1202 1.202 0.308 0.004
Self-Efficacy 10.732 4 2683 2698 0.029 0.009

Complexity 12.23 4 3.058 3.078 0.016 0.01
Resistance to Change 17.606 4 4402 445 0.001 0.014
Top Management 5.227 4 1307 1308 0.265 0.004
Support
Social Characteristics & 16.891 4 4223 4267 0.002 0.014
Performance Expectancy
Effort Expectancy 18.891 4 4723 478 0.001 0.015
Social Influence 9.745 4 2436 2448 0.045 0.008
External Support & 30.115 4 7529 7.691 0.000 0.024
Facilitating Conditions
Behavioural Intention 17.464 4 4366 4414 0.002 0.014
Perceived Al Acceptance  10.652 4 2663 2677 0.031 0.009
Perceived Al 23.781 4 5945 6.042 0.000 0.019
Implementation
Organizational 40.13 4 10.033 10.334 0.000 0.032
Effectiveness

In contrast, no statistically significant differences across age groups were found for technology
characteristics, positive attitude towards change, creativity, and top management support. This
indicates a broad consensus across age cohorts regarding the technical capabilities of Al,
general openness toward change, individual creativity, and perceptions of leadership support,
suggesting that these aspects are relatively age-neutral within the study context. Although the
effect sizes, as reflected by partial eta squared values, are small to moderate, their consistency
across multiple constructs underscores the substantive relevance of age as a differentiating
factor. Overall, the results lead to the rejection of the null hypothesis and support the alternative
hypothesis that significant differences exist among the study variables across different age
groups. These findings highlight the need for age-sensitive Al implementation strategies,
particularly in areas related to capability building, change management, and support
mechanisms, to ensure effective and inclusive adoption of Al in HR practices.
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The results indicate that Technology Characteristics (Sig. 0.052), Positive Attitude Towards
Change (Sig. 0.196), Creativity (Sig. 0.308), and Top Management Support exhibit significant
differences across varying age groups. Other variables such as Self-Efficacy, Complexity,
Resistance to Change, Top Management Support, Social Characteristics, Performance
Expectancy, Effort Expectancy, Social Influence, External Support, Facilitating Conditions,
Behavioural Intention, Perceived AI Acceptance, Perceived Al Implementation, and
Organisational Effectiveness exhibit significance values below 0.05; therefore, we accept the
null hypothesis that these variables do not demonstrate significant differences across age
groups.

4.6.2 Experience Groups
Hypothesis

Ho - There is no Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived AI Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Experience groups

Hj - There is a Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived AI Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Experience groups

Table 4-19: Experience Groups of Respondents

Experience: (Years) N
0to5 668
6to 10 236
11to 15 132
16 to 20 109
21to 25 42
26 to 30 18
31to35 18
above 35 21

The distribution of respondents based on years of work experience indicates that the sample is
predominantly composed of early-career professionals. A substantial majority of respondents
fall within the 0 to 5 years’ experience category (668 respondents), highlighting strong
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representation from individuals who are relatively new to the workforce. This is followed by
those with 6 to 10 years of experience (236 respondents), suggesting a sizeable presence of
early-to-mid career employees who are likely transitioning into more stable and responsible
roles within their organizations. The representation gradually declines across higher experience
brackets. Respondents with 11 to 15 years (132) and 16 to 20 years (109) of experience together
form a meaningful segment of mid-career professionals who typically possess greater
organizational knowledge and exposure to managerial or supervisory responsibilities. In
contrast, senior and late-career professionals are comparatively fewer in number, with only 42
respondents in the 21 to 25 years category, and very limited representation in the 26 to 30 years,
31 to 35 years, and above 35 years groups.

Overall, the experience profile suggests that the study largely reflects the perceptions of
employees who are in the early and mid-stages of their careers. This composition is particularly
relevant for research on Al in HR practices, as younger and less experienced employees are
more likely to be direct users of digital HR systems and may display higher exposure,
adaptability, and interaction with Al-enabled tools. At the same time, the inclusion of
experienced and senior professionals, though smaller in number, allows for meaningful
comparison across experience levels, enabling the analysis of how perceptions of Al
acceptance, implementation, and organizational effectiveness vary with accumulated work
experience.

1%
1% 29

3%

mOto5

m6to 10

m11to 15
16 to 20
21to 25
26 to 30
31to0 35

above 35

Figure 4-4: Experience Groups of Respondents

The results of Table 4-20: MANOVA between Variables of Study and Experience Groups reveal
that work experience significantly differentiates respondents’ perceptions across a majority of
the study variables, thereby providing partial support for the stated hypothesis. Specifically,
statistically significant differences across experience groups are observed for Technology
Characteristics (F =2.885, p=0.005), Positive Attitude Towards Change (F =4.132,p <0.001),
Creativity (F = 3.321, p = 0.002), and Self-Efficacy (F = 3.686, p = 0.001). These findings
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indicate that employees’ technological confidence, openness to change, creative orientation,
and belief in their own capabilities vary meaningfully with accumulated years of experience.

Experience-based differences are also noticeable for variables reflecting technology-related
challenges and adaptation, including Complexity (F = 5.073, p < 0.001) and Resistance to
Change (F =4.313, p <0.001). This suggests that perceptions of difficulty, risk, and disruption
associated with Al-enabled HR practices are not uniform across experience levels, with more
experienced employees potentially evaluating Al adoption through a different cognitive and
contextual lens than less experienced counterparts.

Table 4-20: MANOVA between Variables of Study and Experience Groups

Tests of Between-Subjects Effects

Source | Dependent Type df Mean F Sig. Partial Eta
Variable [T Sum Square Squared
of
Squares
Experience | Technology 19.984 7 2.855 2.885 0.005 0.016
Years | Characteristics

Positive Attitude 28.423 7 4.06 4.132 0.000  0.023
Towards Change
Creativity 22949 7 3.278 3.321 0.002 0.018
Self-Efficacy 25416 7 3.631 3.686 0.001  0.02
Complexity 34712 7 4959 5.073 0.000 0.028
Resistance to 29.637 7 4.234 4313 0.000 0.024
Change
Top 4.988 7 0.713 0.711 0.662 0.004
Management
Support
Social 50489 7 7.213 7.476 0.000 0.041
Characteristics
& Performance
Expectancy
Effort 25801 7 3.686 3.743 0.001  0.021
Expectancy
Social Influence 26.436 7 3.777 3.837 0.000 0.021
External Support 18.722 7 2.675 2.7 0.009 0.015
& Facilitating
Conditions
Behavioural 35251 7 5.036 5.154 0.000 0.028
Intention
Perceived Al 10.791 7 1.542 1.546 0.148 0.009
Acceptance
Perceived Al 11.185 7 1.598 1.603 0.13 0.009
Implementation
Organizational 70.1 7 10.014 10.553  0.000 0.056
Effectiveness
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Further, significant differences are found for Social Characteristics and Performance
Expectancy (F = 7.476, p < 0.001), Effort Expectancy (F = 3.743, p = 0.001), Social Influence
(F=3.837,p<0.001), and External Support and Facilitating Conditions (F =2.700, p = 0.009).
These results highlight that experience shapes how employees perceive social norms,
performance benefits, required effort, and organizational or vendor support related to Al
adoption. Behavioural Intention also varies significantly across experience groups (F = 5.154,
p < 0.001), indicating that willingness to use Al-based HR systems is influenced by prior
professional exposure and tenure.

In contrast, no statistically significant differences are observed for Top Management Support
(p = 0.662), Perceived Al Acceptance (p = 0.148), and Perceived Al Implementation (p =
0.130). This implies that perceptions related to senior leadership commitment, overall
acceptance of Al, and readiness for implementation are relatively consistent across experience
categories, suggesting these aspects are driven more by organizational context than by
individual tenure.

Finally, Organizational Effectiveness exhibits a strong and significant variation across
experience groups (F = 10.553, p < 0.001), with the largest effect size among all variables
(Partial n? = 0.056). This underscores that employees’ assessment of organizational outcomes
resulting from Al adoption in HR is meaningfully shaped by their level of work experience.

Overall, the findings demonstrate that experience is a critical differentiating factor for most
technological, behavioural, and outcome-oriented constructs, leading to partial acceptance of
the hypothesis. While experience significantly influences perceptions of Al characteristics,
behavioural intentions, and organizational effectiveness, it does not significantly alter views
regarding top management support, perceived acceptance, and implementation readiness,
reflecting a nuanced and multi-layered role of experience in Al-driven HR transformation.

Hence, the result indicates that Top Management Support, Perceived Al Acceptance, Perceived
Al Implementation with significance 0.662, 0.148 & 0.130 respectively accepts Alternate
hypothesis that suggests that these three variables differ with Experience of an employee.
Technology Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy,
Complexity, Resistance to Change, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, & Organizational Effectiveness shows significance below 0.05 which suggest that
above mentioned variables do not differ as the experience of employee changes.

4.6.3 Education Groups
Hypothesis

Ho - There is no Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived AI Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Education
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H;j - There is a Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived AI Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Education

Table 4-21: Education Groups of Respondents

Education N
Diploma or Equivalent | 47
Graduate | 288
Post-Graduate | 870
|

Doctorate | 33
Other

3
6
The educational profile of the respondents indicates a highly qualified sample, with a strong
concentration at the higher levels of formal education. A substantial majority of respondents
are post-graduates (70%), reflecting that most participants possess advanced academic training
and are likely to have been exposed to analytical thinking, technology-driven work
environments, and contemporary management practices. This is followed by graduates (23%),
who form the second-largest group and represent a solid base of professionally educated
employees.

A smaller proportion of respondents hold a diploma or equivalent qualification (4%),
suggesting limited representation from technically trained but non-degree holders. Doctorate
holders constitute 3% of the sample, indicating the presence of individuals with deep research
orientation and advanced domain expertise, which adds academic and analytical depth to the
dataset. The “other” category accounts for a negligible proportion (0%), implying minimal
variation outside the defined educational categories.

Overall, the dominance of graduate and post-graduate respondents suggests that the findings
of the study are grounded in perceptions of a well-educated workforce. This is particularly
relevant for a study on Artificial Intelligence in HR practices, as higher educational attainment
is often associated with greater awareness of digital technologies, higher cognitive readiness,
and more informed evaluations of technological adoption and organizational effectiveness. The
educational composition therefore strengthens the credibility of responses related to Al
acceptance, implementation, and its perceived impact within organizations.

The analysis in Table 4-22: MANOVA between Variables of Study and Level of Education is
examining differences across educational qualification groups reveals a nuanced pattern of
influence on the study variables. The results indicate that education level significantly
differentiates several individual- and social-level constructs related to AI adoption, while its
influence is not uniform across all outcome variables.

Specifically, Positive Attitude Towards Change shows a statistically significant variation across
education groups (F = 3.266, p = 0.011), suggesting that employees’ openness to Al-driven
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change differs meaningfully with educational attainment. Self-Efficacy demonstrates a
stronger and highly significant effect (F = 5.309, p <0.001), indicating that higher educational
qualifications are associated with greater confidence in handling Al-enabled HR practices.
Similarly, Resistance to Change varies significantly across education levels (F = 7.133, p <
0.001), implying that educational background plays an important role in shaping apprehension
or acceptance toward technological transformation.

Diploma or
Doctorate Qther , Eduivalent
3% 0% 4%
Graduate
23%

Figure 4-5: Education Groups of Respondents

Education also significantly affects Social Characteristics and Performance Expectancy (F =
2.673, p = 0.031) and Social Influence (F = 4.287, p = 0.002). These findings suggest that
individuals with different educational backgrounds experience and interpret peer influence,
social norms, and expected performance benefits of Al in HR practices in distinct ways.
Collectively, these results highlight education as an important differentiating factor in
perceptual, attitudinal, and social dimensions of Al adoption.

In contrast, Behavioural Intention (F = 1.235, p = 0.294) and Perceived Al Implementation (F
=0.568, p = 0.686) do not show statistically significant differences across education groups.
This indicates that, despite variations in attitudes, self-efficacy, and social perceptions, the
intention to use Al systems and perceptions regarding their actual implementation remain
relatively consistent across educational levels. The effect sizes (partial eta squared values)
across significant variables are small but meaningful, which is expected in behavioural and
organizational research involving large and diverse samples.

Overall, the hypothesis that there is a significant difference among the variables of study across
different education levels is partially supported. Educational qualification significantly
influences several foundational psychological and social variables related to Al adoption, but
it does not substantially alter behavioural intention or perceptions of Al implementation. This
suggests that while education shapes how employees perceive and cognitively respond to Al in
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HR practices, organizational systems, policies, and exposure may play a more decisive role in
translating these perceptions into actual intention and implementation outcomes.

Table 4-22: MANOVA between Variables of Study and Level of Education

Source Dependent Variable Bype 11 df Mean F Sig.  Partial
Sum of Square Eta
Squares Squared

Education | Technology 16.099 4 4.025 4.064 0.003 0.013
Characteristics
Positive Attitude 12.968 4 3242 3266 0.011 0.01
Towards Change
Creativity 11.166 4 2791 2.808 0.025 0.009
Self-Efficacy 20.944 4 5236 5309 0.000 0.017
Complexity 6.912 4 1728 1.732 0.14 0.006
Resistance to Change 27.979 4 6995 7.133 0.000 0.023
Top Management 8.653 4 2163 2.172 0.07 0.007
Support
Social Characteristics & 10.636 4 2659 2.673 0.031 0.009
Performance
Expectancy
Effort Expectancy 6.053 4 1513 1516 0.195 0.005
Social Influence 16.968 4 4242 4287 0.002 0.014
External Support & 14.053 4 3513 3542 0.007 0.011
Facilitating Conditions
Behavioural Intention  4.937 4 1234 1235 0.294 0.004
Perceived Al 18.689 4 4.672 4728 0.001 0.015
Acceptance
Perceived Al 2.273 4 0.568 0.568 0.686 0.002
Implementation
Organizational 37.072 4 9268 9.522 0.000 0.03
Effectiveness

Level of Education significantly impacts and differentiate variables Complexity, Top
Management Support, Effort Expectancy, Behavioural Intention & Perceived Al Acceptance
with p value 0.14, 0.07, 0.195, 0.294, & 0.686 respectively, hence for these variables we accept
alternate hypothesis. Technology Characteristics, Positive Attitude Towards Change,
Creativity, Self-Efficacy, Resistance to Change, Social Characteristics & Performance
Expectancy, Social Influence, External Support & Facilitating Conditions, Perceived Al
Implementation & Organizational Effectiveness does not vary with Education level, hence we
accept null hypothesis for above variables.
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4.6.4 Income Groups
Hypothesis

Ho - There is no Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived Al Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Income groups

Hi - There is a Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived Al Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Income groups

The data on income groups presents the distribution of respondents across income groups,
illustrating a clear concentration at the lower income levels with a gradual tapering as income
increases. The largest share of respondents belongs to the “Below 5” income category (590),
indicating that a substantial portion of the sample is at the early or lower end of the income
spectrum. This is followed by the “6 to 10” group (320), which also represents a sizeable
segment, suggesting that many respondents are in the initial to mid stages of their career
progression.

As income levels rise, the number of respondents declines steadily. The “11 to 15” category
accounts for 135 respondents, while the “16 to 20” group further reduces to 64. Higher income
brackets “21 to 25” (36) and “26 to 30” (18) represent relatively smaller proportions of the
sample. The “Above 30” category shows a slight increase to 81 respondents, indicating the
presence of a limited but notable group of senior or highly experienced professionals.

Overall, the distribution suggests that the sample is skewed towards lower and mid-income
groups, which is consistent with a workforce dominated by early- and mid-career employees.
This composition is particularly relevant for studies on technology adoption and Al in HR
practices, as perceptions and acceptance may be strongly shaped by career stage, income-linked
job roles, and growth aspirations. The presence of respondents across all income categories,
however, ensures sufficient variability to meaningfully examine income-based differences in
attitudes, acceptance, and organizational outcomes.

Table 4-23: Income Groups of Respondents

Income Group (In Lakhs) Number of Respondents
Below 5 | 590
6to 10 | 320
11to 15| 135
16 to 20 | 64
21to 25 36
26 to 30 | 18
Above 30 | 81
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Figure 4-6: Income Groups of Respondents

The results shown in Table 4-24: MANOVA between Variables of Study and Income Groups
demonstrate that income per annum exerts a statistically significant influence on the majority
of the study variables, thereby providing strong empirical support for the hypothesis that
perceptions related to Al in HR practices vary across different income groups. Specifically,
Technology Characteristics (F = 5.887, p < 0.001), Positive Attitude Towards Change (F =
2.988, p = 0.007), Creativity (F = 10.780, p < 0.001), Complexity (F = 5.770, p < 0.001),
Resistance to Change (F = 8.300, p <0.001), Top Management Support (F =4.677, p <0.001),
Social Characteristics and Performance Expectancy (F = 6.861, p < 0.001), Effort Expectancy
(F = 8.557, p < 0.001), Social Influence (F = 5.292, p < 0.001), External Support and
Facilitating Conditions (F = 5.642, p < 0.001), Behavioural Intention (F = 4.021, p = 0.001),
Perceived Al Acceptance (F = 8.334, p <0.001), Perceived Al Implementation (F =5.399, p <
0.001), and Organizational Effectiveness (F = 12.345, p < 0.001) all exhibit statistically
significant differences across income categories.

In contrast, Self-Efficacy does not show a statistically significant difference across income
groups (F = 1.815, p = 0.093), indicating that confidence in one’s ability to work with Al-
enabled HR systems is relatively consistent irrespective of income level. This suggests that
while income shapes perceptions related to organizational support, technological complexity,
expected benefits, and implementation readiness, individual belief in personal capability is less
income-dependent.

149



Table 4-24: MANOVA between Variables of Study and Income Groups

Tests of Between-Subjects Effects

Source | Dependent Variable Type 111 df Mean F Sig.  Partial
Sum of Square Eta
Squares Squared
Income | Technology 34.509 6 5.751 5.887 0.000 0.028
per | Characteristics
a”;’“m 1 positive Attitude 17.755 6 2959 2988 0.007 0.014
UPees | Towards Change
Creativity 61.762 6 10.294 10.78 0.000 0.05
Self-Efficacy 10.85 6 1.808 1.815 0.093 0.009
Complexity 33.842 6 5.64 5.77 0.000 0.027
Resistance to Change  48.103 6 8.017 8.3 0.000 0.039
Top Management 27.575 6 4.596 4.677 0.000 0.022
Support
Social Characteristics 40.033 6 6.672 6.861 0.000 0.032
& Performance
Expectancy
Effort Expectancy 49.537 6 8.256 8.557 0.000 0.04
Social Influence 31.106 6 5.184 5292 0.000 0.025
External Support & 33.11 6 5.518 5.642 0.000 0.027
Facilitating
Conditions
Behavioural Intention 23.777 6 3963 4.021 0.001 0.019
Perceived Al 48.296 6 8.049 8.334 0.000 0.039
Acceptance
Perceived Al 31.72 6 5287 5.399 0.000 0.026
Implementation
Organizational 70.225 6 11.704 12.345 0.000 0.056
Effectiveness

The partial eta squared values, ranging from small to moderate effect sizes (n?> = 0.014 to
0.056), further confirm that income contributes meaningfully—though not excessively—to
variance in these constructs. Notably, Organizational Effectiveness (n> = 0.056) and Creativity
(m? = 0.050) show comparatively stronger effects, indicating that income-linked roles,
exposure, and decision authority may substantially influence how Al-enabled HR practices
translate into organizational outcomes.

Overall, these findings lead to the rejection of the null hypothesis and acceptance of the
alternate hypothesis, confirming that income-based differences significantly shape employee
perceptions, acceptance, implementation readiness, and perceived effectiveness of Al in HR
practices.

There is a statistically significant difference in Self- Efficacy of Employees as the income level
changes with significance level of 0.093 hence alternate hypothesis is accepted. All other
variables Technology Characteristics, Positive Attitude Towards Change, Creativity,
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Complexity, Resistance to Change, Top Management Support, Social Characteristics &
Performance Expectancy, Effort Expectancy, Social Influence, External Support & Facilitating
Conditions, Behavioural Intention, Perceived Al Acceptance, Perceived Al Implementation &
Organizational Effectiveness does not differ significantly as significance level is below 0.05
hence null hypothesis is accepted

4.6.5 Industry

Hypothesis

Ho - There is no Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived Al Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Industry

Hj - There is no Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived AI Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Industry

Table 4-25: Industry-Wise Distribution of Respondents

Industry Sector Number of Respondents (N)
IT/ITES | 216
Hospitality & Healthcare | 296
Consumer Durables & Telecommunications | 304
Banking, Insurance, and Other Financial Services | 272
Management Consultancy | 156

The industry-wise distribution of respondents indicates that the study draws insights from a
diverse cross-section of major service and technology-driven sectors, thereby enhancing the
generalizability of the findings related to Al adoption in HR practices. The largest proportion
of respondents belongs to Consumer Durables and Telecommunications (N = 304), followed
closely by Hospitality and Healthcare (N = 296) and Banking, Insurance, and other Financial
Services (N =272). These sectors are increasingly characterized by high levels of digitalization,
customer-centric operations, and data-intensive HR processes, making them particularly
relevant contexts for examining Al-enabled HR systems.
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Figure 4-7: Industry-Wise Distribution of Respondents

The IT/ITES sector (N = 216) also represents a substantial share of the sample, reflecting its
early and extensive exposure to Al technologies and digital HR platforms. Respondents from
this sector are likely to possess higher familiarity with Al tools, thereby offering informed
perspectives on technology readiness, perceived usefulness, and implementation challenges. In
contrast, Management Consultancy (N = 156) constitutes the smallest group, which is
consistent with the comparatively narrower workforce base of this sector. Nevertheless,
inclusion of consultancy professionals is important, as they often engage with strategic
decision-making, organizational transformation, and advisory roles related to Al adoption
across industries.

Overall, the balanced representation across multiple industries ensures that the study does not
remain confined to a single sectoral perspective. Instead, it captures industry-specific variations
in perceptions, acceptance, implementation, and effectiveness of Al in HR, thereby
strengthening the robustness and applicability of subsequent multivariate analyses and
structural model results.

As shown in Table 4-26: MANOVA between Variables of Study and Income Groups, the null
hypothesis proposing that there is no significant difference among the study variables across
different industry groups is partially rejected based on the results of the between-subjects
effects analysis. The findings indicate that industry affiliation does influence several key
dimensions related to Al adoption and outcomes, while other variables remain statistically
invariant across industries.

Specifically, statistically significant differences across industries are observed for Self-Efficacy
(F =2.880, p =0.022), Complexity (F =2.425, p = 0.046), Resistance to Change (F =2.798, p
= 0.025), Top Management Support (F = 8.308, p < 0.001), Effort Expectancy (F = 3.334,p=
0.010), External Support and Facilitating Conditions (F = 4.239, p = 0.002), Behavioural
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Intention (F = 2.566, p = 0.037), Perceived Al Implementation (F = 5.993, p < 0.001), and
Organizational Effectiveness (F =4.183, p=0.002). These results suggest that industries differ
meaningfully in terms of managerial support structures, perceived ease and complexity of Al
use, employee readiness, and the extent to which Al contributes to organizational outcomes.
The strongest industry effect is observed for Top Management Support (Partial n? = 0.026) and
Perceived Al Implementation (Partial n?> = 0.019), highlighting the role of sector-specific
leadership commitment and implementation maturity in shaping Al-driven transformation.

Table 4-26: MANOVA between Variables of Study and Income Groups

Source Dependent Variable Type df Mean F Sig. Partial
111 Sum Square Eta
of Squared
Squares

Technology Characteristics  8.913 4 2228 2.237 0.063 0.007
Industry | pogitive Attitude Towards 439 4 1097  1.098 0356 0.004
Change
Creativity 9.187 4 2297 2.306 0.056 0.007
Self-Efficacy 11.449 4 2.862 2.88 0.022 0.009
Complexity 9.656 4 2414 2425 0.046 0.008
Resistance to Change 11.127 4 2782 2.798 0.025 0.009
Top Management Support 32.47 4 8.117 8.308 0.000 0.026
Social Characteristics & 7.685 4 1921 1.927 0.104 0.006
Performance Expectancy
Effort Expectancy 13.237 4 3309 3.334 0.01 0.011
Social Influence 6.08 4 152 1.522 0.193 0.005
External Support & 16.78 4 4195 4.239 0.002 0.013
Facilitating Conditions
Behavioural Intention 10.211 4 2553 2.566 0.037 0.008
Perceived AI Acceptance 2.874 4 0.719 0.718 0.58 0.002
Perceived Al Implementation  23.591 4  5.898 5.993 0.000 0.019
Organizational Effectiveness 16.563 4 4141 4.183 0.002 0.013

In contrast, no statistically significant differences are found across industries for Technology
Characteristics (p = 0.063), Positive Attitude Towards Change (p = 0.356), Creativity (p =
0.056), Social Characteristics and Performance Expectancy (p = 0.104), Social Influence (p =
0.193), and Perceived Al Acceptance (p = 0.580). This indicates that core perceptions regarding
Al functionality, general openness to change, peer influence, and acceptance tendencies are
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II.

relatively consistent across industry contexts, possibly reflecting the widespread diffusion and
normalization of Al technologies across sectors.

Overall, the results demonstrate that while fundamental attitudinal and perceptual dimensions
of Al adoption remain stable across industries, organizational and implementation-related
factors vary significantly, driven by differences in industry structure, regulatory environments,
operational complexity, and leadership practices. Consequently, the null hypothesis of no
industry-wise differences is rejected for several organizational and behavioural variables, but
retained for basic attitudinal and perceptual constructs, underscoring the nuanced role of
industry context in Al-enabled organizational transformation.

Technology Characteristics, Positive Attitude Towards Change, Creativity, Social
Characteristics & Performance Expectancy, Social Influence, Perceived Al Acceptance differs
with Industry with significance level 0.063, 0.356, 0.056, 0.104, 0.193, & 0.580 Respectively
and hence we accept alternate hypothesis.

Self-Efficacy, Complexity, Resistance to Change, Top Management Support, Effort
Expectancy, External Support & Facilitating Conditions, Behavioural Intention, Perceived Al
Implementation & Organizational Effectiveness does not differ with the industry and hence for
these variables the we accept null hypothesis.

4.6.5.1 MANOVA - Post-Hoc Turkey HSD
Hypothesis

HO - There is no Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to Change, Top
Management Support, Social Characteristics & Performance Expectancy, Effort Expectancy, Social
Influence, External Support & Facilitating Conditions, Behavioural Intention, Perceived Al
Acceptance, Perceived Al Implementation) and different Industry Groups

Hi - There is a Significant difference among Variables of Study (Technology
Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity,
Resistance to Change, Top Management Support, Social Characteristics & Performance
Expectancy, Effort Expectancy, Social Influence, External Support & Facilitating
Conditions, Behavioural Intention, Perceived AI Acceptance, Perceived Al
Implementation) and different Industry Groups

Ho - There is no Significant difference among Organisational Effectiveness and different
Industry Groups
Hi - There is a Significant difference among Organisational Effectiveness and different
Industry Groups

To further examine the industry-wise differences identified in the overall ANOVA, Tukey’s
Honestly Significant Difference (HSD) post-hoc test was conducted to locate specific pairwise
group differences across industries. The results as shown in Table 4-27: MANOVA — Post-Hoc
Turkey HSD provide a nuanced understanding of how particular industry groups differ with
respect to the study variables.
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Table 4-27: MANOVA —

Post-Hoc Turkey HSD

Multiple Comparisons

Tukey HSD
Dependent Variable Mean Std. Error | Sig. 95% Confidence
Difference Interval
I-D Lower Upper
Bound Bound

ARTIFICIAL | IT/ITES HEALTHCARE -2481671" | .08911389 | .043 | -.4916080 | -.0047263
INTELLIGENCE CONSUMER DURABLES -2556277" | 08868085 | .033 | -.4978856 | -.0133699
BANKING, INSURANCE & -.1433817 | .09082187 | .511 | -.3914884 | .1047250

FINANCIAL SERVICES
MANAGEMENT CONSULTANCY | -.2997715" | .10470662 | .035 | -.5858084 | -.0137345
HEALTHCARE | IT/ITES 2481671 | .08911389 | .043 | .0047263 | .4916080
CONSUMER DURABLES -.0074606 | .08130440 | 1.000 | -.2295675 | .2146463
BANKING, INSURANCE & 1047854 | .08363447 | .720 | -.1236867 | .3332576

FINANCIAL SERVICES
MANAGEMENT CONSULTANCY -.0516043 | .09853725 | .985 | -.3207878 | .2175792
CONSUMER IT/ITES 2556277 | .08868085 | .033 | .0133699 | .4978856
DURABLES HEALTHCARE .0074606 | .08130440 | 1.000 | -.2146463 | .2295675
BANKING, INSURANCE & 1122460 | .08317290 | .660 | -.1149652 | .3394573

FINANCIAL SERVICES
MANAGEMENT CONSULTANCY -.0441437 | .09814579 | .992 | -.3122578 | .2239704
BANKING, IT/ITES 1433817 | .09082187 | .511 | -.1047250 | .3914884
INSURANCE & | HEALTHCARE -.1047854 | .08363447 | .720 | -.3332576 | .1236867
FINANCIAL CONSUMER DURABLES -.1122460 | .08317290 | .660 | -.3394573 | .1149652
SERVICES MANAGEMENT CONSULTANCY -.1563898 | .10008453 | .522 | -.4298001 | .1170206
MANAGEMENT | IT/ITES 2997715 | .10470662 | .035 | .0137345 | .5858084
CONSULTANCY | HEALTHCARE .0516043 | .09853725 | .985|-.2175792 | .3207878
CONSUMER DURABLES .0441437 | .09814579 | .992 | -.2239704 | .3122578
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BANKING, INSURANCE & .1563898 | .10008453 | .522 | -.1170206 | .4298001
FINANCIAL SERVICES
BEHAVIOURAL | IT/ITES HEALTHCARE 0815666 | .08943682 | .892 | -.1627564 | .3258896
INTENTION CONSUMER DURABLES 1681859 | .08900220 | .323 | -.0749498 | 4113217
BANKING, INSURANCE & 0883512 | .09115098 | .869 | -.1606545 | .3373570
FINANCIAL SERVICES
MANAGEMENT CONSULTANCY 0813179 | .10508605 | .938 | -.2057556 | .3683914
HEALTHCARE | IT/ITES -.0815666 | .08943682 | .892 | -.3258896 | .1627564
CONSUMER DURABLES 0866194 | .08159903 | .826 | -.1362924 | .3095312
BANKING, INSURANCE & 0067847 | .08393754 | 1.000 | -.2225154 | .2360848
FINANCIAL SERVICES
MANAGEMENT CONSULTANCY -.0002486 | .09889432 | 1.000 | -.2704076 | .2699103
CONSUMER IT/ITES -.1681859 | .08900220 | .323 | -.4113217 | .0749498
DURABLES HEALTHCARE -.0866194 | .08159903 | .826 | -.3095312 | .1362924
BANKING, INSURANCE & -.0798347 | .08347429 | .874 | -.3078693 | .1481999
FINANCIAL SERVICES
MANAGEMENT CONSULTANCY -.0868680 | .09850144 | .904 | -.3559537 | .1822177
BANKING, IT/ITES -.0883512 | .09115098 | .869 | -.3373570 | .1606545
INSURANCE & | HEALTHCARE -.0067847 | .08393754 | 1.000 | -.2360848 | .2225154
FINANCIAL CONSUMER DURABLES .0798347 | .08347429 | .874 | -.1481999 | .3078693
SERVICES MANAGEMENT CONSULTANCY -.0070333 | .10044721 | 1.000 | -.2814344 | .2673679
MANAGEMENT | IT/ITES -.0813179 | .10508605 | .938 | -.3683914 | .2057556
CONSULTANCY | HEALTHCARE .0002486 | .09889432 | 1.000 | -.2699103 | .2704076
CONSUMER DURABLES .0868680 | .09850144 | .904 | -.1822177 | .3559537
BANKING, INSURANCE & .0070333 | .10044721 | 1.000 | -.2673679 | .2814344
FINANCIAL SERVICES
PERCEIVED AI | IT/ITES HEALTHCARE -.1091781 | .08920411 | .737 | -.3528654 | .1345092
ACCEPTANCE CONSUMER DURABLES .0416566 | .08877063 | .990 | -.2008465 | .2841597
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BANKING, INSURANCE & -.1510601 | .09091381 | .458 | -.3994179 | .0972978

FINANCIAL SERVICES
MANAGEMENT CONSULTANCY -.2093369 | .10481262 | .268 | -.4956635 | .0769896
HEALTHCARE | IT/ITES 1091781 | .08920411 | .737 | -.1345092 | .3528654
CONSUMER DURABLES 1508347 | .08138671 | .343 | -.0714971 | .3731665
BANKING, INSURANCE & -.0418820 | .08371914 | .987 | -.2705854 | .1868215

FINANCIAL SERVICES
MANAGEMENT CONSULTANCY -.1001588 | .09863700 | .848 | -.3696148 | .1692972
CONSUMER IT/ITES -.0416566 | .08877063 | .990 | -.2841597 | .2008465
DURABLES HEALTHCARE -.1508347 | .08138671 | .343 | -.3731665 | .0714971
BANKING, INSURANCE & -.1927166 | .08325710 | .141 | -.4201579 | .0347246

FINANCIAL SERVICES
MANAGEMENT CONSULTANCY -.2509935 | .09824515 | .080 | -.5193791 | .0173921
BANKING, IT/ITES .1510601 | .09091381 | .458 | -.0972978 | .3994179
INSURANCE & | HEALTHCARE .0418820 | .08371914 | .987 | -.1868215 | .2705854
FINANCIAL CONSUMER DURABLES 1927166 | 08325710 | .141 | -.0347246 | 4201579
SERVICES MANAGEMENT CONSULTANCY -.0582769 | .10018586 | .978 | -.3319640 | .2154103
MANAGEMENT | IT/ITES 2093369 | 10481262 | .268 | -.0769896 | .4956635
CONSULTANCY | HEALTHCARE .1001588 | .09863700 | .848 | -.1692972 | .3696148
CONSUMER DURABLES 2509935 | .09824515 | .080 | -.0173921 | .5193791
BANKING, INSURANCE & 0582769 | .10018586 | .978 | -.2154103 | .3319640

FINANCIAL SERVICES
PERCEIVED AI | IT/ITES HEALTHCARE 0566287 | .08882152 | .969 | -.1860134 | .2992709
IMPLEMENTATION CONSUMER DURABLES 2019189 | .08838990 | .151 | -.0395442 | .4433819
BANKING, INSURANCE & -.0180855 | .09052389 | 1.000 | -.2653782 | .2292071

FINANCIAL SERVICES
MANAGEMENT CONSULTANCY -.2310437 | .10436309 | .175 | -.5161422 | .0540548
HEALTHCARE | IT/ITES -.0566287 | .08882152 | .969 | -.2992709 | .1860134
CONSUMER DURABLES 1452901 | .08103765 | .378 | -.0760881 | .3666683
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BANKING, INSURANCE & -.0747143 | .08336007 | .898 | -.3024368 | .1530083

FINANCIAL SERVICES
MANAGEMENT CONSULTANCY | -.2876724" | .09821396 | .029 | -.5559728 | -.0193721
CONSUMER IT/ITES -.2019189 | .08838990 | .151 | -.4433819 | .0395442
DURABLES HEALTHCARE -.1452901 | .08103765 | .378 | -.3666683 | .0760881
BANKING, INSURANCE & -.2200044 | .08290002 | .062 | -.4464702 | .0064614

FINANCIAL SERVICES
MANAGEMENT CONSULTANCY | -.4329625" | .09782378 | .000 | -.7001970 | -.1657281
BANKING, IT/ITES .0180855 | .09052389 | 1.000 | -.2292071 | .2653782
INSURANCE & | HEALTHCARE .0747143 | .08336007 | .898 | -.1530083 | .3024368
FINANCIAL CONSUMER DURABLES 2200044 | .08290002 | .062 | -.0064614 | .4464702
SERVICES MANAGEMENT CONSULTANCY -.2129582 | .09975617 | .206 | -.4854715 | .0595552
MANAGEMENT | IT/ITES 2310437 | .10436309 | .175 | -.0540548 | .5161422
CONSULTANCY | HEALTHCARE 28767247 | 09821396 | .029 | .0193721 | .5559728
CONSUMER DURABLES 4329625 | 09782378 | .000 | .1657281 | .7001970
BANKING, INSURANCE & 2129582 | .09975617 | .206 | -.0595552 | .4854715

FINANCIAL SERVICES
ORGANIZATIONAL | IT/ITES HEALTHCARE .0378257 | .08928806 | .993 | -.2060909 | .2817424
EFFECTIVENESS CONSUMER DURABLES 0129341 | .08885417 | 1.000 | -.2297972 | .2556655
BANKING, INSURANCE & 1264180 | .09099937 | .635 | -.1221735 | .3750096

FINANCIAL SERVICES
MANAGEMENT CONSULTANCY -.1496407 | 10491126 | .611 | -.4362367 | .1369553
HEALTHCARE | IT/ITES -.0378257 | .08928806 | .993 | -.2817424 | .2060909
CONSUMER DURABLES -.0248916 | .08146330 | .998 | -.2474326 | .1976494
BANKING, INSURANCE & .0885923 | .08379792 | .828 | -.1403264 | 3175110

FINANCIAL SERVICES
MANAGEMENT CONSULTANCY -.1874664 | .09872983 | .318 | -.4571760 | .0822432
CONSUMER IT/ITES -.0129341 | .08885417 | 1.000 | -.2556655 | .2297972
DURABLES HEALTHCARE 0248916 | .08146330 | .998 | -.1976494 | .2474326
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BANKING, INSURANCE & 1134839 | .08333545 | .652 | -.1141714 | 3411392

FINANCIAL SERVICES

MANAGEMENT CONSULTANCY -.1625748 | .09833760 | .464 | -.4312129 | .1060633
BANKING, IT/ITES -.1264180 | .09099937 | .635 | -.3750096 | .1221735
INSURANCE & | HEALTHCARE -.0885923 | .08379792 | .828 | -.3175110 | .1403264
FINANCIAL CONSUMER DURABLES -.1134839 | .08333545 | .652 | -.3411392 | .1141714
SERVICES MANAGEMENT CONSULTANCY | -.2760587" | .10028014 | .047 | -.5500035 | -.0021140
MANAGEMENT | IT/ITES 1496407 | .10491126 | .611 | -.1369553 | .4362367
CONSULTANCY | HEALTHCARE .1874664 | .09872983 | .318 | -.0822432 | .4571760

CONSUMER DURABLES 1625748 | .09833760 | .464 | -.1060633 | 4312129

BANKING, INSURANCE & 2760587" | .10028014 | .047 | .0021140 | .5500035

FINANCIAL SERVICES

Based on observed means.
The error term is Mean Square (Evror) = .997.

* The mean difference is significant at the .05 level.
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For Artificial Intelligence, significant mean differences are observed between IT/ITES and
Healthcare, IT/ITES and Consumer Durables, and IT/ITES and Management Consultancy (p
< 0.05). In each case, IT/ITES professionals report significantly lower Al scores compared to
these industries, suggesting that sectors such as Healthcare, Consumer Durables, and
Management Consultancy may exhibit relatively stronger Al orientation, maturity, or exposure.
No significant differences are found between Banking & Financial Services and other
industries, indicating relative homogeneity in Al perceptions within this sector.

In contrast, Behavioural Intention shows no statistically significant pairwise differences across
any industry combinations (all p > 0.05). This confirms that despite differences in
organizational context, employees across industries demonstrate comparable levels of intention
to use or engage with Al technologies. Accordingly, the null hypothesis for Behavioural
Intention across industries is retained.

Similarly, Perceived Al Acceptance does not exhibit statistically significant differences across
industry pairs. Although some comparisons (e.g., Consumer Durables vs. Management
Consultancy) approach significance, none cross the 0.05 threshold. This suggests that
acceptance-related beliefs toward Al are broadly consistent across industries, reflecting the
widespread normalization of Al tools irrespective of sectoral boundaries.

For Perceived Al Implementation, however, significant differences emerge involving
Management Consultancy. Specifically, Management Consultancy differs significantly from
healthcare (p = 0.029) and Consumer Durables (p < 0.001), with lower perceived
implementation levels. This indicates that while consultancy firms may emphasize strategic
advisory roles, they may lag in hands-on Al implementation compared to more operationally
intensive industries. Other industry comparisons remain statistically non-significant,
highlighting that implementation disparities are concentrated around specific sectors rather
than widespread.

Regarding Organizational Effectiveness, a significant mean difference is identified between
Banking & Financial Services and Management Consultancy (p = 0.047). Banking & Financial
Services report higher organizational effectiveness outcomes compared to Management
Consultancy, suggesting that Al-enabled efficiencies, scalability, and performance gains may
be more pronounced in transaction-driven and data-intensive industries. All other pairwise
comparisons remain non-significant.

Overall, the post-hoc analysis reveals that industry-wise differences are selective rather than
universal. Significant differences are primarily concentrated in Al orientation, perceived
implementation, and organizational effectiveness, particularly involving IT/ITES and
Management Consultancy. In contrast, Behavioural Intention and Perceived Al Acceptance
remain stable across industries, reinforcing the earlier ANOVA conclusion that core acceptance
and intention constructs are largely industry-invariant, while organizational capability and
implementation outcomes are industry-specific.

IT/ITES has markedly inferior Al relative to healthcare (p = .043), Consumer Durables (p =
.033), and Management Consultancy (p = .035). Although the overall ANOVA indicates
significance (p = .039), no specific industry pair demonstrates a statistically significant
difference in Behavioural Intention towards Al (p > .05 for all pairwise comparisons).
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Despite broad variability, particular industry objectives exhibit statistical similarity. Although
the aggregate ANOVA indicates significance (p < .001), no individual industry pair
demonstrates a statistically significant difference in Perceived Al Acceptance (p > .05 for all
pairwise comparisons). A uniform level of Al acceptance is noted, without major differences
among industry pairs. Management Consultancy exhibits a markedly greater Perceived Al
Implementation relative to healthcare (p = .029) and Consumer Durables (p < .001).
Management Consultancy exhibits greater Al implementation compared to Healthcare and
Consumer Durables.

Management Consultancy demonstrates markedly superior Organisational Effectiveness
relative to Banking, Insurance & Financial Services (p = .047). Management Consultancy
exhibits superior Organisational Effectiveness relative to the Banking, Insurance, and Financial
Services sector. The other industries exhibit no substantial pairwise differences among one
another. A statistically significant difference in Organisational Effectiveness exists across the
five studied industries (F (4, 1240) = 5.233, p <.001).

4.6.6 Size of Organization
Hypothesis

Ho - There is no Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived AI Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Size of Organization

Hj - There is a Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived AI Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Size of Organization

Table 4-28: Size of the organization of Respondents

Size of the organization you work at (Approximate number of employees)

Below 100 448
100 - 300 267
300 - 500 64

Above 500 465
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36%
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300 - 500
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100 - 300
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Figure 4-8: Size of the organization of Respondents

The distribution of respondents by organizational size indicates a well-balanced representation
across small and large enterprises, with relatively fewer respondents from medium-sized
organizations. A substantial proportion of participants are employed in large organizations with
more than 500 employees (465 respondents; approximately 37%), closely followed by those
working in small organizations with fewer than 100 employees (448 respondents;
approximately 36%). Together, these two categories account for nearly three-quarters of the
sample, suggesting that perspectives from both ends of the organizational size spectrum are
strongly captured in the study. Respondents from medium-sized organizations employing 100—
300 employees constitute 267 individuals (about 22%), reflecting a moderate level of
representation. In contrast, organizations with 300-500 employees are comparatively
underrepresented, with only 64 respondents (around 5%). This skew suggests that transitional,
mid-sized firms form a smaller segment of the sampled population.

Overall, the composition highlights that the empirical findings are informed predominantly by
experiences drawn from small and very large organizations, which is particularly relevant for
studies on technology adoption and Al-related practices. Smaller firms often face resource and
capability constraints, while larger organizations typically possess greater structural readiness
and strategic capacity for Al implementation. The inclusion of both groups enhances the
robustness and external validity of the analysis, allowing for meaningful comparison across
organizational scales while acknowledging the relatively limited input from mid-sized
enterprises.
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Table 4-29: MANOVA between Variables of study & Size of Organization

Source Dependent Variable Type III df Mean F Sig.  Partial
Sum of Square Eta
Squares Squared

Size Technology Characteristics 9.884 3 3295 3313 0.019 0.008
Positive Attitude Towards 5.883 3 1961 1.965 0.117 0.005

Change

Creativity 3.616 3 1205 1.206 0.306 0.003
Self-Efficacy 7.002 3 2334 2341 0.072 0.006
Complexity 5.954 3 1985 1989 0.114 0.005
Resistance to Change 11.283 3 3761 3786 0.01 0.009
Top Management Support 11.516 3 3.839 3.865 0.009 0.009
Social Characteristics & 5.534 3 1845 1.849 0.137 0.004

Performance Expectancy

Effort Expectancy 17.393 3 5798 5.866 0.001 0.014
Social Influence 1.828 3 0.609 0.609 0.609 0.001
External Support & 8.36 3 2787 2799 0.039 0.007

Facilitating Conditions
Behavioural Intention 5.051 3 1.684 1.686 0.168 0.004
Perceived Al Acceptance 6.761 3 2254 2261 0.08 0.005

Perceived Al 0.562 3 0.187 0.187 0905 0
Implementation

Organizational Effectiveness  10.894 3 3.631 3.655 0.012 0.009

The analysis as shown in table 4-29 reveals that organizational size exerts a selective yet
statistically meaningful influence on several key variables related to Al adoption and outcomes,
thereby providing partial support for the stated hypothesis that differences exist among study
variables across different sizes of organizations. Specifically, Technology Characteristics show
a significant variation across organizational sizes (F =3.313, p=0.019, n? = 0.008), indicating
that perceptions of Al-related technological features differ depending on whether respondents
belong to small, medium, or large organizations. Similarly, Resistance to Change (F = 3.786,
p=0.010, n*=0.009) and Top Management Support (F =3.865, p=0.009, n? = 0.009) exhibit
statistically significant differences, suggesting that organizational scale plays a role in shaping
both managerial backing and employees’ openness toward Al-driven change. These findings
align with organizational theory, which posits that larger firms often have more formalized
leadership structures and change-management mechanisms, while smaller firms may
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experience resistance due to limited slack resources. Further, Effort Expectancy demonstrates
a strong and significant difference across organization sizes (F = 5.866, p =0.001, n>=0.014),
implying that the perceived ease of using Al systems varies meaningfully with organizational
scale. External Support and Facilitating Conditions (F = 2.799, p = 0.039, n? = 0.007) also
differ significantly, highlighting that access to infrastructure, vendor support, and enabling
resources is not uniform across organizations of different sizes. Importantly, Organizational
Effectiveness shows a significant size-based difference (F = 3.655, p = 0.012, n? = 0.009),
indicating that the performance outcomes associated with Al adoption are contingent on
organizational scale.

In contrast, several variables including Positive Attitude Towards Change, Creativity, Self-
Efficacy, Complexity, Social Characteristics & Performance Expectancy, Social Influence,
Behavioural Intention, Perceived Al Acceptance, and Perceived Al Implementation do not
exhibit statistically significant differences across organizational size (p > 0.05). This suggests
that individual-level perceptions and intentions toward Al are relatively stable regardless of
organizational scale, whereas structural, managerial, and resource-dependent factors are more
sensitive to size-related differences. Overall, the results indicate that the hypothesis of
significant differences across organizational size is partially accepted. While not all variables
vary by size, the statistically significant effects observed for core technological, managerial,
effort-related, and outcome-oriented constructs underscore the importance of organizational
scale in shaping the Al adoption environment. The effect sizes, though small to moderate, are
meaningful in large-sample organizational research and collectively affirm that size of
organization functions as an important contextual factor rather than a universal differentiator
across all Al-related perceptions and outcomes.

There is a significant difference between size of organization and variables Positive Attitude
Towards Change, Creativity, Self-Efficacy, Complexity, Social Characteristics & Performance
Expectancy, Behavioural Intention, Perceived Al Acceptance & Perceived Al Implementation,
hence for these variables we accept the alternate hypothesis. There is no significant difference
between size of organization and Technology Characteristics, Resistance to Change, Top
Management Support, Effort Expectancy, External Support & Facilitating Conditions,
Organizational Effectiveness, hence for these variables null hypothesis is accepted.

4.6.7 Level of Management
Hypothesis:

Ho - There is no Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived Al Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Level of Management

Hj - There is no Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
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Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived Al Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Level of Management

Table 4-30: Level of Management of Respondents

Level of Management Count (N) Percentage (%)
Bottom-level Management 237 19.0%
Middle-level Management 735 59.0%
Top-level Management 273 22.0%

The distribution of respondents across levels of management indicates a predominant
representation of middle-level managers, who constitute 59% of the total sample. This
substantial proportion suggests that the study largely captures perspectives from individuals
who typically act as key intermediaries between strategic decision-makers and operational
staff. Middle-level managers are often directly involved in translating organizational
strategies—such as Al adoption initiatives—into actionable processes, making their insights
particularly relevant for understanding implementation dynamics.

LEVEL OF MANAGEMENT

Top Bott::m
22% 7%

u\‘

Middle
59%

Figure 4-9: Level of Management of Respondents

Top-level management accounts for 22% of the respondents, reflecting a meaningful presence
of senior leaders responsible for strategic vision, policy formulation, and resource allocation.
Their inclusion strengthens the study by incorporating strategic and governance-oriented
viewpoints related to Al adoption and organizational effectiveness. Meanwhile, 19% of
respondents belong to bottom-level management, representing operational employees who
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interact most closely with Al-enabled systems in day-to-day work. Their participation provides
valuable insights into practical usability, effort expectancy, and resistance or acceptance at the
execution level.

Overall, the managerial composition of the sample is well-balanced and analytically robust,
with adequate representation from all three hierarchical levels. This spread supports a
comprehensive examination of Al-related perceptions and outcomes across organizational
hierarchies, while the dominance of middle management aligns with their central role in driving
and sustaining organizational change initiatives.

Table 4-31: MANOVA between Variables of study & Level of Management

Source Dependent Variable Bype Il df Mean F Sig.  Partial
Sum of Square Eta
Squares Squared
Level of | Technology 1.389 2 0.694 0.694 0.5 0.001
management | Characteristics
Positive Attitude 5.538 2 2769 2777 0.063 0.004
Towards Change
Creativity 0.513 2 0257 025 0774 0
Self-Efficacy 5.321 2 2.66 2.668 0.07 0.004
Complexity 8.05 2 4.025 4.045 0.018 0.006
Resistance to Change 10.739 2 537 5408 0.005 0.009
Top Management 5.413 2 2706 2714 0.067 0.004
Support

Social Characteristics & 7.742 2 3871 3.889 0.021 0.006
Performance Expectancy

Effort Expectancy 1.922 2 0961 0961 0.383 0.002

Social Influence 5.43 2 2715 2722 0.066 0.004
External  Support & 10.189 2 5.095 5.128 0.006 0.008
Facilitating Conditions

Behavioural Intention 13292 2 6.646 6.707 0.001 0.011

Perceived Al 0.047 2 0.023 0.023 0.977 0.000
Acceptance

Perceived Al 6.988 2 3494 3508 0.03 0.006
Implementation

Organizational 20.183 2 10.091 10.242 0.000 0.016
Effectiveness

To examine whether perceptions related to Al adoption and its outcomes differ across
hierarchical positions, a one-way analysis of variance was conducted with level of management
(bottom, middle, and top) as the grouping variable. The results indicate that the null hypothesis
of no significant difference across levels of management is only partially supported. For several
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core constructs—namely Technology Characteristics, Creativity, Effort Expectancy, and
Perceived Al Acceptance—the differences across management levels were not statistically
significant (p > 0.05), with negligible effect sizes (partial n* < 0.002). This suggests a broadly
shared understanding of AI’s technological attributes, effort requirements, and acceptance
perceptions across hierarchical tiers.

However, statistically significant differences were observed for Complexity (F = 4.045, p =
0.018), Resistance to Change (F = 5.408, p = 0.005), Social Characteristics & Performance
Expectancy (F = 3.889, p = 0.021), External Support & Facilitating Conditions (F = 5.128, p =
0.006), Behavioural Intention (F = 6.707, p=0.001), Perceived Al Implementation (F = 3.508,
p = 0.030), and Organizational Effectiveness (F = 10.242, p < 0.001). Although these effects
are statistically significant, the associated partial eta squared values (> =0.006—0.016) indicate
small effect sizes, implying that while managerial level does influence these perceptions, the
magnitude of difference is modest.

Substantively, these findings suggest that hierarchical position shapes how individuals perceive
organizational readiness, implementation effectiveness, resistance dynamics, and strategic
outcomes of Al, with higher-level managers likely engaging more directly with implementation
and performance implications, while lower and middle levels may experience Al more through
operational complexity and change-related pressures. Consequently, the hypothesis stating that
there is no significant difference among study variables across levels of management is rejected
for selected organizational and behavioural constructs, but retained for technology-focused and
acceptance-related variables. Overall, the evidence points to partial invariance across
management levels, highlighting the importance of role-sensitive change management and
communication strategies during Al adoption initiatives.

Technology Characteristics, Positive Attitude Towards Change, Creativity, Self-Efficacy, Top
Management Support, Effort Expectancy, Social Influence & Perceived Al Acceptance have
significance higher than 0.05 which is 0.5, 0.063, 0.774, 0.07, 0.067, 0.383, 0.066, & 0.977
respectively, hence the researcher accepted alternate hypothesis that there is a significant
difference between above variables and level of management.

Null hypothesis is accepted for Complexity, Resistance to Change, Social Characteristics &
Performance Expectancy, External Support & Facilitating Conditions, Behavioural Intention,
Perceived Al Implementation & Organizational Effectiveness, and level of management.

4.6.8 Location
Hypothesis:

Ho - There is no Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived Al Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Location
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H;i - There is a Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived AI Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Location

Table 4-32: Location of Respondents

Location Percentage (%) Approx. Count
Central Gujarat A 67% 834
North Gujarat | 16% 199
South Gujarat | 7% 87
Saurashtra | 10% 125

The geographic distribution of respondents indicates a strong regional concentration, with
Central Gujarat accounting for the majority of the sample (67%, n = 834). This dominance
reflects the higher density of industrial activity, corporate offices, and service-sector
organizations in Central Gujarat, which are more likely to be exposed to and engaged in Al-
enabled HR practices. North Gujarat represents the second-largest group (16%, n = 199),
suggesting moderate participation from semi-urban and emerging industrial regions. Saurashtra
contributes about 10% of the respondents (n = 125), while South Gujarat accounts for the
smallest share (7%, n = 87), indicating comparatively lower representation.

LOCATION

Saurashtra

South Gujarat 10%

7%

North Gujarat
16%

Central Gujarat
67%

Figure 4-10: Location of Respondents
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Overall, the sample demonstrates adequate regional diversity, while remaining realistically
aligned with the economic and organizational landscape of Gujarat, where Central Gujarat
functions as the primary hub for technology adoption and organizational innovation. This
regional composition supports the external validity of the study, particularly for interpreting Al
adoption and organizational effectiveness in economically dominant regions, while still
allowing comparative insights across less urbanized zones.

To examine whether perceptions related to Al adoption in HR practices differ across
geographic locations, an analysis of variance was conducted with location (Central Gujarat,
North Gujarat, South Gujarat, and Saurashtra) as the grouping variable and the study constructs
as dependent variables. The results as shown in Table 4-33: MANOV A between Variables of
study and Location reveal that location exerts a statistically significant influence on several key
dimensions, thereby providing partial support for the hypothesis that perceptions differ across
locations.

Significant differences across locations were observed for Technology Characteristics (F' =
12.975, p < 0.001, n? = 0.030), indicating that respondents’ evaluation of Al-related
technological attributes varies meaningfully by region. Similarly, Complexity (F = 5.471, p =
0.001, n? = 0.013) and Effort Expectancy (F = 8.642, p < 0.001, n* = 0.020) differed
significantly across locations, suggesting that the perceived ease or difficulty of using Al-
enabled HR systems is shaped by regional exposure, infrastructure maturity, and technological
familiarity. Social Influence (F = 5.957, p < 0.001, ? = 0.014) and Behavioural Intention (F
=3.931, p = 0.008, n* = 0.009) were also significantly affected, implying that peer influence
and intent to use Al in HR practices are geographically contingent. Furthermore, Top
Management Support (F = 3.294, p = 0.020, n?> = 0.008) and Social Characteristics &
Performance Expectancy (F = 2.881, p = 0.035, n?> = 0.007) showed statistically significant
variation across locations, highlighting regional differences in leadership commitment and
expectations regarding Al-driven performance gains. Importantly, Perceived Al
Implementation (F = 8.241, p < 0.001, n? = 0.020) and Organizational Effectiveness (F' =
2.929, p = 0.033, n? = 0.007) also differed significantly, indicating that respondents’
assessments of implementation readiness and organizational outcomes are influenced by
geographic context.

In contrast, Positive Attitude Towards Change, Creativity, Self-Efficacy, Resistance to
Change, External Support & Facilitating Conditions, and Perceived Al Acceptance did not
show statistically significant differences across locations (p > 0.05). This suggests that intrinsic
psychological orientations and personal capability beliefs toward Al are relatively stable across
regions, irrespective of geographic variation.

Overall, the findings demonstrate that location plays a meaningful role in shaping structurally
and contextually driven perceptions of Al adoption, particularly those related to technology
characteristics, effort expectations, social influence, implementation readiness, and
organizational outcomes. However, since not all constructs vary significantly by location, the
hypothesis that there is a significant difference among all variables of study across different
locations is partially accepted. The results underscore the importance of considering regional
context when formulating Al adoption strategies, especially in geographically diverse settings
where infrastructural and organizational ecosystems differ.
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Table 4-33: MANOVA between Variables of study and Location

Source Dependent Type IIl df Mean F Sig. Partial
Variable Sum of Square Eta
Squares Squared

Location | Technology 37.832 3 12.611 12975 0 0.03
Characteristics
Positive Attitude 1.451 3 0.484 0.483 0.694 0.001
Towards Change
Creativity 5.184 3 1.728 1.731 0.159 0.004
Self-Efficacy 5.649 3 1.883 1.887 0.13 0.005
Complexity 16.237 3 5.412 5.471 0.001 0.013
Resistance to 1.679 3 0.56 0.559 0.642 0.001
Change
Top Management 9.829 3 3.276 3.294 0.02 0.008
Support
Social 8.603 3 2.868 2.881 0.035 0.007
Characteristics &
Performance
Expectancy
Effort Expectancy  25.456 3 8.485 8.642 0.000 0.02
Social Influence 17.66 3 5.887 5.957 0.000 0.014
External Support  4.243 3 1414 1.416 0.237 0.003
& Facilitating
Conditions
Behavioural 11.711 3 3.904 3.931 0.008 0.009
Intention
Perceived Al 6.065 3 2.022 2.027 0.108 0.005
Acceptance
Perceived Al 24.298 3 8.099 8.241 0.000 0.02
Implementation
Organizational 8.747 3 2916 2.929 0.033 0.007
Effectiveness

There is a significant difference between Technology Characteristics, Positive Attitude
Towards Change, Creativity, Resistance to Change, External Support & Facilitating
Conditions, Perceived Al Acceptance depending on location of the employee.

There is no significant difference between Self-Efficacy, Complexity, Top Management
Support, Social Characteristics & Performance Expectancy, Effort Expectancy, Social
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Influence, Behavioural Intention, Perceived Al Implementation & Organizational
Effectiveness as per location.

4.6.9 Gender

Hpypothesis:

Ho - There is no Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived AI Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Gender groups

Hi - There is a Significant difference among Variables of Study (Technology Characteristics,
Positive Attitude Towards Change, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Effort
Expectancy, Social Influence, External Support & Facilitating Conditions, Behavioural
Intention, Perceived AI Acceptance, Perceived Al Implementation & Organizational
Effectiveness) and different Gender groups

Table 4-34: Gender Groups of Respondent

Gender Count
Male 849
Female 395

The gender-wise distribution of respondents indicates that male participants constitute the
majority of the sample (849 respondents; 68%), while female participants account for 395
respondents (32%). This distribution reflects a clear gender imbalance in the respondent pool.

From an interpretative point of view, the dominance of male respondents can be reasonably
attributed to the current workforce composition in technology-intensive, Al-adopting, and
managerial roles, particularly within sectors such as IT/ITES, consumer durables, &
telecommunications, healthcare & hospitality, financial services, and consulting, where male
representation has traditionally been higher. In many organizational contexts—especially in
emerging economies—men continue to be overrepresented in decision-making, technical, and
senior operational roles, which are more directly exposed to Al implementation and digital
transformation initiatives. Consequently, male employees are more likely to be targeted for, or
voluntarily participate in, studies related to advanced technologies such as Al in organizational
settings.
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GENDER

Female
32%

Male
68%

Figure 4-11: Gender Groups of Respondent

The presence of a substantial proportion of female respondents (nearly one-third of the sample)
is nevertheless noteworthy and indicates increasing female participation in professional,
managerial, and technology-enabled roles. This suggests a gradual narrowing of the gender gap
and enhances the inclusiveness and analytical robustness of the study by ensuring that female
perspectives on Al adoption, acceptance, and organizational outcomes are meaningfully
represented.

Importantly, the observed gender difference is descriptive rather than inferential in nature. The
unequal proportions do not imply bias but rather mirror real-world employment patterns and
accessibility to Al-related roles at the time of data collection. From a methodological
perspective, the sample size for both genders remains sufficiently large to support reliable
statistical analysis, thereby ensuring that subsequent inferential tests involving gender
comparisons, if conducted, retain adequate statistical power.

Overall, the gender distribution strengthens the external validity of the study by aligning the
sample characteristics with prevailing organizational demographics, while simultaneously
capturing evolving trends toward greater gender diversity in Al-influenced work environments.
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Table 4-35: Mann-Whitney U between Variables of Study and Gender

Test Statistics ¢

Technol Positi Creati Self- Comp Resist Top Social ~ Effort Social Exter Behav Percei Perceiv Organiz
ogy ve vity Effica lexity ance  Manag Charact Expec Influe nal ioural ved ed Al ational
Charact Attitu cy to ement eristics tancy nce Suppo Intenti Al Implem Effectiv
eristics de Chan Suppo & rnt & on Accep entation eness
Towar ge rt Perfor Facilit tance
ds mance ating
Chan Expecta Condi
ge ncy tions
Man 164738 14860 16730 16271 16111 16057 16671 159944 14792 16224 15682 14584 14814 166046. 166067
n- 500 1.500 5.500 1.500 3.500 6.500 4.500 .500 6.500 9.500 9.500 5.500 2.500 500 .500
Whit
ney
U
Wilc | 525563 50942 24551 24092 52193 52140 52753 520769 50875 52307 23503 50667 50896 526871. 526892
oxon | .500 6.500 5.500 1.500 8.500 1.500 9.500 .500 1.500 4.500 9.500 0.500 7.500 500 .500
w
VA -.498 - -063 -842 -L.113 - -163  -1.311 - -920 - -3.701 - =277 -273
3.234 1.204 3.348 1.839 3312
Asy | .618 .001 950 400 266 229 .870 190 .001 357 .066  .000 .001 782 785
mp.
Sig.
(2-
taile
d)
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The Mann—Whitney U test was employed to examine whether statistically significant
differences exist between male and female respondents across the study variables, given the
non-parametric nature of the data. The results indicate that gender-based differences are
selective rather than uniform across all constructs. Specifically, Positive Attitude Towards
Change (Z = —3.234, p = 0.001), Effort Expectancy (Z = —3.348, p = 0.001), Behavioural
Intention (Z=-3.701, p <0.001), and Perceived Al Acceptance (Z=-3.312, p=0.001) exhibit
statistically significant differences between gender groups at the 5% significance level. These
findings suggest that male and female respondents differ meaningfully in their attitudinal
orientation toward change, perceptions of effort associated with Al use, intention to engage
with Al-driven systems, and overall acceptance of Al. Such differences may be attributed to
variations in role exposure, prior technological experience, confidence in using advanced
systems, and organizational expectations, which have been widely noted in technology
adoption literature.

In contrast, Technology Characteristics, Creativity, Self-Efficacy, Complexity, Resistance to
Change, Top Management Support, Social Characteristics & Performance Expectancy, Social
Influence, External Support & Facilitating Conditions, Perceived Al Implementation, and
Organizational Effectiveness do not show statistically significant gender differences (p > 0.05).
This indicates that, for these constructs, male and female respondents hold broadly comparable
perceptions, implying a convergence in how core organizational and technological factors are
experienced across genders.

Overall, the hypothesis that there is a significant difference among the variables of study across
different gender groups is partially supported. Gender emerges as a differentiating factor
primarily for attitudinal, effort-related, and intention-based constructs, while perceptions of
structural, organizational, and implementation-related dimensions of Al remain largely gender-
neutral. This nuanced pattern underscores the importance of considering gender-sensitive
strategies particularly when addressing Al acceptance and behavioural intention, while
suggesting that organizational and technological enablers may be designed in a largely gender-
inclusive manner.

There is a significant difference between Technology Characteristics, Creativity, Self-Efficacy,
Complexity, Resistance to Change, Top Management Support, Social Characteristics &
Performance Expectancy, Social Influence, External Support & Facilitating Conditions,
Perceived Al Implementation & Organizational Effectiveness with significance value of 0.616,
0.950, 0.400, 0.266, 0.229, 0.870, 0.190, 0.375, 0.066, 0.782 & 0.785 and Gender of Employee.
There is no significant difference between Positive Attitude Towards Change, Effort
Expectancy, Behavioural Intention & Perceived Al Acceptance, and gender of employee as
significance level is below 0.05.

4.7 Conclusion of Data Analysis

This chapter set out to profile the respondents and to empirically examine the relationships and
group differences relevant to the adoption and impact of artificial intelligence within
organizations. The demographic analysis demonstrates that the sample is broad and
heterogeneous, encompassing respondents across age groups, experience levels, educational
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qualifications, income categories, industries, organizational sizes, managerial levels, locations,
and gender. The dominance of working-age professionals, a high proportion of post-graduates,
and substantial representation from middle-level management and large organizations indicate
that the data are drawn from respondents who are actively engaged in organizational decision-
making and technology use. Such diversity strengthens the representativeness of the sample
and enhances the external validity of the findings.

The data analysis provides robust statistical evidence on both measurement adequacy and
substantive relationships. Exploratory Factor Analysis (EFA) confirmed the underlying factor
structure of the study variables, while Confirmatory Factor Analysis (CFA) and measurement
model assessments established satisfactory reliability, convergent validity, and discriminant
validity. Structural Equation Modelling (SEM) further validated the hypothesized relationships
among key constructs, with significant path coefficients and acceptable model fit indices
indicating that the proposed framework offers a coherent explanation of Al acceptance,
implementation, and organizational effectiveness.

Group-wise comparisons using MANOVA and non-parametric tests reveal that demographic
variables exert differential influence across constructs rather than producing uniform effects.
Age, experience, income, organizational size, location, and, to a limited extent, education, and
level of management show statistically significant differences for several attitudinal,
behavioural, and outcome-oriented variables. In contrast, industry and certain demographic
categories demonstrate largely homogeneous perceptions, suggesting that some organizational
and technological factors are experienced consistently across contexts. Gender-based analysis
using the Mann—Whitney U test indicates selective differences, particularly in behavioural
intention, effort expectancy, and Al acceptance, while core structural and organizational
variables remain largely invariant across gender groups.

Taken together, the findings suggest that Al adoption and its perceived organizational impact
are shaped by a complex interplay of individual, organizational, and contextual factors. While
foundational technological and organizational conditions tend to be shared across groups,
individual characteristics and contextual positioning influence attitudes, intentions, and
acceptance levels. This chapter therefore provides a strong empirical foundation for the
subsequent discussion chapter, where these results are interpreted in light of existing theory
and prior research, and where their practical and theoretical implications for Al-enabled
organizational transformation are articulated.
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CHAPTER -5 FINDINGS AND DISCUSSIONS

5.1 Introduction

This chapter presents an integrated discussion of the empirical findings derived from the
analysis undertaken to address the research objectives of the study. The discussion is structured
around the stated objectives and corresponding hypotheses, drawing upon results from
Exploratory Factor Analysis (EFA), Confirmatory Factor Analysis (CFA), Structural Equation
Modelling (SEM), and demographic-based inferential analyses. The findings are interpreted in
light of established theoretical frameworks—Technology—Organization—Environment (TOE),
Technology Acceptance Model (TAM), and Unified Theory of Acceptance and Use of
Technology (UTAUT) to explain the acceptance, implementation, and organizational
outcomes of Artificial Intelligence (AI) in Human Resource (HR) practices.

5.2 Findings and Discussions

5.2.1 Objective 1: To analyse the factors influencing the Acceptance and
Perceived Implementation of Artificial Intelligence (AI) in Human
Resources (HR) practices across selected industries.

The study identified five major variables and sixteen sub-variables influencing Al acceptance
and perceived implementation in HR practices through a comprehensive review of extant
literature. These variables were systematically anchored in established technology adoption
frameworks, namely the Technology—Organization—Environment (TOE) framework,
Technology Acceptance Model (TAM), and the Unified Theory of Acceptance and Use of
Technology (UTAUT).

The measurement model empirically validated six higher-order constructs: Technology
Readiness, Organizational Readiness, Environmental Readiness, Behavioural Intention,
Perceived Al Acceptance, and Perceived Al Implementation. All constructs demonstrated
exceptional internal consistency, with Cronbach’s Alpha and Composite Reliability values
exceeding 0.90, indicating a high degree of measurement stability.

Convergent validity was strongly established, as reflected by Average Variance Extracted
(AVE) values above 0.50, confirming that the indicators shared substantial variance with their
respective constructs. Discriminant validity, assessed using the Fornell-Larcker criterion,
further confirmed that each construct was empirically distinct.

Exploratory Factor Analysis revealed a clear and theoretically coherent factor structure, with
all 110 items loading strongly (above 0.40) on their intended factors. Variance Inflation Factor
(VIF) values were well below the critical threshold of 5, confirming the absence of
multicollinearity. Additionally, bootstrapping results showed that confidence intervals for inter-
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construct paths did not include zero, establishing the robust statistical significance of the
relationships.

These findings confirm that Al acceptance and implementation in HR practices are multi-
dimensional and interdependent phenomena, shaped by technological attributes, organizational
preparedness, environmental pressures, and individual behavioural mechanisms. The strong
psychometric properties of the constructs reinforce the theoretical relevance of integrating
TOE, TAM, and UTAUT rather than relying on a single adoption lens. Importantly, the
robustness of factor structure and path significance suggests that Al adoption in HR cannot be
reduced to technology alone, but must be understood as a socio-technical transformation.

Preliminary data diagnostics were conducted to ensure the appropriateness of advanced
multivariate techniques. The assessment of data normality indicated significant deviations from
a normal distribution, thereby supporting Hypothesis 1. This justified the application of
variance-based SEM techniques and non-parametric tests where required.

Bartlett’s Test of Sphericity was found to be statistically significant, rejecting the null
assumption that the correlation matrix is an identity matrix. This confirms the presence of
meaningful correlations among variables, thereby supporting Hypothesis 2 and establishing
factorability of the data.

Exploratory Factor Analysis further demonstrated that all observed variables loaded
significantly on their theoretically expected latent constructs, with factor loadings exceeding
the minimum acceptable threshold. This empirical evidence supports Hypothesis 3, confirming
that the observed indicators align with the conceptual domains identified through literature.

5.2.2 Objective 2: To develop conceptual framework for Acceptance and
Implementation of Artificial Intelligence in HR Practices and
organisational Effectiveness.

A comprehensive conceptual framework was developed and empirically validated using EFA,
CFA, and SEM. The framework was theoretically grounded in TOE, TAM, and UTAUT,
enabling the integration of organizational-level readiness factors with individual-level
acceptance mechanisms.

Core constructs—Artificial Intelligence, Behavioural Intention, Perceived AI Acceptance,
Perceived Al Implementation, and Organisational Effectiveness—demonstrated strong
reliability, convergent validity, and discriminant validity. Structural paths were statistically
significant, and bias-corrected bootstrapping confirmed the stability and strength of the
hypothesised relationships.

Confirmatory Factor Analysis results provided strong evidence that all observed indicators
significantly represented their latent constructs, as reflected by high standardized loadings and
statistical significance. Thus, Hypothesis 4 is accepted.
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The overall measurement model demonstrated acceptable to good model fit indices, indicating
that the hypothesised structure adequately reproduces the observed covariance matrix.
Accordingly, Hypothesis 5 is supported.

Reliability analysis revealed Cronbach’s Alpha and Composite Reliability values well above
recommended thresholds, while AVE values exceeded 0.50 for all constructs, confirming
strong convergent validity. These results support Hypothesis 6.

Discriminant validity was established using both the Fornell-Larcker criterion and HTMT
ratios. In all cases, constructs were empirically distinct from one another, leading to the
acceptance of Hypotheses 7 and 8. Together, these findings confirm the robustness and
psychometric soundness of the measurement model.

The validated framework provides a holistic and empirically supported explanation of how Al
progresses from technological readiness to organizational outcomes through acceptance and
implementation mechanisms. By combining three major technology adoption theories, the
framework advances existing research that often treats acceptance, implementation, and
outcomes as isolated stages. This integrated perspective offers a more realistic depiction of Al
adoption in HR contexts.

5.2.3 Objective 3: To measure the impact of Al in HR Practices on
Organisational Effectiveness

Structural Equation Modelling results revealed a strong and statistically significant effect of
Artificial Intelligence on Behavioural Intention, supporting Hypothesis 9. Behavioural
Intention, in turn, exerted a significant positive influence on Perceived Al Acceptance,
confirming Hypothesis 10. Perceived Al Implementation emerged as a strong, positive, and
highly significant predictor of Organisational Effectiveness, with a path coefficient of 0.815 (p
< 0.001) and a bias-corrected confidence interval of [0.788, 0.839], robustly excluding zero.
Organisational Effectiveness also demonstrated excellent reliability (Cronbach’s Alpha =
0.931). The structural model exhibited acceptable fit indices, including GFI, NFI, CFI, and
TLI. Perceived Al Acceptance demonstrated a substantial and significant effect on Perceived
Al Implementation, leading to the acceptance of Hypothesis 11. Most critically, Perceived Al
Implementation exhibited a large, positive, and highly significant impact on Organizational
Effectiveness, thereby strongly supporting Hypothesis 12. This establishes Al implementation
as a key driver of organisational outcomes. Collinearity diagnostics indicated that all VIF
values were well below critical thresholds, confirming the absence of multicollinearity and
supporting Hypothesis 13. Finally, the structural model demonstrated acceptable global fit
indices, validating the adequacy of the proposed structural framework and supporting
Hypothesis 14.

The findings clearly indicate that organizational effectiveness is driven by the depth and quality
of Al implementation rather than mere acceptance. While acceptance reflects favourable
attitudes, it is the operationalisation of Al within HR systems that translates into enhanced
efficiency, adaptability, and strategic performance. This reinforces the argument that AT must
be institutionally embedded within HR processes to generate sustained organizational value.
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5.2.4 Objective 4: To study the difference between Selected Industries and
Variables of Artificial Intelligence

Inferential analyses revealed statistically significant differences across most Al-related
variables when grouped by age, experience, and income, thereby supporting Hypotheses 15,
16, and 18. These findings indicate that demographic maturity and economic positioning
meaningfully influence perceptions of Al complexity, acceptance, and implementation.
Education showed selective influence on variables such as creativity, self-efficacy, and
complexity, while behavioural intention and implementation remained unaffected. Hence,
Hypothesis 17 is partially supported. Organization size and location were found to significantly
differentiate several Al-related variables, including effort expectancy, resistance to change, and
perceived implementation, leading to the acceptance of Hypotheses 22 and 24. Level of
management and gender demonstrated mixed effects some variables showed significant
differences while others did not. This nuanced pattern indicates partial support for Hypotheses
23 and 25, suggesting that hierarchical position and gender influence specific dimensions of
Al perception rather than exerting a uniform effect.

Industry-wise analysis revealed statistically significant differences in Al-related variables.
Post-hoc Tukey HSD tests showed that IT/ITES reported significantly lower Al scores
compared to Healthcare, Consumer Durables, and Management Consultancy. Although
Behavioural Intention showed overall ANOVA significance, no specific industry pairs differed
significantly. Similarly, Perceived Al Acceptance showed general acceptance across industries
without clear pairwise distinctions. However, Perceived Al Implementation differed
significantly across industries, with Management Consultancy reporting higher
implementation levels than Healthcare and Consumer Durables.

These findings suggest that industry context influences the execution of Al more than its
acceptance. Consulting-oriented industries appear better positioned to operationalise Al due to
client-driven innovation, project-based work structures, and higher analytical maturity. In
contrast, IT/ITES organizations may face legacy system constraints and change fatigue,
limiting perceived Al advancement.

5.2.5 Objective 5: To study difference between Selected Industries and
Organizational Effectiveness.

MANOVA Test result showcase that there is a highly statistically significant difference in
Organizational Effectiveness across the five selected industries (F (4, 1240) = 5.233, p <.001).
Post-Hoc Tukey HSD test on Organizational Effectiveness and selected industries shows
Significant Difference where Management Consultancy has significantly higher
Organizational Effectiveness compared to Banking, Insurance & Financial Services (p =.047).
Management Consultancy stands out with higher Organizational Effectiveness compared to the
Banking, Insurance & Financial Services sector. The other industries do not show significant
pairwise differences among themselves.
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MANOVA and post-hoc analyses revealed selective industry-wise differences. While overall
MANOVA results indicated variation in certain Al dimensions, many pairwise comparisons did
not reach statistical significance, particularly for behavioural intention and acceptance. Thus,
Hypotheses 19 and 20 are partially supported.

However, Organizational Effectiveness showed statistically significant differences across
industry groups, particularly highlighting superior outcomes in management consultancy
relative to more regulated sectors. Consequently, Hypothesis 21 is rejected, and the alternative
proposition of industry-based variation in organisational effectiveness is supported.

This outcome highlights that organizational effectiveness is context-dependent, shaped by
regulatory flexibility, strategic agility, and innovation orientation. Knowledge-intensive
industries appear better equipped to convert Al-enabled HR practices into measurable
organizational outcomes.

5.2.6 Objective 6: To study the difference Between variable of Artificial
Intelligence and demographic factors

The Demographic Profile of the sample showcase that it comprises of primarily young (18-35:
77%), highly educated (PG: 70%), early-career (0-10 yrs: 73%), from Middle Management
(59%), largely belonging to Central Gujarat. Age, Experience, Income Groups showed
significant differences across most variables like Technology Characteristics, Complexity,
Resistance to Change, Behavioral Intention, Perceived AI Acceptance, Perceived Al
Implementation. Education has Influence on factors like Creativity, Self-Efficacy, Complexity,
and Perceived Al Acceptance, but not affect Behavioral Intention or Perceived Al
Implementation. Management Level, Organization Size, Location, Gender showed significant
differences for various factors like Technology Characteristics, Complexity, Resistance to
Change, Behavioral Intention, Perceived Al Acceptance, Perceived Al Implementation, with
some specific non-significant relationships like Perceived Al Acceptance not differing by
Management Level.

The demographic profile indicates a workforce that is predominantly young, highly educated,
early-career, and positioned in middle management, largely from Central Gujarat. Age,
experience, and income showed significant differences across most Al variables, including
Technology Characteristics, Complexity, Resistance to Change, Behavioural Intention,
Perceived Al Acceptance, and Perceived Al Implementation. Education influenced creativity,
self-efficacy, complexity perception, and Al acceptance, but did not significantly affect
behavioural intention or implementation. Management level, organization size, location, and
gender showed selective significance across Al variables.

These results demonstrate that demographic characteristics condition how Al is perceived,
evaluated, and implemented. Younger and early-career employees tend to exhibit higher
acceptance and lower resistance, while senior or higher-income groups display more nuanced
evaluations of risk and complexity. The findings emphasize the importance of demographically
sensitive Al strategies in HR transformation initiatives.
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5.2.7 Objective 7: To study the difference Between Organisational
Effectiveness and demographic factors.

All tested demographic variables Age, Experience, Education, Income, Management Level,
Org. Size, Location, Gender had showed statistically significant differences in respondents'
perceptions of Organizational Effectiveness. This indicates that Organisational Effectiveness
is not perceived uniformly across workforce segments. Variations in role expectations, decision
authority, exposure to Al-enabled systems, and career stage shape how employees evaluate
organizational performance. These findings underscore the need for inclusive Al governance
and differentiated change-management approaches.

Collectively, the findings demonstrate that Al acceptance and implementation in HR practices
are theoretically grounded, empirically robust, and contextually sensitive. While the structural
relationships among Al, acceptance, implementation, and organizational effectiveness are
strong and consistent, demographic and industry factors introduce meaningful variations. The
study therefore advances existing literature by offering an integrated, evidence-based
explanation of Al-driven HR transformation and its organizational consequences.
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CHAPTER -6 CONCLUSIONS,
RECOMMENDATIONS, & IMPLICATIONS

6.1 Introduction

This chapter presents the concluding observations of the study titled “Acceptance and
Implementation of Artificial Intelligence in HR Practices for Organisational Effectiveness.” It
synthesizes the key empirical findings, draws overarching conclusions in relation to the
research objectives, and discusses the theoretical, managerial, policy, and practical implications
of the study. The chapter also outlines the limitations of the research and provides directions
for future research, thereby offering closure while opening avenues for continued scholarly

inquiry.

6.2 Objective-wise Conclusions

6.2.1 Objective 1: To analyse the factors influencing the Acceptance and
Perceived Implementation of Artificial Intelligence (AI) in Human
Resources (HR) practices across selected industries.

The study identifies five major variables and sixteen sub-variables influencing Al acceptance
and perceived implementation in HR practices. These constructs—Technology Readiness,
Organizational Readiness, Environmental Readiness, Behavioural Intention, Perceived Al
Acceptance, and Perceived Al Implementation—demonstrate excellent internal consistency
and reliability, with Cronbach’s Alpha and Composite Reliability values exceeding 0.90.

Convergent validity (AVE > 0.50) and discriminant validity (Fornell-Larcker and HTMT
criteria) confirm that the constructs are conceptually sound and empirically distinct. The
absence of multicollinearity (VIF < 5) and statistically significant bootstrapped paths further
validate the stability and robustness of the measurement model.

The findings conclusively demonstrate that the acceptance and perceived implementation of
Al in HR practices are influenced by a well-defined set of technological, organizational,
environmental, and behavioural factors. Drawing upon an extensive literature review, the study
successfully identified five major variables and sixteen sub-variables that collectively explain
Al adoption dynamics in HR. The measurement model confirmed that Technology Readiness,
Organizational Readiness, Environmental Readiness, Behavioural Intention, Perceived Al
Acceptance, and Perceived Al Implementation are robust determinants of Al adoption in HR
contexts. All constructs exhibited exceptionally high internal consistency and reliability, with
Cronbach’s Alpha and Composite Reliability values exceeding recommended thresholds.
Strong convergent and discriminant validity further established that the identified factors are
theoretically sound and empirically distinct. Overall, this objective is fully achieved, providing
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a comprehensive and validated understanding of the factors shaping Al acceptance and
implementation in HR practices.

6.2.2 Objective 2: To develop conceptual framework for Acceptance and
Implementation of Artificial Intelligence in HR Practices and
organisational Effectiveness.

The study successfully developed and empirically validated a comprehensive conceptual
framework linking Al acceptance and implementation in HR practices to organizational
effectiveness. Grounded firmly in established theories such as TOE, TAM, and UTAUT, the
framework integrates technological, organizational, environmental, and behavioural
dimensions into a coherent structural model. The application of EFA, CFA, and SEM
confirmed that the proposed framework demonstrates strong psychometric properties,
including high reliability, convergent validity, and discriminant validity. The statistically
significant and bias-corrected structural paths provide strong empirical support for the
hypothesized relationships among constructs. Thus, the objective of developing a theoretically
grounded and empirically validated framework is conclusively met.

6.2.3 Objective 3: To measure the impact of Artificial Intelligence in HR
Practices on Organisational Effectiveness.

One of the most significant contributions of this research is the empirical confirmation that
Perceived Al Implementation exerts a strong, positive, and highly significant influence on
Organizational Effectiveness. The findings suggest that organizations benefit from Al in HR
only when AI systems are fully embedded into HR workflows, supported by training,
leadership commitment, and process alignment. The Organizational Effectiveness construct
itself exhibits excellent reliability (Cronbach’s Alpha = 0.931), and the structural model
demonstrates acceptable goodness-of-fit indices (GFI, NFI, CFI, TLI), reinforcing the
credibility of the findings.

The results provide compelling empirical evidence that Artificial Intelligence in HR practices
significantly enhances organizational effectiveness. Specifically, Perceived Al Implementation
exhibits a strong, positive, and highly significant impact on Organizational Effectiveness, with
a large standardized path coefficient and narrow confidence intervals that robustly exclude
zero. This confirms that effective implementation rather than mere acceptance of Al tools in
HR functions leads to measurable organizational benefits. The Organizational Effectiveness
construct itself demonstrated excellent reliability and wvalidity, further strengthening the
credibility of this relationship. The structural model fit indices indicate that the model
adequately explains the observed data. Therefore, this objective is fully achieved, firmly
establishing Al-driven HR implementation as a strategic contributor to organizational
performance.
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6.2.4 Objective 4: To study the difference between Selected Industries and
Variables of Artificial Intelligence.

The analysis reveals that significant differences exist across industries with respect to several
Al-related variables. Post-hoc comparisons indicate that industries differ meaningfully in their
levels of Artificial Intelligence adoption and perceived implementation. In particular, IT/ITES
exhibits significantly lower levels of Al compared to healthcare, consumer durables, and
management consultancy, while management consultancy demonstrates higher levels of
perceived Al implementation than certain other sectors. However, despite overall differences,
behavioural intention and perceived Al acceptance remain relatively uniform across industries,
suggesting a broadly shared openness toward Al adoption. This objective is thus achieved by
demonstrating that industry context shapes Al-related perceptions and implementation
patterns, while also highlighting areas of convergence across sectors.

6.2.5 Objective 5: To study the difference between Selected Industries and
Organizational Effectiveness

The findings confirm that organizational effectiveness varies significantly across selected
industries. The ANOVA results reveal statistically significant differences, with post-hoc
analysis identifying management consultancy as exhibiting higher organizational effectiveness
compared to the banking, insurance, and financial services sector. These results suggest that
industry-specific operational structures, strategic orientations, and levels of Al integration
contribute to differential organizational outcomes. Consequently, this objective is successfully
fulfilled by empirically establishing industry-based variation in organizational effectiveness.

6.2.6 Objective 6: To study the difference Between variable of Artificial
Intelligence and demographic factors

The study conclusively demonstrates that demographic factors play a critical role in shaping
perceptions of Al-related variables. Age, experience, income, education, management level,
organizational size, location, and gender significantly influence multiple dimensions such as
technology characteristics, complexity, resistance to change, behavioural intention, perceived
Al acceptance, and perceived Al implementation. While some demographic variables show
selective non-significant effects on certain constructs, the overall pattern confirms substantial
heterogeneity in Al perceptions across demographic groups. This objective is therefore fully
achieved, underscoring the necessity for demographic-sensitive Al adoption and change
management strategies.
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6.2.7 Objective 7: To study the difference Between Organisational
Effectiveness and demographic factors

The results clearly establish that organizational effectiveness differs significantly across
demographic categories. All examined demographic variables—including age, experience,
education, income, management level, organizational size, location, and gender—show
statistically significant variations in respondents’ assessments of organizational effectiveness.
These findings indicate that demographic characteristics shape not only Al-related perceptions
but also broader evaluations of organizational performance. Hence, this objective is
conclusively met, highlighting the importance of aligning organizational strategies with
workforce demographics to enhance effectiveness.

6.3 Conclusions

This research provides comprehensive empirical evidence on the acceptance, perceived
implementation, and organizational outcomes of Artificial Intelligence (AI) in Human
Resource (HR) practices across selected industries. Drawing on responses from 1,245
employees, the study rigorously examines how technological, organizational, environmental,
and behavioural factors interact to shape Al adoption and its subsequent impact on
Organizational Effectiveness.

The study successfully establishes a robust, reliable, and valid measurement and structural
model, grounded in well-established theoretical frameworks Technology—Organization—
Environment (TOE), Technology Acceptance Model (TAM), and Unified Theory of
Acceptance and Use of Technology (UTAUT). (Woolley et al., n.d.)Through Exploratory
Factor Analysis (EFA), Confirmatory Factor Analysis (CFA), and Structural Equation
Modelling (SEM), the research confirms that Al adoption in HR is not a purely technological
phenomenon but a socio-technical transformation influenced by human perceptions,
organizational readiness, leadership support, and environmental enablers. (Chowdhury et al.,
2023; Jarrahi, 2018)

A central conclusion of this study is that Perceived Al Implementation, rather than mere
acceptance, plays a decisive role in enhancing Organizational Effectiveness. The exceptionally
strong path coefficient (f = 0.815, p <0.001) demonstrates that tangible, effective deployment
of Al-enabled HR systems leads to measurable improvements in efficiency, decision quality,
and organizational performance. This finding advances the discourse beyond intention-based
adoption models and emphasizes the importance of execution and integration in realizing Al’s
strategic value. (Fosso Wamba et al., 2023; M. Malik et al., 2024; Mikalef et al., 2025)

The research also highlights the critical moderating role of demographic characteristics,
including age, experience, education, income, management level, organizational size, location,
and gender. These factors significantly shape employees’ perceptions of Al-related constructs
such as technology characteristics, complexity, resistance to change, behavioural intention,
acceptance, implementation, and organizational effectiveness. This underscores the need for
context-sensitive and people-centric Al strategies within HR functions. (Stahl & Eke, 2024)
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Alignment of study with Global Studies

The findings of the present study align closely with recent global research, which emphasizes
that the value of Artificial Intelligence (Al) lies not merely in acceptance but in its effective
implementation and integration into organizational processes. Consistent with contemporary
scholarship, the study confirms that Al adoption in HR is a socio-technical phenomenon,
shaped by technological capabilities, organizational readiness, leadership support, and
employee perceptions. (Duan et al., 2019; Erik Brynjolfsson and Andrew McAfee, 2017,
Jarrahi, 2018; Leonardi, 2015; Y. D.-I. E. and Management & 2025, 2025; Murugesan et al.,
2023)

The observation that Al acceptance is relatively uniform across industries, while
implementation varies significantly, supports global evidence that AI is increasingly
normalized, but organizations differ in their ability to translate acceptance into actual use.
(CROITORU et al., 2025; Kraus et al., 2023; Mikalef et al., 2025; Stahl & Eke, 2024; Vasant
Tambe, 2025) This highlights the importance of organizational context and readiness, as
emphasized in the TOE framework. (Roberts et al., 2024)

Further, the study establishes that Perceived Al Implementation is the primary driver of
Organizational Effectiveness, aligning with recent research that underscores the role of process
integration, capability development, and routinization in achieving performance gains.
(Davenport, 2018; Erik Brynjolfsson and Andrew McAfee, 2017; Fosso Wamba et al., 2023;
M. Malik et al., 2024; Mikalef et al., 2025) This also supports critiques of TAM and UTAUT
for their limited focus on post-adoption outcomes. (Venkatesh et al., 2023).

The influence of demographic and contextual factors is consistent with literature highlighting
the role of human diversity, trust, and workforce readiness in Al adoption, (Dwivedi et al.,
2023; Huang et al., n.d.; Murugesan et al., 2023; Stahl & Eke, 2024; Woolley et al., n.d.), while
also aligning with DOI theory, which emphasizes assimilation and routinization over initial
adoption. (BILIMLER & 2025, 2025; Li, 2020a; Research & 2025, 2025; Venkatesh et al.,
2023)

This emphasizes the need for organizations to move beyond intention-based adoption and focus
on execution, integration, and continuous utilization of Al in HR practices to achieve
meaningful and sustainable outcomes.

6.4 Recommendations

Based on the empirical findings and validated structural relationships established in this
research, the following recommendations are proposed for organizations, HR practitioners,
policymakers, and researchers to enhance the effective acceptance and implementation of
Artificial Intelligence in HR practices and to improve organizational effectiveness.
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6.4.1 Industry Recommendations
6.4.1.1 Strategic Emphasis on AI Implementation Rather Than Mere Adoption

Organizations should move beyond symbolic or pilot-level adoption of Al and focus on deep,
organization-wide implementation within HR functions. The study clearly establishes that
Perceived Al Implementation, rather than acceptance alone, has a strong and direct impact on
Organizational Effectiveness. Therefore, Al initiatives should be aligned with HR workflows,
decision-making processes, and performance management systems to ensure tangible
organizational outcomes.

6.4.1.2 Strengthening Organizational Readiness Through Leadership Commitment

Top Management Support emerged as a critical enabler across multiple Al-related variables.
Senior leadership should actively champion Al initiatives by clearly communicating the
strategic purpose of Al in HR, allocating adequate financial and human resources,
Demonstrating visible involvement in Al-driven transformation. Such leadership commitment
can reduce resistance to change and foster a culture that is conducive to innovation and
learning.

6.4.1.3 Focused Change Management and Resistance Mitigation Strategies

Given the significant influence of Resistance to Change and Complexity, organizations should
adopt structured change management practices. These include early involvement of employees
in Al-related decisions, transparent communication about AI’s role and limitations, addressing
fears related to job displacement and skill obsolescence. Change readiness assessments should
precede Al implementation to identify and address psychological and cultural barriers.

6.4.1.4 Customized AI Training and Skill Development Programs

The study highlights the importance of Self-Efficacy, Effort Expectancy, and Technological
Characteristics in shaping Al acceptance. Organizations should invest in continuous training
programs that enhance digital and Al literacy among HR professionals, provide hands-on
exposure to Al tools, build confidence in using Al for HR analytics, recruitment, performance
appraisal, and workforce planning. Training initiatives should be tailored according to
employee experience levels, educational backgrounds, and management hierarchies.

6.4.1.5 Demographic-Sensitive AI Implementation Approaches

Significant differences across age, experience, education, income, management level,
organizational size, location, and gender suggest that a one-size-fits-all Al strategy is
ineffective. Organizations should customize communication and training strategies for
different demographic groups, design inclusive Al policies that address diverse workforce
expectations, use demographic insights to predict acceptance challenges and implementation
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readiness. Such targeted strategies can enhance both Al acceptance and organizational
effectiveness.

6.4.1.6 Ethical, Transparent, and Responsible Use of AI in HR

Concerns related to Complexity, Uncertainty/Risk, Bias, and Privacy underline the need for
ethical Al governance. Organizations should ensure transparency in Al-driven HR decisions,
regularly audit Al algorithms for bias and fairness, comply strictly with data protection and
privacy regulations. Embedding ethical guidelines into Al governance frameworks will
enhance trust among employees and stakeholders.

6.4.1.7 Industry-Specific AI Roadmaps

The observed differences across industries indicate that Al adoption in HR is context-
dependent. Industry bodies and organizations should develop sector-specific Al
implementation frameworks, share best practices across industries, benchmark Al maturity
levels within their sectors. This will help organizations align Al strategies with industry realities
and competitive dynamics.

6.4.1.8 Continuous Monitoring and Evaluation of AI Implementation

Organizations should establish mechanisms to regularly assess the impact of Al on HR
outcomes and organizational effectiveness. This includes periodic employee feedback on Al
systems, performance audits of Al-driven HR processes, continuous refinement of Al strategies
based on empirical evidence. This ensures sustained value creation and long-term
organizational benefits.

Overall, the recommendations emphasize that Al in HR should be viewed as a strategic, human-
centric, and context-sensitive transformation initiative, rather than a purely technological
intervention. Effective implementation, supported by leadership, ethical governance,
demographic awareness, and continuous learning, is essential for translating Al potential into
organizational effectiveness.

6.4.2 Academic Recommendations
Drawing from the empirical evidence and validated theoretical framework developed in this

study, several academic recommendations are proposed to advance future research on Artificial
Intelligence adoption in Human Resource Management and organizational effectiveness.

6.4.2.1 Extension and Integration of Technology Adoption Theories in HR Contexts

Future research should continue extending established technology adoption theories such as
Technology—Organization—Environment (TOE), Technology Acceptance Model (TAM), and
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Unified Theory of Acceptance and Use of Technology (UTAUT) within the HR domain. This
study demonstrates that combining these frameworks offers a more comprehensive explanation
of Al acceptance and implementation in HR than relying on any single theory. Scholars are
encouraged to further refine this integrated approach by incorporating emerging constructs
such as algorithmic trust, explainability, and human—AlI collaboration.

6.4.2.2 Distinguishing Between AI Acceptance and AI Implementation

Researchers should explicitly conceptualize and empirically differentiate Perceived Al
Acceptance and Perceived Al Implementation as distinct constructs. The findings of this study
confirm that acceptance alone does not guarantee effective implementation or organizational
impact. Future studies may explore additional mediating or moderating mechanisms that
explain how acceptance translates into sustained Al usage and value creation within
organizations.

6.4.2.3 Emphasis on Human and Behavioural Dimensions of AI Adoption

The significant roles of Self-Efficacy, Resistance to Change, Social Influence, and Top
Management Support highlight the importance of human-centric perspectives in Al research.
Scholars are encouraged to move beyond techno-centric models and investigate psychological,
social, and cultural dimensions that shape Al adoption in HR settings. Qualitative or mixed-
method approaches could provide deeper insights into employee sense-making, emotional
responses, and identity-related concerns associated with Al.

6.4.2.4 Expanding the Role of Organizational Effectiveness in AI Studies

Organizational Effectiveness emerged as a critical outcome variable influenced by Al
implementation. Future academic work should further decompose this construct into
dimensions such as operational efficiency, employee engagement, strategic agility, and
decision quality. This would enhance theoretical clarity and allow for more nuanced
understanding of AI’s organizational impact.

6.4.2.5 Cross-Cultural and Comparative Research Opportunities

As this study focuses on selected Indian industries based at state of Gujarat, future research
should undertake cross-cultural and cross-national comparisons to examine how institutional,
regulatory, and cultural contexts influence Al adoption in HR. Comparative studies between
developed and developing economies would be particularly valuable in enriching global Al-
HR literature.

6.4.2.6 Incorporation of Ethical and Governance Perspectives

The influence of Complexity and Uncertainty/Risk underscores the need to integrate ethical
considerations into Al adoption models. Academics are encouraged to explore constructs
related to fairness, transparency, accountability, data privacy, and algorithmic bias. Embedding
ethical governance frameworks within Al acceptance models would significantly advance both
theory and practice.
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6.4.2.7 Demographic Sensitivity in AI Adoption Research

The study establishes that demographic factors such as age, experience, education, income,
management level, gender, and location significantly shape Al perceptions. Future research
should examine these variables not merely as control variables, but as substantive moderators
that influence Al adoption pathways and organizational outcomes.

6.4.2.8 Encouraging Interdisciplinary Research Approaches

Researchers are encouraged to adopt interdisciplinary perspectives by integrating insights from
human resource management, information systems, organizational psychology, ethics, and data
science. Such integrative research can generate richer theoretical models and provide more
actionable insights into Al-driven HR transformation.

In summary, this study opens multiple avenues for advancing AI-HR scholarship by advocating
for theoretically integrated models, human-centric perspectives, robust methodologies, ethical
considerations, and context-sensitive research designs. These academic directions can
collectively contribute to a more mature, nuanced, and impactful body of knowledge on
Artificial Intelligence in Human Resource Management.

6.5 Implications of the study

6.5.1 Academic Implications

The present research makes several meaningful academic contributions to the interdisciplinary
domains of Human Resource Management (HRM), Information Systems (IS), and
Organizational Studies by advancing theory, methodology, and contextual understanding of
Artificial Intelligence (AI) adoption in HR practices and its linkage to organizational
effectiveness.

Advancement of Technology Adoption Theory

A key academic implication of this study lies in its integrative theoretical approach. While prior
research has predominantly relied on individual models such as the Technology Acceptance
Model (TAM), Unified Theory of Acceptance and Use of Technology (UTAUT), or the
Technology—Organization—Environment (TOE) framework in isolation, this study empirically
demonstrates the value of combining these frameworks into a unified conceptual model. By
doing so, it captures technological perceptions, organizational readiness, environmental
pressures, and behavioural responses within a single analytical structure.

This integrated approach extends the explanatory power of technology adoption theories by
demonstrating that Al acceptance alone is insufficient to generate organizational outcomes
unless it translates into effective implementation. The empirical distinction between Perceived
Al Acceptance and Perceived Al Implementation offers a refined theoretical lens that moves
beyond intention-based adoption models and contributes to more process-oriented theorization.
(Venkatesh et al., 2003; Tornatzky & Fleischer, 1990; Wamba et al., 2021).
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Conceptual Clarification Between Acceptance and Implementation

From an academic standpoint, one of the most significant contributions of this research is the
conceptual and empirical separation of Al acceptance and Al implementation. Existing
literature often treats adoption as a binary outcome—adopted or not adopted—without
adequately examining how technologies are operationalized and embedded within
organizational routines (Rogers, 2003).

By empirically validating acceptance and implementation as distinct yet sequential constructs,
this study enriches adoption scholarship and responds to calls for deeper theorization of post-
adoption behaviour in technology research. This distinction is particularly relevant for Al in
HR, where ethical concerns, governance mechanisms, and human-—algorithm interaction
significantly shape implementation outcomes (Kellogg et al., 2020; Sony et al., 2025).

Extension of Organizational Effectiveness Theory

The study also contributes to organizational theory by reinforcing the view that organizational
effectiveness is a multidimensional construct that cannot be reduced to productivity or
efficiency alone. By adopting the D. M. Pestonjee framework—rooted in Indian organizational
psychology—the research integrates goal clarity, autonomy, initiative, commitment, value
alignment, and pride into the assessment of effectiveness.

Academically, this reinforces the argument that technological interventions such as Al must be
evaluated not only through performance metrics but also through human and social outcomes,
particularly in HR contexts where employee perceptions play a critical role (Pestonjee, 1988;
Daft, 2016). This human-centric framing strengthens the bridge between HRM scholarship and
digital transformation research.

Contribution to HRM and AI Literature in Emerging Economies

Another important academic implication is the study’s contextual contribution to AI-HRM
literature in emerging economies, particularly India. Much of the existing empirical evidence
on Al adoption originates from developed economies and technology-intensive firms, limiting
the contextual relevance of findings (Prikshat, Malik & Budhwar, 2021).

By focusing on multiple service-sector industries within the Indian context, the study enriches
comparative HRM literature and highlights how demographic, institutional, and sectoral
factors shape Al acceptance and implementation differently. This contributes to the growing
body of scholarship advocating context-sensitive theorization rather than universal adoption
models (Budhwar & Sparrow, 2002; Amankwah-Amoabh et al., 2021).

Methodological Contributions to Measurement and Validation

From a methodological perspective, the study contributes by developing and validating a
robust, multi-construct measurement model using EFA, CFA, and SEM. The use of rigorous
psychometric validation—high reliability, convergent validity, discriminant validity (Fornell-
Larcker and HTMT), and multicollinearity diagnostics—enhances the credibility and
replicability of the model.
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Academically, this offers future researchers a validated instrument for studying Al acceptance
and implementation in HR contexts (Hair et al., 2017). The methodological rigor also responds
to critiques regarding weak measurement practices in technology adoption studies and
strengthens empirical standards in the field.

Emphasis on Demographic and Individual Differences

The findings further underscore the academic importance of demographic heterogeneity in
technology adoption research. By demonstrating that age, experience, education, income,
management level, organizational size, location, and gender significantly influence perceptions
of Al and organizational effectiveness, the study challenges overly homogenized models of
technology acceptance.

This aligns with emerging scholarship emphasizing the role of individual differences, power
dynamics, and social positioning in shaping technology outcomes (Ajzen, 2011; Orlikowski,
2007). The study thus encourages future academic work to integrate demographic and socio-
structural variables more systematically into Al and HRM research.

Opening New Research Pathways in Ethical and Human-Centric AI

Finally, the study’s findings highlight the academic necessity of incorporating ethical
governance, trust, and transparency into Al adoption models. While not explicitly modelled as
independent constructs, the observed influence of resistance, complexity, and uncertainty
signals the growing relevance of ethical Al scholarship in HRM.

This contributes to the emerging academic discourse on human-centric and responsible Al,
encouraging future theorization that integrates ethics, explainability, and legitimacy into
mainstream HR and technology adoption frameworks (Raghavan et al., 2020; Floridi et al.,
2018).

6.5.2 Managerial and Industry Implications

To justify investing in Al technology, business leaders and HR executives can give real-world
evidence from the study of how perceived acceptance of artificial intelligence increases
Organisational effectiveness. This shifts it from a mere technological trend to a strategic
decision.

The study shows that implementing Al entails more than merely installing the latest software.
Organisational readiness (top management support and employee knowledge), technological
readiness (usability and ease of use), and environmental readiness (social impact and external
support) are all critical. Change management, training, and strategic collaborations must be
funded by the industry. The significant impact of "Resistance to Change" and "Complexity"
highlights the need for robust change management strategies, transparent communication, and
involving employees in the Al adoption process from the outset.

The "Complexity" and "Uncertainty/Risk" criterion (which deal with User Acceptance) raise
ethical concerns such as data privacy and algorithmic bias. When utilising Al, businesses must
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prioritize fairness, transparency, and data protection in order to gain the trust of their employees
and HR professionals.

Because of significant demographic variations like as age, experience, education, income,
management level, region, and gender, HR departments should not utilise the same approach
to Al communication, training, and implementation for everyone.

The consistent significance of Top Management Support across various factors (though not
always significant across all demographics for every factor) indicates that active championship
from senior leadership is vital for fostering an Al-ready culture.

From a policy perspective, the study highlights the need for frameworks that promote ethical,
transparent, and inclusive Al deployment in HR. Addressing concerns related to complexity,
bias, privacy, and uncertainty is essential for sustaining employee trust and long-term
organizational value.

Industry wise Al implementation strategies

The results of the current study provide important practical insights for industries that seek to
leverage Artificial Intelligence (AI) in Human Resource (HR) practices to improve
organisational effectiveness. The research found that while acceptance of Al is relatively
consistent across industries, the scope and quality of Al implementation vary widely, and that
impacts organisational outcomes. This provides an important managerial insight: value from
Al is not in the acceptance stage but through effective and sustained implementation.

The study suggests that in the case of IT/ITES sector with strong technological capabilities, the
biggest challenge lies in human-centric factors like self-efficacy and resistance to change. For
this reason, organisations in this sector should focus on continuous skill development,
especially on improving employees’ ability to interact with Al systems. Structured training
programs, practical exposure and change management initiatives can bridge the gap between
technical readiness and behavioural adoption. This will help ensure that Al tools are available
and effectively used in HR processes.

The use of Al in hospitality and healthcare, where operational consistency and service quality
are critical, requires standardisation and ethical integration. The study indicates that there is
acceptance, but the implementation might not be uniform. Managers should think about
applying Al to everyday HR practices such as planning the workforce, hiring, and evaluating
performance, but with openness and fairness. To achieve consistent results, it will be important
to strengthen enabling conditions, including infrastructure and employee support systems.

The consumer durables and telecommunications sector can scale Al beyond pilot initiatives.
The study underscores the need for deep integration of Al in core HR processes such as talent
analytics and performance management. Organisations should plan their Al initiatives with a
strategy that is aligned with business objectives and that can be tracked through measurable
performance indicators. This will allow a shift from piece-meal application to enterprise-wide
deployment and therefore increase effectiveness and agility.

In the banking, insurance, and financial services (BFSI) sector, which is known for structured
processes and regulatory oversight, the application of Al should move beyond compliance-
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driven use to strategic value creation. Findings indicate that innovation is potentially limited,
but preparedness is fairly stable. Al can be applied by managers for more advanced HR
analytics, predictive workforce planning and employee engagement. Leadership should
actively champion experimentation and innovation, within the bounds of regulation.

The study shows that the diffusion of Al practices varies among management consultancy
firms, suggesting room for increasing the diffusion of Al practices. The research findings can
be used by firms to incorporate Al into consulting approaches and internal HR processes.
Promoting knowledge sharing, building AI skills within consultants and encouraging
leadership-led adoption will allow Al to be seen as a core strategic asset, not an add-on.

The results indicate the importance of aligning technological readiness (TOE framework),
individual perceptions (TAM/UTAUT), and innovation diffusion processes (DOI theory) in all
industries. Organisations thus need to embrace a holistic approach to combine these dimensions
to achieve successful Al adoption. Ultimately, the application of this research is to help
managers move from the acceptance of Al to the effective implementation of Al, resulting in
sustainable improvements in organisational effectiveness.
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CHAPTER -7 LIMITATIONS AND POTENTIAL
FUTURE SCOPE

7.1 Limitations of Study

Despite its strong methodological rigor and substantial empirical contribution, the present
study is subject to certain limitations that should be acknowledged while interpreting the
findings. Recognizing these limitations not only strengthens the credibility of the research but
also provides direction for future scholarly inquiry.

7.1.1 Contextual and Sectoral Boundaries

The study is confined to selected service-sector industries in India, namely IT/ITES, Healthcare
& Hospitality, Consumer Durables & Telecommunications, Banking and Financial Services,
and Management Consultancy. While this focus allows for meaningful sectoral comparison
and contextual depth, it limits the direct generalizability of the findings to other industries such
as manufacturing, public administration, education, or agriculture. Variations in technological
maturity, regulatory frameworks, organizational culture, and workforce composition across
sectors may influence Al acceptance and implementation differently.

7.1.2 Geographic Concentration

Data were collected primarily from organizations located in Gujarat, with a higher
representation from Central Gujarat. Although Gujarat is a major industrial and economic hub,
regional disparities in infrastructure, digital readiness, and exposure to Al technologies across
other Indian states may lead to different adoption patterns. Consequently, the findings should
be interpreted as regionally grounded rather than nationally exhaustive.

7.1.3 Cross-Sectional Research Design

The study adopts a cross-sectional design, capturing employee perceptions at a single point in
time. While this design is suitable for examining relationships among constructs and testing
theoretical models, it restricts the ability to observe changes in Al acceptance, learning effects,
and organizational outcomes over time. Al implementation is an evolutionary process, and
longitudinal studies could provide deeper insights into post-implementation dynamics and
sustained effectiveness.

7.1.4 Self-Reported Data and Common Method Bias

The research relies on self-reported survey data, particularly for constructs related to
perceptions of Al, behavioural intention, acceptance, implementation, and organizational
effectiveness. Although methodological precautions such as scale validation, reliability checks,
and SEM were employed, responses may still be influenced by social desirability bias,
perceptual errors, or individual optimism or scepticism toward Al. Future research may
triangulate survey data with objective performance metrics or managerial assessments.
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7.1.5 Non-Normal Distribution of Data

The data were found to deviate from normality, necessitating the use of robust analytical
techniques such as bootstrapping, PLS-SEM, and non-parametric tests. While these methods
are statistically appropriate and widely accepted, results may differ if replicated using normally
distributed data or alternative estimation techniques. This limitation underscores the
importance of cautious interpretation, particularly when comparing findings with studies using
traditional parametric approaches.

7.1.6 Focus on Perceived Implementation Rather Than Actual Use

The construct of Perceived Al Implementation captures employees’ beliefs of organizational
readiness and implementation effectiveness rather than direct measurement of actual Al system
usage or maturity levels. While perception-based measures are valuable in understanding
acceptance and behavioural responses, they may not fully reflect technical depth, system
performance, or integration quality of Al tools within HR processes.

7.1.7 Limited Exploration of Technical and Algorithmic Dimensions

The study intentionally adopts a managerial and behavioural perspective and does not delve
into the technical architecture, algorithmic design, or computational performance of Al systems
used in HR. As a result, issues such as model accuracy, algorithmic bias, explainability, and
system interoperability are addressed only at a perceptual level. Future interdisciplinary
research combining HRM and data science perspectives could offer deeper technical insights.

7.1.8 Ethical and Regulatory Dimensions Not Exhaustively Modelled

Although constructs such as uncertainty, risk, and complexity indirectly capture ethical
concerns, the study does not explicitly model Al ethics, data governance frameworks, or legal
compliance variables. Given the increasing importance of responsible Al and regulatory
oversight, future research could benefit from explicitly incorporating ethical governance
constructs into Al acceptance and effectiveness models.

7.1.9 Demographic Representation Imbalance

The sample comprises a higher proportion of younger, early-career, and postgraduate-qualified
respondents. While reflective of the current service-sector workforce, this demographic skew
may underrepresent perspectives of senior professionals or late-career employees who may
experience Al differently. This limitation suggests caution in generalizing findings across all
age and experience groups.

7.1.10 Absence of Qualitative Insights

The exclusively quantitative approach limits the ability to capture nuanced employee
narratives, emotional responses, and contextual meanings associated with Al adoption in HR.
Qualitative interviews or case studies could have enriched the understanding of resistance,
trust, and adoption processes, particularly during Al implementation phases.

196



In summary, while the study offers robust empirical evidence and a validated conceptual
framework, its findings should be interpreted within the boundaries of sectoral focus,
geographic scope, cross-sectional design, perceptual data, and methodological constraints.
These limitations do not diminish the study’s contribution; rather, they provide a transparent
foundation for future research aimed at deepening and broadening understanding of Al
implementation in HR and its impact on organizational effectiveness.

7.2 Potential Future Scope of the Study

Building upon the findings and limitations of the present research, several promising avenues
emerge for future scholarly exploration.

First, future studies can expand the conceptual framework across industries and institutional
contexts, including public sector organizations, MSMEs, and global enterprises. This would
enable comparative analysis of how organizational structure and governance influence Al
acceptance and effectiveness.

Second, longitudinal research designs can provide deeper understanding of how Al acceptance
transitions into habitual use, governance maturity, and long-term organizational effectiveness.
Such studies would be particularly valuable in capturing post-implementation learning curves
and change fatigue.

Third, future research may integrate ethical Al governance frameworks into HR adoption
models by explicitly examining fairness perceptions, transparency mechanisms, explainable
Al, and employee trust. This is especially relevant given increasing regulatory scrutiny and
ethical expectations around Al use.

Fourth, scholars may explore moderating and mediating mechanisms, such as organizational
culture, leadership style, psychological safety, and learning orientation, to better understand
the pathways linking Al implementation to organizational effectiveness.

Fifth, mixed-method and qualitative approaches can deepen insight into employee narratives,
resistance dynamics, emotional responses, and identity shifts caused by Al-driven HR
systems—dimensions that quantitative models alone cannot fully capture.

Sixth, future studies may examine Al maturity stages in HR, moving beyond adoption to assess
optimization, innovation capability, and strategic transformation enabled by Al.

Finally, cross-cultural, and international comparative studies can help establish whether the

observed relationships hold across different socio-economic, regulatory, and cultural
environments, thereby contributing to the global AI-HRM literature.
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Annexure A — Questionnaire

Acceptance and implementation of Artificial Intelligence (AI) in HR Practices for
Organizational Effectiveness

Dear Respondent,

My name is Ms. Meet Bhatt, and I am currently Pursuing my PhD from Gujarat Technological
University (GTU). I am reaching out to you as a potential respondent for a research project I
am conducting on title "Acceptance and implementation of Artificial Intelligence in HR
Practices for Organizational Effectiveness" My study aims to understand more about the
potential applications of Al in human resources operations in the future and to determine if the
employees are prepared for these changes. Your knowledge and perceptions would be
extremely beneficial to the accomplishment of this research. Your input will aid in shaping the
outcomes of this research and provide valuable data for analysis. The questionnaire should take
no more than ten to fifteen minutes to complete. The response you provide will be confidential
and will only be used for research purposes.

Thanks, and regards,
Meet Bhatt

Demographic Factors:
1. Name:

2. Gender:
a. Male b. Female c. Other

3. Age Group (Years):
a. 18-25 b. 26-35 c. 36-45
d. 46-55 e. Above 56

4. Experience (Years):

a. 0-5 b. 6-10 c. 11-15
d. 16-20 e. 21-25 f. 26-30
g. 31-35 h. Above 35
5. Income (Annual):
a. Less Than 5 Lakhs b. 5to 10 Lakhs c. 11to 15 Lakhs
d. 16 to 20 Lakhs e. 21 to 25 lakhs f. 26 to 30 lakhs
g. Above 30
6. Education:
a. Diploma or equivalent b. Graduate
c. Post-Graduate d. Doctorate
e. Other
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7. Industry you Work at:

a. IT/ITES b. Pharmaceutical

d. Banking, e. Management Consultancy
Insurance, and /HR/Marketing/Digital/Cons
other financial ultancy
services

g. FMCG h. Government

j- Telecommunica k. Hospitality
tions

. Consumer Durables
f. Retail

Healthcare
Other

8. Size of the organization you work at (Approximate number of employees):

a. Below 100
c. 300-500

9. Level of management you work at:
a. Top Level of

Management
c. Bottom Level of
Management
10. Location:
a. Central Gujarat b. North Gujarat
d. Kutch e. South Gujarat

Select any one of the following for each question:

b. 100-300

d. Above 500

b. Middle Level of

Management

c. Saurashtra
f. Other

1. Strongly Agree 2. Agree (A) 3. Neutral (N)
(SA)
4. Disagree (D) 5. Strongly
Disagree (SD)
Questions SD DN A | SA

Artificial Intelligence — Section 1

e Technology Readiness

O Technology Characteristics -Part 1

Artificial Intelligence provides ubiquitous & Reliable HR
services

Artificial Intelligence improves the working of HR practices
Artificial Intelligence provides scalable services (add or
reduce required features)

To manage HR functions Artificial Intelligence based
applications are appropriate
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Al based applications are compatible with the HR tasks
Al Based applications meets the HR function needs in your
organization

Perceived Value (Usefulness)

o Relative Advantage — Part 2

Artificial Intelligence in HR Practices will provide
competitive Advantage to organization

Artificial Intelligence is more beneficial than current system
infrastructure (Automated or manual) used in organization
Artificial Intelligence in HR Practices lowers cost

Artificial Intelligence in HR practices saves time

Al in HR Practices makes business more efficient & effective

o Positive Attitude towards Change — Part 3

Artificial Intelligence in HR Practices gives me more control
over my daily work lives.

Products and services that use Artificial Intelligence in HR are
much more convenient to use.

I would like AI programs in HR Practices that allow me to
tailor things to fit my own needs.

Artificial Intelligence in HR Practices makes me more
efficient in my occupation.

I find using Artificial Intelligence in HR Practices to be
mentally encouraging.

Learning about Artificial Intelligence can be as rewarding as
the technology itself.

I feel confident that Artificial Intelligence tools in HR
practices will follow through with what I instructed them to
do.

o Creativity — Part 4
I am always open to learning about new and different
technologies.
I can usually figure out new high-tech products and services
without help from others
I can keep up with the latest technological developments in
areas of my interest.
I enjoy the challenge of figuring out high-tech gadgets.
I find, I have fewer problems than other people in making
technology work for me.

o Self-Efficacy — Part 5
I expect to succeed after Artificial Intelligence in HR Practices
is implemented.
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I have the skills that are required to work with Al enabled HR
Practices.

When my organization implement Artificial Intelligence in
HR Practices, I feel I can handle it with ease.

The organization will provide me with the training necessary
to successfully implement Al in HR Practices.

Perceived User-friendliness (Ease of use)

o Complexity — Part 6
Whenever something gets automated, I need to check
carefully that the Artificial Intelligence Tool or Software is not
making mistakes.
For me, the human touch is very important when doing
business with a company.
When I call a business, I prefer to talk to a person rather than
Artificial Intelligence tool.
If I provide information to Artificial Intelligence, I can never
be sure it really gets to the right place.
No one has explained to me why Artificial Intelligence must
be implemented in our organization.
I don’t understand how Artificial Intelligence will make things
better than the way it is now.
According to me, my organization does not have a problem
that will be addressed by Artificial Intelligence
I am concerned with the risks associated with this change that
Artificial Intelligence in HR Practices will bring

o Resistance to change — Part 7
Artificial Intelligence is too complicated to be useful and are
not designed for use by ordinary people/less techno-savvy
people
It is helpful to have Artificial Intelligence product or service
explained to me by a knowledgeable person.
There should be caution in replacing important people-tasks
with technology because Artificial Intelligence can
breakdown or get disconnected.
Artificial Intelligence tools always seems to fail at the worst
possible time.
Artificial Intelligence may have health or safety risks that are
not discovered until after people have used them.
Artificial Intelligence makes it too easy for governments and
companies to spy on people.
This change will disrupt many of the personal relationships I
have developed.
This change makes me question my future employment with
current organization.
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Organization Readiness — Section 2

Top Management Support — Part 8

Top management considers Al adoption into HR Practices as
important to the organization in digital transformation.

Top management effectively communicates its support for the
use of Al in HR Practices

Top management is likely to invest funds in Artificial
Intelligence related technologies in HR Practices.

Top management has established goals and standards to
monitor the Al usage in the firms HR Practices

Top management encourages the employees to use Al in HR
Practices

Social Characteristics — Part 9

People who are important to me think that I should use Al in
HR Practices

People who influence my behaviour think that I should use Al
in HR Practices

Most people surrounding me use Al tools in HR Practices

I get help from colleagues while using Al in HR Practices

Performance Expectancy — Part 10

Using Al in HR Practices would improve my performance
Using Al in HR Practices would save my time

I would use Al in HR Practices at any time and place

I would find AI in HR Practices useful

Effort Expectancy -Part 11

Learning to use Al in HR Practices is easy for me
Becoming skilful at using Al in HR Practices is easy for me
Interaction with Al system is easy for me

Environment Readiness — Section 3

Social Influence (Competitive Pressure) — Part 12
It is a strategic requirement to utilize AI in HR Practices to
compete in the market.

Our firm will be affected by competitive disadvantages if Al
in HR Practices will not be adopted.

Our organization believe we will lose our market share if we
do not adopt Al in HR Practices.

230



e External Support (Support from service
Provider) - Part 13

e A specific person is available for assistance with difficulties
when using Al enabled HR Practices

® You have technological support to use Al based system in HR
Practices

e All the tools and peripherals required to use Al in HR
practices are available in organization

e The service provider would provide the training as and when
required for Al in HR Practices

e Facilitating Conditions — Part 14

e Your organization have the resources necessary to use Al
Systems in HR Practices

e Al based system in HR Practices is compatible with HR
Practices of our Organization

e [ feel that I can make informed decisions about which
tools/resources to use within Al enabled HR system

e [ feel that you can fully take advantage of Al enabled HR
practices thanks to the resources within the system

e Behavioural Intention — Section 4 (Part 15)

e | would like to use Artificial Intelligence based HR
Application

e Assuming I had access to the Al based HR system, I intend to
use it.

e Given that I had access to the Al based HR system, I predict
that I would use it.

e [ plan to use the Al based HR system in the future.

Perceived AI Acceptance — Section 5

User Acceptance

o Compatibility — Part 16

e Al in HR Practices is consistent with current values and
believes of organization

e Al in HR Practices is compatible with managerial and
operational needs

e Alenabled HR system is compatible with existing systems

e Al adoption is influence by previous adoption experience of
other technologies

o Uncertainty/Risk — Part 17
e [ believe Al in HR Practices will keep my information
confidential
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I believe your transactions are secured using Al enabled HR
system

I believe my privacy would not be divulged by Al enabled HR
system

Perceived AI Implementation — Section 6

I think the current technological infrastructure of our
organization can support Al in HR systems

I believe that our organization is ready to adopt Al in HR
practices

I think that the stakeholders involved in decision making
process are ready to implement Al in HR Practices

The organization has a clear and well-defined strategy for
implementing the Al in HR practices

The Al in HR practices implementation plan aligned with the
overall organizational goals and objectives.

I believe that our organization has accessed and is ready to
manage the risks associated with implementation of Al in HR
practices

I suppose that training programs are in place to support the
employees in adopting Al in HR practices

The technical support will be available during and after the
implementation of Al systems in HR practices

The organization will be using well-defined criteria to
evaluate the success of Al implementation in HR Practices
The implementation of Al in HR practices will increase the
effectiveness of HR function

Implementation of Al in HR practices will enhance my
professional development

Al in HR practices will be successful only if the system will
be maintained regularly by technical staff

Organizational Effectiveness — Section 7

The objectives of the organization for acceptance and
implementation of AI in HR Practices are realistic and
worthwhile

The superiors of the organization are ahead of time in
planning and scheduling work related to Al in HR Practices
The communication I receive from top management regarding
Al in HR Practices are well intentioned and well thought off
[ usually want my immediate supervisor to tell you what to do
regarding adoption of Al in HR Practices

When I have a problem related to my work, I like to solve it
myself, without anybody is help?

I like to act according to my own judgement, regarding my
job?
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People in our organization do their duties irrespective of the
fact that the management do not bother to reward for their
sincerity on job?

People in our organization do their duties irrespective of the
fact that the management will not care to punish them for their
lapses in job?

I usually show up for work a little early, to get things ready

I often try on my own to find better or faster way of doing
something on my job?

I often try to express my ideas on the job, either or after
checking with my boss?

I am willing to put a great deal of effort beyond that normally
expected to help this organization be successful.

I would accept almost any type of job assignment to keep
working with current organization

I feel that I have a chance of advancement on this job

There are chances of my future growth in current organization
I find my values & organizations values very similar

I feel sense of pride in working for this organization
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Annexture B — Content Validity

By Industry Expert — Mr. Jay Hulani (Assistant Manager — Cluster HR (Gujarat
Region), Samsung India Electronics Pvt. Ltd.

Command '~ Th, modd it Tlevant to it oRanisaions & quastions ane
Naladable Witk tha ina\pﬂ‘g Nemrms - Tha Fanteniy would log
abi fo undorghemd Wq}u»ibnar«op,ulo.

Wﬁ( ‘A7 '1Ad SOINOYLIITI VIONI ONNSIRYS
Tl

il SAMSUNG INDIA ELECTRONICS PVT. LTD.
(;FJ Hulqn'l)

SAMSUNG  JayHulani

Assistant Manager, Cluster HR

Samsung India Electronics Pvt. Ltd.
Office No 404-408, Shapath-V Building,
Opp - Karnavati Club, S G Road,
Ahmedabad - 380015

+91.97.3775.8745
jay.hulani@samsung.com

By Academic Expert Dr. Vishal Dahiya (Professor & Director iMCA - Sardar Vallabhbhai Global
University)

Vishal Dahiya <director-i-mca@cpi.edu.in>

Sat, Apr 6, 11116 AM ﬁ
tome v

Dear Ms. Meet,

| have gone through your questionnaire , | found you have considered all the variables and parameters of your research topic.
It is an exhaustive analysis done by you.
| wish all the very best for your research publication and defence.

Regards,
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1.

Annexture C — List of Publications

UGC Care paper titled “EMPLOYEE PERCEPTION TOWARDS ACCEPTANCE OF
HR ANALYTICS” by Meet Bhatt & Dr. Priyanka Shah (Meet Bhatt & Dr. Priyanka Shah,
2024b)
* which is published in UGC care Journal (Annals of the Bhandarkar Oriental
Research Institute ISSN: 0378-1143)
* Meet Bhatt & Dr. Priyanka Shah. (2024). EMPLOYEE PERCEPTION
TOWARDS ACCEPTANCE OF HR ANALYTICS. Annals of the Bhandarkar
Oriental Research Institute, 2024(1), 115-123.

Peer-Reviewed Paper Publication Titled “EMPOWERING EMPLOYEES:
EMBRACING ARTIFICIAL INTELLIGENCE (AI) IN HR PRACTICES IN RETAIL
SECTOR” (Meet Bhatt & Dr. Priyanka Shah, 2025b)
*  Which is published in International Journal of Business Analytics and
Intelligence for Volume 13 Issue April
* Meet Bhatt & Dr. Priyanka Shah. (2025). Empowering Employees : Embracing
Artificial Intelligence ( AI ) in HR Practices in Retail Sector. International
Journal of Business Analytics and Intelligence, 13(1), 23-31.
http://publishingindia.com/ijbai/

Scopus Emerald Publishing - Chapter Publication “ACCEPTANCE OF ARTIFICIAL
INTELLIGENCE IN HUMAN RESOURCE PRACTICES BY EMPLOYEES”
* Published in The Adoption and Effect of Artificial Intelligence on Human
Resources Management, Part B, 13—30 Copyright © 2023
* Meet Bhatt and Dr. Priyanka Shah Published under exclusive license by
Emerald Publishing Limited doi:10.1108/978-1-80455-662-720230002
* Bhatt, M., & Shah, P. (2023). Acceptance of Artificial intelligence in human
resource practices by employees. In The Adoption and Effect of Artificial
Intelligence on Human Resources Management, Part B (pp. 13-30). Emerald
Publishing Limited.
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