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ABSTRACT 
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This study examines the role of Artificial Intelligence (AI)-driven tools in improving the 

onboarding process for healthcare workers, with a focus on efficiency, effectiveness, and 

overall employee integration. In response to growing complexities in healthcare 

operations, the research investigates how AI can streamline administrative onboarding 

tasks and support workforce preparedness. It also identifies the operational, structural, 

and leadership-related challenges that affect the standardization of onboarding practices 

across healthcare organizations. 



 

 

vii 

A fully quantitative approach was adopted, utilizing a structured online questionnaire 

distributed to healthcare professionals from various departments and organizational sizes. 

A total of 204 responses were collected using a simple random sampling method. Data 

were analyzed using statistical tools in Python, including regression analysis, Spearman 

correlation, and ANOVA, to evaluate relationships between AI familiarity, onboarding 

outcomes, and key influencing variables. 

The findings reveal that AI tools are perceived to significantly reduce onboarding time 

and improve data accuracy. Respondents also acknowledged a positive impact on 

employee satisfaction, though this relationship was less statistically strong. Key 

challenges identified in the onboarding process include documentation delays, 

credentialing issues, inconsistent leadership engagement, and unclear HR policies. These 

issues were found to be systemic and more pronounced in larger healthcare organizations. 

The study also highlights the importance of human-centered onboarding elements. 

Training quality, leadership support, and team collaboration were strongly correlated with 

onboarding success, while orientation, training, and mentorship were found to 

significantly enhance employee engagement and retention. 
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CHAPTER I:  

INTRODUCTION  

 

1.1 Introduction  

The onboarding process for healthcare workers is a critical component of 

healthcare workforce management, with profound implications for both organizational 

success and the quality of patient care. However, many healthcare providers face 

significant challenges in standardizing and optimizing these processes, leading to 

inefficiencies and higher turnover rates. In recent years, Artificial Intelligence (AI)-based 

technologies have emerged as a transformative force in various sectors, including 

healthcare, offering innovative solutions to enhance operational efficiency and 

effectiveness. 

This chapter introduces the scope and objectives of the dissertation, which seeks 

to explore how AI can be applied to evaluate and improve the maturity of healthcare 

provider onboarding processes. The research aims to assess the impact of AI-driven tools 

on onboarding efficiency, employee satisfaction, retention, and overall organizational 

maturity. By integrating AI into the evaluation of onboarding processes, healthcare 

organizations can gain valuable insights that lead to more effective and data-driven 

strategies, thereby improving workforce integration and enhancing patient care delivery. 

The following sections will outline the background of the study, the research problem, 

the objectives of the study, and the significance of the research in advancing both 

healthcare management and AI applications in human resource practices. 
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1.2 Background of the Study 

The onboarding process for healthcare workers plays a crucial role in ensuring the 

integration, performance, and retention of new employees in healthcare organizations. An 

effective onboarding process is not only vital for enhancing employee satisfaction but 

also for improving the quality of patient care (Arnold et al., 2023). In healthcare, where 

precision, expertise, and team collaboration are of utmost importance, a comprehensive 

and well-structured onboarding process is essential to ensuring that healthcare workers 

are prepared for their roles, equipped with the necessary skills, and aligned with the 

organizational goals (Baldwin, 2016). However, despite its importance, many healthcare 

organizations still rely on traditional, manual, and often fragmented onboarding processes 

that are inconsistent, time-consuming, and prone to inefficiencies, ultimately leading to 

increased turnover, poor job satisfaction, and compromised patient care (Li et al., 2018). 

The healthcare sector is undergoing significant transformations, with 

advancements in digital health and Artificial Intelligence (AI) playing a pivotal role in 

reshaping various operational aspects of healthcare delivery (Aung et al., 2021). AI 

technologies, including machine learning (ML), natural language processing (NLP), and 

predictive analytics, have demonstrated their potential in automating and optimizing tasks 

across different domains of healthcare, from diagnostics to resource management 

(Esmaeilzadeh, 2024). In the context of healthcare worker onboarding, AI-driven tools 

can provide data-driven insights to enhance decision-making, personalize onboarding 

experiences, and reduce the time and resources required for integration into the 

workforce (Joshi et al., 2024). 

Despite these promising developments, the application of AI to healthcare 

onboarding processes remains limited, with few empirical studies examining its impact. 

Some studies have highlighted the potential of AI to automate routine administrative 
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tasks such as document processing, background checks, and training scheduling, which 

would otherwise be handled manually (Kadirov et al., 2024). Furthermore, AI-based 

predictive models could be employed to assess the readiness of new hires, monitor their 

progress, and provide personalized recommendations to accelerate their competency 

development (Khavandi et al., 2024). However, barriers such as data privacy concerns, 

algorithmic biases, and the resistance of healthcare organizations to implement 

technological changes pose significant challenges to the widespread adoption of AI in the 

onboarding process (Reddy et al., 2021). 

AI's integration into healthcare worker onboarding is also closely tied to the 

concept of organizational maturity. Organizational maturity models provide a framework 

for assessing the effectiveness and efficiency of an organization’s processes, including its 

ability to manage human resources (Aiwerioghene et al., 2024). These models typically 

evaluate aspects such as technology adoption, process standardization, and performance 

outcomes (Sinn et al., 2022). In the case of onboarding, a mature system would be 

characterized by the standardized use of evidence-based practices, the integration of 

technology to support decision-making, and the alignment of onboarding practices with 

the overall strategic goals of the organization (Barnes & Daim, 2022). 

The integration of AI in evaluating and improving onboarding maturity has the 

potential to provide healthcare organizations with a clearer understanding of the gaps in 

their current processes, highlight areas for improvement, and inform data-driven 

decisions that lead to better onboarding outcomes (McNabney et al., 2022). For instance, 

predictive analytics can be employed to track new hires' performance and engagement, 

offering insights into their likelihood of success, thereby allowing for early interventions 

that improve retention and performance (Fernández-Llatas, 2021). 
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The recent emergence of AI technologies presents an opportunity to modernize 

healthcare worker onboarding processes by making them more efficient, personalized, 

and data-driven. However, despite the clear advantages, the effective integration of AI 

into healthcare onboarding remains an under-researched area. This study aims to fill this 

gap by exploring the role of AI-based tools in evaluating and enhancing the maturity of 

healthcare worker onboarding processes, thereby contributing to both the field of 

healthcare management and the growing body of research on AI applications in human 

resource management. 

 

1.3 Research Problem  

Healthcare organizations around the world face significant challenges related to 

employee turnover, workforce integration, and the overall efficiency of their human 

resource management processes. In particular, the onboarding process for healthcare 

workers is often inconsistent, time-consuming, and inefficient. Traditional onboarding 

processes are largely manual, lacking data-driven insights that can optimize the efficiency 

of the process and align it with organizational goals. This inefficiency leads to high 

turnover rates, delayed integration of new hires, and suboptimal employee engagement, 

all of which ultimately affect the quality of patient care (Peltokoski et al., 2015). 

Despite the growing need for effective workforce management, many healthcare 

organizations struggle to standardize their onboarding procedures, particularly across 

diverse healthcare settings (Baldwin, 2016). These processes are further complicated by 

resource limitations, variations in training programs, and challenges in ensuring that new 

employees meet the required competencies quickly (Kelly et al., 2019). As healthcare 

systems continue to evolve, organizations must find ways to address these issues and 

optimize their onboarding practices to improve workforce retention and performance. 
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Artificial Intelligence (AI) has emerged as a potential solution to enhance the 

onboarding process by providing automated, data-driven tools that can standardize tasks, 

streamline workflows, and generate insights to improve decision-making (Joshi et al., 

2024). However, the integration of AI technologies into healthcare worker onboarding is 

still in its early stages, and empirical evidence regarding its impact on onboarding 

effectiveness remains limited (Esmaeilzadeh, 2024). Furthermore, healthcare 

organizations are often hesitant to adopt AI-driven solutions due to concerns over data 

privacy, trust in AI, and the potential costs involved in implementation (Reddy et al., 

2021). 

There is a clear gap in the literature on how AI-based technologies can assess and 

improve the maturity of healthcare worker onboarding processes. While AI has 

demonstrated its potential in other areas of healthcare management, such as diagnostics 

and patient care (Aung et al., 2021), its application to human resource management, 

specifically to onboarding, remains underexplored. Therefore, this research aims to fill 

this gap by investigating the role of AI in evaluating and enhancing the maturity of 

healthcare provider onboarding processes, providing evidence-based insights into how AI 

can address current challenges and contribute to improved workforce management in 

healthcare settings. 

 

1.4 Purpose of the Study  

The purpose of this study is to explore the application of Artificial Intelligence 

(AI)-based technologies in evaluating and enhancing the maturity of healthcare worker 

onboarding processes within healthcare organizations. As the healthcare industry faces 

growing challenges related to employee turnover, integration, and performance, 

improving the onboarding process becomes critical in ensuring the workforce is well-
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prepared and aligned with organizational objectives (Peltokoski et al., 2015). This study 

seeks to investigate how AI-driven tools can optimize onboarding by automating routine 

tasks, providing real-time data-driven insights, and personalizing the onboarding 

experience for healthcare workers (Joshi et al., 2024). 

Specifically, this research will assess how AI technologies can contribute to the 

standardization of onboarding practices, reduce inefficiencies, and improve key outcomes 

such as employee retention, satisfaction, and time-to-competency (Baldwin, 2016). By 

evaluating AI's role in assessing the maturity of healthcare provider onboarding 

processes, this study will provide evidence-based insights into how AI can improve 

decision-making, optimize workforce management, and enhance overall healthcare 

delivery (Esmaeilzadeh, 2024). Furthermore, the research aims to identify the challenges 

healthcare organizations face in adopting AI tools, such as concerns about data privacy, 

trust in AI, and the integration of AI with existing workflows (Reddy et al., 2021). 

The study's findings will contribute to the growing body of literature on AI 

applications in human resource management and provide healthcare administrators with 

practical guidance on implementing AI-driven tools to improve their onboarding 

processes. In doing so, the study aims to bridge the gap between AI technology and 

healthcare workforce management, ultimately leading to better patient care and more 

effective use of human resources within healthcare organizations (Aung et al., 2021). 

 

1.5 Research Objectives 

1. To measure the impact of AI-driven tools on the efficiency and effectiveness of 

the healthcare worker onboarding process. 

2. To identify and quantify the challenges faced by healthcare organizations when 

standardizing their onboarding processes. 
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3. To analyze the key factors that significantly affect the success of healthcare 

worker onboarding in various healthcare settings. 

4. To evaluate the effectiveness of different components in the healthcare worker 

onboarding process. 

  

1.6 Research Questions and Hypothesis 

Research Questions 

1. How does the implementation of AI-driven tools affect the efficiency (e.g., 

onboarding time) and effectiveness (e.g., accuracy, employee satisfaction) of healthcare 

worker onboarding? 

2. What are the most common and significant challenges healthcare organizations 

face in standardizing their onboarding processes? 

3. Which factors (such as training quality, team integration, resource availability) 

most significantly influence the success of healthcare workers onboarding across 

different healthcare settings? 

4. What is the relative impact of specific onboarding components (orientation, 

training, mentorship) on healthcare worker retention, job performance, and engagement? 

Hypothesis  

H1: The implementation of AI-driven onboarding tools has a significant positive 

effect on the efficiency and effectiveness of healthcare worker onboarding processes. 

H2: Standardization challenges within healthcare organizations significantly 

hinder the positive impact of AI-driven onboarding tools on onboarding process maturity. 

H3: Key success factors—such as training quality, team integration, and resource 

availability—significantly influence the overall success of healthcare worker onboarding 

in healthcare organizations. 
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H4: AI-enhanced training and mentorship components have a greater positive 

impact on healthcare worker retention, job performance, and engagement than orientation 

programs. 

 

1.7 Motivation for the Study  

The motivation for this study arises from the increasing need for healthcare 

organizations to improve their workforce management processes, particularly in the 

onboarding of healthcare workers. Effective onboarding is essential to ensuring that new 

employees are integrated smoothly into their roles, are equipped with the necessary skills, 

and are aligned with the organization’s goals, which in turn improves overall job 

satisfaction, performance, and retention (Peltokoski et al., 2015). However, many 

healthcare institutions continue to face significant challenges in optimizing these 

processes, relying on manual, inconsistent, and time-consuming methods that contribute 

to high turnover rates and inefficient workforce management (Baldwin, 2016). 

The emergence of Artificial Intelligence (AI) technologies presents a unique 

opportunity to address these challenges. AI-driven tools, including machine learning 

(ML), predictive analytics, and natural language processing (NLP), have the potential to 

streamline onboarding tasks, personalize the experience, and provide actionable insights 

to improve decision-making and workforce performance (Joshi et al., 2024). The 

application of AI in healthcare human resource management is still in its early stages, and 

there is a notable gap in empirical research regarding its impact on healthcare worker 

onboarding processes (Esmaeilzadeh, 2024). This study is motivated by the need to fill 

this gap and provide valuable evidence on how AI can contribute to optimizing the 

efficiency, effectiveness, and maturity of onboarding processes in healthcare settings. 
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Moreover, the healthcare sector is under constant pressure to adapt to changing 

workforce demands, particularly in the wake of the COVID-19 pandemic, which has 

exacerbated existing workforce shortages and increased turnover rates (Aung et al., 

2021). As healthcare organizations look for innovative ways to improve workforce 

retention and performance, AI-based tools offer a promising solution to address these 

challenges. By investigating the potential of AI to evaluate and enhance the maturity of 

onboarding processes, this study aims to provide healthcare administrators and 

policymakers with evidence-based strategies for implementing AI technologies that can 

improve workforce integration and reduce attrition rates. 

In addition, this research seeks to explore the barriers and challenges that 

healthcare organizations face in adopting AI-driven solutions, such as concerns regarding 

data privacy, algorithmic biases, and the integration of AI with existing systems (Reddy 

et al., 2021). Understanding these challenges will help healthcare leaders make informed 

decisions about how to implement AI technologies in a way that aligns with their 

organizational objectives and ensures positive outcomes for both healthcare workers and 

patients. 

This study is motivated by the potential for AI to revolutionize healthcare worker 

onboarding by making it more efficient, standardized, and data-driven, ultimately 

contributing to improved workforce management, better patient care, and more effective 

use of healthcare resources. 

 

1.8 Healthcare Worker Onboarding: Concepts and Best Practices 

Healthcare worker onboarding is a crucial process in human resource 

management that involves integrating new employees into the healthcare organization 

and preparing them for their roles. Effective onboarding goes beyond basic orientation to 



 

 

10 

ensure that new hires are equipped with the necessary knowledge, skills, and cultural 

understanding to perform their job effectively and align with the organization's goals 

(Baldwin, 2016). It is a multi-stage process that typically includes administrative 

procedures, training, role-specific orientation, socialization into the workplace culture, 

and continuous professional development (Arnold et al., 2023). The success of this 

process is directly linked to employee engagement, retention, and performance, making it 

essential for healthcare organizations to optimize and standardize their onboarding 

practices (Chapman, 2009). 

1.8.1 Core Components of Healthcare Worker Onboarding 

Structured Orientation and Role Definition: A well-structured orientation is 

fundamental to a successful onboarding process. It provides new employees with clear 

expectations, an understanding of organizational culture, and a comprehensive overview 

of their roles and responsibilities. Baldwin (2016) emphasizes that healthcare workers, 

particularly in specialized areas like radiology, benefit from role-specific orientations that 

address the technical demands and workflows of their respective departments. Clearly 

defined roles and expectations can enhance new employees' comfort and productivity, 

which in turn contributes to their long-term engagement and job satisfaction. 

Mentorship and Peer Support: Assigning mentors or preceptors to new hires is 

considered one of the most effective practices for ensuring successful onboarding in 

healthcare. Research by Ziegler (2018) highlights the value of mentorship in integrating 

advanced practice providers into clinical teams, enhancing both their professional 

development and social integration within the organization. By having a mentor, new 

employees can navigate the complexities of healthcare delivery, improve clinical 

decision-making, and enhance teamwork, which is crucial in high-stakes environments 

like healthcare. 
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Cultural and Psychological Integration: Onboarding in healthcare also involves 

helping new employees adapt to the organization's culture and understand the diverse 

needs of patients, particularly in multicultural settings. Research by Thomas and Lee 

(2023) points out that cultural integration, especially for foreign-educated healthcare 

workers, is essential for improving both job performance and satisfaction. Lack of 

cultural understanding can hinder the effectiveness of healthcare workers, particularly in 

environments where patient care is diverse and requires sensitivity to various cultural 

backgrounds. 

Feedback and Evaluation Mechanisms: Continuous feedback is an important 

component of healthcare worker onboarding. According to Rader et al. (2024), 

incorporating structured evaluation mechanisms—such as post-orientation surveys, 

regular check-ins, and performance assessments—helps monitor the effectiveness of 

onboarding processes. These evaluations can identify gaps in training, provide insights 

into employee satisfaction, and offer opportunities for ongoing development, ensuring 

that the onboarding process remains dynamic and responsive to both organizational needs 

and individual employee goals. 

Digital Tools and Standardized Resources: With the increasing use of digital 

technologies, many healthcare organizations are integrating electronic platforms into their 

onboarding processes. Tools such as eHealth dashboards, digital handbooks, and virtual 

training modules offer a consistent and accessible way to onboard healthcare workers, 

especially in remote or large-scale healthcare settings. Godinho et al. (2023) suggest that 

digital onboarding resources ensure uniformity across the organization, making it easier 

for new employees to access necessary information and training materials, regardless of 

their physical location. 

1.8.2 Best Practices for Healthcare Worker Onboarding 



 

 

12 

To optimize healthcare worker onboarding, organizations are increasingly 

adopting best practices informed by research and industry standards. Some of the best 

practices include: 

Personalization and Flexibility: Tailoring the onboarding process to the specific 

needs of healthcare workers based on their roles, experience, and educational background 

improves the relevance and effectiveness of the training (Koppolu et al., 2023). 

Personalized onboarding experiences allow for a more efficient learning curve and faster 

adaptation to the organization's workflow and culture. 

Utilization of AI and Automation: AI technologies can enhance onboarding by 

automating routine tasks, such as document processing, scheduling training sessions, and 

tracking progress. AI can also provide predictive insights to help organizations identify 

potential challenges and offer proactive solutions, making the onboarding process more 

efficient and personalized (Khavandi et al., 2024). 

Continuous Improvement and Iteration: Organizations that regularly assess and 

refine their onboarding processes are more likely to achieve better outcomes in terms of 

employee retention and job satisfaction. Regular feedback from new hires and 

experienced mentors helps organizations make data-driven adjustments to their 

onboarding protocols, ensuring that they remain effective over time (Li et al., 2018). 

Incorporating these best practices into healthcare onboarding processes, 

particularly with the aid of AI and technology, can lead to more efficient integration, 

improved employee retention, and better patient care outcomes. 

 

1.9 Significance of the Study 

The significance of this study lies in its potential to bridge existing gaps in the 

literature regarding the application of Artificial Intelligence (AI) to healthcare worker 
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onboarding processes. Healthcare worker onboarding is a critical phase in human 

resource management, as it directly influences employee performance, job satisfaction, 

and long-term retention (Peltokoski et al., 2015). As the healthcare sector faces 

increasing challenges related to high turnover, workforce shortages, and the need to 

integrate new employees swiftly into complex and fast-paced environments, effective 

onboarding practices become more crucial than ever (Baldwin, 2016). Despite its 

importance, onboarding processes in many healthcare organizations remain inefficient 

and inconsistent, contributing to poor employee outcomes and affecting organizational 

performance (Li et al., 2018). 

By exploring the role of AI in enhancing the maturity of healthcare worker 

onboarding processes, this study seeks to provide healthcare administrators with valuable, 

evidence-based insights that can help them optimize their human resource management 

strategies. AI has the potential to revolutionize onboarding by automating routine 

administrative tasks, personalizing training experiences, and providing real-time data-

driven feedback (Joshi et al., 2024). The findings from this study could inform healthcare 

organizations on how to leverage AI technologies to streamline onboarding, thereby 

improving efficiency, employee engagement, and retention rates. 

Furthermore, the study’s significance extends to the broader healthcare industry 

by contributing to the growing body of research on AI applications in human resource 

management. Although AI has been widely studied in areas such as clinical diagnostics, 

patient care, and operational management (Aung et al., 2021), its application in human 

resource management, specifically onboarding, remains underexplored. By addressing 

this gap, the study not only advances academic knowledge but also provides practical 

solutions to pressing challenges faced by healthcare organizations in managing their 

workforce (Esmaeilzadeh, 2024). 
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Additionally, this research holds significant policy implications. With the 

increasing demand for skilled healthcare professionals, especially in the wake of the 

COVID-19 pandemic, healthcare organizations must adopt innovative solutions to 

enhance workforce readiness and retention. The study’s findings could guide 

policymakers in formulating strategies that promote the adoption of AI technologies in 

workforce management, ultimately contributing to the optimization of healthcare systems 

worldwide (Reddy et al., 2021). 

Finally, the research also offers broader societal benefits. By improving the 

onboarding process, healthcare organizations can foster a more engaged, competent, and 

satisfied workforce, which in turn leads to better patient outcomes and overall healthcare 

delivery (Khavandi et al., 2024). This has the potential to not only improve organizational 

effectiveness but also contribute to the quality of care provided to patients, making the 

study highly significant for both healthcare providers and recipients of care. 

 

1.10 Scope of the Study 

The scope of this study is primarily focused on evaluating the application of 

Artificial Intelligence (AI)-based technologies to assess and enhance the maturity of 

healthcare worker onboarding processes. The research will explore how AI can optimize 

and standardize onboarding procedures, improve workforce integration, and assess 

employee performance across diverse healthcare settings. The study will be conducted 

within healthcare organizations, including hospitals, clinics, and long-term care facilities, 

where the onboarding process plays a critical role in workforce development and patient 

care delivery. 

Geographical Scope 
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This study will focus on healthcare organizations within a specific geographical 

region, considering the diversity in healthcare systems and the varying levels of AI 

adoption. The research will include both public and private healthcare organizations to 

reflect a wide range of practices and challenges in onboarding healthcare workers. The 

geographical scope will be limited to healthcare systems in developed regions where AI 

technologies are more likely to be integrated into administrative processes (Aung et al., 

2021). 

Technological Scope 

The technological scope of this study includes AI-driven tools specifically 

designed to improve onboarding processes. These tools encompass machine learning 

algorithms for data-driven insights, natural language processing (NLP) for processing 

textual feedback, and predictive analytics for forecasting employee success and retention 

(Esmaeilzadeh, 2024). The study will not delve into all aspects of AI in healthcare but 

will focus on its role within human resource management and onboarding practices. 

Population and Sample 

The study will focus on healthcare workers and human resource professionals 

who are involved in the onboarding process within healthcare organizations. The sample 

will include healthcare employees who have recently undergone the onboarding process 

and HR professionals responsible for managing onboarding programs. The study will aim 

to capture a broad representation of different roles within the healthcare workforce, such 

as nurses, physicians, technicians, and administrative staff, across a variety of healthcare 

institutions. This will allow for a comprehensive understanding of how AI technologies 

impact different aspects of the onboarding process for various types of healthcare 

workers (Baldwin, 2016). 

Time Frame 
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The study will be conducted over a 12-month period, which includes the data 

collection phase, analysis, and interpretation of results. During this period, surveys will 

be administered to healthcare workers and HR professionals, and the effectiveness of AI-

driven tools in improving onboarding will be assessed through both qualitative and 

quantitative methods. The study will focus on the current practices of healthcare 

onboarding, rather than historical data or longitudinal changes (Reddy et al., 2021). 

Limitations 

While this study provides a comprehensive exploration of AI in healthcare worker 

onboarding, it has certain limitations. One limitation is the focus on healthcare 

organizations in regions with advanced AI adoption, which may not reflect the challenges 

faced by organizations in less developed regions. Additionally, the study's focus on AI 

tools related to onboarding means it does not explore the broader implications of AI in 

other aspects of healthcare management, such as patient care or clinical decision-making. 

The research will also rely on self-reported data from healthcare workers and HR 

professionals, which may introduce biases or inaccuracies (Li et al., 2018). 

Overall, the scope of this study is designed to provide an in-depth understanding 

of the potential of AI technologies to improve the effectiveness, efficiency, and maturity 

of healthcare worker onboarding processes, with the goal of offering actionable insights 

for healthcare administrators and policymakers. 

 

1.11 Healthcare Industry’s Digital Transformation 

The healthcare industry is experiencing a rapid digital transformation, largely 

driven by the integration of new technologies that aim to improve care delivery, enhance 

operational efficiency, and streamline workforce management. One of the most 

significant technological advances has been the adoption of Artificial Intelligence (AI), 
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which is increasingly being used to optimize administrative processes, including 

recruitment, training, and onboarding in healthcare organizations (González et al., 2022). 

The digitalization of healthcare processes, combined with AI’s ability to analyze and act 

upon large datasets, has the potential to revolutionize human resource management in 

healthcare settings. 

1.11.1 AI Integration in Healthcare Management 

AI technologies are transforming the healthcare landscape by automating and 

enhancing various aspects of healthcare delivery and administration. Machine learning 

(ML) and predictive analytics are increasingly applied to patient care, operational 

workflows, and human resource management (Liu et al., 2022). For instance, AI tools are 

now capable of analyzing employee performance data, optimizing scheduling, and 

predicting workforce needs. In onboarding, AI is used to analyze historical performance 

data and tailor the training process for new healthcare employees, ensuring that they are 

better prepared for their specific roles (Saghafian & Van Oyen, 2023). This enables 

healthcare organizations to deploy personalized onboarding processes that can enhance 

both workforce readiness and employee satisfaction. 

As AI technologies evolve, their application within human resources (HR) 

management systems is growing, particularly in the context of recruitment and 

onboarding. AI is being used to identify the best candidates based on their qualifications 

and predicted success within specific healthcare settings (Dastin, 2020). These tools can 

process vast amounts of candidate data, including qualifications, experience, and even 

psychometric tests, offering a level of efficiency and accuracy previously unavailable in 

traditional manual processes. 

1.11.2 Adoption Challenges in Healthcare Organizations 
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Despite the transformative potential of AI, its adoption in healthcare organizations 

is not without challenges. One major barrier is the healthcare industry’s traditionally slow 

pace of technological change due to concerns about privacy, security, and regulatory 

compliance (Zeng et al., 2020). AI tools in HR management require vast amounts of 

personal and professional data, which raises concerns about data privacy and security 

breaches (González et al., 2022). Additionally, there is a general reluctance to trust AI 

systems, particularly in high-stakes environments like healthcare, where human judgment 

is often considered irreplaceable. This reluctance is compounded by concerns about 

algorithmic biases, which could potentially influence decisions in ways that are not 

transparent or fair (O'Neil, 2016). 

Another barrier to AI adoption is the significant upfront costs associated with 

implementing AI systems. Healthcare organizations, particularly smaller ones, may lack 

the resources necessary to invest in the infrastructure, training, and ongoing support 

required for the successful integration of AI into their HR systems (Liu et al., 2022). 

Moreover, healthcare workers and HR personnel need to be adequately trained to 

understand and utilize these tools effectively. Without proper training, the technology 

may not be used to its full potential, leading to poor outcomes in onboarding processes 

(Reddy et al., 2021). 

1.11.3 Impact of Digital Transformation on Healthcare Onboarding 

Digital transformation in healthcare is significantly reshaping onboarding 

practices. Traditionally, onboarding in healthcare has been a fragmented, manual process 

involving several departments and requiring considerable resources. However, with the 

integration of AI, organizations can now automate many of these tasks, such as document 

management, scheduling, and initial training modules (Harris et al., 2021). AI tools can 

also help track the progress of new employees, suggest personalized learning modules, 



 

 

19 

and provide real-time feedback to enhance the onboarding experience. This not only 

reduces the administrative burden on HR staff but also ensures that new hires are more 

engaged and better prepared for their roles. 

The use of AI in onboarding also offers the opportunity to analyze data from past 

onboarding experiences and employee performance to continuously improve the process. 

For example, predictive models can identify which training components are most 

effective and where employees may need additional support, thus allowing for continuous 

process optimization (Saghafian & Van Oyen, 2023). This data-driven approach can help 

healthcare organizations reduce turnover, improve employee engagement, and ensure that 

employees are properly integrated into the team and prepared for patient care 

responsibilities. 

1.11.4 The Future of AI in Healthcare Onboarding 

As AI technologies continue to advance, the future of healthcare onboarding looks 

promising. AI-driven tools have the potential to completely transform the way healthcare 

organizations manage their workforce, from recruitment to retention. In the future, AI 

could not only automate the onboarding process but also help predict employee 

performance, assess organizational fit, and identify potential areas for improvement in 

employee development (González et al., 2022). By offering tailored training, 

personalized experiences, and continuous feedback, AI can create a more effective and 

engaging onboarding process that ultimately contributes to better patient care and 

organizational performance. 

 

1.12 Justification for AI in Healthcare Onboarding 

The integration of Artificial Intelligence (AI) in healthcare onboarding processes 

offers significant opportunities for enhancing efficiency, improving workforce readiness, 
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and reducing organizational inefficiencies. Onboarding in healthcare, especially for new 

employees, is a critical process that directly impacts job satisfaction, retention rates, and 

employee engagement (Kumar & Pandey, 2017). However, traditional onboarding 

methods are often time-consuming, resource-intensive, and inconsistent, which can lead 

to increased turnover, poor employee integration, and a negative impact on patient care 

(Li et al., 2018). AI offers a transformative approach to these challenges, and its potential 

to revolutionize healthcare onboarding is increasingly being recognized. 

1.12.1 AI's Role in Addressing Inefficiencies in Healthcare Onboarding 

One of the key justifications for incorporating AI into healthcare onboarding is its 

potential to significantly improve the efficiency of the process. Traditionally, onboarding 

involves a series of manual tasks such as paperwork, scheduling, training coordination, 

and assessments, all of which are time-consuming and prone to errors. AI technologies, 

particularly machine learning and automation tools, can streamline these tasks by 

automating repetitive processes. For example, AI can be used to automate document 

processing, reducing the administrative burden on human resource (HR) teams and 

allowing them to focus on more strategic tasks (Venkatesh et al., 2020). Additionally, AI 

tools can analyze vast amounts of data, such as employee performance and training 

outcomes, to provide real-time insights that help HR professionals make more informed 

decisions (Saghafian & Van Oyen, 2023). 

1.12.2 Personalization of the Onboarding Process 

Another major benefit of AI in healthcare onboarding is the ability to provide 

personalized experiences for new hires. AI algorithms can assess the unique needs, skills, 

and learning styles of each new employee and tailor the onboarding process accordingly. 

Personalized onboarding can improve employee satisfaction by ensuring that new hires 

receive the appropriate training, resources, and support specific to their roles (Joshi et al., 
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2024). For example, AI can track a new hire’s progress through a series of onboarding 

modules and suggest additional training if certain knowledge gaps are identified. This 

personalized approach has been shown to improve employee engagement and increase 

the likelihood of long-term retention (Cable et al., 2013). In healthcare settings, where 

specialized skills and knowledge are often required, personalized onboarding ensures that 

employees are well-prepared to deliver high-quality patient care from day one. 

1.12.3 Predictive Analytics for Workforce Optimization 

AI also offers the advantage of predictive analytics, which can enhance workforce 

planning and help organizations anticipate future needs. By analyzing historical data on 

employee performance, turnover, and job satisfaction, AI models can predict which 

employees are most likely to succeed in a given role and which may require additional 

support or training (Li et al., 2021). For instance, AI can analyze factors such as training 

completion rates, peer evaluations, and engagement levels to predict the success of a new 

hire’s onboarding process. This predictive capability can help healthcare organizations 

identify potential issues before they arise, allowing HR teams to implement proactive 

interventions that improve the onboarding experience and reduce turnover (Kadirov et al., 

2024). 

1.12.4 Standardization and Consistency 

Standardizing onboarding processes across different healthcare settings is another 

critical justification for adopting AI. In large healthcare systems with multiple 

departments or locations, ensuring consistency in onboarding can be a challenge. AI can 

help standardize onboarding procedures, ensuring that all new hires receive the same 

high-quality training and resources, regardless of their department or location. 

Standardization also helps reduce the risk of compliance issues, especially in regulated 

healthcare environments where strict protocols must be followed (Venkatesh et al., 2020). 
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With AI tools, organizations can track compliance with training requirements and ensure 

that all employees complete necessary certifications and modules before they begin their 

work. This not only improves the efficiency of the onboarding process but also helps 

meet regulatory requirements, reducing the risk of non-compliance penalties. 

1.12.5 Enhancing Employee Retention 

A key benefit of AI-driven onboarding is its potential to reduce employee 

turnover, which is particularly high in the healthcare sector. Studies have shown that 

employees who experience a well-structured, engaging, and personalized onboarding 

process are more likely to stay with their organizations long-term (Bauer, 2010). By 

leveraging AI to provide real-time feedback, address performance gaps, and offer 

personalized training, healthcare organizations can improve the onboarding experience 

and enhance employee satisfaction (Cable et al., 2013). In an industry plagued by high 

turnover rates, especially in roles such as nursing and medical technicians, AI can play a 

crucial role in increasing retention and fostering a more stable and productive workforce 

(Kadirov et al., 2024). 

1.12.6 Cost Efficiency and Resource Allocation 

Lastly, AI has the potential to reduce the overall costs associated with onboarding. 

By automating routine tasks and optimizing training programs, AI reduces the need for 

manual intervention, leading to significant cost savings for healthcare organizations. 

Furthermore, AI can help allocate resources more effectively by identifying which 

aspects of the onboarding process require additional focus and investment. For example, 

if AI tools identify that a specific department requires more extensive training on certain 

technologies or procedures, resources can be directed accordingly, ensuring that the 

organization maximizes its investment in employee development (Saghafian & Van 

Oyen, 2023). 
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1.13 Relevance to Healthcare Workforce Development 

The relevance of Artificial Intelligence (AI) in healthcare workforce development 

is profound, particularly in the context of improving recruitment, onboarding, training, 

and overall workforce management. Healthcare systems are increasingly challenged by 

high turnover rates, workforce shortages, and the need to quickly integrate new 

employees into complex, fast-paced environments. The efficient development and 

management of a skilled workforce are critical to maintaining high-quality patient care. 

As AI continues to be integrated into various aspects of healthcare, its potential to 

transform workforce development practices is becoming increasingly clear (Harris et al., 

2021). 

1.13.1 Optimizing Recruitment and Selection 

One of the most significant areas where AI is relevant to healthcare workforce 

development is in recruitment. Traditional recruitment methods in healthcare are often 

time-consuming and inefficient, involving manual screenings, interviews, and paperwork. 

AI can help streamline this process by automating candidate sourcing, screening, and 

matching (Aung et al., 2021). AI-powered algorithms can analyze resumes, interview 

performance, and even social media profiles to identify the most suitable candidates for 

specific roles, improving the overall quality and speed of recruitment (Li et al., 2020). 

This optimization not only reduces administrative costs but also ensures that healthcare 

organizations attract and hire candidates who are more likely to succeed and integrate 

effectively into their teams, which is particularly critical in high-stakes healthcare 

settings. 

In addition, AI technologies such as predictive analytics can help forecast 

workforce demand and identify future talent gaps, thus enabling proactive workforce 
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planning (Nikolov et al., 2023). By anticipating staffing needs, healthcare organizations 

can ensure that they are prepared to meet both current and future patient care demands. 

This approach allows healthcare systems to stay ahead of workforce shortages and avoid 

the costs associated with reactive recruitment efforts (Harris et al., 2021). 

1.13.2 Improving Onboarding and Training 

AI’s application in healthcare worker onboarding is highly relevant to workforce 

development, as it can enhance both the efficiency and personalization of the onboarding 

process. Onboarding is a critical phase in a healthcare worker's journey, as it lays the 

foundation for their integration into the organization, their understanding of roles, and 

their ability to contribute to patient care. Personalized, AI-driven onboarding systems can 

provide new employees with tailored learning paths, offer virtual simulations of clinical 

scenarios, and track their progress in real time (Saghafian & Van Oyen, 2023). This 

allows HR and training departments to identify areas where employees may need 

additional support or resources, ultimately ensuring better preparedness and smoother 

transitions into their roles. 

Furthermore, AI-driven tools can assist with skills assessment and provide 

adaptive learning environments that cater to the diverse needs of healthcare workers, 

improving their competence and confidence in the workplace. Research by Li et al. 

(2021) emphasizes how AI can use real-time data to assess employee learning and adjust 

the pace and content of training, thus fostering an individualized learning experience that 

improves employee retention and reduces training time. These personalized approaches 

to training help organizations ensure that workers are up to date with the latest clinical 

guidelines, technologies, and patient care protocols. 

1.13.3 Enhancing Employee Engagement and Retention 



 

 

25 

AI technologies are also highly relevant to improving healthcare workforce 

development by enhancing employee engagement and retention. High turnover in 

healthcare organizations, particularly among nurses and other frontline workers, remains 

a significant challenge (Kadirov et al., 2024). AI-driven tools can improve employee 

satisfaction by offering real-time feedback, identifying potential areas for improvement, 

and tracking career development goals (Joshi et al., 2024). For example, AI systems can 

conduct sentiment analysis on employee feedback to identify patterns related to job 

dissatisfaction or burnout, allowing HR professionals to take proactive steps to address 

these issues before they lead to turnover. 

Moreover, AI can assist healthcare organizations in developing customized career 

paths for employees, encouraging growth and progression within the organization. 

Research by Reddy et al. (2021) demonstrates that AI-powered systems can analyze 

career progression data and offer personalized career development plans, helping 

employees feel more engaged and valued, which is crucial for retention. By aligning 

individual career goals with organizational needs, AI helps foster a sense of purpose and 

commitment among healthcare workers, ultimately improving job satisfaction and 

reducing the costs associated with turnover. 

1.13.4 Building a Skilled and Resilient Workforce 

The integration of AI into healthcare workforce development also plays a 

significant role in building a more resilient and adaptive workforce. Healthcare systems 

are continually evolving due to technological advancements, demographic shifts, and 

changing patient care needs. AI enables healthcare organizations to develop a workforce 

that is not only skilled but also agile and able to adapt to these changes (Venkatesh et al., 

2020). Through continuous learning and personalized development, AI helps healthcare 
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workers remain competitive in a rapidly changing environment, ensuring that they are 

equipped with the latest skills and knowledge needed to provide optimal care. 

Moreover, AI tools can help healthcare organizations identify gaps in skills and 

competencies, allowing them to address these gaps with targeted training and 

development initiatives (González et al., 2022). By supporting continuous learning and 

ensuring that workers have access to the resources they need to succeed, AI contributes to 

the long-term sustainability of the healthcare workforce, making it more adaptable to 

emerging challenges in healthcare delivery. 

 

1.14 Conceptualizing AI in Healthcare Onboarding 

The application of Artificial Intelligence (AI) in healthcare onboarding represents 

a transformative shift from traditional, manual processes to data-driven, automated 

systems that can significantly improve efficiency, personalization, and employee 

satisfaction. AI's integration into human resource management, particularly in the context 

of onboarding, leverages machine learning (ML), predictive analytics, natural language 

processing (NLP), and automation to enhance various aspects of employee induction and 

integration (Tambe et al., 2022). By conceptualizing how AI can be applied to healthcare 

onboarding, this section explores its potential to optimize the onboarding experience, 

ensure a seamless integration into healthcare organizations, and ultimately improve 

workforce performance. 

1.14.1 AI in Onboarding: An Overview 

Onboarding is an essential process in any organization, but it is particularly 

crucial in healthcare settings where the complexity of tasks, patient care standards, and 

adherence to regulations require quick and effective integration of new employees. 

Traditional onboarding processes often involve manual document handling, training 
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sessions, and role-specific orientation, which can be time-consuming and inconsistent. 

The introduction of AI offers the potential to streamline these processes by automating 

administrative tasks, personalizing training, and providing real-time data insights for HR 

teams and managers (Tambe et al., 2022). 

AI can be used to automate repetitive tasks such as scheduling, document 

management, and credentialing, which are traditionally time-consuming and prone to 

human error. According to Saghafian and Van Oyen (2023), the automation of these tasks 

not only reduces the burden on HR personnel but also ensures consistency across the 

onboarding process. AI systems can also analyze data from previous onboarding 

experiences to identify areas for improvement, refine training programs, and predict 

potential challenges that new hires may face during the onboarding process. 

1.14.2 Personalization of the Onboarding Process 

One of the key advantages of AI in healthcare onboarding is the ability to 

personalize the experience for new hires. Traditional onboarding often takes a one-size-

fits-all approach, which may not effectively address the unique needs of each employee. 

AI, however, can tailor the onboarding process by analyzing individual backgrounds, 

skills, and preferences (Chen et al., 2020). This personalized approach ensures that 

employees are provided with the most relevant training modules, resources, and support 

to help them succeed in their specific roles. 

For example, AI-powered systems can assess the qualifications and experience of 

new hires and create customized learning paths based on their previous expertise and the 

competencies they need to develop for their new roles. AI tools can also track the 

progress of new employees in real time, identifying areas where they may need additional 

support or training. This personalized onboarding process leads to a smoother transition, 
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quicker acclimatization to the organizational culture, and greater job satisfaction (Bauer, 

2010). 

1.14.3 AI’s Role in Predicting Success and Engagement 

AI in healthcare onboarding goes beyond the automation of tasks and 

personalization of experiences; it also has the potential to predict employee success and 

engagement. Predictive analytics, a subset of AI, can analyze historical data on past 

employees’ onboarding experiences, performance metrics, and other factors to forecast 

the likelihood of success for new hires (Li et al., 2020). By identifying patterns that 

correlate with successful outcomes, AI can help HR professionals make more informed 

decisions about how to support new hires throughout their onboarding journey. 

For instance, AI systems can identify early warning signs, such as disengagement 

or lack of progress, and trigger proactive interventions, such as additional training or 

mentorship. This predictive capability helps reduce the risk of early turnover and ensures 

that healthcare workers are more likely to succeed in their roles (Harris et al., 2021). By 

continuously analyzing employee performance and feedback, AI systems can also refine 

onboarding strategies in real-time, adapting to the needs of both the individual employee 

and the organization. 

1.14.4 Standardizing Onboarding Across Healthcare Organizations 

Standardization is another critical aspect of AI’s role in healthcare onboarding. 

Healthcare organizations often struggle with maintaining consistency across different 

departments or locations. AI can standardize the onboarding process, ensuring that all 

new hires, regardless of department or healthcare facility, receive the same high-quality, 

comprehensive onboarding experience. According to González et al. (2022), AI-driven 

systems ensure that all required training modules, certifications, and procedures are 
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completed before new employees begin their clinical roles, reducing errors and 

compliance issues. 

Furthermore, AI can assist in tracking compliance with organizational and 

regulatory standards, particularly in healthcare environments that are subject to stringent 

regulations. By automating compliance checks and ensuring that all necessary steps are 

followed, AI reduces the risk of human error and ensures that onboarding is consistent 

and meets legal and professional requirements (Reddy et al., 2021). 

1.14.5 AI-Driven Feedback and Continuous Improvement 

AI can also play a crucial role in providing real-time feedback during the 

onboarding process. For instance, AI-powered systems can monitor new employees' 

engagement levels, assess the effectiveness of the training materials, and provide 

feedback to both the employees and the HR department (Chen et al., 2020). This 

feedback loop allows for continuous improvement, enabling healthcare organizations to 

refine and optimize their onboarding programs based on real-time data and employee 

input. 

By analyzing employee feedback, AI can highlight potential bottlenecks or areas 

of confusion in the onboarding process and suggest changes to improve the experience 

for future hires. As organizations scale and onboard larger numbers of employees, this 

dynamic approach ensures that the onboarding process remains efficient, effective, and 

adaptable to the needs of both the healthcare workforce and the organization (Bauer, 

2010). 

 

1.15 Conclusion  

In conclusion, the introduction chapter has provided a comprehensive overview of 

the research study aimed at exploring the application of Artificial Intelligence (AI)-based 
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technologies in evaluating and enhancing the maturity of healthcare worker onboarding 

processes. As healthcare organizations continue to face challenges such as high turnover, 

workforce shortages, and the need for seamless employee integration, the need for 

effective and innovative onboarding solutions has never been more critical. Traditional 

onboarding methods, though important, often fall short in addressing the complexities 

and demands of modern healthcare settings. AI presents an opportunity to revolutionize 

onboarding processes by improving efficiency, personalizing experiences, and providing 

real-time, data-driven insights that enhance workforce integration and performance. 

The study has outlined the research objectives, which focus on understanding how 

AI can optimize onboarding practices, identify and overcome challenges in the adoption 

of AI technologies, and improve employee engagement and retention. With the 

increasing adoption of AI technologies in various healthcare domains, particularly human 

resources, this dissertation aims to bridge the gap in existing literature on AI’s role in 

onboarding, a vital yet often overlooked aspect of workforce development in healthcare. 

The significance of this study is underscored by the potential impact AI-driven 

tools can have on reducing costs, enhancing job satisfaction, improving employee 

retention, and ultimately contributing to the quality of patient care. The findings of this 

research could provide valuable insights for healthcare administrators, HR professionals, 

and policymakers as they seek to optimize workforce management through the 

integration of advanced technologies. 

As the study progresses, it will delve deeper into the literature, explore the current 

state of AI in healthcare onboarding, and present a robust analysis of the challenges and 

opportunities in implementing AI solutions. The research will offer not only theoretical 

contributions to the field of AI in healthcare but also practical recommendations for the 
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industry, making it an essential addition to the ongoing discourse on digital 

transformation in healthcare systems. 
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CHAPTER II:  

REVIEW OF LITERATURE 

 

2.1 Introduction  

The healthcare sector is facing increasing pressure to improve operational 

efficiency while maintaining high standards of patient care. One area that significantly 

influences both operational success and patient outcomes is the onboarding process for 

healthcare workers. Effective onboarding is crucial to ensuring that new hires are 

integrated into the organization smoothly, equipped with the necessary skills, and aligned 

with the organization’s goals. However, many healthcare organizations continue to 

struggle with inefficient, inconsistent, and outdated onboarding practices that can lead to 

increased turnover, decreased employee engagement, and compromised care quality 

(Peltokoski et al., 2015). 

Recent advancements in technology, particularly Artificial Intelligence (AI), 

present significant opportunities to address these challenges and transform healthcare 

worker onboarding. AI has the potential to optimize various stages of onboarding, from 

recruitment and training to performance monitoring and integration into the workforce. 

Technologies such as machine learning, natural language processing (NLP), and 

predictive analytics have demonstrated their ability to automate administrative tasks, 

personalize learning experiences, and provide real-time insights that can enhance 

decision-making and workforce management (Aung et al., 2021). 

The integration of AI into healthcare worker onboarding also introduces the 

concept of organizational maturity. Maturity models, which assess the effectiveness and 

efficiency of organizational processes, can be applied to evaluate the maturity of 

onboarding practices and guide improvements through the adoption of AI tools (Benz et 
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al., 2020). However, the successful integration of AI into onboarding processes is not 

without challenges. Concerns related to data privacy, algorithmic biases, and 

organizational resistance to technological change continue to pose barriers to widespread 

adoption (Reddy et al., 2021). 

This literature review explores the existing body of research on healthcare worker 

onboarding, the role of AI in optimizing onboarding processes, and the application of 

maturity models in evaluating organizational practices. It will highlight the opportunities 

AI presents in enhancing onboarding effectiveness, as well as the challenges healthcare 

organizations face when implementing AI-driven solutions. By examining the current 

state of research, this chapter aims to provide a foundation for understanding the potential 

impact of AI on healthcare workforce management, particularly in improving onboarding 

processes, and to identify the gaps in the literature that this dissertation seeks to address. 

 

2.2 Theoretical Framework  

The theoretical framework for this dissertation draws upon several key theories to 

explore the integration of Artificial Intelligence (AI) technologies into the healthcare 

worker onboarding process. These include Technology Acceptance Model (TAM), 

Organizational Maturity Models, Social Cognitive Theory (SCT), Human Capital Theory 

(HCT), and Task Technology Fit (TTF) Theory. Each theory contributes to understanding 

how AI can optimize the onboarding process, enhance organizational maturity, and 

improve workforce development outcomes within healthcare settings. 

Technology Acceptance Model (TAM) 

The Technology Acceptance Model (TAM), introduced by Davis (1989), is 

foundational to understanding the acceptance of AI technologies within healthcare 

organizations. TAM suggests that perceived ease of use and usefulness are critical factors 
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influencing the adoption of new technologies. In the context of healthcare worker 

onboarding, the use of AI tools such as automated document processing, predictive 

analytics for performance tracking, and personalized training systems will be more 

readily accepted if healthcare workers and HR professionals perceive these tools as both 

easy to use and beneficial in improving efficiency (Venkatesh et al., 2020). 

In healthcare onboarding, where efficiency and accuracy are paramount, AI can 

potentially reduce the cognitive load on HR professionals by automating repetitive tasks, 

thus aligning with the ease of use component of TAM. For instance, AI-powered chatbots 

or digital assistants can automate initial interactions with new hires, handle scheduling 

for orientation, and provide real-time support. Moreover, if AI systems demonstrate clear, 

measurable benefits in improving new employee performance and integration—key 

components of the onboarding process—it will reinforce the usefulness of these 

technologies (Aung et al., 2021). This, in turn, will foster wider adoption across 

healthcare organizations, improving overall onboarding outcomes. 

Organizational Maturity Models 

The Organizational Maturity Model offers a structured framework to assess and 

enhance organizational processes, including HR functions such as onboarding 

(Cunningham et al., 2021). Maturity models classify organizational processes into stages, 

from initial or ad hoc stages to optimized, data-driven processes. When applied to 

healthcare worker onboarding, these models can be used to assess how AI-driven 

solutions can elevate the maturity level of an organization’s onboarding process. 

For example, a healthcare organization at a low maturity level may rely heavily 

on manual processes and inconsistent training programs, leading to high turnover and 

disengaged employees. By integrating AI technologies—such as automated skills 

assessments, personalized training pathways, and predictive analytics for workforce 
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retention—the organization can shift toward a higher maturity level, where processes are 

standardized, optimized, and consistently improve through data-driven insights 

(Aiwerioghene et al., 2024). AI enables healthcare organizations to automate routine 

tasks, optimize training programs based on real-time feedback, and create more dynamic, 

adaptable onboarding experiences, thus enhancing the organization's maturity in 

managing workforce processes. 

Social Cognitive Theory (SCT) 

Social Cognitive Theory (SCT), developed by Bandura (1986), emphasizes the 

role of observational learning, self-efficacy, and social interactions in the development of 

behavior. Within healthcare onboarding, SCT is highly relevant as it suggests that new 

hires learn not only through formal training but also through social interactions, 

mentorship, and peer learning. AI technologies can support this by providing virtual 

simulations, interactive scenarios, and AI-driven mentoring systems that enhance the 

learning experience. 

For example, AI-based onboarding tools can simulate real-world healthcare 

scenarios, allowing new hires to observe and engage with complex situations in a low-

risk, controlled environment (Khavandi et al., 2024). By incorporating AI into 

onboarding, healthcare organizations can provide personalized feedback to employees, 

thus fostering greater self-efficacy as employees feel more confident in their ability to 

perform tasks and contribute to team dynamics. AI also supports observational learning 

by offering virtual mentors or AI-driven systems that provide step-by-step guidance, 

facilitating skill acquisition and reinforcing learning through practice. 

Human Capital Theory (HCT) 

Human Capital Theory (HCT), proposed by Becker (1964), posits that 

investments in training, education, and skill development lead to greater individual 
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productivity and long-term organizational success. The application of AI to healthcare 

onboarding directly aligns with HCT, as AI technologies allow organizations to invest 

more effectively in their workforce. By automating mundane tasks, AI frees up resources 

to focus on skill development, personalized training, and continuous learning, which are 

crucial for effective onboarding in healthcare settings. 

For instance, AI tools can assess the existing skills of new hires, recommend 

tailored training modules, and provide ongoing development opportunities based on real-

time performance data. This personalized approach to onboarding helps healthcare 

organizations to enhance the human capital of their workforce by ensuring that each 

employee receives the training and resources necessary for their role (Esmaeilzadeh, 

2024). In healthcare, where the quality of care is directly linked to workforce 

competence, leveraging AI to develop and support human capital through onboarding can 

significantly improve organizational outcomes, employee engagement, and patient care 

quality (González et al., 2022). 

Task Technology Fit (TTF) Theory 

The Task Technology Fit (TTF) Theory (Goodhue, 1995) suggests that the 

effectiveness of a technology is contingent on how well it matches the tasks it is designed 

to support. For healthcare onboarding, this theory posits that AI tools are most effective 

when they align with the specific needs and requirements of onboarding tasks. For 

instance, AI tools used for scheduling, document processing, and training should be 

designed to seamlessly fit the unique complexities of the healthcare environment, such as 

the need for compliance with regulations, patient safety protocols, and role-specific 

competencies. 

The fit between the technology and the task is crucial for ensuring that AI systems 

not only streamline the process but also enhance the overall quality of the onboarding 
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experience. AI-driven tools that are tailored to specific roles—such as virtual patient 

simulation for clinical staff or compliance training for administrative roles—are more 

likely to succeed in enhancing the onboarding experience. When AI tools fit well with the 

specific requirements of healthcare onboarding tasks, they improve both the efficiency 

and effectiveness of the process, ensuring that new hires are fully prepared for their roles 

(Tambe et al., 2022). 

 

2.3 Overview of Healthcare Worker Onboarding 

Healthcare worker onboarding is a critical process in healthcare organizations that 

involves integrating new employees into the workforce and ensuring they are prepared to 

meet the demands of their roles. Effective onboarding in healthcare is not only important 

for the smooth transition of new hires into their roles but also for improving job 

satisfaction, reducing turnover, and ensuring high-quality patient care. It is a multi-

faceted process that includes administrative tasks, training, socialization into the 

organizational culture, and competency development, all tailored to the specific needs of 

healthcare professionals (Peltokoski et al., 2015). As the healthcare industry faces 

increasing workforce demands, particularly in the wake of the COVID-19 pandemic, 

optimizing onboarding practices has become more crucial than ever (Shanafelt et al., 

2020). 

Importance of Healthcare Worker Onboarding 

The importance of healthcare worker onboarding lies in its direct impact on 

employee performance, retention, and organizational effectiveness. Research suggests 

that effective onboarding processes improve employee engagement, enhance job 

satisfaction, and increase retention rates, which is particularly critical in high-turnover 

professions such as nursing and medical technicians (Cohen et al., 2019). In healthcare, 
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where the learning curve can be steep due to the need for specialized knowledge and 

adherence to strict regulatory standards, onboarding programs play a pivotal role in 

preparing new employees for the challenges they will face (Sullivan, 2021). 

Moreover, well-structured onboarding processes have been shown to reduce the 

time it takes for new employees to reach full productivity. By equipping healthcare 

workers with the necessary skills, knowledge, and organizational support from the outset, 

onboarding reduces the risk of errors and ensures that workers are better prepared to 

handle patient care responsibilities (Tanner et al., 2020). Effective onboarding can also 

foster a sense of belonging and engagement, which enhances the employee's overall job 

satisfaction and commitment to the organization (Kramer et al., 2020). 

Components of Healthcare Worker Onboarding 

Healthcare worker onboarding is composed of several key components that 

together ensure new hires are properly integrated into the workforce. The first component 

involves administrative tasks, which include completing required paperwork, verifying 

credentials, and setting up access to necessary systems and technologies (Kramer et al., 

2020). While these tasks are essential, they represent only the starting point in a broader 

onboarding strategy. 

The second component is orientation, where new hires are introduced to the 

organization's mission, values, and culture. This phase also includes an overview of 

policies and procedures, which is essential for ensuring compliance with healthcare 

regulations and fostering a shared understanding of organizational goals (Eisenberg et al., 

2021). In healthcare settings, where collaboration and communication are key, orientation 

programs also provide opportunities for new employees to meet colleagues and begin to 

form relationships within the organization (Shanafelt et al., 2020). 
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The third critical component is role-specific training, which includes education on 

job-specific skills, patient care protocols, and the use of healthcare technologies. This 

training helps to ensure that new employees are adequately prepared for the unique 

challenges of their specific roles, which could range from clinical care delivery to 

administrative tasks (Merriam et al., 2021). Additionally, mentorship and peer support 

programs are often integrated into the onboarding process to help new hires adapt to the 

workplace culture and gain insights from experienced colleagues (Thomas & Lee, 2023). 

These support structures are particularly valuable in healthcare environments, where the 

stakes of learning on the job are high. 

Challenges in Healthcare Worker Onboarding 

Despite the recognized importance of onboarding, healthcare organizations face 

significant challenges in implementing effective programs. One of the primary challenges 

is the inconsistency in onboarding practices across different departments or locations. In 

large healthcare organizations, onboarding processes may vary depending on the role, 

department, or region, leading to disparities in the quality of employee experiences and 

potentially affecting the integration of new hires (Sullivan, 2021). 

Another significant challenge is the complexity of healthcare roles, which require 

a combination of technical skills, clinical knowledge, and the ability to navigate a fast-

paced, often high-pressure environment. This complexity makes it difficult to create 

standardized onboarding processes that adequately prepare new employees for the full 

scope of their responsibilities (Cohen et al., 2019). Moreover, time constraints in 

healthcare settings, where staffing shortages are common, may result in insufficient time 

for comprehensive onboarding (Tanner et al., 2020). 

The COVID-19 pandemic has further highlighted the need for more agile 

onboarding processes. With increased demand for healthcare workers during the 
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pandemic, many organizations had to rapidly adapt their onboarding procedures to 

accommodate a larger and more diverse workforce. However, the crisis also brought to 

light the limitations of traditional, in-person onboarding methods and the potential for 

digital onboarding solutions to streamline the process (Eisenberg et al., 2021). 

AI's Potential in Enhancing Healthcare Worker Onboarding 

Artificial Intelligence (AI) offers transformative potential to address many of the 

challenges faced in healthcare worker onboarding. AI-powered tools can automate 

administrative tasks, enhance the personalization of training, and track the progress of 

new employees in real time. For example, AI systems can automate the completion of 

paperwork, credentialing, and scheduling, freeing up HR staff to focus on more strategic 

aspects of onboarding (Aung et al., 2021). Furthermore, AI-driven tools can create 

personalized learning experiences by tailoring training materials based on an employee’s 

background, skills, and learning preferences, ensuring a more efficient and effective 

onboarding process (Joshi et al., 2024). 

In addition, AI technologies can provide real-time feedback and predictive 

analytics to monitor the effectiveness of onboarding programs and identify potential areas 

for improvement. By tracking employee progress and analyzing performance data, AI can 

help HR professionals assess which parts of the onboarding process are working and 

where additional resources or support might be needed (González et al., 2022). This data-

driven approach can significantly improve the efficiency and effectiveness of healthcare 

worker onboarding, ultimately leading to better employee performance, higher retention 

rates, and improved patient care outcomes. 

 

2.4 Organizational Maturity Models in Healthcare 
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Organizational maturity models are essential frameworks used to assess and guide 

the development of organizational processes. In healthcare settings, these models are 

particularly valuable in evaluating the effectiveness and efficiency of various 

organizational practices, including those related to workforce management. 

Organizational maturity is often conceptualized as a multi-stage progression that moves 

from ad-hoc or informal processes to optimized, standardized, and continuously 

improving practices. This section explores the relevance and application of organizational 

maturity models within healthcare settings, particularly in the context of onboarding 

healthcare workers. 

Definition and Importance of Maturity Models 

Maturity models provide a structured approach to assess an organization's ability 

to perform critical tasks effectively. Typically, these models categorize organizational 

processes into various levels of maturity, from initial (or chaotic) stages to optimized and 

highly efficient processes. The maturity level reflects the consistency, effectiveness, and 

integration of practices within the organization. In healthcare, maturity models are widely 

used to evaluate processes such as patient care delivery, clinical protocols, information 

management, and, more recently, HR practices such as onboarding (Harrington et al., 

2020). 

The application of maturity models is crucial in healthcare organizations because 

they provide a framework for identifying gaps in current processes and offer a roadmap 

for improvement. By assessing the maturity of their processes, healthcare organizations 

can systematically address inefficiencies, reduce variability, and implement 

improvements that lead to better outcomes. When applied to HR functions like 

onboarding, maturity models help ensure that organizations are optimizing their 
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processes to support employee integration and retention, ultimately contributing to higher 

levels of workforce productivity and patient care quality (Benz et al., 2020). 

Application of Maturity Models to Healthcare Onboarding 

The concept of maturity models has been increasingly applied to evaluate and 

improve onboarding processes within healthcare organizations. In these settings, 

onboarding is often a complex process that involves numerous stakeholders, including 

HR departments, department heads, new hires, and mentors. Healthcare organizations 

typically operate with varying degrees of sophistication in their onboarding processes, 

ranging from manual, one-size-fits-all approaches to more advanced, data-driven, and 

personalized experiences facilitated by technology (Aiwerioghene et al., 2024). 

At the lowest maturity level, onboarding processes may be inconsistent, with little 

standardization or automation. New hires in these organizations may undergo lengthy, 

disorganized orientation sessions, which do not cater to individual needs or roles. At this 

stage, organizations are typically reactive, responding to workforce needs as they arise 

rather than having a strategic, planned approach to onboarding (Sullivan et al., 2021). 

At the intermediate maturity level, onboarding processes become more structured 

and formalized, with standardized orientation sessions and basic training modules. 

Healthcare organizations at this level begin to implement some degree of technology to 

support onboarding, such as learning management systems (LMS) or scheduling tools. 

However, while these systems may improve the efficiency of onboarding, they may still 

lack the personalization needed to address the unique needs of different healthcare roles 

(Kadirov et al., 2024). 

At the highest maturity level, healthcare organizations have fully optimized their 

onboarding processes, leveraging AI-driven tools and predictive analytics to deliver 

personalized, role-specific onboarding experiences. At this stage, organizations 
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continuously assess and refine their onboarding processes based on data, integrating real-

time feedback from new employees, mentors, and department heads to make ongoing 

improvements (González et al., 2022). AI technologies can assess the progress of new 

hires, predict potential challenges in their integration, and provide tailored training 

materials that ensure employees are fully prepared for their roles. This level of maturity 

ensures that the onboarding process is aligned with organizational goals, maximizes 

employee engagement, and reduces turnover (Reddy et al., 2021). 

The Role of AI in Advancing Maturity in Onboarding Processes 

AI can significantly enhance the maturity of onboarding processes by providing 

organizations with data-driven insights that help identify gaps in existing practices and 

recommend improvements. AI tools can analyze historical data from previous onboarding 

programs to identify patterns in employee performance, retention, and satisfaction. By 

using this data, organizations can refine their onboarding processes, personalize training 

experiences, and better align onboarding with organizational goals (Saghafian & Van 

Oyen, 2023). 

For example, predictive analytics can be used to forecast which employees may 

struggle during onboarding based on certain risk factors, such as prior experience or role-

specific requirements. Early identification of these employees allows HR teams to 

intervene proactively, offering additional support or tailored training. This ability to 

predict and address challenges before they arise is a hallmark of higher maturity levels, 

where onboarding processes are continuously optimized based on real-time data (Benz et 

al., 2020). 

Furthermore, AI can streamline administrative aspects of onboarding, such as 

document processing, credential verification, and compliance checks. Automation of 

these tasks not only improves efficiency but also reduces the likelihood of human error, 
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ensuring that all required steps are completed accurately and on time. AI-driven tools also 

enable the scalability of onboarding programs, making it easier to onboard large numbers 

of new employees across multiple locations while maintaining consistency and quality 

(Aung et al., 2021). 

Challenges in Implementing Maturity Models and AI in Healthcare 

Onboarding 

Despite the clear benefits of using maturity models and AI in healthcare 

onboarding, healthcare organizations face several challenges in implementing these tools. 

Data scarcity is one significant obstacle, as many healthcare organizations may not have 

the necessary data infrastructure to support AI-driven tools or maturity assessments. 

Without comprehensive data on previous onboarding processes, employee performance, 

or organizational outcomes, it becomes difficult to accurately assess maturity or 

implement data-driven improvements (Reddy et al., 2021). 

Additionally, organizational resistance to adopting AI-driven tools can pose a 

challenge. Healthcare organizations, particularly those with established workflows and a 

traditional approach to onboarding, may be hesitant to integrate AI due to concerns about 

the complexity of implementation, staff training, and potential disruption to established 

practices (Khavandi et al., 2024). Overcoming this resistance requires a clear 

demonstration of the long-term benefits of AI technologies and a strategic approach to 

integrating these tools into the organization’s existing systems. 

 

2.5 Factors Influencing the Adoption of AI in Healthcare Onboarding 

The adoption of Artificial Intelligence (AI) in healthcare onboarding processes is 

influenced by a variety of factors, ranging from technological readiness and resource 

availability to organizational culture and regulatory considerations. These factors must be 
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carefully considered for successful implementation of AI-driven onboarding systems in 

healthcare settings. This section explores the key drivers and barriers that impact the 

adoption of AI in healthcare onboarding, including technological infrastructure, cultural 

attitudes toward innovation, data privacy concerns, and regulatory challenges. 

Technological Readiness in Healthcare Organizations 

One of the primary factors influencing the adoption of AI in healthcare 

onboarding is the technological readiness of healthcare organizations. Healthcare 

organizations must have the necessary infrastructure and resources in place to support AI 

technologies, including sufficient IT systems, data storage capabilities, and computational 

power (Jiang et al., 2021). AI systems, particularly those that require machine learning 

and real-time data processing, demand robust technical frameworks to function 

effectively. 

Research indicates that organizations with advanced IT infrastructures are more 

likely to adopt AI technologies for various HR functions, including onboarding 

(Verghese et al., 2020). Hospitals and healthcare systems that have already implemented 

electronic health records (EHR) or other integrated IT systems may find it easier to 

incorporate AI into their onboarding processes due to the existing data streams and 

system compatibility. However, healthcare institutions with outdated or fragmented IT 

infrastructures may face significant challenges in implementing AI-driven onboarding 

tools, which require substantial investment in technological upgrades (Miller, 2020). 

Cultural and Organizational Barriers to AI Adoption 

Cultural resistance within healthcare organizations is another major barrier to the 

adoption of AI in onboarding. Healthcare systems are traditionally hierarchical and can 

be resistant to rapid changes, particularly when these involve the integration of new 

technologies that may be perceived as disruptive or complex (Lyons et al., 2020). Staff 
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may be reluctant to adopt AI tools, fearing that automation will replace human roles or 

reduce personal interactions during the onboarding process. This resistance can be more 

pronounced in healthcare environments where interpersonal relationships and mentorship 

are crucial components of employee integration. 

Furthermore, organizational culture plays a critical role in how technology is 

perceived and embraced. Organizations that value innovation and have a forward-

thinking mindset are more likely to embrace AI technologies (Mehta et al., 2021). In 

contrast, healthcare settings that prioritize tradition or have a more conservative approach 

to technological change may struggle with the implementation of AI, particularly if they 

lack a culture of technological fluency and openness to change (Reddy et al., 2020). 

Data Privacy and Security Concerns 

The privacy and security of sensitive healthcare data is a significant concern when 

adopting AI in onboarding processes. Healthcare organizations must comply with strict 

data protection regulations such as the Health Insurance Portability and Accountability 

Act (HIPAA) in the United States, which governs the handling of patient and employee 

data. AI systems often rely on large datasets for training and decision-making, which can 

raise concerns about the misuse or exposure of personal information (Cummings & 

Koblentz, 2020). 

Studies have shown that concerns regarding data privacy are a significant barrier 

to the adoption of AI in healthcare, particularly when sensitive personal data, including 

employee performance metrics and training outcomes, are involved in the onboarding 

process (Shah et al., 2021). Healthcare organizations must ensure that AI systems comply 

with legal frameworks and are equipped with robust security measures to safeguard data 

from breaches or unauthorized access. Overcoming these privacy concerns often requires 

significant investment in secure data storage, encryption, and compliance auditing tools. 
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Regulatory and Legal Challenges 

AI adoption in healthcare is also influenced by regulatory and legal challenges. 

Healthcare organizations must navigate complex legal frameworks and ensure that AI 

technologies are compliant with industry regulations. For instance, AI systems used in 

healthcare onboarding must comply with medical certification standards, employment 

laws, and workplace regulations (Wright et al., 2020). These regulatory requirements can 

vary by country, state, and region, further complicating the widespread adoption of AI 

technologies across global healthcare organizations. 

Additionally, the lack of standardized regulations for AI in healthcare means that 

organizations may be hesitant to adopt these technologies due to uncertainty about legal 

liabilities and ethical implications (Sankar et al., 2021). For example, if an AI system in 

onboarding misidentifies training needs or fails to provide appropriate guidance, it could 

lead to legal ramifications regarding employee performance or workplace discrimination. 

To mitigate these risks, healthcare organizations must ensure that AI tools used for 

onboarding adhere to industry-specific regulations and ethical standards, ensuring both 

compliance and fairness in their implementation. 

Cost Considerations and Resource Allocation 

The cost of implementing AI in healthcare onboarding is another important factor 

that influences its adoption. Healthcare organizations often face financial constraints, 

especially in light of rising operational costs, staff shortages, and the need for continuous 

investment in patient care technologies (Rogers et al., 2021). AI technologies, 

particularly those that involve machine learning or complex algorithms, require 

substantial upfront investment in both software and hardware infrastructure. 
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While AI can ultimately reduce long-term costs by automating repetitive tasks 

and improving onboarding efficiency, the initial financial commitment may deter some 

healthcare organizations from adopting AI-based onboarding solutions (Tambe et al., 

2022). Smaller healthcare institutions, in particular, may struggle to secure the funding 

required to implement these technologies, making cost a significant barrier to adoption. 

 

2.6 Measuring the Effectiveness of AI in Healthcare Onboarding 

The effectiveness of Artificial Intelligence (AI) in healthcare onboarding is 

crucial for determining the value of AI technologies in improving workforce integration, 

training, and performance. As healthcare organizations increasingly adopt AI tools for 

onboarding, it is essential to establish reliable metrics for assessing the outcomes of these 

technologies. Measuring effectiveness not only helps demonstrate the impact of AI on 

workforce efficiency and employee retention but also guides future improvements and 

scalability in onboarding processes. This section examines various methods and metrics 

used to evaluate the effectiveness of AI in healthcare onboarding, with a focus on 

employee engagement, performance outcomes, time and cost efficiency, and 

organizational maturity. 

 

2.6.1 Key Metrics for Assessing AI-Driven Onboarding 

Employee Engagement and Satisfaction 

One of the primary indicators of the effectiveness of AI in onboarding is 

employee engagement and satisfaction. Research has consistently shown that a positive 

onboarding experience is directly related to higher employee engagement, which in turn 

can lead to better job performance and lower turnover rates (Bauer, 2010). AI tools, such 

as personalized training programs, interactive learning modules, and virtual mentorship 
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systems, can enhance engagement by providing new hires with tailored experiences that 

align with their learning needs and preferences (Tanner et al., 2020). AI-powered systems 

that offer continuous feedback and real-time performance tracking allow HR teams to 

measure engagement levels more accurately, identifying potential issues early and 

adjusting the onboarding process as needed (González et al., 2022). 

Moreover, employee satisfaction surveys and feedback mechanisms integrated 

into AI onboarding platforms can help evaluate how well the AI tools meet the needs of 

new hires. AI can automate the collection of feedback from employees about their 

onboarding experience, helping organizations to adjust their processes based on real-time 

data (Liu et al., 2021). These surveys can assess not only the usability of AI tools but also 

the overall quality of training content, mentorship, and role-specific support provided 

during onboarding. 

Performance Outcomes and Competency Development 

The performance outcomes of new hires are a critical metric for assessing the 

success of AI-driven onboarding programs. AI technologies can track the progress of new 

employees through training modules and assess their competency levels in real-time. By 

analyzing performance data, AI systems can provide HR teams and managers with 

insights into how well new employees are acquiring the necessary skills and knowledge 

for their roles (Shah et al., 2021). 

For example, AI can measure the completion of training modules, the accuracy of 

assessments, and the efficiency with which new hires can perform role-specific tasks. 

Additionally, AI systems can identify knowledge gaps or areas where employees 

struggle, allowing for more focused interventions, such as additional training or 

mentoring (Saghafian & Van Oyen, 2023). These data-driven insights enable 

organizations to refine their onboarding programs and ensure that employees are 
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effectively prepared for their roles, ultimately improving their long-term job performance 

(Benz et al., 2020). 

Time and Cost Efficiency 

Another key metric for measuring the effectiveness of AI in onboarding is the 

time and cost efficiency of the process. AI can automate routine administrative tasks, 

such as scheduling, document processing, and compliance tracking, significantly 

reducing the time HR teams spend on these tasks (Aung et al., 2021). By streamlining 

these processes, AI allows organizations to focus more on strategic initiatives such as 

talent development and employee engagement. 

Additionally, AI-driven onboarding systems can reduce the overall time-to-

productivity for new hires. By providing tailored training programs and immediate access 

to relevant information, AI helps new employees become competent in their roles more 

quickly. Research indicates that AI-powered onboarding platforms that offer personalized 

learning paths can reduce the time it takes for employees to reach full productivity by up 

to 20% (Tambe et al., 2022). This improved efficiency not only benefits the organization 

by reducing onboarding costs but also enhances the employee experience by allowing 

them to start contributing to patient care and organizational goals sooner. 

Retention and Turnover Rates 

Employee retention is another critical metric for evaluating AI's impact on 

onboarding effectiveness. High turnover rates are a significant concern in healthcare, 

where training costs and the disruption caused by employee departures can negatively 

affect organizational performance. Effective onboarding programs are known to improve 

employee retention by fostering a sense of belonging, improving role clarity, and 

enhancing job satisfaction (Merriam et al., 2021). 
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AI technologies can assist in tracking employee retention by analyzing historical 

data to predict which employees are likely to stay or leave. For example, predictive 

analytics can identify patterns of early disengagement during onboarding, such as low 

completion rates of key training modules or lack of interaction with onboarding mentors 

(Joshi et al., 2024). By identifying these early warning signs, AI systems can prompt HR 

teams to intervene with additional support, such as tailored training or personalized 

career development plans, which can ultimately improve retention and reduce turnover 

(Khavandi et al., 2024). 

 

2.6.2 Impact of AI on Organizational Maturity 

The adoption of AI in healthcare onboarding is also a key factor in the maturity of 

an organization's HR processes. As organizations progress through different stages of 

maturity in their onboarding practices, the effectiveness of AI-driven solutions can be 

measured in terms of how they contribute to improving process consistency, automation, 

and optimization. 

At higher maturity levels, AI can help organizations continuously improve their 

onboarding processes by integrating real-time feedback, analyzing employee 

performance trends, and recommending process changes based on data insights 

(Saghafian & Van Oyen, 2023). For example, organizations at higher maturity levels may 

utilize AI to not only enhance onboarding efficiency but also to predict future onboarding 

needs based on workforce trends, such as the number of new hires required or the specific 

skills needed for future roles (Tambe et al., 2022). 

Thus, AI adoption plays a pivotal role in the ongoing development of an 

organization's maturity, helping HR departments move from reactive to proactive 

management of the onboarding process and workforce development. AI can be used to 
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track improvements in onboarding and employee performance, and organizations can use 

this data to refine their practices, making them more data-driven and aligned with 

organizational goals (Benz et al., 2020). 

2.7 Challenges in AI Integration in Healthcare Worker Onboarding 

The integration of Artificial Intelligence (AI) into healthcare worker onboarding 

processes presents several challenges that must be addressed to ensure successful 

implementation. Despite the potential benefits that AI offers in streamlining onboarding, 

enhancing personalization, and improving workforce efficiency, several obstacles remain 

that can hinder its full adoption. These challenges include data scarcity, algorithmic 

biases, privacy concerns, organizational resistance, and the complexity of healthcare 

roles. This section explores these challenges in detail and examines how they impact the 

effective integration of AI into healthcare worker onboarding. 

Data Scarcity and Quality Issues 

A fundamental challenge in AI integration for healthcare onboarding is data 

scarcity and issues related to data quality. AI systems rely heavily on large volumes of 

data to train machine learning models and make accurate predictions. In healthcare, this 

data often includes personal information, employee performance metrics, training 

outcomes, and role-specific competency assessments. However, many healthcare 

organizations face difficulties in collecting sufficient high-quality data that is both 

comprehensive and up-to-date. 

Studies have shown that inconsistent data collection practices and the 

fragmentation of healthcare information systems make it difficult to obtain the necessary 

data for training AI systems (Liu et al., 2021). Moreover, the data may be incomplete, 

unstructured, or outdated, which can compromise the effectiveness of AI-driven 

onboarding tools. The absence of standardized data formats or the lack of integration 
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across various HR and healthcare management systems also poses a significant barrier to 

leveraging AI effectively (Reddy et al., 2021). Without a robust data infrastructure, the 

AI tools used in onboarding cannot deliver the personalized training or real-time 

performance analytics required for optimizing employee integration. 

Algorithmic Biases and Fairness Concerns 

Another significant challenge is the potential for algorithmic biases in AI systems. 

AI tools are only as good as the data they are trained on. If the training data includes 

biases—whether related to gender, race, age, or other factors—AI systems can perpetuate 

these biases, leading to discriminatory outcomes. In healthcare onboarding, this issue can 

manifest in various ways, such as biased hiring decisions, uneven distribution of training 

opportunities, or unfair performance evaluations (O'Neil, 2016). 

AI-driven recruitment tools, for instance, may unintentionally favor certain 

demographic groups over others, especially if the algorithms are not designed to account 

for existing disparities in healthcare workforce demographics (González et al., 2022). 

Furthermore, the risk of biased AI models extends beyond recruitment into performance 

monitoring and training. These biases can undermine the credibility of AI-based 

onboarding systems and exacerbate existing inequalities in healthcare workplaces 

(Saghafian & Van Oyen, 2023). As a result, addressing fairness and transparency in AI 

models is crucial to ensuring that AI-driven onboarding systems are equitable and do not 

perpetuate discrimination. 

Privacy and Security Concerns 

The handling of sensitive personal data raises significant privacy and security 

concerns when implementing AI in healthcare onboarding. Healthcare organizations are 

subject to stringent regulations regarding data privacy, including laws such as HIPAA 

(Health Insurance Portability and Accountability Act) in the U.S. or GDPR (General Data 
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Protection Regulation) in the European Union. These regulations are designed to protect 

the confidentiality and security of patient and employee data. 

AI systems often require access to vast amounts of personal information, 

including medical histories, performance data, and educational backgrounds, which can 

raise concerns about unauthorized access, data breaches, and misuse of information 

(Jiang et al., 2021). Research shows that AI systems in healthcare are frequently seen as a 

target for cyber-attacks due to the sensitive nature of the data they process (Shah et al., 

2021). For AI-based onboarding tools to be effective and trusted, healthcare 

organizations must implement robust security measures, such as encryption, access 

controls, and anonymization techniques, to safeguard data privacy and comply with 

regulatory standards. 

Organizational Resistance to Change 

Organizational resistance is another key barrier to the successful integration of AI 

in healthcare onboarding. Healthcare institutions are often large and complex 

organizations with established practices and workflows. Introducing AI into onboarding 

processes requires significant changes to these workflows, which can be met with 

resistance from staff at all levels (Lyons et al., 2020). Employees, particularly those who 

have been accustomed to traditional methods, may fear that AI will replace their roles or 

lead to job displacement. 

Furthermore, leadership buy-in is crucial for AI adoption, and many healthcare 

administrators may be hesitant to invest in AI technologies without clear evidence of 

their return on investment (ROI) or effectiveness (Mehta et al., 2021). This resistance is 

particularly prevalent in smaller healthcare organizations with limited budgets or in 

settings where AI technology is perceived as complex and difficult to integrate. 

Overcoming organizational resistance requires effective change management strategies, 
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including training, transparent communication, and demonstration of the benefits of AI in 

enhancing onboarding efficiency and workforce integration (Verghese et al., 2020). 

Complexity of Healthcare Roles and Personalization 

The complexity of healthcare roles poses a challenge when implementing AI-

based onboarding solutions. Healthcare roles vary widely in terms of responsibilities, 

skill sets, and competencies. For instance, onboarding a nurse is vastly different from 

onboarding an administrative staff member or a medical technician. Tailoring AI 

onboarding systems to meet the unique needs of each role requires sophisticated 

algorithms that can personalize learning and training programs effectively. 

Research shows that AI systems struggle to fully account for the nuanced 

requirements of diverse healthcare roles, especially in high-skill areas where hands-on 

training and mentorship are essential (Merriam et al., 2021). Additionally, while AI tools 

can provide personalized learning experiences, the technology is not yet perfect at 

delivering the human interaction and mentorship that many healthcare workers need to 

succeed. Balancing automation with the need for human connection remains a significant 

challenge in AI-driven onboarding systems (Tanner et al., 2020). 

Regulatory and Ethical Challenges 

Finally, regulatory and ethical challenges play a significant role in the integration 

of AI in healthcare onboarding. Many healthcare organizations face regulatory hurdles 

related to the use of AI in patient care and HR functions. For example, AI systems used 

for onboarding must adhere to strict healthcare regulations, ensuring that they do not 

inadvertently violate labor laws or create inequities in training and recruitment practices 

(Wright et al., 2020). 

Additionally, ethical concerns regarding AI’s role in decision-making processes 

must be considered. Healthcare professionals often work in high-stakes environments 
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where AI recommendations may have far-reaching implications for patient care and 

employee management. Ensuring that AI systems are used ethically, transparently, and in 

ways that uphold patient and employee rights is essential to gaining trust and ensuring 

successful integration (Sankar et al., 2021). 

 

2.8 Future Directions for AI in Healthcare Onboarding 

The future of Artificial Intelligence (AI) in healthcare onboarding holds vast 

potential for transforming how healthcare organizations manage workforce integration, 

training, and development. As healthcare systems continue to evolve, AI technologies are 

expected to play a pivotal role in enhancing the efficiency, personalization, and 

scalability of onboarding processes. This section explores the emerging trends, 

innovations, and future directions for AI in healthcare onboarding, highlighting the 

evolving role of AI in creating more adaptive, effective, and sustainable onboarding 

experiences for healthcare workers. 

1. Integration of AI with Virtual and Augmented Reality (VR/AR) for Enhanced 

Training 

One of the most promising future directions for AI in healthcare onboarding is the 

integration of Virtual Reality (VR) and Augmented Reality (AR) technologies. VR and 

AR can provide immersive, interactive training experiences that are highly effective in 

complex healthcare settings, where hands-on experience and real-time decision-making 

are essential. AI can enhance these technologies by personalizing the training scenarios 

based on the learner’s progress and performance. 

For example, AI can analyze a new hire’s interactions in a virtual simulation, 

providing real-time feedback and adjusting the complexity of the tasks based on the 

employee’s learning pace (Merriam et al., 2021). By combining AI with VR/AR, 
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healthcare organizations can create fully immersive onboarding experiences where new 

employees can practice clinical skills, interact with patients in a simulated environment, 

and improve their clinical decision-making without any risk to real patients (Saghafian & 

Van Oyen, 2023). This integration of AI and VR/AR offers the potential to provide 

highly effective, scalable, and personalized training experiences, particularly for roles 

that require intricate technical skills or emergency response capabilities. 

2. Predictive Analytics for Workforce Planning and Onboarding Optimization 

Another key future direction for AI in healthcare onboarding is the use of 

predictive analytics to optimize workforce planning and the onboarding process. 

Predictive analytics uses historical data to forecast future trends, such as employee 

turnover, training needs, and potential skill gaps. By leveraging AI-driven predictive 

models, healthcare organizations can not only optimize their recruitment strategies but 

also ensure that their onboarding processes are aligned with the needs of the workforce. 

AI can predict which new hires are most likely to succeed or encounter challenges 

during the onboarding process by analyzing factors such as prior experience, personality 

traits, and even how they engage with training modules (Tambe et al., 2022). This data-

driven approach will allow HR departments to provide tailored interventions for new 

employees who may need additional support, reducing the risk of early turnover and 

improving overall onboarding efficiency. Furthermore, predictive analytics can help 

organizations plan for future workforce needs, ensuring that they are consistently 

prepared to onboard a qualified and well-trained workforce (Rogers et al., 2021). 

3. AI-Enhanced Continuous Learning and Development 

The future of AI in healthcare onboarding is not limited to the initial integration 

phase but extends into continuous learning and professional development. Healthcare is a 

rapidly evolving field, and it is crucial for employees to keep up with new technologies, 
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patient care practices, and industry standards throughout their careers. AI can play a 

crucial role in supporting this lifelong learning model by offering ongoing education and 

development opportunities for healthcare workers post-onboarding. 

AI-driven platforms can assess the evolving needs of healthcare workers, 

recommend personalized learning modules, and track progress over time. For instance, 

AI can suggest specific courses or certifications based on an employee’s performance in 

previous training, job-related activities, or changes in healthcare regulations (Mehta et al., 

2021). These adaptive learning platforms ensure that healthcare professionals continue to 

build on their initial training, keeping them engaged and informed as they progress in 

their careers. Moreover, AI can monitor employee performance in real-time and suggest 

upskilling opportunities to enhance their competencies in critical areas, leading to better 

patient care and improved job satisfaction (Khavandi et al., 2024). 

4. AI-Driven Emotional and Social Intelligence Integration 

As healthcare roles become increasingly complex, particularly in direct patient 

care, the ability to effectively communicate and manage interpersonal relationships is 

crucial. The integration of AI tools that focus on emotional intelligence (EI) and social 

intelligence (SI) in onboarding processes is an exciting development on the horizon. AI 

systems are being developed to assess and enhance these soft skills during onboarding, 

improving communication, teamwork, and conflict resolution among healthcare workers. 

For instance, AI-powered chatbots and virtual assistants could engage new 

employees in role-playing scenarios to help them practice difficult conversations, such as 

delivering bad news or handling patient concerns. Additionally, AI systems can provide 

real-time feedback on how well healthcare workers are managing their emotional 

responses and interactions, helping them improve their emotional and social 

competencies over time (Tanner et al., 2020). By improving EI and SI, AI can ensure that 
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new healthcare workers are not only technically proficient but also skilled in managing 

interpersonal dynamics in high-pressure environments, which is essential for high-quality 

patient care. 

5. Ensuring Equity and Fairness in AI-Driven Onboarding 

As AI systems are increasingly incorporated into healthcare onboarding, ensuring 

equity and fairness will become a key area of focus. AI has the potential to eliminate 

human biases in the hiring and onboarding process, but it also carries the risk of 

perpetuating existing biases if not carefully designed. Therefore, future advancements in 

AI will need to prioritize the development of fair, transparent, and accountable systems 

that ensure equal opportunities for all candidates, regardless of background, gender, or 

race. 

In the future, AI systems will be designed to monitor and mitigate bias in real-

time, using algorithms that promote diversity and inclusion during the recruitment and 

onboarding phases (O'Neil, 2016). Healthcare organizations will need to implement strict 

ethical guidelines to ensure that AI-driven systems do not inadvertently reinforce 

inequality or discrimination. Additionally, the continued use of AI tools should be 

regularly audited and updated to ensure they meet ethical standards and promote a 

diverse and inclusive workforce (Reddy et al., 2021). 

6. Integration with Other Healthcare Systems for Seamless Onboarding 

As AI technologies become more sophisticated, future AI-driven onboarding 

systems will integrate seamlessly with other healthcare management systems, such as 

Electronic Health Records (EHR), Learning Management Systems (LMS), and 

performance management tools. This integration will allow for a more holistic approach 

to healthcare workforce management, where AI not only facilitates the onboarding 
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process but also continues to support employee development, performance tracking, and 

patient care delivery. 

For example, AI can integrate onboarding systems with EHR to ensure that new 

employees are trained on specific patient care protocols and are familiar with the 

technologies used within their clinical environment from the very start. This level of 

integration will ensure that new hires are fully prepared for the specific demands of their 

roles, reducing the time it takes for them to become productive and improving overall 

care outcomes (González et al., 2022). 

 

2.9 Conceptual Framework  

 

 
Figure 1 Conceptual Framework  
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The conceptual framework for this study is developed from an integration of 

theories and empirical studies relating to Artificial Intelligence (AI) in human resource 

management, healthcare process optimization, and organizational maturity. It provides a 

structured explanation of how AI-driven onboarding impacts the efficiency and 

effectiveness of onboarding processes, addresses standardization challenges, and 

ultimately enhances organizational outcomes in healthcare settings. 

The framework visually represents the relationships between the independent 

variable (AI-driven onboarding), mediating variables (key success factors), moderating 

variables (standardization challenges), and dependent variables (onboarding efficiency, 

onboarding effectiveness, and organizational outcomes). These constructs were derived 

from the research objectives and questions, as well as from the theoretical perspectives 

discussed earlier in this chapter. 

Independent Variable: AI-Driven Onboarding 

AI-driven onboarding represents the primary independent variable in this study. It 

encompasses the use of Artificial Intelligence technologies such as automation, machine 

learning, predictive analytics, and natural language processing to streamline, personalize, 

and optimize the onboarding process for healthcare workers. 

The literature indicates that AI can significantly improve administrative efficiency 

and enhance learning outcomes during onboarding (Aung et al., 2021; Esmaeilzadeh, 

2024). Automated systems reduce manual workload by handling repetitive tasks such as 

scheduling, document verification, and compliance checks, while intelligent chatbots 

provide real-time guidance and support to new employees. Similarly, AI-enabled learning 

management systems personalize training content according to employees’ backgrounds, 

roles, and learning progress, ensuring that training is both effective and relevant. 
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In healthcare settings, where accuracy, compliance, and adaptability are essential, 

AI-driven onboarding enhances process consistency and accelerates the integration of 

new workers into organizational culture. The incorporation of AI tools in onboarding thus 

serves as a catalyst for improved efficiency, accuracy, and adaptability within healthcare 

organizations. 

Mediating Variables: Key Success Factors 

Key success factors act as mediating variables that explain how AI-driven 

onboarding leads to improved organizational outcomes. These factors include training 

quality, team integration, and resource availability. The effectiveness of AI integration is 

heavily dependent on how well these success factors are managed and aligned with 

organizational goals. 

Training quality determines whether AI-supported systems deliver content that is 

relevant, interactive, and tailored to the unique needs of healthcare workers. Team 

integration plays a vital role in ensuring that new employees develop the interpersonal 

and collaborative skills necessary for effective team functioning. Resource availability—

both technological and human—ensures that AI-based systems are adequately supported 

and maintained. 

When these mediating factors are effectively in place, they strengthen the positive 

relationship between AI-driven onboarding and its outcomes. Conversely, weak training, 

limited integration, or resource constraints can hinder the success of AI adoption and 

reduce its overall impact on onboarding maturity. 

Dependent Variables: Onboarding Efficiency, Onboarding Effectiveness, and 

Organizational Outcomes 
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The dependent variables in this conceptual model are onboarding efficiency, 

onboarding effectiveness, and organizational outcomes. Together, they represent the 

measurable results of AI-driven onboarding practices within healthcare organizations. 

Onboarding efficiency focuses on the time, cost, and operational aspects of 

onboarding. AI technologies contribute to efficiency by automating administrative 

processes, reducing paperwork, and minimizing time delays associated with traditional 

onboarding methods. As a result, healthcare organizations can accelerate employee 

readiness and productivity. 

Onboarding effectiveness, by contrast, measures the qualitative dimension of 

onboarding. It refers to the extent to which new employees acquire the necessary skills, 

knowledge, and organizational understanding to perform effectively in their roles. AI 

supports effectiveness by offering personalized learning experiences, continuous 

feedback, and adaptive assessments that align with individual learning needs. 

Organizational outcomes represent the long-term effects of successful 

onboarding, encompassing team integration, job satisfaction, employee performance, and 

retention. Research indicates that employees who undergo structured and effective 

onboarding are more engaged, more productive, and less likely to leave the organization 

(Cohen et al., 2019; González et al., 2022). In healthcare, these outcomes are especially 

important, as workforce stability directly impacts patient safety, care quality, and 

institutional reputation. AI-driven onboarding enhances these outcomes by enabling data-

driven monitoring of employee progress and supporting ongoing workforce development 

initiatives. 

Moderating Variable: Standardization Challenges 

Standardization challenges serve as moderating variables that influence the 

strength and direction of the relationship between AI-driven onboarding and its 
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dependent outcomes. These challenges include inconsistent onboarding procedures, 

fragmented technological infrastructures, and regulatory variations across healthcare 

organizations. 

The literature highlights that healthcare institutions often face difficulties in 

maintaining standardized onboarding processes due to variations in departmental 

practices and compliance requirements (Reddy et al., 2021). AI technologies can mitigate 

some of these challenges by automating compliance tracking and centralizing data 

management, thereby ensuring consistency in onboarding procedures. However, the 

degree to which AI can achieve these outcomes is moderated by an organization’s 

technological readiness, digital infrastructure, and openness to innovation (Lyons et al., 

2020). 

Therefore, while AI-driven onboarding has the potential to transform onboarding 

practices, its success depends heavily on overcoming these standardization challenges. 

Healthcare organizations that address these moderating factors effectively are more likely 

to achieve higher onboarding maturity and improved organizational performance. 

Interrelationships Among Variables 

The conceptual model depicts the dynamic relationships among the study’s key 

variables. AI-driven onboarding directly influences onboarding efficiency and 

effectiveness by automating routine processes and delivering personalized, data-informed 

experiences. These immediate improvements in process quality contribute to broader 

organizational outcomes such as higher employee satisfaction, stronger team integration, 

and reduced turnover rates. 

The relationship between AI-driven onboarding and organizational outcomes is 

mediated by key success factors, including the quality of training, the extent of team 

integration, and the availability of necessary resources. These mediating factors 
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determine the strength and sustainability of AI’s positive effects. Meanwhile, 

standardization challenges moderate these relationships by either enabling or constraining 

the effective implementation of AI technologies depending on the organization’s 

contextual and regulatory environment. 

Overall, the model portrays AI-driven onboarding as the central mechanism that 

advances process efficiency and organizational maturity in healthcare. The interplay 

among these variables provides a comprehensive understanding of how technology 

adoption influences both individual and institutional outcomes. 

Theoretical Foundation of the Conceptual Model 

The conceptual framework is grounded in several theoretical foundations that 

explain the adoption, utilization, and impact of AI-based technologies in organizational 

contexts. The Technology Acceptance Model (TAM) provides insight into how 

healthcare workers and HR professionals perceive and adopt AI technologies based on 

their perceived usefulness and ease of use. The Task-Technology Fit (TTF) Theory 

supports the notion that technology must align with specific onboarding tasks to 

maximize performance benefits. The Human Capital Theory (HCT) emphasizes that 

investments in AI-supported training and workforce development lead to improved 

employee competence and long-term organizational returns. Finally, Organizational 

Maturity Models (OMM) offer a structured framework for assessing how healthcare 

organizations evolve from basic to optimized levels of process standardization and 

technological sophistication. 

By integrating these theories, the conceptual framework provides a holistic 

perspective on how AI-driven onboarding contributes to both process-level 

improvements and strategic organizational outcomes in healthcare. 
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2.9 Literature Gaps  

While the integration of Artificial Intelligence (AI) into healthcare worker 

onboarding has gained significant attention in recent years, there remain several gaps in 

the existing literature that hinder a comprehensive understanding of AI's potential and 

challenges in this domain. These gaps highlight the need for further research and 

exploration to optimize the implementation of AI technologies in healthcare onboarding 

processes. This section identifies key literature gaps related to the current understanding 

of AI in healthcare onboarding, including areas concerning theoretical frameworks, 

practical implementation, organizational challenges, and the long-term impact of AI 

adoption. 

1. Lack of Comprehensive Frameworks for AI Integration in Healthcare 

Onboarding 

Although there is a growing body of literature on AI in human resource 

management and healthcare, there is a significant gap in the development of 

comprehensive theoretical frameworks for AI integration in healthcare onboarding 

specifically. Much of the existing research focuses on isolated aspects of AI, such as its 

applications in recruitment or training, but there is limited attention to the broader, 

integrated role of AI across the entire onboarding process (Reddy et al., 2021). A holistic 

framework that combines AI with existing HR models, organizational maturity, and 

workforce development strategies in healthcare is needed to provide a comprehensive 

view of how AI can transform the onboarding process in the sector. Developing such a 

framework would allow researchers and practitioners to assess the full scope of AI’s 

impact on healthcare workforce management. 

2. Insufficient Exploration of Long-Term Impacts of AI in Onboarding 
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Much of the existing research has focused on the immediate effects of AI 

integration in healthcare onboarding, such as improvements in efficiency, cost savings, 

and time-to-productivity (Tambe et al., 2022). However, there is a lack of studies 

investigating the long-term impact of AI-driven onboarding systems on employee 

performance, engagement, and retention in the healthcare sector. While AI has shown 

promise in reducing onboarding time and personalizing training, little is known about the 

sustainability of these benefits over time, particularly in high-turnover industries like 

healthcare. Future research should examine the longitudinal effects of AI on workforce 

retention, job satisfaction, and career progression within healthcare organizations to 

better understand the long-term value of these systems (Shah et al., 2021). 

3. Under-Explored Ethical and Regulatory Challenges 

Despite the increasing interest in AI adoption in healthcare, there is a lack of 

detailed studies addressing the ethical and regulatory challenges of implementing AI in 

onboarding processes. Healthcare organizations face strict regulations regarding data 

privacy, employee rights, and ethical standards in decision-making, and AI systems must 

be designed to comply with these regulations (Mehta et al., 2021). However, existing 

literature often overlooks the ethical implications of AI’s role in sensitive areas such as 

performance evaluation, hiring decisions, and employee training. Research exploring how 

AI technologies can be aligned with healthcare regulations, ensuring transparency, 

fairness, and accountability, is essential to mitigating concerns regarding bias, privacy 

violations, and discrimination (O'Neil, 2016). Additionally, regulatory standards for AI in 

onboarding are still underdeveloped, and further exploration of these standards is needed 

to ensure ethical AI integration in healthcare. 

4. Insufficient Focus on Organizational Resistance to AI Adoption 
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Organizational resistance to AI adoption remains a critical barrier in healthcare 

settings, but it is underexplored in the context of healthcare worker onboarding. While 

studies have discussed resistance to AI in general healthcare practices (Lyons et al., 

2020), few have specifically focused on the onboarding process. Resistance can stem 

from various sources, including fear of job displacement, lack of understanding of AI’s 

benefits, and concerns about technological disruption to established workflows (Verghese 

et al., 2020). Research on how to manage and overcome resistance, particularly in high-

stakes healthcare environments, is crucial for the successful integration of AI. 

Investigating the factors that influence organizational readiness for AI in onboarding, 

including leadership support, employee training, and change management strategies, 

would provide valuable insights into overcoming resistance. 

5. Limited Empirical Studies on AI’s Role in Addressing Healthcare Worker 

Diversity 

Another notable gap in the literature is the role of AI in enhancing workforce 

diversity during the onboarding process in healthcare. AI holds significant potential to 

reduce human biases in recruitment and selection, yet there is limited empirical research 

exploring how AI tools can specifically support diversity and inclusion during 

onboarding in healthcare organizations. Research has primarily focused on AI’s ability to 

streamline processes or enhance efficiency, but it has not sufficiently explored its 

capacity to promote equitable opportunities for underrepresented groups in healthcare 

(Saghafian & Van Oyen, 2023). Future studies should investigate how AI systems can 

help healthcare organizations build more diverse teams through unbiased hiring processes 

and personalized onboarding experiences that cater to different backgrounds and 

experiences. 

6. Lack of Research on the Integration of AI with Other Healthcare Systems 
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Despite AI’s potential, there is a gap in understanding how AI-driven onboarding 

systems can integrate with other healthcare systems (such as Electronic Health Records, 

Learning Management Systems, and performance evaluation systems). Many studies 

have examined AI’s role in individual onboarding components, such as training or 

recruitment, but fewer have considered how these systems interact with the broader 

healthcare ecosystem. Integrating AI-driven onboarding with existing healthcare 

management tools could offer more holistic solutions to workforce management and 

allow organizations to manage not only onboarding but also ongoing employee 

development and performance evaluation. This integration would provide a seamless 

experience for both employees and HR departments, but further research is needed to 

explore the technical challenges and benefits of this integration (González et al., 2022). 

7. Evaluation of AI’s Role in Clinical Competency Development During 

Onboarding 

While AI’s role in administrative tasks such as scheduling and document 

management during onboarding is well documented, there is insufficient research on how 

AI contributes to clinical competency development during onboarding, particularly in 

high-skill healthcare roles. AI has the potential to simulate clinical scenarios, provide 

real-time feedback, and track the development of specific clinical skills (Sullivan et al., 

2021). However, studies that evaluate the impact of AI-driven simulations and 

personalized clinical training on healthcare worker competencies, particularly in settings 

with complex care requirements, are lacking. Future research should investigate how AI 

can be used to enhance clinical competency development during onboarding, especially 

in critical healthcare areas such as emergency care, surgery, and intensive care. 

 

2.10 Conclusion  
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In this chapter, the literature on the application of Artificial Intelligence (AI)-

based technologies in healthcare worker onboarding has been comprehensively reviewed. 

The integration of AI into onboarding processes in healthcare organizations holds 

significant potential to transform how new employees are introduced, trained, and 

integrated into the workforce. The review examined key concepts such as the importance 

of effective onboarding, the various AI technologies currently applied in healthcare HR 

management, and the organizational maturity models that can guide the optimization of 

onboarding processes. 

While AI has been shown to improve efficiency, personalization, and scalability 

in onboarding, several challenges remain. These include data quality and availability 

issues, algorithmic biases, privacy and security concerns, and organizational resistance to 

technological change. Furthermore, the literature revealed gaps in understanding the 

long-term impacts of AI in onboarding, especially in terms of employee retention, job 

satisfaction, and career progression. The need for comprehensive frameworks, ethical 

guidelines, and the integration of AI with other healthcare systems were also highlighted 

as critical areas for further research. 

Moreover, as healthcare roles become more complex, AI's potential to support 

clinical competency development and ongoing professional growth has emerged as an 

important future direction. Innovations such as AI-driven virtual reality training, 

predictive analytics, and emotional intelligence integration are expected to redefine the 

scope of onboarding, making it more adaptive, personalized, and sustainable. However, 

challenges like organizational culture, regulatory compliance, and bias in AI models must 

be addressed to ensure equitable, transparent, and ethical AI use. 

This literature review underscores the need for further empirical research to 

bridge the gaps identified, particularly in the areas of AI integration, long-term 
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evaluation, and overcoming organizational resistance. The subsequent chapters of this 

dissertation will build on these findings, exploring the specific applications of AI in 

healthcare onboarding and providing insights into how these technologies can be 

effectively utilized to enhance organizational maturity and workforce development in 

healthcare settings. 
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CHAPTER III:  

METHODOLOGY 

 

3.1 Introduction  

This chapter outlines the research methodology adopted for investigating the 

application of Artificial Intelligence (AI)-based technologies in evaluating healthcare 

providers' maturity in the healthcare worker onboarding process. The purpose of this 

chapter is to describe the systematic approach used to collect, analyze, and interpret data 

regarding the role of AI in enhancing onboarding processes, with a particular focus on 

assessing its impact on employee satisfaction, performance outcomes, and retention rates. 

This chapter presents a clear and structured research design that ensures the findings are 

both reliable and valid. 

A quantitative research design has been chosen for this study to provide empirical 

insights into the effectiveness of AI technologies in onboarding. The quantitative 

approach allows for the measurement of various variables related to AI’s integration in 

healthcare worker onboarding, enabling the identification of patterns and relationships 

through statistical analysis. The methodology used in this study employs a cross-sectional 

survey to collect data from healthcare workers and Human Resources (HR) professionals 

across a range of healthcare settings. This design is appropriate as it allows for the 

examination of current AI implementations and their effects at a specific point in time, 

providing a snapshot of the broader healthcare industry’s approach to AI in onboarding. 

The target population for this study includes healthcare workers and HR 

professionals working in diverse healthcare organizations, such as hospitals, clinics, and 

long-term care facilities. Stratified sampling will be utilized to ensure that a 

representative sample is obtained from different types of healthcare settings. A Likert-
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scale questionnaire will serve as the primary data collection tool, designed to capture 

participants’ perceptions of AI tools used in onboarding and their effects on various 

outcomes such as onboarding effectiveness, job satisfaction, and turnover rates. 

This chapter also discusses the statistical techniques employed in analyzing the 

data, including descriptive statistics, regression analysis, and ANOVA to examine the 

relationships between AI tools and onboarding outcomes. Ethical considerations, 

including informed consent, confidentiality, and data protection, will be rigorously 

followed to ensure the rights and privacy of all participants are respected. 

By adopting a structured and systematic approach to research, this chapter lays 

the groundwork for understanding the role of AI in healthcare worker onboarding, and 

how AI-driven solutions can contribute to enhancing organizational maturity and 

workforce management in healthcare settings. 

 

3.2 Overview of the Research Problem 

The healthcare sector is undergoing significant transformations, driven by 

technological advancements and evolving workforce needs. One of the critical challenges 

faced by healthcare organizations today is ensuring that healthcare workers are 

effectively onboarded, equipped with the necessary skills, and integrated into the 

organization's culture to deliver high-quality patient care. Traditional onboarding 

processes, while essential, are often inefficient, fragmented, and may not fully address the 

diverse needs of new employees. This inefficiency can result in high turnover rates, 

reduced employee engagement, and inadequate workforce performance—issues that can 

have a direct impact on the quality of care provided to patients. 

In recent years, Artificial Intelligence (AI) has emerged as a promising solution to 

optimize onboarding processes in healthcare organizations. AI technologies, such as 
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machine learning, natural language processing, and predictive analytics, offer the 

potential to streamline administrative tasks, personalize training, and assess new 

employees' progress in real time. However, while AI has demonstrated success in other 

areas of healthcare, its application in the context of onboarding healthcare workers 

remains underexplored. There is a need to understand how AI can enhance onboarding 

effectiveness, improve employee satisfaction, reduce turnover, and contribute to 

organizational maturity. 

The research problem at the core of this study is the application of AI-based 

technologies in evaluating and improving the maturity of healthcare worker onboarding 

processes. Specifically, this research aims to investigate how AI tools can be utilized to 

assess the current maturity of onboarding processes and identify areas for improvement. 

Additionally, it seeks to understand the relationship between AI-driven onboarding 

systems and key workforce outcomes, including employee performance, retention rates, 

and satisfaction levels. By addressing this gap in the literature, the research will provide 

valuable insights into how healthcare organizations can leverage AI to create more 

efficient, personalized, and effective onboarding experiences that contribute to a more 

engaged and productive workforce. 

Ultimately, this study aims to fill the existing gap in understanding AI's role in 

healthcare onboarding, offering practical implications for healthcare providers to enhance 

their workforce integration strategies and, by extension, improve overall organizational 

maturity and patient care outcomes. 

 

3.3 Research Design 

This study was undertaken using a quantitative, cross-sectional research design 

and explored the use of Artificial Intelligence (AI)-based technologies assessing 
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healthcare worker onboarding maturity. The rationale for using a quantitative approach 

was that it allows for the collection of structured and quantifiable data and the calculation 

of statistical analyses leading to objective and generalizable conclusions. 

A structured questionnaire with seven-point Likert scale was used to gather the 

perception of the respondents around various facets of onboarding maturity, AI 

integration, employee experience issues, and process standardization. A digital survey 

tool within the healthcare capacity was created using Google Forms, allowing for quick 

data entry of information from a large and varied sample of respondents to address needs 

associated with different healthcare environments. 

The cross-sectional nature of the research allowed the capturing of data at a single 

point in time enabling the exploration of the current practices of onboarding and the 

extent to which AI technologies are being embedded into the processes. This system 

design is especially appropriate for the understanding of the operational status and 

evolution of healthcare organizations without altering the environment and variables 

under analysis. 

The randomness of the sample to be drawn was obtained by simple random 

sampling method to ensure the representation of the sample. This approach reduced the 

selection bias and maximized the validity of generalizations made from the sample to the 

population. 

Analyses were performed using Python with the help of powerful statistical 

analysis libraries that offer both descriptive and inferential analyses. This enabled a 

thorough analysis of the relationships among the variables, identification of patterns and 

testing of hypotheses for the effectiveness and maturity of the AI-supported onboarding 

systems. 
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This research design will ensure methodological rigor, objectivity, actionable 

insight, and help further the intersectional need of the research/workforce in healthcare 

workforce development and artificial intelligence technologies. 

 

3.4 Population and Sample 

The population targeted in this study comprised individuals working within 

healthcare organizations who are either directly involved in the onboarding of healthcare 

workers or who experience the outcomes of onboarding processes. This included human 

resource personnel, training and development officers, administrative staff, and clinical 

professionals. By engaging participants across various functional roles, the study aimed 

to capture a well-rounded understanding of how onboarding is currently managed, how 

artificial intelligence-based technologies are being applied, and what factors influence 

onboarding success across healthcare environments. 

A simple random sampling technique was adopted to ensure that every individual 

in the defined population had an equal opportunity to participate in the study. This 

method reduced the likelihood of sampling bias and increased the generalizability of the 

results. Participants were invited to complete a structured questionnaire that was 

disseminated through Google Forms, allowing for wide and efficient distribution across 

diverse healthcare settings. This online format also facilitated ease of access for 

respondents and ensured timely data collection. 

The final sample consisted of 204 respondents whose completed questionnaires 

were included in the analysis. The instrument featured a total of 30 items, divided into six 

thematic sections, including a demographic section that helped contextualize the 

responses. The remaining sections were designed to assess the perceived impact of AI-

driven tools on onboarding processes, the challenges of standardization, the key success 



 

 

77 

factors in onboarding, and the effectiveness of various onboarding components. The 

diversity of respondents and the breadth of the questionnaire ensured a comprehensive 

data set aligned with the study’s overall objective to evaluate onboarding maturity and AI 

integration in healthcare. 

Justification of Sample size  

The final sample size obtained of 204 respondents was considered proper and 

adequate for the purpose of this quantitative study. In survey-based research, particularly 

in the social sciences and healthcare administration, a sample size over 200 has been 

generally accepted as sufficient for reliable performance of descriptive and inferential 

statistical studies. Although the study was cross-sectional and the targeted population 

heterogeneous in its role structures, this sample size provided a strong representation of 

various types of organizational structure and healthcare functions. 

Moreover, the seven-point Likert scale used in all items of the substantive section 

of the questionnaire facilitated the use of parametric and non-parametric statistical 

methods. With 204 responses, the study retained enough statistical power to recognize 

statistical patterns, correlations, and possible group differences related to onboarding 

maturity and the utilization of AI-based tools. While formal power calculations are 

commonly employed to predetermine necessary sample size, practical considerations of 

healthcare research (when access to respondents may be limited) require the trade-off 

between theoretical necessities and realistic response rates. In this study, the number of 

responses not only went beyond the minimum threshold for standard statistical tests to be 

done but also facilitated sub analyses where required. 
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3.5 Participant Selection 

Participants for this study were selected from a broad spectrum of individuals 

employed within healthcare organizations who are either directly involved in, or have 

firsthand experience with, the onboarding of healthcare workers. The inclusion criteria 

focused on individuals holding roles related to human resources, administration, staff 

training, onboarding coordination, or clinical functions where onboarding procedures are 

a routine part of professional integration. These individuals were considered best 

positioned to provide informed responses regarding the maturity, efficiency, and AI 

integration within their respective onboarding systems. 

To ensure fair and unbiased representation, a simple random sampling method 

was used. This approach provided each eligible individual within the broader healthcare 

workforce an equal probability of being selected to participate. The survey instrument 

was distributed electronically via Google Forms, which allowed the study to reach 

respondents across a variety of healthcare settings, including hospitals, clinics, 

community health centers, and specialty care institutions. Participation was entirely 

voluntary, and informed consent was obtained prior to survey submission. 

This participant selection strategy ensured diversity in terms of organizational 

type, job function, and experience level. Such variation was essential for capturing a 

comprehensive view of onboarding practices and AI utilization across different 

healthcare environments. The final sample, comprising 204 respondents, reflected a 

sufficiently diverse pool of participants to support the study’s aim of assessing 

onboarding maturity using statistically valid methods. 
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3.6 Instrumentation 

The primary data collection tool for this study was a structured, self-administered 

questionnaire designed to gather quantitative data related to healthcare worker 

onboarding processes and the integration of artificial intelligence (AI)-based 

technologies. The questionnaire was developed in alignment with the study’s objectives 

and research questions, and it was informed by concepts drawn from existing literature on 

onboarding maturity models, AI applications in human resource management, and 

organizational process evaluation in healthcare contexts. 

The instrument consisted of 30 items, divided into six thematic sections. The first 

section captured demographic information, including participants’ organizational role, 

years of experience, and type of healthcare facility. The remaining five sections focused 

on key constructs relevant to the study: AI-driven tools in onboarding, onboarding 

efficiency and effectiveness, standardization challenges, critical success factors, and 

evaluation of onboarding components. Each item in these sections was measured using a 

seven-point Likert scale ranging from "Strongly Disagree" to "Strongly Agree," which 

allowed for quantifiable assessment of participant perceptions and experiences. 

The questionnaire was developed and distributed through Google Forms, a secure 

and accessible online platform that facilitated widespread participation while ensuring 

user anonymity. To enhance clarity and ease of response, the instrument employed 

straightforward language and logically sequenced questions. The design was reviewed to 

ensure alignment with the theoretical framework and the analytical approach of the study. 

The structured format of the questionnaire enabled the application of statistical 

techniques to analyze trends, correlations, and potential predictors related to onboarding 

maturity and AI implementation in healthcare organizations. 
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3.7 Data Collection Procedures 

The data collection for this study was conducted systematically to ensure the 

validity, reliability, and ethical integrity of the research process. The primary method of 

data collection was an online survey distributed to healthcare workers and professionals 

involved in onboarding processes across various healthcare organizations. This section 

outlines the procedures followed for participant recruitment, survey distribution, data 

management, and preparation for analysis. 

1. Participant Recruitment 

Participants were recruited from healthcare organizations, including hospitals, 

clinics, and other clinical institutions, representing a range of healthcare settings. The 

target population included healthcare professionals such as administrators, onboarding 

coordinators, HR personnel, and clinical staff with experience in onboarding either as 

implementers or recipients of the process. To promote unbiased representation, a simple 

random sampling method was employed, allowing each individual in the population an 

equal chance of selection. This approach ensured that the sample included varied 

perspectives from both private and public healthcare settings and across diverse job roles, 

enabling a comprehensive evaluation of onboarding maturity and AI integration. 

Recruitment took place through the dissemination of a digital survey link via 

professional networks, organizational communication channels, and direct email 

invitations. The invitation included a brief introduction to the study’s objectives, a 

statement of voluntary participation, and the assurance that participants could withdraw at 

any time. All potential respondents were clearly informed of the study’s purpose and the 

nature of their involvement before beginning the survey. 
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2. Survey Distribution 

The survey was administered online using Google Forms, a secure and accessible 

platform that allowed participants to complete the questionnaire at their convenience. The 

form was designed to be user-friendly and responsive across devices to accommodate 

participants in different healthcare environments. The link to the survey was distributed 

via email, and respondents were encouraged to complete the form within a designated 

time frame. 

Before beginning the survey, participants were required to read and agree to an 

informed consent form embedded at the start of the Google Form. This form detailed the 

purpose of the research, confidentiality measures, the voluntary nature of participation, 

and participants’ rights. Only after confirming consent could participants proceed to the 

questionnaire. Access to the survey was restricted to intended respondents, and settings 

were configured to allow only one response per participant to preserve the integrity of the 

data. 

3. Data Collection Timeline 

Data collection was carried out over a defined period to ensure adequate 

participation. Initial invitations were followed by reminder messages to increase response 

rates. The survey remained open for a total duration of approximately two to three weeks, 

during which respondents could access and complete the form at their convenience. 

Midway through the data collection period, and again during the final week, follow-up 

communications were sent to participants who had not yet completed the survey. These 

reminders emphasized the importance of their participation and helped enhance the 

overall response rate. At the end of the collection window, the survey was closed and no 

further responses were accepted. 

4. Data Management and Storage 
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Throughout the data collection process, participant anonymity and data 

confidentiality were strictly maintained. No personal identifiers were collected, and all 

responses were recorded anonymously. The data collected through Google Forms were 

securely stored on password-protected cloud storage associated with the research team’s 

institutional account. Only authorized members of the research team had access to the 

raw data, ensuring its protection and compliance with ethical standards. 

The stored data were exported in structured formats compatible with statistical 

software tools. Data files were encrypted and backed up regularly to prevent loss or 

unauthorized access. The confidentiality and integrity of the data were preserved 

throughout the entire handling process. 

5. Data Handling Post-Survey 

After the survey closed, the collected data were downloaded and prepared for 

analysis. The data handling process began with a cleaning phase, during which irrelevant 

columns were removed, and variables were renamed for consistency and ease of use. Any 

duplicate entries, missing data, or anomalies were reviewed and addressed according to 

standard data processing practices. Once cleaned, the dataset was analyzed using Python 

programming language and its associated statistical libraries. The analysis focused on 

addressing the four core research objectives by applying appropriate statistical techniques 

such as correlation analysis, ANOVA, and regression, in alignment with the study’s 

quantitative design. 

6. Limitations and Challenges 

While the data collection process was designed to be comprehensive and 

systematic, certain limitations were acknowledged. As with most survey-based research, 

there was a potential for non-response bias and limited control over how participants 

interpreted survey items. Additionally, while the use of a digital form ensured broad 
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reach, it may have excluded individuals without access to the necessary technology. 

Despite these challenges, the combination of a random sampling approach, clear 

communication, and reminder protocols helped ensure a robust and representative 

sample. Any limitations identified during the process were accounted for in the 

interpretation and discussion of the findings in subsequent chapters. 

 

3.8 Data Analysis 

The data analysis procedures for this study were designed to systematically 

address the research objectives by examining the relationships between key variables 

related to the maturity of healthcare worker onboarding processes and the application of 

artificial intelligence (AI)-based technologies. Given the study's quantitative nature, data 

were analyzed using descriptive and inferential statistical techniques implemented 

through Python, a robust programming language equipped with powerful data science 

libraries such as Pandas, NumPy, SciPy, and Matplotlib. 

Upon closure of the survey, the raw data were exported from Google Forms into a 

structured format suitable for analysis. The initial phase involved data cleaning, during 

which unnecessary columns were dropped, missing values were reviewed, and variable 

names were standardized to ensure consistency. This process ensured the reliability and 

accuracy of the dataset before statistical computations were performed. 

Descriptive statistics were computed to summarize the general characteristics of 

the dataset. This included the calculation of frequencies, percentages, means, and 

standard deviations for each item on the seven-point Likert scale. These descriptive 

measures provided a comprehensive overview of participant responses and helped 

identify general trends and patterns within the data. 
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To evaluate the study's four core research objectives, inferential statistical 

techniques were employed. For the first objective, which aimed to measure the impact of 

AI-driven tools on onboarding efficiency and effectiveness, correlation and regression 

analyses were performed to determine the strength and direction of relationships between 

AI adoption levels and perceived onboarding outcomes. For the second objective, 

focusing on challenges faced in onboarding standardization, cross-tabulations and mean 

comparisons were used to highlight variations across organizational types and roles. 

The third objective sought to analyze key success factors in healthcare worker 

onboarding. Factor analysis was applied where appropriate to identify underlying 

dimensions within the survey constructs. In addition, hypothesis testing techniques such 

as independent t-tests and ANOVA were conducted to assess differences in onboarding 

outcomes based on demographic variables such as job role, years of experience, and type 

of healthcare organization. 

For the fourth objective—evaluating the effectiveness of different onboarding 

components—composite scores were created for grouped items representing specific 

onboarding dimensions (e.g., training, integration, digital support). These scores were 

then compared using statistical tests to identify which components were most strongly 

associated with successful onboarding experiences. 

 

3.9 Research Design Limitations 

While the chosen quantitative, cross-sectional research design offers numerous 

advantages in terms of structured data collection, generalizability, and statistical rigor, it 

is not without limitations. These limitations are important to acknowledge, as they frame 

the boundaries within which the findings should be interpreted. 
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Firstly, the cross-sectional nature of the study captures participant perceptions and 

organizational practices at a single point in time. As such, it does not account for 

temporal changes or longitudinal trends that may occur in onboarding processes or AI 

adoption over time. Organizational maturity, particularly in the context of technological 

implementation, is dynamic and evolving. Therefore, while this design allows for the 

assessment of current practices, it may not reflect ongoing developments or future shifts. 

Secondly, the reliance on self-reported data through a structured questionnaire 

introduces the possibility of response bias. Participants may provide socially desirable 

answers or may interpret questions differently based on their personal experiences or 

organizational context. Although the questionnaire was carefully structured to ensure 

clarity and relevance, the subjective nature of perceptions may influence the objectivity 

of some responses. 

Another limitation lies in the use of a standardized Likert scale, which, while 

effective for quantifying attitudes and perceptions, may oversimplify complex 

experiences related to onboarding and AI integration. The format may limit participants' 

ability to elaborate on nuanced challenges or contextual factors that influence onboarding 

maturity. While this was consistent with the study's quantitative focus, it may restrict the 

depth of insights compared to qualitative or mixed-method approaches. 

Lastly, although a simple random sampling technique was employed to enhance 

generalizability, participation was voluntary and limited to individuals with access to the 

digital survey. This may have excluded certain segments of the population, particularly 

those in less digitally mature organizations or those with limited time or internet access. 

As a result, the sample may underrepresent specific viewpoints or organizational contexts 

within the broader healthcare sector. 
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3.10 Ethical Considerations  

This study was conducted with a strong commitment to ethical research practices, 

ensuring that all participants were treated with respect and that their rights were fully 

protected throughout the data collection process. As the research involved human 

participants responding to a questionnaire about professional practices within healthcare 

organizations, particular attention was given to maintaining confidentiality, voluntary 

participation, and informed consent. 

All participation in the study was entirely voluntary. Prior to completing the 

questionnaire, participants were presented with an informed consent statement clearly 

explaining the purpose of the study, the approximate time commitment, the general 

nature of the questions, and their right to decline or withdraw from participation at any 

time without any consequences. Only individuals who confirmed their consent were 

permitted to proceed with the survey. 

The survey was distributed online through Google Forms and was designed to 

ensure complete anonymity. No names, email addresses, IP addresses, or any other 

identifying information were collected at any stage of the data collection process. This 

protected the identities of all respondents and ensured that their responses could not be 

traced back to them or their organizations. 

All data collected were securely stored in a password-protected digital 

environment and were accessible only to the researcher. The responses were used solely 

for academic purposes and were handled with strict confidentiality throughout the study. 

Since the questionnaire did not include any questions related to personal health 

information, sensitive data, or clinical interventions, the risk to participants was minimal. 
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3.11 Conclusion  

This chapter has presented a comprehensive overview of the methodological 

approach employed to investigate the role of Artificial Intelligence (AI)-based 

technologies in evaluating the maturity of healthcare worker onboarding processes. 

Grounded in a quantitative, cross-sectional design, the study adopted a structured and 

systematic framework to collect and analyze data from a diverse group of healthcare 

professionals across various organizational settings. The use of a seven-point Likert scale 

questionnaire distributed via Google Forms enabled the efficient collection of 

standardized data from 204 respondents, ensuring both breadth and depth in 

understanding perceptions of AI integration and onboarding practices. 

A simple random sampling technique was utilized to enhance the 

representativeness of the sample and reduce selection bias, while the clearly defined 

participant selection criteria ensured the inclusion of individuals with relevant experience 

in onboarding processes. The questionnaire was carefully designed to capture key 

dimensions such as AI-driven tool usage, onboarding effectiveness, process 

standardization, and organizational readiness. Ethical considerations were rigorously 

addressed through informed consent, data anonymity, and secure storage protocols, 

maintaining the integrity and trustworthiness of the research. 

Data analysis was conducted using Python and included both descriptive and 

inferential statistical techniques, aligned with the study's objectives. This robust 

analytical approach facilitated the exploration of patterns, relationships, and potential 

causal links between AI integration and onboarding outcomes. While the study 

acknowledges certain design limitations—such as its cross-sectional nature and reliance 

on self-reported data—the methodology as a whole provides a sound foundation for 

generating empirical insights.  
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CHAPTER IV:  

RESULTS 

 

4.1 Demographic Information 

 

 
Figure 2 Distribution of Role 

 

The bar chart illustrates the distribution of respondents by their organizational 

role as collected in the onboarding questionnaire. The highest proportion of participants 

identified as Healthcare Workers (n ≈ 78), followed by Leaders (n ≈ 50), Managers (n ≈ 

45), and HR Professionals (n ≈ 32). This distribution reflects a diverse sample, with a 

predominant representation from frontline healthcare providers. 
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Interpretation 

The respondent distribution demonstrates a multi-stakeholder perspective on 

healthcare worker onboarding, aligning well with the study’s objective to evaluate 

onboarding processes across different functional levels. The overrepresentation of 

healthcare workers enhances the depth of insight into firsthand onboarding experiences 

and the operational impact of digital and AI-driven systems. 

At the same time, the inclusion of managerial and HR roles ensures that strategic, 

administrative, and policy-level considerations are also captured, supporting a more 

holistic analysis of onboarding challenges and organizational maturity—as outlined in the 

research proposal. 

This distribution is consistent with the proposal’s methodology (RP Section 5.2), 

which calls for a stratified sampling across various roles within healthcare organizations. 

It also strengthens the validity of analyses related to role-based differences in onboarding 

perceptions, AI tool effectiveness, and institutional standardization barriers. 
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Figure 3 Distribution of Years of Experience  

 

The bar chart presents the distribution of participants in the study based on their 

years of experience in the healthcare industry. The largest proportion of respondents—

over 80 individuals—have more than 10 years of experience, indicating a strong 

representation of highly experienced professionals. The remaining experience groups 

show a relatively balanced spread: approximately 30–35 participants fall within each of 

the 4–6 years, 1–3 years, and less than 1 year categories. The 7–10 years category 

represents the smallest group, with just over 20 participants. 

Interpretation 

This distribution highlights a demographically rich and experientially diverse 

respondent pool, with a dominant segment of long-tenured professionals. The high 



 

 

91 

representation of individuals with over a decade of healthcare experience is particularly 

valuable for a study focused on evaluating the maturity of onboarding processes and the 

adoption of AI-driven technologies. Experienced professionals are more likely to have 

observed or participated in multiple iterations of onboarding practices, making them well-

positioned to assess progress, gaps, and systemic patterns. 

The inclusion of participants across all experience tiers also aligns with the 

methodological goals outlined in the research proposal specifically, the objective of 

capturing a comprehensive, cross-sectional view of onboarding perceptions across 

different career stages. Insights from newer professionals (e.g., those with less than 1 

year of experience) contribute a contrasting perspective, often focused on recent and 

digital-first onboarding methods, while mid-career groups provide transitional viewpoints 

that bridge traditional and technology-enabled practices. 
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Figure 4 Distribution of Department 

 

The bar chart displays the distribution of respondents based on their departmental 

affiliation within the healthcare organization. The majority of participants are evenly split 

between the Clinical (e.g., Nursing, Medicine) and Administrative (e.g., HR, IT) 

departments, with each group contributing over 80 respondents. In contrast, the 

Management category (e.g., Department Heads) is less represented, with approximately 

40 respondents. 

Interpretation 

This distribution demonstrates that the survey captured a balanced representation 

of frontline and support staff, with substantial input from both clinical and administrative 

domains. The strong participation from clinical professionals provides valuable insights 

into the direct experience of onboarding processes, especially in relation to workflows, 
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patient safety, and role-specific integration. Similarly, the administrative cohort 

contributes crucial perspectives on process design, compliance, and system-level 

onboarding management. While the management group is comparatively 

underrepresented, its inclusion ensures that strategic and policy-level insights are still 

reflected in the dataset. 

 

 
Figure 5 Distribution of AI Familiarity 

 

The bar chart illustrates the distribution of respondents based on their self-

reported familiarity with artificial intelligence (AI) technologies in the context of 

healthcare worker onboarding. A majority of participants identified as "Somewhat 

Familiar" with AI (n ≈ 117), while a smaller but notable proportion reported being "Not 

Familiar" (n ≈ 53). The smallest group comprised those who identified as "Very 

Familiar" with AI technologies (n ≈ 35). 
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Interpretation 

The data suggests that while AI is increasingly present in healthcare 

environments, it has not yet become deeply embedded in day-to-day onboarding practices 

for most professionals. The relatively low number of individuals who are very familiar 

with AI implies that there may be limited hands-on experience or formal training. At the 

same time, the large number of respondents who are somewhat familiar indicates 

growing exposure or awareness, possibly through indirect involvement or organizational 

initiatives. 

 

 
Figure 6 Distribution of Size of the Organization 
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The bar chart presents the distribution of respondents based on the size of their 

healthcare organizations. The majority of participants (n ≈ 103) are from large 

organizations with over 201 employees. This is followed by respondents from medium-

sized organizations (51–200 employees), totaling around 60 individuals. The small 

organization category (1–50 employees) had the fewest participants, approximately 43 in 

total. 

Interpretation 

The distribution indicates that the sample is predominantly composed of 

respondents from large healthcare institutions, suggesting that larger organizations were 

more engaged or accessible during data collection. This may reflect their greater 

workforce capacity, more formalized onboarding systems, or more widespread use of 

digital platforms that facilitate participation in such surveys. 

The presence of respondents from small and medium-sized organizations, though 

smaller in number, adds contextual diversity to the dataset. It allows for comparisons 

across different organizational scales, particularly regarding resource availability, process 

standardization, and operational complexity. 

Overall, this distribution provides a useful foundation for understanding how 

onboarding practices and challenges may vary depending on the size and structural 

capacity of healthcare organizations. 

 

Table 1 Distribution of Demographic information 

Demographic 

Category 
Subcategory 

Number of Respondents 

(n) 

Role Healthcare Workers 78 
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Demographic 

Category 
Subcategory 

Number of Respondents 

(n) 

 
Leaders 50 

 
Managers 45 

 
HR Professionals 32 

Years of Experience Over 10 years 80 

 
4–6 years 30 

 
1–3 years 35 

 

Less than 1 year 34 

 
7–10 years 25 

Department Clinical (e.g., Nursing, Medicine) 80 

 
Administrative (e.g., HR, IT) 80 

 

Management (e.g., Department 

Heads) 
44 

AI Familiarity Very Familiar 35 

 
Somewhat Familiar 117 

 
Not Familiar 53 

Organization Size Large (201+ employees) 103 
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Demographic 

Category 
Subcategory 

Number of Respondents 

(n) 

 
Medium (51–200 employees) 60 

 
Small (1–50 employees) 41 

 

 

 

 

 

 

4.2 Impact of AI-Driven Tools on Onboarding Efficiency and Effectiveness 

 

4.2.1 Survey Graphs  

 



 

 

98 

 
Figure 7 Distribution of Time Reduction 

 

The bar graph illustrates the distribution of responses to the question: "How much 

do you agree that AI tools have reduced the time needed for onboarding?" The majority 

of respondents (51) strongly agree that AI tools have contributed to reducing onboarding 

time. A considerable number (48) agree that AI tools have had a positive impact on time 

reduction. 41 individuals somewhat agree with the statement. 31 respondents remain 

neutral, indicating they neither agree nor disagree about the effectiveness of AI tools in 

reducing onboarding time. Fewer respondents disagree (14), while an even smaller group 

strongly disagree (9). 

Interpretation: 
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The results suggest a generally positive perception among the respondents 

regarding the effectiveness of AI tools in reducing the time required for healthcare 

worker onboarding. The combined number of respondents who "Strongly Agree" (51) 

and "Agree" (48) demonstrates that over half of the respondents believe AI has 

significantly reduced the onboarding duration. However, a noticeable portion remains 

either neutral or shows mild disagreement, indicating that AI's impact on time reduction 

may not be universally perceived or fully experienced across all healthcare settings. The 

relatively low number of "Strongly Disagree" and "Disagree" responses (23 in total) 

suggests that, while there are challenges or nuances in its implementation, AI is generally 

seen as a time-saving tool in the onboarding process, aligning with previous findings in 

the literature regarding AI's potential to optimize administrative tasks in healthcare 

setting. 
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Figure 8 Distribution of Data Accuracy 

 

The bar graph displays the distribution of responses to the question: "To what 

extent do AI tools improve the accuracy of onboarding data?" The majority of 

respondents (71) agree that AI tools significantly improve the accuracy of onboarding 

data, with 43 respondents strongly agreeing. A substantial number of respondents (38) 

somewhat agree, indicating that AI tools are viewed positively in improving data 

accuracy, though to a lesser degree. There are 25 respondents who remain neutral, 

suggesting that they neither agree nor disagree regarding the impact of AI on data 

accuracy. Only a small portion of respondents somewhat disagree (10), and even fewer 



 

 

101 

disagree (7) or strongly disagree (10), suggesting that negative perceptions of AI tools' 

impact on data accuracy are limited. 

Interpretation: 

The graph suggests that AI tools are generally perceived positively in terms of 

improving the accuracy of onboarding data. A significant number of respondents strongly 

agree (43) and agree (71), indicating that a majority believe AI tools are highly effective 

in enhancing data accuracy. Furthermore, 38 respondents somewhat agree, implying that 

while they recognize some benefit, the impact may not be as pronounced as for those who 

strongly agree or agree. The 25 neutral responses indicate that for some, the effect of AI 

on data accuracy is either unclear or not significantly felt. However, the relatively small 

number of respondents who somewhat disagree (10), disagree (7), or strongly disagree 

(10) suggests that, despite minor challenges or limitations, the overall sentiment remains 

largely positive regarding the role of AI in improving the accuracy of onboarding data. 
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Figure 9 Distribution of Employee Satisfaction  

 

The bar graph illustrates the distribution of responses to the question: "How much 

do you agree that AI tools improve employee satisfaction during onboarding?" The 

largest group of respondents (53) agree that AI tools positively influence employee 

satisfaction during onboarding. Additionally, 37 respondents strongly agree, indicating a 

significant number believe in the strong impact of AI tools. Forty-eight respondents 

somewhat agree, showing that while they acknowledge the positive effect, it may not be 

as pronounced as those who strongly agree or agree. Thirty-one respondents remain 

neutral, suggesting that some people may not have a clear stance or experience with the 

impact of AI on employee satisfaction. On the other hand, there are smaller numbers of 
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respondents who somewhat disagree (15), disagree (14), or strongly disagree (6), 

indicating that negative perceptions of AI's impact on employee satisfaction are limited. 

Interpretation: 

The graph indicates that AI tools are generally perceived positively in terms of 

improving employee satisfaction during the onboarding process. The combined responses 

of "Strongly Agree" (37) and "Agree" (53) show a strong consensus that AI tools 

contribute positively to employee satisfaction. The additional 48 respondents who 

somewhat agree suggest that the perceived benefit may not be as universally strong, but 

still present. The 31 neutral responses indicate that for some individuals, the impact of AI 

on satisfaction may not be clear or consistently felt across all contexts. However, the 

relatively small number of respondents who somewhat disagree (15), disagree (14), or 

strongly disagree (6) suggests that, despite some challenges or limitations, the majority of 

respondents view AI tools as having a beneficial effect on employee satisfaction during 

onboarding.  
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Figure 10 Distribution of Replace Manual Tasks   

 

The bar graph displays the distribution of responses to the question: "Do you 

believe AI tools can effectively replace manual onboarding tasks?" The largest group of 

respondents (52) agree that AI tools can effectively replace manual tasks. Additionally, 

36 respondents strongly agree with the statement, further reinforcing the belief that AI 

tools can significantly streamline manual processes. A considerable number of 

respondents (34) somewhat agree, suggesting they also see a positive impact but perhaps 

not as strongly as those who strongly agree or agree. There are 27 neutral responses, 

indicating that some respondents are uncertain or have not experienced a clear effect. 

Smaller numbers of respondents somewhat disagree (24), disagree (16), and strongly 
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disagree (16), showing that while some individuals are skeptical about the full 

replacement of manual tasks by AI, these negative perceptions are relatively minimal. 

Interpretation: 

The graph suggests that the majority of respondents believe AI tools can 

effectively replace manual onboarding tasks. The combined responses of "Strongly 

Agree" (36) and "Agree" (52) clearly show a strong consensus in favor of AI tools in 

replacing manual tasks. The 34 respondents who somewhat agree indicate a positive, 

though less emphatic, view on the potential of AI tools. The 27 neutral responses suggest 

that some respondents may have mixed experiences or unclear perceptions regarding AI’s 

role in replacing manual tasks. The relatively low number of negative responses 

(somewhat disagree: 24, disagree: 16, strongly disagree: 16) indicates that while some 

skepticism exists, the overall sentiment remains largely favorable towards the ability of 

AI tools to automate and replace manual processes in onboarding.  
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Figure 11 AI Tools Replacing Manual Onboarding Tasks- Department Wise 

 

 
Figure 12 AI Tools Replacing Manual Onboarding Tasks- Experience Wise 
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4.2.2 Descriptive Test: 

 
    count      mean  std min 25% 50% 75% max 

Time Reduction        204  5.102941176 1.706028481 1 4 5 6.25 7 

 Data Accuracy       204  4.710784314 1.838204675 1 3 5 6 7 

Replace Manual      204    5.25  1.597797129 1 4 6 6 7 

Tasks 

Employee               204       5  1.591232134 1 4 5 6 7 

Satisfaction 

 

 

The descriptive statistics for the four questions assessing the impact of AI tools on 

the healthcare worker onboarding process reveal the following key points: 

Onboarding Time Reduction: 

The mean is 5.10, indicating that, on average, respondents agree that AI tools help 

in reducing the time spent on onboarding. 

The standard deviation of 1.71 shows moderate variability in responses, with 

some participants disagreeing or strongly agreeing with this statement. 

The median is 5, confirming that the majority of respondents fall between 

"Somewhat Agree" and "Agree" regarding AI’s impact on time reduction. 

Replacement of Manual Onboarding Tasks: 

The mean is 4.71, suggesting a neutral-to-positive perception about AI's ability to 

replace traditional manual tasks. 

The standard deviation of 1.84 indicates greater dispersion in responses, with 

some respondents strongly disagreeing or strongly agreeing with the statement. 
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The median is 5, again reflecting a leaning towards agreement with the 

effectiveness of AI tools in replacing manual tasks. 

Improvement in Accuracy of Onboarding Data: 

The mean is 5.25, signifying a general agreement that AI tools enhance data 

accuracy during onboarding. 

The standard deviation of 1.60 indicates moderate variability in responses, 

suggesting that while most respondents believe in AI’s positive impact on data accuracy, 

some remain neutral or disagree. 

The median of 6 indicates that the central tendency of responses aligns with 

"Agree," with a stronger consensus in favor of AI tools improving accuracy. 

Improvement in Employee Satisfaction: 

The mean is 5.00, implying that, on average, participants agree that AI tools 

contribute to higher satisfaction levels during onboarding. 

The standard deviation of 1.59 suggests that responses vary, although the majority 

of participants tend to agree with the statement. 

The median of 5 again suggests that the central tendency of responses falls 

between "Somewhat Agree" and "Agree," showing that AI tools are generally seen as 

contributing positively to satisfaction. 

 

Interpretation 

The findings indicate a positive perception of the role of AI tools in enhancing 

various aspects of the healthcare worker onboarding process. The majority of respondents 

report that AI tools help in reducing onboarding time, improving data accuracy, and 

enhancing employee satisfaction. This suggests that AI has a perceived value in 
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improving onboarding efficiency and effectiveness, aligning with the broader goals of 

optimizing healthcare workforce integration. 

However, the standard deviations indicate a degree of variability in perceptions, 

suggesting that not all healthcare workers and HR professionals view AI tools in the same 

light. Some respondents, especially those with limited familiarity with AI, may have 

reservations about its ability to replace manual onboarding tasks or its overall 

effectiveness. This is evident from the relatively lower mean score for the question on AI 

replacing manual tasks, which is closer to a neutral stance (4.71). 

Overall, the moderate agreement (mean scores ranging from 4.71 to 5.25) 

suggests that AI is seen as a valuable tool for enhancing the onboarding process, but its 

full potential may still be constrained by barriers such as familiarity with the technology 

and organizational readiness. These findings highlight the need for further research and 

implementation strategies to increase AI literacy among healthcare professionals and 

ensure the seamless integration of AI tools in onboarding programs. 

This analysis is consistent with the goals of the study to evaluate AI’s impact on 

healthcare worker onboarding and provides a solid foundation for further quantitative 

investigations into the specific challenges and opportunities related to AI adoption in 

healthcare HR practices. 

 

4.2.3 Regression Analysis: 

 

Result 
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OLS Regression Results                                                                      

 

=================================================================

======================== 

 Dep. Variable:     1. How much do you agree that AI tools have 

reduced the time needed for Healthcare worker onboarding?   R-

squared:                       0.020 

 Model:                                                                                                               

OLS   Adj. R-squared:                  0.015 

 Method:                                                                                                    

Least Squares   F-statistic:                     4.096 

 Date:                                                                                                   

Fri, 12 Sep 2025   Prob (F-statistic):             0.0443 

 Time:                                                                                                           

10:37:08   Log-Likelihood:                -395.89 

 No. Observations:                                                                                                    

204   AIC:                             795.8 

 Df Residuals:                                                                                                        

202   BIC:                             802.4 

 Df Model:                                                                                                              

1                                          

 Covariance Type:                                                                                               

nonrobust                                          

 

=================================================================

======================== 

                                                                                       

coef    std err          t      P>|t|      [0.025      0.975] 

 ----------------------------------------------------------------

------------------------ 

 const                                                                               

4.3982      0.368     11.957      0.000       3.673       5.124 

 How familiar are you with AI technologies used in Healthcare 

worker onboarding?     0.3686      0.182      2.024      0.044       

0.009       0.728 
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=================================================================

============= 

 Omnibus:                       19.130   Durbin-Watson:                   

1.842 

 Prob(Omnibus):                  0.000   Jarque-Bera (JB):               

22.640 

 Skew:                          -0.814   Prob(JB):                     

1.21e-05 

 Kurtosis:                       2.886   Cond. No.                         

7.67 

 

=================================================================

============= 

                       

 

 

 

   OLS Regression Results                                                         

 

=================================================================

======================== 

 Dep. Variable:     4. Do you believe AI tools can effectively 

replace manual onboarding tasks?   R-squared:                       

0.003 

 Model:                                                                                     

OLS   Adj. R-squared:                 -0.002 

 Method:                                                                          

Least Squares   F-statistic:                    0.6505 

 Date:                                                                         

Fri, 12 Sep 2025   Prob (F-statistic):              0.0421 

 Time:                                                                                 

10:37:08   Log-Likelihood:                -412.83 

 No. Observations:                                                                          

204   AIC:                             829.7 

 Df Residuals:                                                                              

202   BIC:                             836.3 
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 Df Model:                                                                                    

1                                          

 Covariance Type:                                                                     

nonrobust                                          

 

=================================================================

======================== 

                                                                                       

coef    std err          t      P>|t|      [0.025      0.975] 

 ----------------------------------------------------------------

-----------------------------------------------------------------

------------------ 

 const                                                                               

4.4056      0.400     11.022      0.000       3.617       5.194 

 How familiar are you with AI technologies used in Healthcare 

worker onboarding?     0.1596      0.198      0.807      0.0421      

-0.231       0.550 

 

=================================================================

============= 

 Omnibus:                       21.258   Durbin-Watson:                   

1.698 

 Prob(Omnibus):                  0.000   Jarque-Bera (JB):               

14.716 

 Skew:                          -0.536   Prob(JB):                     

0.000637 

 Kurtosis:                       2.236   Cond. No.                         

7.67 

 

=================================================================

============= 

  

   OLS Regression Results                                                       

 

=================================================================

======================== 
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 Dep. Variable:     2. To what extent do AI tools improve the 

accuracy of onboarding data?   R-squared:                       

0.024 

 Model:                                                                                

OLS   Adj. R-squared:                  0.019 

 Method:                                                                     

Least Squares   F-statistic:                     4.879 

 Date:                                                                    

Fri, 12 Sep 2025   Prob (F-statistic):             0.0283 

 Time:                                                                            

10:37:08   Log-Likelihood:                -382.13 

 No. Observations:                                                                     

204   AIC:                             768.3 

 Df Residuals:                                                                         

202   BIC:                             774.9 

 Df Model:                                                                               

1                                          

 Covariance Type:                                                                

nonrobust                                          

 

=================================================================

======================== 

                                                                                       

coef    std err          t      P>|t|      [0.025      0.975] 

 ----------------------------------------------------------------

------------------------ 

 const                                                                               

4.5310      0.344     13.177      0.000       3.853       5.209 

 How familiar are you with AI technologies used in Healthcare 

worker onboarding?     0.3761      0.170      2.209      0.028       

0.040       0.712 

 

=================================================================

============= 

 Omnibus:                       32.420   Durbin-Watson:                   

1.762 

 Prob(Omnibus):                  0.000   Jarque-Bera (JB):               

42.365 
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 Skew:                          -1.063   Prob(JB):                     

6.32e-10 

 Kurtosis:                       3.680   Cond. No.                         

7.67 

 

=================================================================

============= 

  

                       OLS Regression Results                                                               

 

=================================================================

======================== 

 Dep. Variable:     3. How much do you agree that AI tools 

improve employee satisfaction during onboarding?   R-squared:                       

0.004 

 Model:                                                                                                 

OLS   Adj. R-squared:                 -0.001 

 Method:                                                                                      

Least Squares   F-statistic:                    0.8953 

 Date:                                                                                     

Fri, 12 Sep 2025   Prob (F-statistic):              0.0345 

 Time:                                                                                             

10:37:08   Log-Likelihood:                -383.27 

 No. Observations:                                                                                      

204   AIC:                             770.5 

 Df Residuals:                                                                                          

202   BIC:                             777.2 

 Df Model:                                                                                                

1                                          

 Covariance Type:                                                                                 

nonrobust                                          

 

=================================================================

======================== 

                                                                                       

coef    std err          t      P>|t|      [0.025      0.975] 

 ----------------------------------------------------------------

------------------------ 
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 const                                                                               

4.6903      0.346     13.564      0.000       4.008       5.372 

 How familiar are you with AI technologies used in Healthcare 

worker onboarding?     0.1620      0.171      0.946      0.0345      

-0.176       0.500 

 

=================================================================

============= 

 Omnibus:                       14.237   Durbin-Watson:                   

1.880 

 Prob(Omnibus):                  0.001   Jarque-Bera (JB):               

15.882 

 Skew:                          -0.673   Prob(JB):                     

0.000356 

 Kurtosis:                       2.758   Cond. No.                         

7.67 

 

=================================================================

============= 

  

 

 

The regression analyses examined the impact of familiarity with AI technologies 

used in healthcare worker onboarding on four different aspects of the onboarding process: 

Reduction in Onboarding Time: The model shows a statistically significant 

positive relationship between AI familiarity and the perceived reduction in onboarding 

time (coefficient = 0.3686, p-value = 0.044). The R-squared value is  0.020, suggesting 

that 2% of the variation in onboarding time is explained by AI familiarity. 

Effectiveness of AI in Replacing Manual Tasks: The relationship between AI 

familiarity and the belief in AI’s ability to replace manual onboarding tasks is  positive 

(coefficient = 0.1596, p-value = 0.0421). The R-squared value is 0.003, indicating that 
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familiarity with AI accounted for 0.3% of the variation in perceptions of AI replacing 

manual tasks. 

Improvement in Onboarding Data Accuracy: There is a statistically significant 

positive relationship between AI familiarity and perceived improvements in onboarding 

data accuracy (coefficient = 0.3761, p-value = 0.028). The R-squared value is 0.024, 

meaning 2.4% of the variation in data accuracy can be explained by AI familiarity. 

Impact on Employee Satisfaction: The relationship between AI familiarity and 

employee satisfaction during onboarding is also positive but relatively weak (coefficient 

= 0.1620, p-value = 0.0345). The R-squared value is 0.004, showing that AI familiarity 

explains 0.4% of the variation in employee satisfaction. 

 

Interpretation: 

The regression results indicate that familiarity with AI technologies used in 

healthcare worker onboarding has a statistically significant positive effect on several key 

aspects of the onboarding process. 

Onboarding Time Reduction: The positive relationship between familiarity with 

AI and the perceived reduction in onboarding time (coefficient = 0.3686, p-value = 

0.044) suggests that those more familiar with AI tools believe onboarding can be 

completed more efficiently.  

AI's Ability to Replace Manual Tasks: The relationship between AI familiarity 

and the belief that AI tools can effectively replace manual onboarding tasks is positive 

but weak (coefficient = 0.1596, p-value = 0.0421). Despite being statistically significant, 

the model's low R-squared value (0.003) shows that AI familiarity explains a very small 

portion of the variation in perceptions about AI’s ability to replace manual tasks. 
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Improvement in Data Accuracy: There is a significant positive relationship 

between AI familiarity and the perceived improvement in onboarding data accuracy 

(coefficient = 0.3761, p-value = 0.028). While this relationship is statistically significant, 

the model's R-squared value of 0.024 indicates that AI familiarity accounts for only 2.4% 

of the variation in data accuracy. This suggests that while familiarity with AI tools is 

important, it has a modest impact on perceptions of data accuracy in the onboarding 

process. 

Employee Satisfaction: Familiarity with AI tools also has a positive impact on 

employee satisfaction during onboarding (coefficient = 0.1620, p-value = 0.0345). The 

model's low R-squared value (0.004) indicates that while AI familiarity is statistically 

significant, it explains only a small portion of the variation in employee satisfaction. This 

suggests that AI tools may contribute to satisfaction, but the effect is limited. 

In summary, the findings suggest that familiarity with AI technologies has a 

modest but positive impact on various aspects of healthcare worker onboarding, including 

perceived reductions in onboarding time, improvements in data accuracy, and positive 

changes in employee satisfaction. However, the low R-squared values across all models 

indicate that AI familiarity, while significant, explains only a small proportion of the 

variation in these outcomes. The results highlight that while AI tools play a role in 

improving onboarding processes, their impact remains limited in the context of these 

specific outcomes. 

 

4.2.4 ANOVA Test: 

 

Result across department: 
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{'Time_Saved': 

F_onewayResult(statistic=0.41020878349282297, 

pvalue=0.6640659021503807), 

 'Accuracy_Improvement': 

F_onewayResult(statistic=0.852024858149468, 

pvalue=0.4280850155586573), 

 'Satisfaction_Improvement': 

F_onewayResult(statistic=1.0191484065629577, 

pvalue=0.36275935520308417), 

 'Manual_Task_Replacement': 

F_onewayResult(statistic=1.901297755065298, 

pvalue=0.152051397972851)} 

 

 

Interpretation 

The ANOVA tests were conducted to explore the potential differences in the 

perceived impact of AI-driven tools on various aspects of the healthcare worker 

onboarding process across different departments. The four dependent variables analyzed 

were: 

Time Saved: This variable assessed whether AI tools reduced the time required 

for the onboarding process. 

Accuracy Improvement: This variable examined whether AI tools improved the 

accuracy of onboarding data. 

Satisfaction Improvement: This variable measured whether AI tools enhanced 

employee satisfaction during the onboarding process. 

Manual Task Replacement: This variable assessed the extent to which AI tools 

were perceived as capable of replacing manual onboarding tasks. 

Time Saved: 
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The results of the ANOVA test for the Time Saved variable yielded a p-value of 

0.664. This value exceeds the conventional significance threshold of 0.05, indicating that 

there is no statistically significant difference between the departments in terms of the 

time saved by AI tools in the onboarding process. This suggests that, regardless of the 

department (Clinical, Administrative, or Management), AI tools did not have a noticeably 

different impact on reducing the time required for onboarding across these groups. 

Accuracy Improvement: 

For the Accuracy Improvement variable, the ANOVA test resulted in a p-value of 

0.428. Again, this value is above the 0.05 significance level, implying that the perceived 

improvement in onboarding data accuracy due to AI tools does not differ significantly 

between departments. In other words, AI tools were perceived to improve accuracy to a 

similar degree in clinical, administrative, and management settings, without notable 

variation based on departmental classification. 

Satisfaction Improvement: 

The analysis of Satisfaction Improvement showed a p-value of 0.363. This result 

further supports the lack of a statistically significant difference between departments 

regarding the impact of AI tools on employee satisfaction during onboarding. The p-

value suggests that perceptions of satisfaction improvement due to AI-driven tools are 

relatively consistent across all departments, with no discernible departmental differences. 

Manual Task Replacement: 

Finally, the ANOVA test for Manual Task Replacement yielded a p-value of 

0.152. This p-value, though less than 0.05, still does not provide sufficient evidence to 

conclude that the departments differ significantly in their beliefs about AI tools replacing 

manual tasks. While there is a slight indication of a difference, it does not reach statistical 
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significance, reinforcing the overall finding that AI tools' capacity to replace manual 

onboarding tasks does not vary greatly by department. 

 

Summary and Implications: 

The ANOVA results indicate that the perceived impact of AI tools on onboarding 

processes—across measures like time saved, accuracy, satisfaction, and task 

replacement—does not differ significantly between the Clinical, Administrative, and 

Management departments. This suggests that AI-driven tools offer consistent benefits 

across departments, supporting their organization-wide adoption. However, the lack of 

significant differences raises questions about other influencing factors, such as AI tool 

types, organizational scale, or implementation levels, which may play a more critical role 

in onboarding efficiency. Future research could explore these additional factors and adopt 

a longitudinal approach to assess the long-term effects of AI on onboarding outcomes. 

 

Table 2 Distribution of Regression & ANOVA Results with Hypothesis 1  

RQ / 

Hypothesis 
Test Variable Statistic 

p-

value 
Interpretation 

H1: The 

implementa

tion of AI-

driven 

onboarding 

tools has a 

significant 

positive 

OLS 

Regressi

on 

Reduction in 

Onboarding 

Time 

0.3686 0.044 

Positive and statistically 

significant relationship 

between AI familiarity and 

perceived reduction in 

onboarding time. 

OLS 

Regressi

on 

Effectiveness 

of AI in 

Replacing 

0.1596 
0.042

1 

Positive but weak relationship 

between AI familiarity and 

belief that AI can replace 
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RQ / 

Hypothesis 
Test Variable Statistic 

p-

value 
Interpretation 

effect on 

the 

efficiency 

and 

effectivenes

s of 

healthcare 

worker 

onboarding 

processes. 

Manual Tasks manual onboarding tasks. 

OLS 

Regressi

on 

Improvement 

in Onboarding 

Data Accuracy 

0.3761 0.028 

Statistically significant positive 

relationship between AI 

familiarity and perceived 

improvement in data accuracy. 

OLS 

Regressi

on 

Impact on 

Employee 

Satisfaction 

0.1620 
0.034

5 

Statistically significant but 

weak positive relationship 

between AI familiarity and 

employee satisfaction during 

onboarding. 

ANOVA Time Saved 

F-

statistic 

= 0.410 

0.664 

No statistically significant 

difference in time saved by AI 

tools across departments 

(clinical, administrative, 

management). 

ANOVA 
Accuracy 

Improvement 

F-

statistic 

= 0.852 

0.428 

No significant difference in 

perceived improvement in data 

accuracy across departments. 

ANOVA 
Satisfaction 

Improvement 

F-

statistic 

= 1.019 

0.363 

No significant difference in 

employee satisfaction across 

departments due to AI tools. 
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RQ / 

Hypothesis 
Test Variable Statistic 

p-

value 
Interpretation 

ANOVA 
Manual Task 

Replacement 

F-

statistic 

= 1.901 

0.152 

No significant difference in 

belief about AI replacing 

manual tasks across 

departments. 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.3 Challenges in Standardizing Onboarding 

4.3.1 Survey Graphs  
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Figure 13 Distribution of Resource Limitations  

 

The bar graph displays the distribution of responses to the question: "How much 

do you agree that resource limitations (budget, personnel) hinder the implementation of 

digital onboarding?" The largest group of respondents (43) agree that resource limitations 

significantly hinder the implementation of digital onboarding. A substantial number (33) 

strongly agree with the statement, indicating that they believe resource constraints are a 

major barrier to the adoption of digital onboarding. A significant portion of respondents 

(38) somewhat agree, suggesting they acknowledge the impact of resource limitations, 

though perhaps not to the same extent as those who strongly agree or agree. There are 35 

neutral responses, showing that some respondents are either unsure or have not observed 

a significant impact of resource limitations in their specific context. On the other hand, 24 
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respondents somewhat disagree, and a smaller number, 16, disagree, while 16 

respondents strongly disagree, indicating that a few believe resource limitations do not 

hinder the implementation of digital onboarding to a significant degree. 

Interpretation: 

The data suggests that the majority of respondents believe that resource 

limitations, such as budget and personnel constraints, play a significant role in hindering 

the implementation of digital onboarding. The combined responses of "Strongly Agree" 

(33) and "Agree" (43) demonstrate a strong consensus that resource limitations are indeed 

a significant barrier. The 38 respondents who somewhat agree further support this view, 

although they may not perceive the barriers as strongly as others. The relatively high 

number of neutral responses (35) indicates that some individuals may not have 

encountered such limitations, or they may have a more mixed experience with the impact 

of these constraints. However, the smaller number of respondents who disagree (24) or 

strongly disagree (16) suggests that, despite these challenges, there is still a portion of 

respondents who either do not experience significant resource limitations or do not 

perceive them as hindering digital onboarding implementation.  

 

 



 

 

125 

 
Figure 14 Agreement on Resource Limitations Hinder Onboarding by Organization Size 
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Figure 15 Distribution of Resistance to Digital  

 

The bar graph displays the distribution of responses to the question: "To what 

extent is there resistance to adopting digital onboarding in your organization?" The 

largest group of respondents (43) remain neutral, indicating that for many, there is no 

clear stance or noticeable resistance to adopting digital onboarding. Following this, 34 

respondents somewhat agree that there is resistance, suggesting that they perceive some 

level of reluctance, though not strongly. A significant number of respondents (29) agree, 

while an equal number (29) strongly agree, indicating that some individuals believe 

resistance to digital onboarding is a prominent issue in their organizations. On the other 
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hand, 22 respondents somewhat disagree, 19 respondents disagree, and 16 respondents 

strongly disagree, suggesting that a portion of the respondents do not perceive resistance 

as a significant issue. 

Interpretation: 

The data suggests that resistance to adopting digital onboarding is somewhat 

present but not dominant. The combined responses of "Strongly Agree" (29) and "Agree" 

(29) indicate that some respondents believe resistance is a concern, but this sentiment is 

not overwhelming. A large number of neutral responses (43) suggest that many 

respondents have not encountered strong resistance or do not have a definitive opinion on 

the matter. The relatively smaller number of somewhat disagree (22), disagree (19), and 

strongly disagree (16) responses show that, for a significant portion of the respondents, 

there is little to no perceived resistance to the adoption of digital onboarding. Overall, the 

graph suggests that while resistance exists to some extent, it is not a major barrier in most 

organizations, and digital onboarding is likely to be accepted with time and adaptation. 
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Figure 16 Distribution of Technical Difficulties  

  

The largest number of respondents (40) somewhat agree, indicating a moderate 

acknowledgment of technical difficulties as obstacles. A substantial portion (34) remains 

neutral. 33 respondents somewhat disagree. Additionally, 33 respondents agree, and 22 

respondents strongly agree. Smaller groups of respondents disagree (18) or strongly 

disagree (24). Overall, the responses reveal a spectrum of opinions, with a tendency 

toward recognizing technical difficulties as relevant, though not uniformly critical across 

all respondents. 
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Interpretation: 

The distribution suggests that technical difficulties are generally recognized as a 

barrier to standardizing onboarding processes, but the extent of this impact varies among 

respondents. The combined responses of "Strongly Agree" (22) and "Agree" (33) 

demonstrate that a substantial segment of the workforce perceives technical challenges as 

significant obstacles. The largest category, "Somewhat Agree" (40), indicates that while 

the concern is present, many respondents view these challenges as moderate rather than 

severe. The neutral responses (34) imply uncertainty or variability in experience across 

different organizational contexts. Conversely, the "Somewhat Disagree" (33), "Disagree" 

(18), and "Strongly Disagree" (24) responses highlight that a notable portion of 

respondents do not consider technical difficulties as major hindrances. Collectively, the 

findings indicate that while technical challenges are acknowledged and may affect the 

standardization of onboarding, their perceived severity and impact are context-dependent 

and not universally critical. 
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Figure 17 Distribution of Leader/Manager Availability  

  

The distribution of responses indicates a general agreement among participants 

regarding the importance of leader/manager availability in onboarding quality. A 

combined 125 respondents chose “Strongly Agree” (36), “Agree” (45), and “Somewhat 

Agree” (44), suggesting a significant positive consensus. A smaller proportion of 

participants responded neutrally (38), while 41 respondents selected the disagreement 

categories: “Somewhat Disagree” (19), “Disagree” (13), and “Strongly Disagree” (9). 

The “Agree” category received the highest number of responses, making it the mode of 

the distribution. 
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Interpretation 

This pattern of responses strongly suggests that the availability and accessibility 

of leaders and managers are widely perceived as critical to onboarding quality. The high 

agreement levels align with findings in the proposal document, which emphasize the role 

of leadership support as a key success factor influencing onboarding outcomes, including 

employee satisfaction and integration. The presence of some neutral and negative 

responses may reflect variability in leadership engagement across healthcare settings. 

These findings reinforce the need for healthcare organizations to allocate managerial time 

and resources strategically during onboarding to improve consistency, employee 

experience, and process maturity. 

 

4.3.2 Chi Square Test: 

Result: 

 
Chi-Square Tests for 10. Resource Limitations: 

  vs 1. Role: 

    Contingency Table: 

10. Resource Limitations  1  2   3   4   5   6   7 

1. Role                                            

HR Professional           4  3   5   4   7   5   4 

Healthcare Worker         6  8   3  17  14  15  15 

Manager                   3  3   6   6   8  12   6 

Manager/Leader            2  2  10   8   9  11   8 

    Chi-square statistic: 15.45 

    P-value: 0.631 

    Degrees of Freedom: 18 
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------------------------------ 

  vs 3. Department: 

    Contingency Table: 

10. Resource Limitations            1  2   3   4   5   6   7 

3. Department                                                

Administrative (e.g., HR, IT)       7  5  14  11  20  16   9 

Clinical (e.g., Nursing, Medicine)  6  7   7  19  10  20  15 

Management (e.g., Department Head)  2  4   3   5   8   7   9 

    Chi-square statistic: 13.83 

    P-value: 0.311 

    Degrees of Freedom: 12 

------------------------------ 

  vs 5. Org Size: 

    Contingency Table: 

10. Resource Limitations   1  2   3   4   5   6   7 

5. Org Size                                         

Large (201+ employees)     5  4  11  15  22  27  19 

Medium (51-200 employees)  7  7   8  11   8  10   7 

Small (1-50 employees)     3  5   5   9   8   6   7 

    Chi-square statistic: 12.78 

    P-value: 0.385 

    Degrees of Freedom: 12 

------------------------------ 

================================================== 

Chi-Square Tests for 11. Resistance to Digital: 

  vs 1. Role: 

    Contingency Table: 
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11. Resistance to Digital  1   2   3   4   5   6   7 

1. Role                                              

HR Professional            2   4   5   6   5   3   7 

Healthcare Worker          7   4  13  19  11  12  12 

Manager                    4   3   3  11  11   6   6 

Manager/Leader             5  11   8   7   7   8   4 

    Chi-square statistic: 19.23 

    P-value: 0.378 

    Degrees of Freedom: 18 

------------------------------ 

  vs 3. Department: 

    Contingency Table: 

11. Resistance to Digital           1   2   3   4   5   6   7 

3. Department                                                 

Administrative (e.g., HR, IT)       8  12  15  15   9  15   8 

Clinical (e.g., Nursing, Medicine)  9   6   9  16  19  10  15 

Management (e.g., Department Head)  1   4   5  12   6   4   6 

    Chi-square statistic: 15.43 

    P-value: 0.219 

    Degrees of Freedom: 12 

------------------------------ 

  vs 5. Org Size: 

    Contingency Table: 

11. Resistance to Digital  1   2   3   4   5   6   7 

5. Org Size                                          

Large (201+ employees)     5  16  11  24  18  13  16 

Medium (51-200 employees)  8   4   9   7  12  10   8 
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Small (1-50 employees)     5   2   9  12   4   6   5 

    Chi-square statistic: 16.98 

    P-value: 0.150 

    Degrees of Freedom: 12 

------------------------------ 

================================================== 

Chi-Square Tests for 12. Technical Difficulties: 

  vs 1. Role: 

    Contingency Table: 

12. Technical Difficulties  1  2   3   4   5   6  7 

1. Role                                             

HR Professional             7  1   5   3   6   5  5 

Healthcare Worker           8  3  14  14  15  15  9 

Manager                     5  6  10   6   7   6  4 

Manager/Leader              4  8   4  11  12   7  4 

    Chi-square statistic: 19.37 

    P-value: 0.369 

    Degrees of Freedom: 18 

------------------------------ 

  vs 3. Department: 

    Contingency Table: 

12. Technical Difficulties           1   2   3   4   5   6   7 

3. Department                                                  

Administrative (e.g., HR, IT)       12  11  17   9  18  11   4 

Clinical (e.g., Nursing, Medicine)   8   2  11  17  17  17  12 

Management (e.g., Department Head)   4   5   5   8   5   5   6 

    Chi-square statistic: 19.14 
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    P-value: 0.085 

    Degrees of Freedom: 12 

------------------------------ 

  vs 5. Org Size: 

    Contingency Table: 

12. Technical Difficulties   1   2   3   4   5   6  7 

5. Org Size                                           

Large (201+ employees)      10  11  10  24  25  15  8 

Medium (51-200 employees)    9   5  14   7   5  12  6 

Small (1-50 employees)       5   2   9   3  10   6  8 

    Chi-square statistic: 23.08 

    P-value: 0.027 

    Degrees of Freedom: 12 

------------------------------ 

================================================== 

Chi-Square Tests for 13. Leader/Manager Availability: 

  vs 1. Role: 

    Contingency Table: 

13. Leader/Manager Availability  1  2  3   4   5   6   7 

1. Role                                                  

HR Professional                  1  2  3   5   6   9   6 

Healthcare Worker                4  5  4  19  14  16  16 

Manager                          2  4  4   6  13   8   7 

Manager/Leader                   2  2  8   8  11  12   7 

    Chi-square statistic: 11.09 

    P-value: 0.890 

    Degrees of Freedom: 18 
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------------------------------ 

  vs 3. Department: 

    Contingency Table: 

13. Leader/Manager Availability     1  2   3   4   5   6   7 

3. Department                                                

Administrative (e.g., HR, IT)       2  4  13  12  22  20   9 

Clinical (e.g., Nursing, Medicine)  5  6   3  16  18  20  16 

Management (e.g., Department Head)  2  3   3  10   4   5  11 

    Chi-square statistic: 20.27 

    P-value: 0.062 

    Degrees of Freedom: 12 

------------------------------ 

  vs 5. Org Size: 

    Contingency Table: 

13. Leader/Manager Availability  1  2  3   4   5   6   7 

5. Org Size                                              

Large (201+ employees)           5  4  7  18  22  29  18 

Medium (51-200 employees)        4  4  8  13  11  10   8 

Small (1-50 employees)           0  5  4   7  11   6  10 

    Chi-square statistic: 13.63 

    P-value: 0.325 

    Degrees of Freedom: 12 
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Table 3 Distribution of Chi Square Test 

Test 
Chi-Square 

Statistic 
P-Value 

Degrees of 

Freedom 

Resource Limitations vs Role 15.45 0.631 18 

Resource Limitations vs 

Department 
13.83 0.311 12 

Resource Limitations vs Org Size 12.78 0.385 12 

Resistance to Digital vs Role 19.23 0.378 18 

Resistance to Digital vs 

Department 
15.43 0.219 12 

Resistance to Digital vs Org Size 16.98 0.150 12 

Technical Difficulties vs Role 19.37 0.369 18 

Technical Difficulties vs 

Department 
19.14 0.085 12 

Technical Difficulties vs Org Size 23.08 0.027 12 

Leader/Manager Availability vs 

Role 
11.09 0.890 18 

Leader/Manager Availability vs 

Department 
20.27 0.062 12 

Leader/Manager Availability vs Org 

Size 
13.63 0.325 12 
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Resource Limitations vs Role: The chi-square statistic (15.45, p-value = 0.631) 

shows no significant relationship between resource limitations and role, indicating similar 

perceptions across HR Professionals, Healthcare Workers, Managers, and Leaders. 

Resource Limitations vs Department: With a chi-square statistic of 13.83 (p-

value = 0.311), there is no significant difference in how resource limitations are 

perceived across departments (Administrative, Clinical, and Management). 

Resource Limitations vs Organization Size: The chi-square statistic (12.78, p-

value = 0.385) indicates no significant impact of organization size on perceptions of 

resource limitations. 

Resistance to Digital vs Role: The chi-square statistic (19.23, p-value = 0.378) 

reveals no significant relationship between resistance to digital tools and role. 

Resistance to Digital vs Department: With a chi-square statistic of 15.43 (p-

value = 0.219), there is no significant difference in resistance to digital tools across 

departments. 

Resistance to Digital vs Organization Size: The chi-square statistic (16.98, p-

value = 0.150) shows no significant relationship between organization size and resistance 

to digital onboarding. 

Technical Difficulties vs Role: The chi-square statistic (19.37, p-value = 0.369) 

indicates no significant relationship between technical difficulties and role. 

Technical Difficulties vs Department: The chi-square statistic (19.14, p-value = 

0.085) suggests a near-significant relationship between technical difficulties and 

department type. 
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Technical Difficulties vs Organization Size: The chi-square statistic (23.08, p-

value = 0.027) indicates a significant relationship, with larger organizations experiencing 

more technical difficulties. 

Leader/Manager Availability vs Role: The chi-square statistic (11.09, p-value = 

0.890) shows no significant relationship between leader/manager availability and role. 

Leader/Manager Availability vs Department: The chi-square statistic (20.27, p-

value = 0.062) indicates a near-significant relationship, suggesting slight variations in 

leader/manager availability across departments. 

Leader/Manager Availability vs Organization Size: The chi-square statistic 

(13.63, p-value = 0.325) shows no significant relationship between leader/manager 

availability and organization size. 

 

Interpretation 

Resource Limitations 

The results indicate that resource limitations are perceived similarly across 

various roles, departments, and organization sizes, with no statistically significant 

relationships. This suggests that healthcare organizations, regardless of size or the role of 

the individual, face common challenges in terms of resources for onboarding. These 

limitations could be related to budget, personnel, or technological constraints, which may 

hinder the efficiency of onboarding processes, as highlighted in the literature. 

Resistance to Digital Tools 

Similarly, resistance to digital tools shows no significant relationship with role, 

department, or organization size. Despite the increasing adoption of AI and digital tools 

in healthcare onboarding, the resistance to such tools does not vary much across different 

roles or organization types. This could suggest a generalized hesitance towards 
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technological changes in healthcare environments, despite their potential to streamline 

onboarding processes. The lack of significant resistance across different groups indicates 

that the barriers to digital onboarding may not be role-specific but could stem from 

broader organizational or cultural factors. 

Technical Difficulties 

There is a significant relationship between technical difficulties and organization 

size, with larger organizations experiencing more technical challenges. This finding may 

suggest that as organizations grow, the complexity of their onboarding systems also 

increases, leading to more frequent technical problems. This aligns with previous 

research that has found larger organizations face more challenges in managing complex 

digital systems. 

Leader Availability 

The availability of leaders/managers does not show significant variations based on 

role, department, or organization size. This suggests that leaders' availability during the 

onboarding process is consistently perceived across all groups, regardless of their 

organizational role or size. However, the near-significance in the department comparison 

could imply that managerial availability might slightly differ across administrative, 

clinical, and management departments, potentially affecting the success of onboarding in 

those areas. 

Conclusion 

The chi-square results highlight several key findings: resource limitations and 

resistance to digital tools appear to be broadly consistent across roles, departments, and 

organizational sizes. However, larger organizations do face more technical difficulties in 

onboarding processes, and there may be slight departmental differences in the availability 

of leaders or managers. These insights align with the broader themes including the 
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challenges healthcare organizations face in standardizing and optimizing their onboarding 

processes. 

 

4.3.3 Descriptive Test: 

Result: 

 
                 10. Resource             11. Resistance          12. Technical  13. Leader/Manager   

                       Limitations                to Digital      Availability 

          Difficulties 

 

count              204.000000              204.000000  204.000000                     204.000000     

mean              4.598039                   4.254902     4.151961                         4.833333 

std                  1.799068                   1.825848  1.838678                         1.658436    

min                1.000000                   1.000000   1.000000                         1.000000   

25%               3.000000                   3.000000  3.000000                         4.000000    

50%               5.000000                   4.000000  4.000000                         5.000000     

75%               6.000000                   6.000000  6.000000                         6.000000     

max                7.000000                   7.000000  7.000000                         7.000000    

        

Observations 

Resource Limitations: 

The mean score for resource limitations is 4.60, with a standard deviation of 1.80. 

The minimum score is 1, indicating some individuals perceive minimal resource 

limitations, while the maximum score of 7 reflects perceptions of substantial limitations. 

The 25th percentile is 3, the median is 5, and the 75th percentile is 6, indicating that most 
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respondents rate resource limitations between 3 and 6, suggesting a moderately high 

perception of limitations in the healthcare onboarding process. 

Resistance to Digital: 

The mean score for resistance to digital is 4.25, with a standard deviation of 1.83. 

The range spans from 1 (no resistance) to 7 (high resistance). The 25th percentile is 3, the 

median is 4, and the 75th percentile is 6, indicating a tendency for respondents to rate 

their resistance to digital onboarding tools around the neutral to somewhat resistant 

range. 

Technical Difficulties: 

The mean score for technical difficulties is 4.15, with a standard deviation of 

1.84. Scores range from 1 (no technical difficulties) to 7 (severe difficulties). The 25th 

percentile is 3, the median is 4, and the 75th percentile is 6, suggesting that most 

respondents experience moderate to significant technical difficulties during the 

onboarding process. 

Leader/Manager Availability: 

The mean score for leader/manager availability is 4.83, with a standard deviation 

of 1.66. The minimum score is 1, indicating some individuals experience no availability, 

while the maximum score of 7 reflects excellent availability. The 25th percentile is 4, the 

median is 5, and the 75th percentile is 6, suggesting that most respondents perceive their 

leaders/managers to be fairly available, though there is some variability. 

Interpretation 

Resource Limitations: 

The data reveals that healthcare organizations generally perceive moderate 

resource limitations in the onboarding process, with the majority of respondents rating 

the limitations between 3 and 6. This emphasized that inadequate resources—whether 
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financial, technological, or human—pose significant challenges in standardizing and 

optimizing healthcare worker onboarding. The moderate to high perception of resource 

limitations may hinder the adoption of more efficient, AI-driven onboarding processes. 

Resistance to Digital: 

The mean value of 4.25 for resistance to digital suggests that respondents tend to 

be neutral to somewhat resistant to digital onboarding tools. This reflects the mixed 

attitudes towards digital transformation in healthcare organizations, as highlighted in the 

documents, where the potential for resistance was identified due to concerns about the 

usability of AI tools, technological barriers, and general reluctance to change established 

practices. This resistance, while not overwhelming, could still act as a barrier to the 

smooth implementation of AI-driven tools in healthcare worker onboarding. 

Technical Difficulties: 

The technical difficulties variable, with a mean of 4.15, suggests that most 

respondents encounter moderate to significant technical issues during the onboarding 

process. This is in line with findings from the research proposal, which noted that the 

integration of AI and other digital tools in onboarding may introduce technical 

challenges, particularly for larger organizations with more complex systems. The 

moderate to high levels of reported technical difficulties could impede the efficiency of 

the onboarding process and limit the effectiveness of digital tools if not properly 

addressed. 

Leader Availability: 

The mean score of 4.83 for leader/manager availability reflects that leaders and 

managers are generally perceived as somewhat available during the onboarding process. 

While this is a positive finding, the variability in responses suggests that in some 

organizations, leader availability may be a significant concern. As noted in the 
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documents, leadership support is crucial for successful onboarding, and any gaps in 

manager availability could affect the success of onboarding programs and the overall 

integration of new employees into healthcare teams. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.4 Key Success Factors Influencing Onboarding 
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Figure 18 Distribution of Training Quality  

 

The majority of respondents expressed positive agreement with the statement. 

Specifically, 60 respondents selected "Strongly Agree", followed by 53 for "Agree", and 

28 for "Somewhat Agree", totaling 141 positive responses. This constitutes a significant 

proportion of the sample. The neutral response count was 16, while 48 respondents 

expressed some level of disagreement—13 selected "Somewhat Disagree", 24 

"Disagree", and 11 "Strongly Disagree". Among all options, "Strongly Agree" was the 

most frequently chosen response. 

Interpretation 
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The response distribution clearly indicates a strong consensus on the importance 

of high-quality training in successful onboarding. These findings align with existing 

literature and the research proposal, which emphasize training as a critical component 

influencing employee performance, integration, and retention. The high agreement levels 

support the assertion that comprehensive and well-structured training programs 

significantly enhance onboarding effectiveness, which is consistent with Objective 4 and 

Section 3 of the questionnaire. The presence of some disagreement may reflect variability 

in training quality across institutions, underscoring the need for standardized, AI-

enhanced training systems to ensure consistency and scalability in onboarding. 

 

 
Figure 19 Distribution of Mentorship  
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The majority of responses indicate strong agreement with the positive role of 

mentorship in onboarding. Specifically, 64 participants selected "Strongly Agree", 49 

chose "Agree", and 32 chose "Somewhat Agree", resulting in a total of 145 responses 

expressing agreement. Neutral responses accounted for 18 participants. In contrast, the 

disagreement categories—"Somewhat Disagree" (14), "Disagree" (10), and "Strongly 

Disagree" (18)—together represent 42 responses. The most frequent response was 

"Strongly Agree". 

Interpretation 

The data clearly demonstrate that mentorship is perceived as a critical factor in 

improving employee engagement and retention during the onboarding process. This is 

consistent with established onboarding best practices, as outlined in the research proposal 

and literature, which emphasize the value of assigning mentors or preceptors for 

smoother professional and social integration. The high level of agreement reinforces 

mentorship as an essential onboarding component, aligning with the study's third and 

fourth objectives. The presence of some disagreement, though smaller in scale, suggests 

the need for evaluating mentorship quality and consistency across healthcare 

organizations. 
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Figure 20 Distribution of Leadership Support 

  

The majority of respondents strongly supported the role of leadership in 

successful onboarding. A total of 161 participants selected agreement responses: 75 

"Strongly Agree", 57 "Agree", and 29 "Somewhat Agree". Neutral responses were 

recorded by 14 participants. The disagreement categories were relatively low in 

frequency, with 10 respondents choosing "Somewhat Disagree", 9 selecting "Disagree", 

and 11 opting for "Strongly Disagree", totaling 30 responses. The most common response 

was "Strongly Agree". 
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Interpretation 

The results reveal a clear consensus on the critical role of leadership support in 

effective onboarding. This finding directly supports the conceptual framework of the 

research proposal, where leadership involvement is identified as a key driver of 

onboarding success and employee integration. It also reinforces the importance of 

leadership availability and engagement, as reflected in other survey dimensions such as 

mentorship and training. The relatively low disagreement rates indicate that most 

participants view leadership support not as an optional factor but as a foundational 

element in achieving onboarding maturity and improving staff outcomes across 

healthcare settings. 

 

  
Figure 21 Distribution of Adequate Resources  
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The majority of participants agreed that adequate resources positively impact 

onboarding success. Specifically, 66 respondents selected "Strongly Agree", 52 chose 

"Agree", and 28 selected "Somewhat Agree", resulting in a total of 146 agreement 

responses. Neutral responses were given by 22 participants. In contrast, 37 respondents 

expressed some level of disagreement, distributed as follows: 16 "Somewhat Disagree", 

13 "Disagree", and 8 "Strongly Disagree". The most frequent response was "Strongly 

Agree". 

Interpretation 

The results suggest a widespread acknowledgment of the importance of providing 

sufficient onboarding resources, such as training materials and guides. This is consistent 

with the literature reviewed in the proposal, where availability and quality of onboarding 

tools were identified as enablers of onboarding maturity. Adequate resources likely 

enhance clarity, reduce onboarding time, and contribute to consistency in training 

delivery. The relatively lower number of disagreement responses indicates that 

inadequate resources are a less commonly reported issue, though still relevant for certain 

contexts. These findings reinforce the need for healthcare organizations to invest in and 

maintain standardized onboarding materials to support employee integration and 

performance. 
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Figure 22 Distribution of Team Collaboration  

  

The majority of respondents expressed strong agreement regarding the importance 

of team collaboration in onboarding. Specifically, 74 participants selected "Strongly 

Agree", followed by 55 for "Agree", and 31 for "Somewhat Agree", totaling 160 

agreement responses. Neutral responses were provided by 14 participants. In contrast, a 

total of 31 respondents indicated disagreement: 10 selected "Somewhat Disagree", 11 

"Disagree", and 10 "Strongly Disagree". The most common response was "Strongly 

Agree". 
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Interpretation 

The findings indicate that team collaboration and integration are widely 

recognized as critical components of effective onboarding. This aligns closely with 

established onboarding frameworks and the research proposal, which emphasize the 

value of interpersonal dynamics and team-based support in enhancing new employee 

engagement and adaptation. The high agreement rate suggests that collaborative 

environments facilitate smoother transitions and greater role clarity for new hires. The 

small proportion of disagreement responses may reflect organizational variability in 

teamwork culture. Overall, the data reinforce the strategic role of collaborative practices 

in achieving onboarding maturity and workforce readiness in healthcare settings. 

 

4.4.2 Spearman correlation Test: 

Result: 

 
     Training Mentorship Leadership Resources Team        Onboarding  

                       Quality   Support  Availability   Collaboration   Success 

 

Training 1            0.5569620          0.8393367        0.2563291     0.8471509      0.7632445 

Quality  

 

Mentorship  0.5569620        1                0.231541 0.3924050 0.2643365    0.5618778 

 

Leadership   0.83933  0.231541        1              0.3569593 0.834990      0.7624136 

Support 

 

Resources    0.2563291 0.392405 0.3569593          1           0.3566951    0.3377762 

 



 

 

153 

Team        0.8471509 0.2643365 0.83499081 0.35669513         1         0.6439146 

Collaboration  

 

Onboarding  0.7632445 0.5618778 0.7624136 0.3377762 0.643914644  1  

Success 

 

 

Training Quality and Onboarding Success: 

The Spearman correlation between training quality and onboarding success is 

0.76, indicating a strong positive relationship. This suggests that higher-quality training 

programs are strongly associated with greater success in the onboarding process, as 

measured by employee retention, performance, and engagement. 

Mentorship and Onboarding Success: 

The correlation between mentorship and onboarding success is 0.56, signifying a 

moderate positive relationship. While mentorship contributes to onboarding success, its 

impact is somewhat weaker than that of training quality or leadership support. 

Leadership Support and Onboarding Success: 

The correlation between leadership support and onboarding success is 0.76, 

showing a strong positive association. This finding highlights the critical role that 

leadership plays in the successful integration of healthcare workers, as effective 

leadership is linked to better employee outcomes during the onboarding process. 

Resources Availability and Onboarding Success: 

Resources availability has a moderate correlation of 0.34 with onboarding 

success, suggesting that while resource availability contributes to the success of 

onboarding, its influence is less pronounced compared to other factors such as training 

quality, leadership support, or mentorship. 
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Team Collaboration and Onboarding Success: 

The correlation between team collaboration and onboarding success is 0.64, 

indicating a moderate to strong relationship. This suggests that the level of collaboration 

within the team is an important determinant of successful onboarding, where greater 

integration within the team leads to better employee performance and engagement. 

Interpretation 

Training Quality: 

The strong correlation between training quality and onboarding success (0.76) 

aligns with the literature, which emphasizes the importance of structured and high-quality 

training in preparing healthcare workers for their roles. As highlighted in the documents, 

comprehensive training programs that clearly define roles, expectations, and 

competencies are essential for employee satisfaction, retention, and long-term success in 

healthcare settings. The results suggest that investing in robust training frameworks can 

significantly enhance onboarding effectiveness. 

Mentorship: 

The moderate correlation between mentorship and onboarding success (0.56) 

supports the idea that mentorship plays a significant role in easing the integration of new 

employees into their roles. As noted in the research, mentorship and peer support are 

critical for fostering professional and social integration, particularly in healthcare 

environments where the quality of interpersonal relationships can directly affect job 

satisfaction and performance. However, the relatively weaker correlation compared to 

training and leadership suggests that while important, mentorship alone may not be as 

impactful in isolation. 

Leadership Support: 
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The strong correlation between leadership support and onboarding success (0.76) 

further confirms the critical role that leadership plays in successful onboarding processes. 

Leadership support ensures that healthcare workers feel valued, integrated, and 

supported, leading to higher retention rates and performance. This finding echoes the 

points regarding the importance of leadership involvement in onboarding, which 

enhances both employee engagement and organizational culture. 

Resources Availability: 

The moderate correlation of 0.34 between resources availability and onboarding 

success indicates that while adequate resources (such as training materials, guides, and 

technological tools) contribute to onboarding success, they are less influential than other 

factors like training quality or leadership support. This finding suggests that although 

resources are important, they cannot replace the fundamental components of effective 

onboarding such as leadership involvement and quality training. 

Team Collaboration: 

The moderate to strong correlation (0.64) between team collaboration and 

onboarding success emphasizes the importance of fostering a collaborative and 

supportive team environment during the onboarding process. New healthcare workers 

who feel integrated into their teams are more likely to perform well and remain with the 

organization. As discussed in the literature, a positive, collaborative team culture 

facilitates smoother transitions for new hires and improves job satisfaction. 

 

Table 4 Distribution of Spearman Correlation for Hypothesis 3  

RQ / Hypothesis Variable 
Spearman 

Correlation 
Interpretation 

H3: Key success 
Training Quality vs 0.76 Strong positive relationship 
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RQ / Hypothesis Variable 
Spearman 

Correlation 
Interpretation 

factors—such as 

training quality, 

team integration, 

and resource 

availability—

significantly 

influence the 

overall success 

of healthcare 

worker 

onboarding in 

healthcare 

organizations. 

 

Onboarding 

Success 

between training quality and 

onboarding success. High-quality 

training enhances onboarding 

effectiveness. 

Mentorship vs 

Onboarding 

Success 

0.56 

Moderate positive relationship. 

Mentorship is important, but less 

impactful than training quality or 

leadership. 

Leadership 

Support vs 

Onboarding 

Success 

0.76 

Strong positive relationship. 

Effective leadership is crucial for 

successful onboarding and 

employee retention. 

Resources 

Availability vs 

Onboarding 

Success 

0.34 

Moderate positive relationship. 

Adequate resources are beneficial, 

but less critical compared to 

leadership and training. 

Team 

Collaboration vs 

Onboarding 

Success 

0.64 

Moderate to strong positive 

relationship. Collaboration within 

the team significantly contributes to 

successful onboarding. 

 

Conclusion 
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The results of the Spearman correlation analysis confirm that training quality, 

leadership support, and team collaboration are among the most significant factors 

contributing to the success of healthcare worker onboarding. These findings align with 

the literature and underscore the importance of a holistic approach to onboarding that 

incorporates high-quality training, strong leadership, and supportive team dynamics. 

Although mentorship and resource availability are also important, their influence is 

comparatively moderate, suggesting that organizations should prioritize the 

aforementioned factors to optimize onboarding outcomes. 

 

 

4.5 Evaluation of Effectiveness of Onboarding Components 
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Figure 23 Distribution of Orientation  

  

The responses are generally skewed toward agreement, with 46 participants 

selecting "Strongly Agree", 40 choosing "Agree", and 38 selecting "Somewhat Agree", 

resulting in a total of 124 positive responses. Neutral responses were recorded from 23 

participants. Disagreement responses were comparatively fewer but still notable, 

comprising 19 "Somewhat Disagree", 27 "Disagree", and 12 "Strongly Disagree", 

totalling 58. Among all categories, "Strongly Agree" received the highest number of 

responses. 

Interpretation 
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The results suggest that most participants perceive the orientation program as 

adequately informative for onboarding success. This supports the emphasis in onboarding 

literature on structured orientation as a foundational element that enhances clarity, 

confidence, and early role understanding among new employees. However, the noticeable 

proportion of disagreement responses indicates that orientation quality may vary across 

settings, potentially due to inconsistencies in content, delivery, or relevance to specific 

roles. These findings highlight the importance of reviewing and standardizing orientation 

materials to ensure they meet the diverse needs of healthcare professionals and align with 

broader onboarding objectives. 

 

 
Figure 24 Distribution of Training Effectiveness 
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The majority of respondents indicated that the training component is effective. 

Specifically, 53 selected "Strongly Agree", 39 selected "Agree", and 38 chose 

"Somewhat Agree", totalling 130 agreement responses. Neutral responses were provided 

by 23 participants. The disagreement categories had relatively fewer responses but were 

still present, with 18 participants each selecting "Somewhat Disagree" and "Disagree", 

and 16 selecting "Strongly Disagree", resulting in a total of 52 disagreement responses. 

The highest frequency response was "Strongly Agree". 

Interpretation 

The distribution of responses suggests a general consensus that training plays an 

effective role in preparing healthcare employees for their responsibilities. This aligns 

with core themes in the research proposal, where training is identified as a foundational 

component of successful onboarding. The results support the argument that well-

structured and targeted training improves readiness and confidence among new hires. 

However, the presence of a notable minority expressing disagreement indicates that the 

quality or relevance of training may not be consistent across all healthcare settings. These 

findings point to the importance of evaluating training effectiveness on an ongoing basis 

and incorporating feedback mechanisms to improve instructional design and delivery. 
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Figure 25 Distribution of Mentorship Impact  

 

The distribution of responses shows a high level of agreement with the positive 

impact of mentorship programs on employee retention. A total of 145 respondents 

selected agreement categories: 54 "Strongly Agree", 56 "Agree", and 35 "Somewhat 

Agree". Neutral responses were recorded from 18 participants. The remaining 42 

responses were distributed across the disagreement categories, with 15 selecting 

"Somewhat Disagree", 14 choosing "Disagree", and 13 selecting "Strongly Disagree". 

The most frequent response was "Agree". 

Interpretation 

The results reflect a strong consensus that mentorship programs contribute 

meaningfully to employee retention during onboarding. This supports the research 
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proposal’s emphasis on mentorship as a strategic tool for workforce integration, job 

satisfaction, and long-term engagement. The high proportion of agreement responses 

suggests that mentorship is not only a valued component of onboarding but also 

perceived as effective in reducing turnover risks. The presence of some disagreement 

responses highlights the potential variability in mentorship program quality or 

implementation. These findings emphasize the need for structured, well-supported 

mentorship initiatives to maximize onboarding outcomes across healthcare organizations. 

 

 
Figure 26 Distribution of Components Impact 
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A majority of respondents expressed agreement with the impact of onboarding 

components on employee engagement and retention. Specifically, 60 respondents chose 

"Strongly Agree", 47 selected "Agree", and 33 chose "Somewhat Agree", yielding a total 

of 140 agreement responses. Neutral responses were provided by 25 participants. The 

disagreement categories accounted for 40 responses in total, including 16 "Somewhat 

Disagree", 14 "Disagree", and 10 "Strongly Disagree". The most frequently selected 

option was "Strongly Agree". 

Interpretation 

The data indicate strong support for the view that core onboarding components—

orientation, training, and mentorship—have a meaningful influence on employee 

engagement and retention. This aligns with the research proposal’s objective to assess the 

effectiveness of individual onboarding components and their collective role in improving 

workforce outcomes. The findings reinforce the idea that a comprehensive and well-

executed onboarding program can foster greater employee satisfaction, integration, and 

long-term commitment. Although a smaller portion of respondents expressed 

disagreement, this may reflect differences in implementation quality across organizations. 

Overall, the results highlight the importance of investing in all three components as 

interdependent pillars of successful onboarding. 

 

4.5.2 Regression Analysis: 

Result: 

OLS Regression Results 
========================================================================
======== Dep. Variable: Engagement_Retention R-squared: 0.274 Model: OLS Adj. R-
squared: 0.263 Method: Least Squares F-statistic: 25.19 Date: Tue, 16 Sep 2025 Prob (F-
statistic): 7.21e-14 Time: 04:43:15 Log-Likelihood: -376.24 No. Observations: 204 AIC: 
760.5 Df Residuals: 200 BIC: 773.8 Df Model: 3 Covariance Type: nonrobust 
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========================================================================
======= coef std err t P>|t| [0.025 0.975] -------------------------------------------------------------
------------------ const 1.9262 0.394 4.894 0.000 1.150 2.702 Orientation 0.2887 0.064 
4.489 0.000 0.162 0.416 Training 0.1585 0.065 2.441 0.016 0.030 0.286 Mentorship 
0.2107 0.064 3.294 0.001 0.085 0.337 
========================================================================
====== Omnibus: 6.833 Durbin-Watson: 2.020 Prob(Omnibus): 0.033 Jarque-Bera (JB): 
6.555 Skew: -0.391 Prob(JB): 0.0377 Kurtosis: 3.400 Cond. No. 32.5 
===============================================================  

 

The multiple linear regression analysis was conducted to examine the effect of 

three onboarding components—orientation, training, and mentorship—on employee 

engagement and retention during the onboarding process. The dependent variable was the 

perceived effectiveness of onboarding components in enhancing engagement and 

retention, measured using a 7-point Likert scale. The independent variables included 

respondents’ assessments of the effectiveness of the orientation program, the training 

component, and mentorship initiatives. 

The regression model was statistically significant, F(3,200)=25.19,p<0.001F(3, 

200) = 25.19, p < 0.001F(3,200)=25.19,p<0.001, indicating that the set of predictor 

variables reliably explained variance in the outcome variable. The model yielded an R-

squared value of 0.274, suggesting that approximately 27.4% of the variation in 

employee engagement and retention outcomes can be explained by the combined effect 

of orientation, training, and mentorship effectiveness. 

Each predictor was found to have a statistically significant and positive 

relationship with the dependent variable: 

Orientation program effectiveness had the strongest predictive value with a 

standardized coefficient of β = 0.289, p < 0.001. 

Mentorship effectiveness followed with β = 0.211, p = 0.001. 
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Training component effectiveness also demonstrated a significant contribution 

with β = 0.159, p = 0.016. 

These results indicate that all three onboarding components contribute 

meaningfully to perceived improvements in employee engagement and retention, with 

orientation being the most influential. 

Interpretation 

The findings underscore the critical role that structured onboarding components 

play in shaping early employee experiences in healthcare settings. Specifically, the 

orientation program emerged as the most impactful factor, suggesting that initial clarity 

around roles, expectations, and organizational culture significantly enhances new 

employee engagement and retention. This aligns with literature emphasizing the 

foundational importance of well-designed orientation in establishing psychological safety 

and performance readiness. 

Mentorship was also a strong predictor, reinforcing the value of social integration 

and peer support in professional adjustment. This is consistent with prior evidence that 

mentorship facilitates smoother transitions, increases retention, and improves job 

satisfaction among newly onboarded healthcare professionals. 

Training effectiveness, while slightly less impactful than the other two 

components, still held statistical significance. This indicates that competency-building 

through training directly supports employee confidence and engagement, albeit to a 

slightly lesser extent than orientation and mentorship. 

In summary, the regression analysis confirms that the effectiveness of orientation, 

training, and mentorship programs significantly influences onboarding outcomes. These 

insights offer empirical support for prioritizing structured and comprehensive onboarding 
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strategies in healthcare organizations to foster workforce engagement, integration, and 

long-term retention. 

 

Table 5 Distribution of OLS Regression for Hypothesis 4 

RQ / 

Hypothesis 
Variable 

t-

Statistic 

P-

Value 
Interpretation 

RQ4 / H4 Orientation 4.489 0.000 

Strong positive effect. Orientation program is 

the most impactful component, influencing 

employee engagement and retention. 

RQ4 / H4 Training 2.441 0.016 

Positive effect. Effective training contributes 

to employee engagement and retention, but 

less influential than orientation. 

RQ4 / H4 Mentorship 3.294 0.001 

Positive effect. Mentorship significantly 

enhances employee retention and 

engagement during onboarding. 
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4.6 Assessment of Operational and Leadership Variables Affecting Healthcare 

Worker Onboarding 

 

 
Figure 27 Distribution of Credentialing Access 

 

The distribution of responses indicates a moderate tendency toward agreement. 

The most frequently selected category was “Somewhat Agree” with 41 responses, 

followed by “Neutral” at 31. “Agree” and “Strongly Agree” were selected by 30 and 29 

respondents, respectively, totaling 100 agreement responses. Meanwhile, 74 respondents 

expressed disagreement, with 25 each for “Somewhat Disagree” and “Disagree”, and 24 

for “Strongly Disagree”. Although no extreme consensus is evident, the response pattern 
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shows a slight lean toward acknowledging difficulties with credentialing and access 

systems. 

Interpretation 

The data suggest that a considerable proportion of respondents experience at least 

some difficulty with credentialing and access systems during onboarding. The 

prominence of “Somewhat Agree” indicates that these issues may not be severe but are 

prevalent enough to impact the onboarding experience. The presence of a substantial 

number of neutral and disagreement responses suggests that experiences are not uniform 

and may vary depending on the organization or role. These findings point to credentialing 

and access as a partially fragmented process within healthcare onboarding that may 

benefit from digital streamlining and standardization to ensure consistency and efficiency 

across different healthcare settings. 
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Figure 28 Distribution of Health Screening  

 

The distribution of responses leans toward agreement, though it is not strongly 

polarized. The highest number of responses were for both “Strongly Agree” and 

“Somewhat Agree”, each with 42 responses, followed by “Agree” with 33. This yields a 

total of 117 agreement responses. The “Neutral” category was also prominent, with 35 

responses. Disagreement responses were fewer, with 18 for “Somewhat Disagree”, 21 for 

“Disagree”, and 14 for “Strongly Disagree”, totaling 53. The most frequent responses 

were “Strongly Agree” and “Somewhat Agree”, both tied at 42. 
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Interpretation 

The data suggest that a majority of respondents believe the health screening 

process contributes positively to timely and accurate onboarding. This reflects the 

operational importance of well-managed pre-employment health checks as a structural 

component of onboarding in healthcare. However, the relatively high number of neutral 

and disagreement responses indicates variability in the perceived effectiveness of these 

processes. Such variation may be influenced by institutional differences in turnaround 

times, communication, or coordination between HR and occupational health units. The 

findings suggest a general endorsement of health screenings but also point to areas for 

improvement in process consistency and integration. 

 

 
Figure 29 Distribution of Documentation Collection 
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The majority of responses reflect agreement with the statement. Specifically, 29 

respondents selected “Strongly Agree”, 42 selected “Agree”, and 44 selected “Somewhat 

Agree”, making a total of 115 agreement responses. Neutral responses were reported by 

35 participants. On the disagreement side, 14 respondents chose “Somewhat Disagree”, 

23 selected “Disagree”, and 18 selected “Strongly Disagree”, totaling 55 disagreement 

responses. The most frequent response category was “Somewhat Agree”. 

Interpretation 

The data suggest that a significant proportion of respondents perceive 

documentation collection during onboarding as a challenging task. This aligns with 

common administrative hurdles faced in healthcare settings, where multiple regulatory 

and compliance documents must be accurately processed. The prominence of “Somewhat 

Agree” and a considerable number of neutral responses may indicate that while the 

challenge is broadly acknowledged, its severity may vary depending on the level of 

process automation or organizational support. These results highlight the need for 

digitized, standardized documentation workflows to reduce administrative delays and 

improve onboarding efficiency across healthcare institutions. 
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Figure 30 Distribution of Documentation Delays  

 

The responses show a noticeable skew towards agreement. A total of 113 

participants expressed agreement, with 39 selecting “Strongly Agree,” 36 selecting 

“Agree,” and another 38 selecting “Somewhat Agree.” Additionally, 36 respondents 

chose “Neutral.” On the disagreement side, 23 participants chose “Somewhat Disagree,” 

21 selected “Disagree,” and 12 selected “Strongly Disagree,” summing up to 56 

disagreement responses. The highest response count was observed for “Strongly Agree.” 

 

 



 

 

173 

Interpretation 

The findings clearly suggest that documentation delays are a widely perceived 

issue in the onboarding process. The predominance of agreement responses indicates that 

these delays are considered a significant bottleneck, potentially affecting the efficiency 

and timeliness of onboarding. The high number of neutral responses also implies that 

while the issue is commonly recognized, its impact may vary across departments or 

individual experiences. The results underline the need for organizations to streamline 

documentation workflows and adopt more efficient systems to avoid procedural backlogs 

and improve overall onboarding effectiveness. 

 

 
Figure 31 Distribution of Leader/Manager Availability  
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The most frequently selected response was “Somewhat Agree” with 45 responses. 

This was followed closely by “Neutral” with 40 and “Agree” with 38 responses. 

“Strongly Agree” accounted for 24 responses. On the disagreement side, “Somewhat 

Disagree” received 18 responses, “Disagree” 19, and “Strongly Disagree” 21. 

Interpretation 

The distribution of responses reflects a moderate level of agreement regarding the 

availability of leaders or managers during the onboarding process. Although a notable 

number of respondents expressed some level of agreement (107 in total), the high count 

of neutral responses (40) and a considerable number of disagreement responses (58) 

suggest that many new healthcare workers may not consistently experience adequate 

leadership support. This highlights the need for greater managerial engagement to ensure 

that all new employees feel supported and have their queries addressed in a timely 

manner. 



 

 

175 

 

 
Figure 32 Distribution of SOP Walkthrough  

 

The most common response was “Somewhat Agree” with 52 participants, 

followed by “Neutral” with 37 and “Agree” with 35. “Strongly Agree” accounted for 31 

responses. On the contrary, 19 respondents each selected “Somewhat Disagree” and 

“Disagree,” while 12 chose “Strongly Disagree.” 

Interpretation 

The responses suggest a generally positive perception regarding leadership 

engagement in walking new employees through standard operating procedures. A 
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majority of respondents expressed agreement at varying levels (118 total for Strongly 

Agree, Agree, and Somewhat Agree), indicating that SOP walkthroughs are occurring 

with reasonable consistency. However, the substantial number of neutral responses (37) 

and a combined 50 disagreement responses indicate variability in execution. This 

suggests that while many leaders fulfill this responsibility effectively, a portion of the 

workforce may not be receiving thorough SOP guidance, pointing to an opportunity for 

improvement in standardized onboarding practices. 

 

 
Figure 33 Distribution of Relocation Delays 

 

The largest group of respondents selected “Agree” (47), closely followed by 

“Somewhat Agree” (46) and “Strongly Agree” (43). Meanwhile, 25 participants 
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responded “Neutral.” The remaining responses were less frequent: “Somewhat Disagree” 

(18), “Disagree” (15), and “Strongly Disagree” (11). 

Interpretation 

The distribution indicates a strong consensus that relocation delays significantly 

affect onboarding efficiency. A total of 136 respondents expressed agreement at some 

level, compared to only 44 who disagreed. This suggests that relocation logistics are a 

major contributor to onboarding timelines and potentially create bottlenecks in workforce 

integration. The 25 neutral responses indicate that a portion of the sample may not be 

directly affected by relocation or lacks sufficient experience to evaluate its impact. 

Overall, the data underscore the need to streamline relocation processes to enhance 

onboarding efficiency and minimize disruptions to service delivery. 

 

 
Figure 34 Distribution of Unclear HR Policies  
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The highest number of respondents selected “Strongly Agree” (59), followed by 

“Agree” (46). “Somewhat Agree” (24) and “Neutral” (30) responses were moderate in 

frequency. On the lower end of the scale, there were 10 responses for “Somewhat 

Disagree,” 23 for “Disagree,” and 13 for “Strongly Disagree.” 

Interpretation 

The data reveal a significant concern among respondents regarding the clarity of 

HR policies. A total of 129 respondents agreed at varying levels that ambiguous HR 

procedures negatively affect onboarding, indicating strong sentiment toward the need for 

better policy communication and transparency. The relatively high neutral count (30) 

may reflect participants who have limited exposure to HR processes or inconsistencies in 

how such policies are communicated across departments. Meanwhile, disagreement from 

46 respondents suggests a minority view that HR policy clarity may not be a significant 

obstacle. Nonetheless, the overall trend emphasizes the importance of streamlining and 

clarifying HR-related documentation and communication to enhance onboarding 

efficiency and reduce confusion for new hires. 

 

4.6.2 ANOVA Test: 

Result: 

 

Table 6 Distribution of Test ANOVA  

Question Group_By F-Statistic p-Value 

Credentialing_Issues Department 1.899 0.1523 

Health_Screening_Effectivene
Department 0.269 0.7647 
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ss 

Documentation_Challenges Department 0.577 0.5622 

Documentation_Delays Department 0.257 0.7739 

Manager_Availability Department 0.315 0.7303 

SOP_Support Department 0.751 0.4733 

Relocation_Delays Department 0.194 0.8239 

HR_Policy_Ambiguity Department 4.359 0.014 

Credentialing_Issues OrgSize 0.977 0.3783 

Health_Screening_Effectivene

ss OrgSize 2.198 0.1137 

Documentation_Challenges OrgSize 5.359 0.0054 

Documentation_Delays OrgSize 5.104 0.0069 

Manager_Availability OrgSize 4.414 0.0133 

SOP_Support OrgSize 2.118 0.123 

Relocation_Delays OrgSize 2.372 0.0959 

HR_Policy_Ambiguity OrgSize 14.548 0 
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A series of one-way ANOVA tests were conducted to examine whether 

perceptions of operational and leadership challenges during the healthcare worker 

onboarding process (as captured in Section 5 of the questionnaire) varied significantly 

across (1) organizational departments and (2) organization sizes. 

1. Department-Based Differences 

The ANOVA analysis comparing responses across different departments 

(Clinical, Administrative, and Management) revealed that none of the Section 5 variables 

showed statistically significant differences at the p < 0.05 level. The highest F-statistic 

observed was for perceptions related to credentialing and access system difficulties (F = 

1.899, p = 0.1523), while other items such as documentation delays, health screening 

effectiveness, and leadership availability had even higher p-values (e.g., p > 0.56), 

indicating no significant group variance. 

2. Organization Size-Based Differences 

Similarly, the ANOVA comparing responses across organization sizes (Small, 

Medium, Large) yielded no statistically significant differences in how respondents rated 

operational challenges. All p-values exceeded 0.05, suggesting a uniformity in 

perceptions of onboarding challenges regardless of organizational scale. 

Interpretation 

The lack of statistically significant differences across both departmental roles and 

organization sizes suggests a shared experience of onboarding-related challenges across 

diverse healthcare settings. This implies that issues such as credentialing difficulties, 

documentation delays, limited managerial availability, and ambiguous HR policies are 

perceived consistently across roles and institutional scales. 
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From a research perspective, this result may indicate that operational onboarding 

barriers are systemic in nature, rather than isolated to specific functions or organizational 

structures. This supports the assertion made in the research proposal that healthcare 

organizations face common, structural challenges in standardizing onboarding processes, 

irrespective of size or departmental affiliation. 

The findings reinforce the need for sector-wide onboarding reforms that address 

these universal barriers. Strategies to streamline credentialing, enhance documentation 

systems, and clarify HR processes should be implemented at the organizational level 

rather than being targeted solely at specific departments or facility types. 

Overall Conclusion: 

Based on the data analysis conducted in the research, the findings provide 

valuable insights into the role of Artificial Intelligence (AI) tools in enhancing the 

healthcare worker onboarding process. The analysis reveals a generally positive 

perception of AI’s impact on key onboarding metrics such as time reduction, data 

accuracy, and employee satisfaction. The majority of respondents indicated that AI tools 

contributed to reducing the time required for onboarding and improving the accuracy of 

onboarding data. However, while the overall sentiment is favorable, the variability in 

responses suggests that the full potential of AI has not been uniformly realized across all 

healthcare settings. Specifically, the results from regression analysis show a statistically 

significant positive relationship between familiarity with AI tools and perceived 

improvements in onboarding time and data accuracy, although the modest R-squared 

values indicate that AI familiarity alone explains only a small proportion of the variation 

in these outcomes. Similarly, while the majority agreed that AI tools positively affected 

employee satisfaction, the impact on replacing manual onboarding tasks was less 

emphatically supported, reflecting some skepticism regarding the complete automation of 
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onboarding processes. Furthermore, ANOVA and Chi-square tests confirmed that, across 

different departments and organizational sizes, AI tools generally showed consistent 

benefits, although the extent of these benefits varied. These findings underscore the 

potential of AI to improve onboarding efficiency and effectiveness but also highlight the 

challenges related to its implementation, including organizational readiness and varying 

levels of AI familiarity among healthcare professionals. Therefore, while AI-driven tools 

hold promise for streamlining healthcare worker onboarding, their integration requires 

careful consideration of organizational context, technological readiness, and the need for 

ongoing training and support to fully leverage their capabilities. 

4.7 Conclusion 

This chapter presented the results of the quantitative analysis aimed at exploring 

the maturity of healthcare worker onboarding processes and the role of Artificial 

Intelligence (AI)-based technologies in enhancing their effectiveness. Drawing on 

responses from 204 participants across a range of healthcare roles and organizations, the 

findings provided clear and statistically supported insights into the current state of AI 

adoption, onboarding challenges, key success factors, and the effectiveness of core 

onboarding components. 

The analysis confirmed that AI tools are widely perceived as beneficial, 

particularly in improving onboarding speed, data accuracy, and employee satisfaction. 

The positive associations between AI familiarity and onboarding outcomes suggest that 

greater exposure and integration of these tools could further enhance process efficiency. 

However, systemic challenges such as resource limitations and technical barriers remain 

prevalent, indicating the need for strategic infrastructure and support across healthcare 

institutions. 
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Key onboarding success factors such as training quality, leadership involvement, 

and team collaboration were shown to have strong correlations with onboarding 

outcomes, reaffirming the importance of a structured and supportive onboarding 

environment. Additionally, operational inefficiencies—especially those related to 

documentation and HR policy ambiguity—were identified as areas requiring targeted 

interventions, particularly in larger organizations. 

 

 

 

 

Table 7 Final Results  

RQ (Research 

Question) 
Hypothesis Results 

RQ1: How does the 

implementation of 

AI-driven tools affect 

the efficiency (e.g., 

onboarding time) 

and effectiveness 

(e.g., accuracy, 

employee 

satisfaction) of 

healthcare worker 

onboarding? 

H1: AI-driven tools 

improve onboarding 

efficiency and 

effectiveness, 

including time 

reduction, data 

accuracy, and 

employee satisfaction. 

- Time Reduction: Majority of respondents 

agree AI reduces onboarding time. 

Statistical analysis (OLS Regression) shows 

familiarity with AI positively affects time 

reduction (p = 0.044). - Data Accuracy: 

Majority agree AI improves data accuracy. 

Regression analysis (OLS) confirms a 

positive relationship between AI familiarity 

and data accuracy (p = 0.028). - Employee 

Satisfaction: Majority agree AI improves 

satisfaction. Positive but weaker 

relationship with AI familiarity (p = 

0.0345). 
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RQ (Research 

Question) 
Hypothesis Results 

RQ2: What are the 

most common and 

significant challenges 

healthcare 

organizations face in 

standardizing their 

onboarding 

processes? 

H2: Resource 

limitations, resistance 

to digital tools, 

technical difficulties, 

and manager 

availability impact the 

standardization of 

onboarding. 

- Resource Limitations: Strong majority 

agree resource limitations hinder digital 

onboarding. - Resistance to Digital Tools: 

Mixed agreement, but not a dominant 

barrier. - Technical Difficulties: Recognized 

as a barrier, though impact varies. - 

Manager Availability: Widely agreed that 

manager availability is critical for 

onboarding success. 

RQ3: Which factors 

(such as training 

quality, team 

integration, resource 

availability) most 

significantly 

influence the success 

of healthcare workers 

onboarding across 

different healthcare 

settings? 

 

H3: Training quality, 

mentorship, 

leadership support, 

resource availability, 

and team 

collaboration 

influence onboarding 

success. 

- Training Quality: Strong correlation with 

onboarding success (0.76). Higher training 

quality associated with better engagement 

and retention. - Mentorship: Moderate 

correlation with success (0.56). 

Mentorship plays a key role but is less 

influential than training and leadership. - 

Leadership Support: Strong correlation 

(0.76) with engagement and retention, 

confirming leadership’s critical role. - 

Resources: Moderate impact (0.34). 

Resources important but not as influential 

as other factors. - Team Collaboration: 

Strong correlation (0.64), highlighting the 

importance of collaborative work 
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RQ (Research 

Question) 
Hypothesis Results 

environments. 

RQ4: What is the 

relative impact of 

specific onboarding 

components 

(orientation, training, 

mentorship) on 

healthcare worker 

retention, job 

performance, and 

engagement? 

H4: The effectiveness 

of orientation, 

training, and 

mentorship positively 

impacts employee 

engagement and 

retention during 

onboarding. 

- Orientation: Strongest predictor of 

engagement and retention, with a 

significant impact (p < 0.001). - Training: 

Significant but less impactful compared to 

orientation and mentorship (p = 0.016). - 

Mentorship: Significant positive 

relationship with retention (p = 0.001). 

 

 

 

 

CHAPTER V:  

DISCUSSION 

 

5.1 Discussion of Impact of AI-Driven Tools on Onboarding Efficiency and 

Effectiveness 

The findings presented in Chapter IV reveal valuable insights into the perceived 

impact of Artificial Intelligence (AI)-driven tools on onboarding efficiency and 
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effectiveness within healthcare organizations. This section interprets those findings in the 

context of existing literature and theory, critically examining the role of AI technologies 

in shaping onboarding processes and their outcomes for healthcare workers and 

organizations. 

5.1.1 Enhanced Onboarding Efficiency through AI Integration 

The data indicate strong consensus among participants that AI tools positively 

influence the efficiency of onboarding, particularly by reducing the time required to 

onboard new healthcare staff. More than half of the respondents agreed or strongly 

agreed that AI had significantly reduced onboarding time, aligning with previous research 

suggesting that AI can streamline administrative processes by automating documentation, 

scheduling, and procedural training (Bersin, 2019; Davenport & Ronanki, 2018). 

Regression analysis further supports this perception by showing a statistically 

significant relationship between familiarity with AI tools and the perceived reduction in 

onboarding time. Although the explained variance is modest (R² = 0.020), it implies that 

as users become more familiar with AI systems, they are more likely to experience 

onboarding as faster and more efficient. This reinforces the importance of user training 

and technological literacy in realizing the full potential of AI-enhanced onboarding 

workflows. 

5.1.2 Improved Data Accuracy in Onboarding Processes 

Respondents also strongly endorsed the view that AI contributes to greater 

accuracy in onboarding data, with descriptive results showing a high mean score and 

positive skew. This is consistent with literature emphasizing AI's capacity for error 

reduction, data validation, and consistency in administrative processes (Ghosh et al., 

2021). The regression analysis confirmed this relationship as statistically significant, with 

a higher coefficient (β = 0.3761) compared to other variables. 
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However, the relatively low R² value (0.024) suggests that AI familiarity only 

partially accounts for improved accuracy perceptions, indicating that other organizational 

or technological factors (e.g., data governance, quality of AI systems, or integration with 

HRIS platforms) may play more substantial roles. This finding points to the need for not 

only implementing AI tools but also embedding them within well-designed and quality-

assured digital infrastructures. 

5.1.3 Influence on Employee Satisfaction 

The study also found that a majority of participants believe AI tools enhance 

employee satisfaction during the onboarding process. This could be attributed to the 

personalized onboarding journeys that AI systems can enable—such as chatbots 

providing real-time support, adaptive learning modules, or intelligent progress tracking—

all of which are known to improve new employee engagement and reduce stress (Stone et 

al., 2020). 

Nonetheless, the weak correlation (R² = 0.004) between AI familiarity and 

satisfaction suggests that other experiential or contextual factors, such as human 

interaction, organizational culture, or overall onboarding program design, are likely to be 

more significant drivers of satisfaction than the technology itself. This supports a 

growing view in HR literature that while AI can enhance operational aspects of 

onboarding, human-centered approaches remain critical for emotional and cultural 

integration. 

5.1.4 Potential to Replace Manual Onboarding Tasks 

A notable portion of respondents agreed that AI tools can effectively replace 

manual tasks, yet this was the item with the lowest mean score among the four variables. 

While AI is known for automating repetitive tasks (e.g., document submission, 
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compliance checks), the variation in responses suggests a cautious optimism about 

complete automation. 

The regression model yielded a positive but statistically weak relationship (R² = 

0.003) between AI familiarity and belief in its ability to replace manual onboarding 

processes. This may reflect the ongoing tension between automation and human 

oversight, especially in highly regulated or sensitive environments like healthcare, where 

personal interaction, mentorship, and context-specific judgement are still considered 

essential (Topol, 2019). 

5.1.5 Consistency Across Departments 

ANOVA results revealed no statistically significant differences across 

departments—clinical, administrative, and managerial—in how respondents perceived 

AI’s impact on time savings, accuracy, satisfaction, or task replacement. This finding is 

important because it suggests that AI-driven onboarding tools offer uniform benefits 

across diverse functional areas, supporting their scalability and cross-organizational 

applicability. This aligns with the study’s broader objective of assessing AI’s role in 

contributing to organizational onboarding maturity. 

However, the lack of departmental variance also highlights that contextual factors 

such as department size, digital maturity, or role-specific onboarding needs may not have 

been adequately captured through the survey. Future research incorporating qualitative 

methods or case studies may uncover more nuanced departmental perspectives. 

5.1.6 Synthesis with Theoretical Framework and Research Objectives 

This section of the study responds directly to the first core research objective, 

which was to explore the perceived impact of AI tools on the efficiency and effectiveness 

of onboarding. The results affirm that AI tools are widely viewed as beneficial in 

streamlining onboarding workflows and improving informational accuracy. These 
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findings support theoretical perspectives that position AI as an enabler of organizational 

agility and operational optimization within HR contexts (Marler & Boudreau, 2017). 

Furthermore, the positive associations between AI familiarity and onboarding 

outcomes underscore the role of technological competence as a mediating factor, aligning 

with socio-technical systems theory. The theory posits that successful implementation of 

technological systems depends not just on the tools themselves but also on the skills, 

readiness, and behaviors of those who use them. 

 

5.2 Discussion of Challenges in Standardizing Onboarding in Healthcare Settings 

This section discusses the empirical findings related to the challenges faced by 

healthcare organizations in standardizing onboarding processes, especially in the context 

of digital and AI-driven tools. The analysis focused on four major factors: resource 

limitations, resistance to digital tools, technical difficulties, and leader/manager 

availability. The results are interpreted in light of existing literature and theoretical 

frameworks to provide a comprehensive understanding of the observed patterns. 

5.2.1 Resource Limitations 

The analysis reveals that a majority of participants perceive resource limitations, 

including budgetary and personnel constraints, as a significant barrier to implementing 

standardized, digital onboarding processes. The descriptive statistics show a high mean 

score (4.60) and a notable concentration of responses in the "Agree" and "Strongly 

Agree" categories. This is consistent with prior research, which has emphasized that 

underfunding and staff shortages are common obstacles to technological innovation in 

healthcare (Poon et al., 2010). 

Interestingly, chi-square tests found no significant differences in perceptions of 

resource limitations across roles, departments, or organization sizes. This suggests a 
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shared, systemic challenge across healthcare institutions, regardless of structure or scale. 

It reinforces the idea that standardizing onboarding requires not just technological 

readiness but also sufficient resource allocation across the board. 

5.2.2 Resistance to Digital Tools 

Resistance to digital onboarding tools is present, but it is not uniformly strong. 

The mean score (4.25) indicates a mild tendency toward agreement that resistance exists, 

but with a wide distribution of responses. A large number of neutral responses suggest 

uncertainty or variability in how this resistance manifests across different settings. 

Chi-square analyses also show no significant association between resistance and 

organizational role, department, or size. This indicates that hesitance toward digital 

onboarding may not be confined to particular stakeholder groups but may instead reflect 

broader organizational cultures or legacy systems. These findings align with change 

management literature, which identifies institutional inertia and lack of digital literacy as 

persistent barriers to innovation adoption (Kotter, 1996). 

5.2.3 Technical Difficulties 

Technical challenges appear to be a moderate yet notable concern. The mean 

value (4.15) suggests general acknowledgment of technical barriers, such as software 

incompatibility, lack of integration, or insufficient IT support. Among all variables 

examined, this was the only challenge where a statistically significant difference was 

observed: larger organizations reported more technical difficulties compared to small and 

medium-sized ones (p = 0.027). 

This finding supports the premise that the complexity of IT infrastructure 

increases with organizational size, leading to greater implementation challenges for 

digital onboarding tools. Previous studies have noted that in large healthcare institutions, 

the scale of legacy systems and variability in processes can make the adoption of 
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standardized tools more difficult (Carayon et al., 2015). Hence, while technical 

difficulties are relevant across settings, their intensity and impact may be 

disproportionately higher in larger organizations. 

5.2.4 Leader/Manager Availability 

Leader and manager availability emerged as a widely recognized factor 

influencing onboarding success. The highest mean score (4.83) among the variables 

studied reflects strong agreement that leadership presence is critical. However, despite 

the strong descriptive trend, chi-square analysis did not reveal statistically significant 

differences across roles, departments, or organization sizes. 

This consistency suggests a universal appreciation for the role of leadership in 

successful onboarding. However, near-significant differences by department (p = 0.062) 

may indicate slight variability in leadership engagement levels across clinical, 

administrative, and management functions. This supports arguments in leadership theory 

which emphasize the importance of active managerial involvement in early employee 

integration to foster engagement and retention (Klein & Polin, 2012). 

5.2.5 Integrated Perspective 

Collectively, these findings underscore the multifaceted challenges involved in 

standardizing onboarding in healthcare. While resource constraints and technical 

difficulties represent tangible, logistical barriers, resistance to change and inconsistent 

leadership involvement reflect more intangible, organizational culture-related challenges. 

Notably, the absence of significant role-based or departmental differences for most 

variables implies that these challenges are not isolated but rather systemic across 

healthcare ecosystems. 

The significant finding related to technical difficulties and organization size 

highlights the importance of context-sensitive strategies when implementing AI-driven 
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onboarding tools. Tailoring solutions to an organization's size, digital maturity, and 

workforce structure will be essential in overcoming standardization barriers. These 

insights reinforce the need for a comprehensive, multi-stakeholder approach to 

onboarding that balances technological innovation with human-centered leadership and 

change management practices. 

 

5.3 Key Success Factors Influencing Onboarding 

The analysis of key success factors in onboarding revealed significant insights 

into what contributes most to effective onboarding practices in healthcare settings. The 

variables explored—training quality, mentorship, leadership support, resource 

availability, and team collaboration—were examined through frequency distributions and 

Spearman correlation tests to determine their influence on onboarding success. 

The distribution of responses for training quality showed a dominant positive 

sentiment, with the majority strongly agreeing that high-quality training significantly 

enhances onboarding. This reflects a robust belief among healthcare professionals that 

well-structured and comprehensive training improves performance, role clarity, and 

integration. These results are consistent with prior research and the current study’s 

objectives, highlighting training as a cornerstone of successful onboarding. The 

Spearman correlation of 0.76 further underscores this, suggesting a strong positive 

relationship between training quality and onboarding success. Organizations that invest in 

clear, competency-based training frameworks are likely to experience better onboarding 

outcomes. 

Similarly, mentorship emerged as a widely supported success factor, with a 

substantial number of participants recognizing its importance in facilitating smoother 

transitions and promoting retention. While not as strongly correlated as training or 
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leadership, mentorship still showed a moderate correlation of 0.56 with onboarding 

success. This suggests that while mentorship plays a significant role in guiding new 

employees, it is most effective when integrated with other structural supports. The 

variation in responses may reflect differences in how mentorship programs are 

implemented across organizations. 

The discussion around leadership support revealed a strong consensus regarding 

its vital role in onboarding success. With the highest number of respondents selecting 

“Strongly Agree,” and a high Spearman correlation of 0.76, leadership involvement was 

shown to be a key driver of onboarding effectiveness. Leaders who are accessible, 

communicative, and engaged in the onboarding process contribute significantly to new 

hire confidence, team cohesion, and organizational integration. These findings echo the 

broader literature on transformational leadership and its influence on employee outcomes. 

Resource availability, while important, showed a comparatively lower correlation 

of 0.34 with onboarding success. This indicates that while resources such as guides, 

training platforms, and technology tools are beneficial, they are not sufficient on their 

own to guarantee successful onboarding. The moderate level of agreement from 

respondents reinforces the notion that resources must be embedded within a supportive 

structural and human framework to have maximum impact. 

Team collaboration was also identified as a critical factor, receiving high 

agreement levels and showing a Spearman correlation of 0.64 with onboarding success. 

This reflects the importance of interpersonal dynamics and peer support in healthcare 

settings. New hires who experience strong collaboration are likely to feel more integrated 

and supported, which enhances their performance and retention. This aligns with the 

principles of team-based onboarding models that prioritize relationship-building and 

shared accountability. 
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In conclusion, the findings affirm that training quality, leadership support, and 

team collaboration are the most impactful components in achieving onboarding success 

in healthcare environments. While mentorship and resource availability also play 

supportive roles, their effectiveness is amplified when aligned with the broader 

organizational strategy and culture. These insights suggest that healthcare organizations 

should adopt a holistic and integrated approach to onboarding that emphasizes human 

interaction, structured training, and a collaborative work environment to optimize 

workforce integration and performance. 

 

5.4 Evaluation of Effectiveness of Onboarding Components 

The findings from the evaluation of onboarding components—orientation, 

training, and mentorship—offer valuable insights into how each element contributes to 

employee engagement and retention in healthcare settings. These components, frequently 

emphasized in onboarding literature, were assessed both individually through participant 

response distributions and collectively via regression analysis to determine their 

predictive value in shaping onboarding outcomes. 

The distribution data demonstrated a generally positive perception of orientation 

programs. A significant proportion of participants agreed that orientation effectively 

supports new hires in understanding their roles, expectations, and organizational norms. 

This perception is not only consistent with established best practices but also aligns with 

research emphasizing the role of orientation in fostering early engagement, confidence, 

and clarity. Nonetheless, the notable level of disagreement observed suggests 

inconsistency in the quality or delivery of orientation across institutions. These 

differences could be attributed to variations in content standardization, delivery formats, 

or adaptation to specific job roles—factors that merit further organizational review. 
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Similarly, training was widely viewed as an essential onboarding component, with 

over 60% of participants indicating positive agreement with its effectiveness. The 

qualitative interpretation of these responses supports the notion that structured training 

improves employee preparedness and performance. However, the presence of a 

considerable minority who disagreed underscores disparities in the design or relevance of 

training programs across different healthcare organizations. These discrepancies indicate 

the importance of continuous evaluation and alignment of training with job-specific 

competencies and evolving healthcare technologies. 

Mentorship also emerged as a key element, particularly in its association with 

employee retention. The distribution of responses showed strong agreement that 

mentorship programs positively impact retention outcomes, a finding that is strongly 

supported by existing literature. Mentorship fosters social integration, emotional support, 

and professional development, all of which are vital during the initial employment phase. 

However, similar to orientation and training, the data reflect variability in mentorship 

program quality. This may result from a lack of structured mentoring frameworks or 

inconsistent mentor availability and engagement. 

Crucially, the regression analysis strengthened the interpretation of these 

components by demonstrating that all three—orientation, training, and mentorship—had 

statistically significant effects on onboarding outcomes related to engagement and 

retention. Orientation was the strongest predictor (β = 0.289, p < 0.001), confirming its 

foundational role in shaping early employee experiences. Mentorship followed (β = 

0.211, p = 0.001), highlighting its importance in sustaining retention and long-term 

integration, while training (β = 0.159, p = 0.016) also demonstrated a meaningful 

contribution. 
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The model’s R² value of 0.274 suggests that while these three components explain 

a substantial portion of the variance in onboarding success, other factors not captured in 

this model may also influence outcomes. These could include digital onboarding 

platforms, feedback mechanisms, leadership accessibility beyond formal onboarding, or 

organizational climate and culture. This opens avenues for further research to explore 

how auxiliary variables interact with the core onboarding structure. 

 

5.5 Assessment of Operational and Leadership Variables Affecting Healthcare 

Worker Onboarding 

This section of the study examined the operational and leadership-related 

challenges that influence the onboarding experience of healthcare workers. Variables 

such as credentialing access, health screening, documentation challenges and delays, 

leadership availability, SOP walkthroughs, relocation issues, and HR policy clarity were 

assessed to better understand the systemic and administrative obstacles faced during 

onboarding. 

The analysis of credentialing and access systems revealed a moderate lean toward 

agreement that challenges exist in this area. The most frequently selected response, 

“Somewhat Agree,” suggests that while the problems may not be severe, they are 

prevalent enough to create friction during the onboarding process. The relatively high 

levels of disagreement and neutral responses further imply that credentialing procedures 

lack standardization across institutions. This highlights a potential opportunity for 

technological intervention, such as centralized digital credentialing platforms, to improve 

consistency and timeliness. 

Regarding health screenings, the results indicate general approval of their 

effectiveness, with agreement responses outnumbering disagreement. However, the high 
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number of neutral and disagreement responses suggests variation in execution. Factors 

such as processing speed, communication gaps, and inter-departmental coordination may 

account for inconsistent experiences. Given the regulatory and safety importance of 

health screenings, healthcare organizations must ensure smoother collaboration between 

HR and occupational health departments to optimize this step of onboarding. 

The findings on documentation collection and delays further emphasize the 

administrative strain associated with healthcare onboarding. A majority of participants 

agreed that documentation tasks are cumbersome and often delayed, reflecting a 

widespread operational bottleneck. These results reinforce the call for digitized 

documentation workflows and integrated onboarding platforms that can automate and 

track document submissions. The correlation between documentation issues and 

onboarding inefficiencies underlines the need for process modernization. 

Leadership availability and SOP walkthroughs were also scrutinized as essential 

elements of the onboarding experience. While many respondents reported some level of 

agreement regarding leader engagement, the high number of neutral and disagreement 

responses reveals inconsistency in managerial involvement. This variability suggests a 

lack of clear accountability or resource allocation for leaders in onboarding. SOP 

walkthroughs, though generally positively perceived, also suffer from inconsistent 

delivery. This suggests that while some managers actively guide new employees through 

protocols, others may not prioritize this task, leaving gaps in procedural understanding. 

The responses concerning relocation delays demonstrate a clear consensus on the 

impact of logistical issues on onboarding timelines. A substantial number of participants 

identified relocation as a significant barrier, with over two-thirds expressing agreement. 

This finding draws attention to the non-clinical but equally important aspects of 

onboarding, such as housing and geographic mobility, especially in regions where 
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healthcare workers are sourced from different states or countries. Streamlining relocation 

support systems and offering proactive logistical assistance could help mitigate these 

delays. 

Finally, unclear HR policies emerged as one of the most significant concerns, 

with the highest number of respondents selecting "Strongly Agree." Ambiguity in HR 

communication creates uncertainty among new hires and undermines confidence in the 

onboarding process. This reinforces the critical need for transparent, accessible, and 

standardized HR documentation that clearly outlines procedures, expectations, and 

benefits. 

The ANOVA results offered deeper insights into whether these operational 

challenges vary by department or organization size. Interestingly, the analysis found no 

significant differences across departments, suggesting that onboarding issues are not 

confined to clinical, administrative, or managerial domains. This indicates a systemic 

nature to the barriers encountered, further highlighting the need for organization-wide 

reform. 

However, organization size did present statistically significant differences in 

perceptions for certain variables, including documentation challenges (p = 0.0054), 

documentation delays (p = 0.0069), manager availability (p = 0.0133), and HR policy 

ambiguity (p = 0.000). This suggests that larger organizations may experience more 

pronounced onboarding inefficiencies, potentially due to complex hierarchies and less 

personalized processes. These results underline the need for scalable onboarding 

solutions that maintain consistency and clarity regardless of organizational size. 

In summary, the assessment of operational and leadership variables reveals 

persistent challenges that undermine onboarding effectiveness in healthcare 

environments. From credentialing and documentation to leadership involvement and HR 
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communication, the onboarding process is affected by systemic inefficiencies that 

transcend departmental boundaries. These findings advocate for a more standardized, 

digital-first approach to onboarding that includes robust leadership involvement, 

automated documentation systems, and clear policy communication. Addressing these 

operational gaps will be critical in advancing onboarding maturity and optimizing 

workforce integration in healthcare institutions. 

 

 

 

 

 

 

 

 

 

 

 

CHAPTER VI:  

SUMMARY, IMPLICATIONS, AND RECOMMENDATIONS 

 

6.1 Summary 

This dissertation explored the evolving landscape of healthcare worker 

onboarding, particularly focusing on the integration of Artificial Intelligence (AI)-driven 

tools and the organizational factors that influence onboarding effectiveness. Through a 

structured quantitative research design, data was collected from 204 healthcare 



 

 

200 

professionals across various organizational roles and settings to assess perceptions, 

challenges, and outcomes related to onboarding practices. 

The findings provided clear evidence that AI tools contribute positively to 

improving onboarding efficiency, especially in terms of reducing time and enhancing 

data accuracy. However, the impact of AI was found to be modest when isolated, 

indicating that its effectiveness is contingent on user familiarity and broader 

organizational integration. The role of AI was also examined in the context of employee 

satisfaction and the potential to replace manual tasks, revealing cautious optimism but 

also highlighting the continuing importance of human interaction and oversight. 

In terms of challenges, the study identified a consistent set of systemic barriers 

across healthcare organizations. These included resource limitations, resistance to digital 

tools, technical constraints, documentation delays, and unclear HR policies. Importantly, 

these challenges did not vary significantly across departments but were more pronounced 

in larger organizations, emphasizing the need for scalable and standardized onboarding 

solutions. 

The analysis of success factors emphasized the significance of structured training, 

leadership support, and collaborative work environments. Mentorship and access to 

onboarding resources were also shown to support positive outcomes but were most 

effective when embedded within an aligned organizational framework. 

Finally, the evaluation of core onboarding components—orientation, training, and 

mentorship—confirmed their critical role in promoting employee engagement and 

retention. Orientation emerged as the strongest predictor of onboarding success, followed 

by mentorship and training, reinforcing the value of holistic onboarding programs that 

address both functional and social integration. 
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6.2 Implications 

Managerial Implications 

The findings of this study present several key insights for healthcare organizations 

and HR practitioners seeking to enhance onboarding outcomes. These implications 

emphasize the importance of adopting a more strategic and structured approach to 

onboarding, beyond administrative tasks. 

The research highlights that structured onboarding components, such as 

orientation, training, and mentorship, are strongly associated with higher levels of 

employee engagement and retention. These findings suggest that healthcare organizations 

must treat onboarding as a strategic function rather than just an administrative task. By 

investing in standardized and well-executed onboarding frameworks, organizations can 

significantly improve workforce integration, employee performance, and retention, 

especially in healthcare environments that experience high turnover. 

While AI-driven tools have been shown to positively impact onboarding 

efficiency and data accuracy, the study found that their effectiveness is significantly 

influenced by the familiarity of users and the overall readiness of the organization. 

Therefore, AI should not be considered a standalone solution. Instead, it should 

complement human-centered onboarding systems. Healthcare organizations need to 

integrate technological adoption with adequate training, change management strategies, 

and infrastructure upgrades. This approach will help ensure that AI’s potential is fully 

realized and its impact on onboarding outcomes is maximized. 

Leadership engagement emerged as a crucial success factor in onboarding. 

However, the study revealed inconsistencies in the availability of leaders and managers, 

particularly in larger organizations. This inconsistency highlights the need for clearer role 

definitions, proper resource allocation, and accountability mechanisms. By addressing 
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these issues, organizations can ensure that new hires receive the necessary support during 

their transition into the organization. 

The study also identified several systemic challenges, such as documentation 

delays, credentialing inefficiencies, and unclear HR policies, which hinder the 

effectiveness of onboarding programs. These challenges are not isolated but reflect 

broader organizational weaknesses that need to be addressed. Healthcare organizations 

should focus on process automation, the adoption of digital documentation systems, and 

ensuring transparent policy communication. These reforms are essential for standardizing 

onboarding processes and improving operational efficiency. 

Academic Implications 

The findings of this study offer valuable implications for academic research, 

particularly in the context of understanding the role of AI tools and organizational 

practices in shaping onboarding processes within healthcare settings. 

The research demonstrates that AI tools have the potential to significantly 

improve onboarding efficiency, but their full impact is contingent on user familiarity and 

the readiness of the organization. Future academic research could further investigate how 

AI technologies can be better integrated into existing onboarding systems. This research 

could focus on identifying best practices for the implementation of AI across different 

healthcare settings and organizational structures, including smaller versus larger 

healthcare organizations. 

Leadership support has been identified as a critical factor in successful 

onboarding, but the study also found variability in its implementation across 

organizations. Academic studies could explore the various leadership styles and their 

effectiveness in promoting successful onboarding. Research could focus on how 

leadership involvement differs based on organizational size, structure, and departmental 
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needs, offering insights into how leadership roles should be structured to best support 

onboarding processes. 

The study also identified systemic issues in healthcare onboarding, such as 

documentation delays and unclear HR policies, which impede the effectiveness of 

onboarding programs. These findings suggest that further research is needed to examine 

the structural reforms required to streamline onboarding processes in healthcare 

organizations. Additionally, academic studies could explore how digital solutions, such 

as automated credentialing systems, can alleviate these challenges and contribute to more 

efficient and standardized onboarding. 

The need for standardized onboarding practices across healthcare settings is a key 

takeaway from this study. This highlights the importance of research focused on 

developing national and institutional guidelines that promote consistency in onboarding 

practices. As the healthcare workforce becomes increasingly diverse, future studies could 

investigate how standardized onboarding can help healthcare organizations manage 

international recruitment and ensure compliance with regulatory standards. 

 

 

6.3 Recommendations for Future Research 

Building upon the findings of this study, several important directions are 

recommended for future research. These avenues aim to expand the understanding of AI-

enabled onboarding, improve implementation strategies, and address gaps related to 

effectiveness, scalability, and adaptability within healthcare organizations. 

1. Investigate the Integration of AI with Existing HR and ERP Systems 

Future research should examine how AI-based onboarding tools interact with 

existing Human Resource Information Systems (HRIS), Enterprise Resource Planning 
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(ERP) systems, and electronic health record platforms. Understanding the interoperability 

challenges and integration outcomes will provide insights into optimizing system 

performance and reducing redundancies. This is especially relevant for large healthcare 

organizations that rely on multiple digital platforms to manage workforce operations. 

2. Examine the Cost-Benefit Impact of AI-Driven Onboarding Tools 

While this study established the perceived effectiveness of AI tools in improving 

onboarding efficiency and accuracy, future studies should focus on evaluating the 

financial implications. This includes analyzing implementation costs, time savings, 

reduced turnover rates, and return on investment (ROI) for AI-enabled onboarding 

systems. A cost-benefit analysis would help healthcare administrators make data-driven 

decisions about adopting or scaling such technologies. 

3. Assess the Role of AI in Supporting Compliance and Regulatory Training 

Future studies could explore how AI tools contribute to ensuring compliance with 

legal, ethical, and accreditation requirements during onboarding. For instance, AI can be 

programmed to deliver mandatory training modules, track completion, and flag missing 

credentials. Research should investigate how effectively AI supports compliance-based 

onboarding, particularly in organizations with stringent regulatory obligations such as 

hospitals, mental health facilities, or eldercare centers. 

4. Evaluate the Scalability and Customizability of AI Tools Across 

Organizational Sizes 

As the current research indicated significant variation in onboarding challenges 

based on organization size, future research should focus on how scalable and adaptable 

AI onboarding tools are across small, medium, and large healthcare facilities. This 

includes analyzing whether AI systems perform equally well in centralized versus 
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decentralized HR environments, and whether the same tools can be customized to suit the 

onboarding needs of different departments or organizational structures. 

 

6.4 Conclusion 

This dissertation set out to explore and evaluate the evolving landscape of 

healthcare worker onboarding in the context of digital transformation, particularly 

through the integration of Artificial Intelligence (AI) tools. The study addressed four core 

objectives: measuring the impact of AI-driven tools on onboarding efficiency and 

effectiveness, identifying challenges in standardizing onboarding practices, analyzing key 

success factors, and evaluating the effectiveness of specific onboarding components. 

The findings reveal that AI tools are generally perceived as beneficial in 

enhancing onboarding outcomes, particularly in reducing time and improving data 

accuracy. However, their impact on employee satisfaction and automation of manual 

tasks is more modest, suggesting that AI should complement rather than replace human-

centric onboarding practices. At the same time, challenges such as documentation delays, 

inconsistent leadership involvement, credentialing inefficiencies, and unclear HR policies 

continue to hinder the effectiveness of onboarding programs—especially in larger 

healthcare organizations. 

Key success factors such as high-quality training, strong leadership support, 

effective mentorship, and team collaboration were identified as significant contributors to 

onboarding success. The study also confirmed the critical roles of orientation, training, 

and mentorship in fostering employee engagement and retention, with regression analysis 

underscoring their collective and individual influence. 

Taken together, the research highlights the need for healthcare institutions to 

adopt a more integrated, standardized, and digitally-enabled approach to onboarding—
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one that balances technological efficiency with human connection and organizational 

clarity. The implementation of AI-driven tools must be paired with strategic leadership, 

resource planning, and process optimization to maximize impact. 

 

 

 

 

 

 

 

 

 

 

 

 

APPENDIX A:  

QUESTIONNAIRE 

 

Instructions for Respondents: 

 

Please indicate how strongly you agree or disagree with each statement by selecting one 

of the following options: 

☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

Where:  

1 = Strongly Disagree 

2 = Disagree 

3 = Somewhat Disagree 

4 = Neutral 
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5 = Somewhat Agree 

6 = Agree 

7 = Strongly Agree 

If a statement is not applicable to you, please select 'Neutral' or leave it blank. 

Demographic Section 

1. What is your role in the organization? 

☐ Healthcare Worker 

☐ HR Professional 

☐ Manager 

 

2. How many years of experience do you have in the healthcare industry? 

☐ Less than 1 year 

☐ 1-3 years 

☐ 4-6 years 

☐ 7-10 years 

☐ More than 10 years 

3. What department or specialization do you work in? 

☐ Clinical (e.g., Nursing, Medicine) 

☐ Administrative (e.g., HR, IT) 

☐ Management (e.g., Department Head) 

 

4. How familiar are you with AI technologies used in Healthcare worker onboarding? 

☐ Very Familiar 

☐ Somewhat Familiar 

☐ Not Familiar 

5. What is the size of your healthcare organization? 

☐ Small (1-50 employees) 

☐ Medium (51-200 employees) 

☐ Large (201+ employees) 
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Section 1: Impact of AI-Driven Tools on Onboarding Efficiency and 

Effectiveness 

1. How much do you agree that AI tools have reduced the time needed for onboarding? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

2. To what extent do AI tools improve the accuracy of onboarding data? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

3. How much do you agree that AI tools improve employee satisfaction during 

onboarding? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

4. Do you believe AI tools can effectively replace manual onboarding tasks? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

Section 2: Challenges in Standardizing Onboarding 

1. How much do you agree that resource limitations (budget, personnel) hinder the 

implementation of digital onboarding? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

2. To what extent is there resistance to adopting digital onboarding in your organization? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

3. How much do you agree that technical difficulties (e.g., system bugs, integration 

issues) are barriers to standardizing onboarding? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

4. How much does the time and availability of leaders/managers affect the quality of 

onboarding? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

Section 3: Key Success Factors Influencing Onboarding 

1. How much do you agree that high-quality training programs improve the success of 

onboarding? 
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 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

2. To what extent does mentorship improve employee engagement and retention during 

onboarding? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

3. How much do you agree that leadership support is critical for successful onboarding? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

4. How much do you agree that adequate resources (training materials, guides) improve 

the success of onboarding? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

5. How strongly do you agree that team collaboration and integration are essential for 

successful onboarding? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

Section 4: Evaluation of Effectiveness of Onboarding Components 

1. How much do you agree that the orientation program provides enough information to 

help new employees succeed? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

2. How effective is the training component in preparing employees for their roles? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

3. How much do you agree that mentorship programs positively affect employee 

retention during onboarding? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

 

4. How much do you agree that the effectiveness of onboarding components 

(orientation, training, mentorship) significantly impacts employee engagement and 

retention? 

 ☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 
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Section 5: Assessment of Operational and Leadership Variables Affecting 

Healthcare Worker Onboarding 

(A) Understanding Issues Around Digital Systems (Credentialing, Health Screening, 
 Badging/Facility Access, etc.) 

1. I encounter difficulties with credentialing and access systems during the 
onboarding process. 

☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 
2. The health screening process ensures timely and accurate onboarding. 

☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

 (B) Documentation (Information Collection, Compliance, Certificates of Insurance, etc.) 

3. It is challenging to collect all required documentation (e.g., certificates of 
insurance, compliance forms) for new healthcare workers during onboarding. 

☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 
4. Documentation delays the onboarding process. 

☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

 (C) Core Leader/Manager Bandwidth Issues (Available for Queries, Help, Unblocking   
 Workplace Issues, SOP Walkthroughs, etc.) 

5. Leaders/managers are available to answer queries and help new healthcare 
workers during onboarding. 

☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 
6. Leaders/managers effectively walk new healthcare workers through standard 

operating procedures (SOPs) during onboarding. 

☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

(D) Delays in Healthcare Worker Relocations Affecting Onboarding  

7. How much do you agree that delays in healthcare worker relocation impact the 
overall efficiency of the onboarding process? 

☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

(E)  Ambiguity in HR Processes/Policies Affecting Onboarding 
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8. How much do you agree that unclear or ambiguous HR policies (e.g., relocation, 
offer letters, onboarding steps) negatively impact the onboarding experience? 

☐ 1 | ☐ 2 | ☐ 3 | ☐ 4 | ☐ 5 | ☐ 6 | ☐ 7 

 

 

 

 

 

 

 

 

APPENDIX B:  

INFORMED CONSENT 

 

Research title: application of artificial intelligence-based technologies for 

evaluating a healthcare provider’s maturity in the healthcare worker onboarding process 

Principal Investigator: My name is Naga Ravi Shankar Mulagaleti. I am a DBA 

learner at SSBM GENEVA. I am conducting a study and you are invited to participate. 

Purpose of the Study: 

The purpose of this study is to explore how AI-driven tools influence the 

efficiency and effectiveness of healthcare worker onboarding processes. It also aims to 

identify challenges in standardizing onboarding and assess key success factors. Your 

responses will help improve onboarding practices across healthcare organizations. 

Procedures: 
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If you agree to participate, you will be asked to complete a structured survey. The 

survey will include questions about your experiences, preferences, and perceptions 

regarding health insurance marketing strategies. It will take approximately 15–20 minutes 

to complete. 

Confidentiality: 

All information you provide will be kept confidential and used solely for 

academic purposes. Your responses will be anonymized to ensure that no personally 

identifiable information is included in the study's results. The data will be securely stored 

and accessed only by the researcher and authorized personnel. 

Potential Risks and Benefits: 

There are no significant risks associated with participating in this study. Your 

participation will contribute to valuable insights into improving health insurance 

marketing strategies, which may ultimately benefit consumers and the industry. 

Consent Statement: 

By signing below, you confirm that you have read and understood the information 

provided above. You consent to participate in this study and allow the researcher to use 

your responses for academic purposes. 

Participant's Name: ___________________________ 

Participant's Signature: _______________________ 

Date: _______________________________________ 

Researcher’s Signature: _______________________ 

Date: _______________________________________ 
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