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The onboarding process in organizations presents significant challenges for new 

employees, particularly in accessing specific information quickly and adapting to the new 

role and work environment. This often requires continuous mentoring by senior employees 

or experts, who may not always be available. To address this issue, this thesis investigates 

the potential of Artificial Intelligence (AI) to enhance the onboarding process by proposing 

the design of a Modern Onboarding Agent (MONA). 

The study focuses on the use of AI, especially conversational agents, to make onboarding 

more efficient, personalized, and engaging. A quantitative methodology is employed, 

utilizing a structured survey to gather data on onboarding practices, interaction preferences 

with MONA, and comfort with data privacy. The survey is designed based on an extensive 

review of conversational agents used in onboarding and is conducted among employees 

from various organizations with higher education levels. Statistical analysis of the survey 

responses informs the design of MONA. 

Design Science Research (DSR) is applied to create a framework that identifies key 

findings (KFs) from the data to derive design principles (DPs). The study reveals that 

while most companies have formal onboarding procedures, few customize them by role, 

resulting in inadequately prepared new hires and lower job satisfaction. Survey 



 
 

 

 

respondents expressed a preference for interactive and personalized onboarding 

experiences, highlighting the importance of customization for user engagement and 

satisfaction. Another critical finding is the necessity for strict data protection measures due 

to the importance of privacy and data security. 

Based on these results, the thesis proposes several design principles for MONA, including 

personalized onboarding programs, interactive learning elements, prompt support, strict 

data security measures, and continuous user engagement. The research highlights the 

importance of customization, interaction, and secure data management in creating an 

effective onboarding agent. Further insights in this direction include incorporating 

continuous user input, performing scalability testing in various organizational contexts, and 

integrating advanced AI features such as predictive analytics and enhanced emotional 

intelligence. In summary, this thesis establishes a strong foundation for developing AI-

driven onboarding solutions, with MONA exemplifying a tailored and engaging 

onboarding experience for employees.  
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1  Introduction 

During the last decade, artificial intelligence (AI) has made significant advances in the 

fields such as gaming, medical diagnostics, logistics systems, autonomous driving, 

language translation, finance, and travel, as per Stanford University’s official report on AI. 

Especially, the last five years has witnessed significant advancements in various key 

subfields, such as language comprehension and generation, speech recognition and 

generation, vision, planning, video generation, multi-agent systems, and decision-making 

etc (Stanford University, 2022). The advent of deep learning (Lecun et al., 2015a) followed 

by the transformer architectures (Vaswani et al., 2017) with attention mechanism has 

substantially enhanced the performance of AI algorithms. It has ultimately led to the 

launch of ChatGPT by OpenAI (OpenAI, 2022) in November 2022 which heralded a new 

era in generative AI by making a CA accessible to everyone. After ChatGPT, the CAs have 

become so popular and deemed so useful that they have been considered for training and 

mentoring on large scale (Wahde & Virgolin, 2022).  

According to an article by Forbes, AI is a revolution that will empower the one to do the 

work of many (Forbes, 2023). AI-driven talent management systems can analyze large 

datasets to extract meaningful insights, enabling better alignment of employees’ skills with 

organizational needs (Faqihi & Miah, 2023). The application of AI in talent management 

industry has increased the optimization significantly (Natarajan et al., 2024). According to  

Vishwanath et al. (2023), the incorporation of AI into talent management processes has 

marked the opening of a novel era in the workplace. According to Dinika Mahtani, 

Principal at Cherry Ventures, Generative AI (GenAI) will boost personalised and applied 

learning at work and at home. Linear career paths will be replaced by machine-driven and 

peer-to-peer learning as courses and books become outdated (Forbes, 2023). However, the 

domain of talent management is still under-explored with respect to the use of AI for 

enhancing the onboarding and talent management processes (Vishwanath & Vaddepalli, 

2023).  

To contribute to the under-explored area of AI and onboarding, this thesis explores the 

implications of AI in the process of onboarding and training new employees using CAs and 

virtual agents that offer personalized and interactive onboarding experience.  
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1.1  Research problem and motivation 

The process of onboarding involves the integration of newly hired individuals into a 

company, providing them with an understanding of its values, norms, and operational 

procedures (Lalwani, 2023). This process of onboarding and training new employees 

within an organization is a complicated task that entails various challenges (Crail & Watts, 

2023). According to Saurabh Wani (2022), an analyst at Scribe, a significant challenge 

encountered during the process of onboarding new employees is the absence of separation 

of roles and responsibilities. Newly recruited employees frequently encounter difficulties 

in understanding their assigned duties and getting mentorship for a seamless onboarding 

process which results in confusion and a subsequent decline in productivity. Information 

excess is yet another issue that makes access to the relevant information an ordeal to new 

employees (Wani, 2022). Newly hired personnel frequently encounter a substantial volume 

of information within a limited timeframe, leading to feelings of being overwhelmed which 

results in impeding their capacity to effectively retain and apply the acquired knowledge 

(Wani, 2022).  

One additional obstacle that arises in conventional onboarding approaches is the absence of 

personalization and standardisation (Kumar & Pandey, 2017). They further state that 

traditional onboarding approaches prove inadequate in addressing the distinct requirements 

and behavioural interests of individual employees, thereby hindering their levels of 

involvement and qualifications for employment. New hires today expect more flexibility, 

customisation, and personalisation in onboarding (Jeske & Olson, 2022). One can argue 

that poor systems for onboarding can result in diminished self-assurance among employees 

in their new positions, increased levels of involvement, and an elevated likelihood of exit 

from the organization (Kumar & Pandey, 2017). On the other hand, the implementation of 

a systematically established and efficient onboarding procedure has the potential to 

enhance employee retention rates by as much as 50% and elevate productivity levels by 

62% (Kim-Schmid & Raveendhran, 2022). Moreover, it can also significantly reduce the 

onboarding time and costs. 

In order to overcome these challenges, organizations must establish a thoroughly planned 

and organized onboarding process that is both effective and consistent, while also tailored 

to the unique needs of every new employee.  In recent years, there has been a growing 
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trend among companies to allocate resources for conversational AI solutions as a means of 

addressing various challenges (Krajka, 2023). These solutions have the capability to 

automate tasks that are repetitive in nature, offer feedback in real-time, and tailor the 

onboarding process to cater to the specific requirements of individual employees.  

While much work has been done on the topic of CAs, less attention has been paid to their 

potential as social actors that can build long-term relationships with the users (Strohmann 

et al., 2023). The authors term this relationship as ‘Virtual Companionship’. Applying CAs 

(AI agents) to the onboarding process can prove to be a very good use case for these 

agents, as they have the potential to significantly transform productivity in many enterprise 

workplace scenarios(Chandar et al., 2017). However, there are certain limitations with 

those agents. These limitations include but are not limited to, personalization, 

understanding the user needs, ethics and privacy, adaptability and adaptivity, transparency, 

learning from the user, human-like behaviour, and relationship building. 

The motivation of this thesis revolves around addressing these limitations in CAs to 

provide a personalized experience in onboarding. The aim is to lay the foundation of VCs 

which are extension to the existing CAs to provide tailored onboarding experience. The 

onboarding CAs should be able to understand user’s needs and adjust their behaviour 

accordingly. The research questions stemming from this approach are mentioned in the 

chapter 1.3 . 

1.2  Research aim & objectives 

This study intends to address the existing limitations in AI-driven onboarding solutions by 

identifying key requirements and formulating DPs that ensure enhanced effectiveness, 

personalization, and adaptability in onboarding practices as these are the main areas for 

improvement as identified by (Kumar & Pandey, 2017; Jeske & Olson, 2022).  

Once the onboarding challenges have been identified and the key requirements for 

enhancement of the onboarding process are established, the research aims to develop a set 

of design principles (DPs) for creating an interactive and personalized conversational agent 

(CA) specifically designed for the onboarding process. The potential objectives of this 

research are to: 
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1. Identify the key challenges in current onboarding processes: Analyze existing 

onboarding methodologies, pinpointing areas where they fall short, specifically 

focusing on issues of personalization, user specific needs, and adaptability. 

2. Assess the impact of CAs on employee engagement and productivity: Explore 

how the integration of AI-driven tools in onboarding can enhance employee 

engagement, confidence, and productivity levels, aiming to quantify these benefits. 

3. Formulate the design principles (DPs): Identify key requirements and formulate 

DPs to enhance the onboarding process. 

4. Evaluate the ethical considerations and user acceptance: Consider the ethical 

implications of using AI in onboarding and training and assess the potential 

acceptance of such technology by new employees. 

 

1.3  Research questions 

The main research problem is to investigate the design and application of an interactive AI-

driven onboarding agent to enhance the onboarding process for new hires. Based on the 

research problem and motivation presented in the chapter 0, and the objectives presented in 

the chapter 1.2 , this study intends to find answers to these three questions: 

 

RQ1: What are the challenges and shortcomings in the current onboarding processes for 

new hires? 

This question aims to understand the practices, processes, and challenges in the current 

onboarding processes. Furthermore, this question will help identify the areas for 

improvement. This answer to RQ1 is provided in chapter 2.1 . 

 

RQ2: How can an interactive and personalized AI-driven CA enhance employee 

engagement, confidence, and productivity during the onboarding process? 
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This question explores the potential impact of CA on key onboarding outcomes. It seeks to 

determine how integrating AI-driven tools can improve the overall onboarding experience, 

thereby enhancing new employees' engagement, confidence, and productivity. This 

research question is addressed in chapter 2.2 . 

 

RQ3: What ethical considerations and user acceptance factors need to be addressed in the 

design and implementation of a CA for onboarding? 

This question examines the ethical implications of using AI in onboarding, focusing on 

data privacy, transparency, and user trust. It aims to identify the necessary measures to 

ensure that the onboarding tool is ethically sound and widely accepted by new employees. 

This question is addressed and answered in chapter 5.2 . 

These questions collectively aim to provide a comprehensive framework for developing a 

new personalized CA for onboarding, addressing its design, impact, and ethical 

considerations. 

1.4  Research contributions 

The contributions in this thesis can be summarized as follows: 

1. Design and implementation of a structured survey to collect quantitative data on current 

onboarding practices, preferences for AI interaction, and data privacy concerns. 

2. Statistical analysis of the survey data to find the correlations among survey constructs 

and responses.  

3. Application of Design Science Research (DSR) to formulate design principles (DPs) for 

the design of a modern onboarding agent (MONA) 

4. Proposal for the development of MONA based off the DPs  
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2  Theoretical background 

This chapter provides the research's theoretical foundation by exploring the models, 

relevant literature, and established frameworks that are necessary to understand the 

challenges of developing an AI-driven, adaptive, virtual onboarding companion. 

2.1  Onboarding: definition, importance, challenges, and practices 

This chapter explores the onboarding process, its history, and elaborates on its key 

elements. It also discusses the common and best practices and primary challenges that 

organization and employees have to face during the onboarding process. 

2.1.1  Definition and history 

According to Maurer (2022), onboarding is a comprehensive process designed to acquaint 

newly hired individuals with the specific details and requirements of their future tasks. The 

objective of this process is to ensure a seamless and inclusive experience, facilitating the 

acquisition of essential skills and attitudes expected from new employees within the 

organization (Kumar & Pandey, 2017). 

Employee onboarding is a comprehensive procedure that encompasses all the necessary 

steps and activities involved when newly hired individuals commence their employment. 

According to Crail & Watts (2023), the process encompasses the fulfilment of 

administrative tasks, the establishment of workstations and provision of computer access, 

communication of role requirements, and facilitation of social introductions, all of which 

are essential for the successful integration of individuals into a new organizational setting. 

According to Lalwani (2023), onboarding is a process that involves the integration of 

newly hired individuals into a company by providing them with an understanding of the 

company's values, norms, and operational procedures.  

Based on the above-mentioned definitions, the essentials of onboarding are illustrated in 

the Figure 1 on the next page. 
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Figure 1 shows the components of an onboarding process according to the definitions of  

[Crail & Watts, 2023;Maurer, 2022;Lalwani, 2023;and Kumar & Pandey, 2017) 

The green circles represent general company and people-related information, while the 

orange circles represent role-specific guidelines and relevant abilities for continuous and 

efficient onboarding. The blue circles denote HR and legal paperwork, as well as other 

administrative and operational tasks, required to officially start the job. The grey circle 

calls attention to the familiarity with equipment, software, and hardware, as well as the 

process of setting up workstations. 

Onboarding generally extends beyond the requirements and the components mentioned in 

the preceding section. According to Dai & De Meuse (2007) the term “onboarding” is a 

relatively recent addition to the terminologies.  For several decades, scholars in the field of 

organizational research have been conducting investigations on the topics of “new 

employee orientation programs” and “socialization techniques”. The term “onboarding” 

originally emerged as 'organizational socialisation' in academic discourse. The research, 

Onboarding
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Company's 
culture & 
policies

People & 
Team 

Introductions

Role specific 
instructions & 

description

Skills 
Development

Setting up 
devices & 
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Figure 1: Components of onboarding process 
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development, and conceptualization of this idea were undertaken by J. Van Maanen and 

E.H. Schein in the 1970s (Greenwood, 2020). 

Socialization is a term that has been used throughout the history to refer to the process by 

which an individual acquires the attitudes, behaviours, and knowledge necessary to 

successfully participate as a new member of an organization (Van Maanen & Schein, 

1977). The process of adjusting a new employee to the culture of an organization can be 

thought of within the broader context of “onboarding” (Dai & De Meuse, 2007). 

In late 90s, the term socialization changed into ‘employee training’. According to a study 

conducted by (N. R. Anderson et al., 1996) 93% of the companies mentioned that they 

have an ‘employee training’ program in place to familiarize new hires with the 

organizational culture, people, and processes.  However, training is not the same as 

onboarding. According to ClickBoarding (2022b), although the concepts of training and 

onboarding are closely interconnected, they are distinct processes with unique 

characteristics. Training encompasses various responsibilities and tasks that are inherently 

linked to a particular occupation or position. In contrast to the onboarding process, training 

focuses on instructing individuals on the procedural elements involved in accomplishing 

essential tasks, while also providing guidance on the effective utilization of relevant 

technology and tools to achieve successful performance. 

The term ‘onboarding’ became more visible during the last two decades (Bauer, 2015). 

Talya N. Bauer from Portland State University conducted a survey in 2015 to determine 

the number of companies have induction programs to introduce new hires to the company. 

According to the survey results, over 60% of the participating companies mentioned that 

they have some kind of ‘onboarding’ program to settle the new hires into the company’s 

environment. They further mentioned that this program is beyond the basic introduction 

program (Bauer, 2015). Figure 2 summarizes the overall evolution of the term and the 

concept of onboarding.  
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Figure 2: Evolution of onboarding concept 

 

From the historical perspective, it is visible that the term and the concept of onboarding has 

evolved over the years, as it is evident by the research carried out by (Greenwood, 2020), 

(N. R. Anderson et al., 1996), and (Bauer, 2015). 

While it was only about adopting the culture and norms of the company back in 70s, it 

changed to learning job specific skills later in the 90s. However, in recent times, 

onboarding consists of many essential elements which are the combination of socialization 

and training. These elements have been discussed in the chapter 2.1.1 .  

2.1.2  Onboarding challenges faced by organization 

According to Kivinen (2023), many businesses still struggle to integrate new hires 

successfully, despite large investments in onboarding initiatives. Consequently, these 

outcomes appear as lost return on investment, extended duration for employees to reach 

optimal productivity levels, elevated rates of employee attrition, and discontent among 

hiring managers.  

Research has revealed a number of typical onboarding process challenges that may have a 

detrimental effect on new hires' performance in their positions. (HR Cloud, 2022) list 12 

possible mistakes that happen during the onboarding process. These inlcude misleading job 

descriptions, little to no pre-boarding, bad first-day impression, neglecting employee’s 

feedback, lack of quality information for new employees, lack of establishing goals and 

expectations, neglecting to explain the employee onboarding software, giving too much 

information too quickly, not staying consistent, not addressing cultural and generational 

differences, assuming new skills won't need refreshers and not having onboarding 

information for individual roles (HR Cloud, 2022).  

1968-1990

• Socialization

1990-2000s

• Training

2000s-Present

• Onboarding
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Regardless of the industry, onboarding challenges are frequent in business, but that does 

not make them acceptable. According to Grant (2016) 26% of employees quit because of 

incompetent supervisors or coworkers, and 44% of workers quit within six months due to 

inadequate training or a lack of job guidelines. According to Davila & Pina-Ramirez 

(2018), within the first 12 months of their employment, half of the newly hired employees 

quit.  

In addition to its effect on retention, onboarding is highly correlated with business 

outcomes. Excessive employee turnover costs money because it takes longer to find and 

train new hires and results in the loss of important resources (Kivinen, 2023).  

While the low rate of employee retention is a concern in all industries, the information 

technology (IT) sector faces unique challenges as a result of it. Companies in the IT 

industry have long been concerned about the high turnover rate in this field.  According to 

(Booz, 2018), the IT sector has one of the highest rates of employee turnover, with 13.2% 

in 2017 being the highest rate of any job sector. According to a study by Walker-Schmidt 

et al. (2022), over 50% of developers leave the company in the first twelve months, 

amounting to a turnover rate of 21.7%. 

According to data from exit interviews, employees quit a company due to a variety of 

reasons, including poor onboarding, strained relationships with managers, and a lack of 

meaningful work. An employee may feel disconnected from their daily responsibilities, 

their supervisor, or their values do not align with the mission, vision, and values of the 

company (Walker-Schmidt et al., 2022). 

According to Kumar & Pandey (2017), it is very likely that employees who have a bad 

onboarding experience will leave the company shortly after which implies that the 

company does not value its people and is not a desirable place to work. Additionally, this 

may make it harder in the future to draw in top talent. 

2.1.3  Traditional onboarding practices 

According to Byford et al. (2017), many companies hold the perception that they 

effectively integrate newly recruited personnel into their organizational structure, even 

though their efforts in this regard are inadequate. Most large corporations demonstrate 
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proficiency in the fundamental administrative aspects of employee onboarding. In their 

research article ‘Onboarding isn’t enough’, Byford et al. (2017) point out that this 

fundamental level of onboarding inadequately addresses the potential challenges that may 

arise when individuals commence collaboration with new colleagues and navigate 

unfamiliar cultural norms and expectations. 

Joseph & Sridevi (2017) call these challenges the result of obsolete and poor methods to 

handle new talent. According to Joseph & Sridevi (2017),  the term "obsolete onboarding 

practices" pertains to conventional approaches used to integrate new employees into an 

organization, which have become ineffective or inefficient in the contemporary workplace. 

These practices frequently demonstrate a lack of effectiveness in engaging newly hired 

employees, inadequately equipping them for their assigned responsibilities, and potentially 

resulting in diminished job satisfaction and increased turnover rates. (Dai & De Meuse, 

2007) found out that only 30% of global executives were satisfied with their company’s 

current onboarding practices.38% rated it just average, 22% rated it below average, and 

10% rated it as poor. 

A number of studies, such as (Joseph & Sridevi, 2017), (Walker-Schmidt et al., 2022), 

(Grant, 2016), (Zavvy, 2018), (hrOnboard, 2020), and (Bahr, 2018), have identified several 

actions that can be classified as a traditional or obsolete onboarding practice which 

ultimately give rise to the challenges previously discussed. Some of these traditional 

practices are:  

 

• One-day onboarding: The conventional onboarding process typically 

encompasses a single-day orientation session during which newly hired employees 

are acquainted with the organization and its various functions. Nevertheless, this 

particular methodology may prove to be excessively burdensome for newly 

recruited employees and fails to offer continuous assistance during their transitional 

phase into their respective positions. 

• One-size fits all approach: The conventional onboarding process frequently 

adheres to a standardised approach that fails to consider the distinct requirements 

and preferences of individual new employees. 
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• Initial support only: The conventional onboarding process typically concludes 

after the initial day or week, thereby depriving newly recruited individuals of 

continuous assistance as they adjust to their new positions. 

• Paper-based learning: The conventional approach to onboarding frequently 

employs passive learning techniques, such as studying written manuals or the 

attendance of informative presentations. 

• Limited feedback opportunity: The conventional process of onboarding 

frequently lacks provisions for newly hired individuals to offer feedback regarding 

their onboarding encounter. 

• Missing Manager/Buddy: Insufficient mentorship programmes or the lack of a 

buddy system can result in new employees experiencing a sense of isolation. 

• Information overload: Instead of a step-by-step approach, many companies throw 

tons of material on the new hires right in the beginning of their employment, 

causing an information overload.  

 

 Figure 3 summarizes and visualizes the obsolete practices discussed above. 
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Figure 3: Challenges in current onboarding process 

 

2.1.4  Benefits of effective onboarding 

According to Crail & Watts (2023), Onboarding is about making or breaking the spirit of 

newcomers. They further add that since it is the first time a new employee sees how your 

company does business and interacts with its employees, the onboarding process can have 

a positive or negative impact on their overall impression of working for your organization 

(Crail & Watts, 2023). 

Dai & De Meuse (2007) offer a comprehensive analysis in their scholarly work, explaining 

the significance of onboarding and addressing the question of its importance. The authors 

begin their analysis by examining relevant data and historical factors linked to the 

onboarding process. This examination yields valuable insights into the advantages of a 
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proficient onboarding programme, namely increased levels of job satisfaction, elevated 

efficiency, increased retention rates, and improved job performance. The concluded that 

64% of the executives hired from outside the company will fail at their job (Dai & De 

Meuse, 2007).  

(Byford et al., 2017) conducted a study in which 588 executives at the Vice President level 

and higher positions participated. The results of the conducted survey indicate that 

employees who undergo a structured onboarding programme upon being hired are able to 

achieve full performance at a faster rate compared to those who do not receive such a 

programme. Another study (The Workplace Institute, 2023) revealed that organizations 

that implemented a structured onboarding programme exhibited an average retention rate 

of just over 90%, in contrast to organizations lacking such a programme, which 

demonstrated a retention rate of merely 60%. 

It has been established that the implementation of a well-designed onboarding process is 

associated with enhanced employee retention rates, which results in potential cost 

reductions for the organization (Dai & de Meuse, 2007). The study by (Byford et al., 2017) 

found that the duration required for newly recruited employees to attain a similar level of 

performance can be reduced by one-third, specifically from six months to four months, 

through the implementation of an efficient onboarding programme.  

According to Crail & Watts (2023), there are multiple advantages of an efficient 

onboarding process. According to the authors, these benefits include but are not limited to 

increased retention, increased job satisfaction, improved efficiency, cut down in 

onboarding costs, reduction in onboarding time, and a better understanding of company’s 

and team’s dynamics. Figure 4 visualizes the most prominent benefits of effective 

onboarding, as demonstrated from literature review. 
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Figure 4: Benefits of effective onboarding process 

2.2  AI-Driven onboarding: What, How, and Why? 

This chapter talks briefly about AI and its applications across talent management domain, 

especially onboarding of the new employees. Also, this part of the research explores the 

literature related to the use of AI for onboarding, and its limitations. 

2.2.1  AI and HCAI: The What 

Before diving into the topic of AI-driven onboarding, it is necessary to understand AI and 

Human-Centered AI (HCAI). The term AI was first introduced by John McCarthy, a 

former Stanford Professor, in 1955. McCarthy defined AI as “a field of science and 

engineering that focuses on creating intelligent machines” (Manning, 2020). According to 

Tecuci (2012), AI is a field of study and application that focuses on the development of 

systems capable of demonstrating human-like intelligence in their behaviour. It 
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encompasses both the theoretical and practical aspects of this endeavour, combining 

scientific principles with engineering techniques. 

According to Christopher Manning (2020), a professor of Human-Computer Interaction at 

Stanford University, a significant amount of research has been conducted on the 

programming of machines to exhibit intelligent behaviour, such as playing chess. 

However, the current focus is on developing machines that possess the ability to learn, 

albeit to a limited extent, similar to human beings. This he calls as Human-Centered AI. 

(Riedl, 2019) defines HCAI as, “Human-Centered AI (HCAI) is a perspective that 

emphasizes the importance of designing AI systems with a deep understanding of human 

needs, values, and behaviours”. (Manning, 2020) defines HCAI as, “AI that seeks to 

augment the abilities of, address the societal needs of, and draw inspiration from human 

beings”.  

According to Lowther (1993), AI has demonstrated its effectiveness in a diverse range of 

industries and areas, including aerospace, law, biotechnology, manufacturing design, 

media and music, operations management, personnel management, and medicine. 

However, Kivinen (2023), in her research argued that the area of onboarding is still 

underexplored, and AI can play vital role in effective onboarding. That is where this 

research will play its role.  

2.2.2  Incorporating AI & onboarding: The How 

In their article for Forbes, Crail & Watts (2023), pointed out that onboarding the new 

employees into a company is a complicated process and comes with its own challenges. To 

overcome these challenges, several futuristic companies are leveraging AI technology to 

improve their employee experience by integrating social networking software. Newly 

recruited employees are granted the opportunity to access internal blogs or wikis, 

facilitating discussions regarding their experiences and enabling them to offer feedback on 

the onboarding process (Kivinen, 2023). 

According to Dellermann et al. (2019), two methods exist for humans and AI systems to 

work together: one involves AI integrated with human intelligence, and the other involves 

human intelligence integrated with AI. The first type pertains to the application of AI in 
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aiding human decision-making, such as through data processing and subsequent prediction. 

The second approach pertains to interactive and supervised learning procedures wherein a 

human assumes the role of an AI's instructor. This concept has been defined as ‘Hybrid 

Intelligence’.  An illustration for the concept is shown in Figure 5. 

 

 

 

 

 

 

 

 

 

 

 

The fundamental justification for this approach lies in the integration of diverse and 

complementary forms of intelligence, specifically those possessed by both human beings 

and artificial agents. This integration aims to establish a socio-technological system that 

surpasses the existing constraints of AI. This approach does not prioritise the integration of 

human intelligence within the AI system, nor does it emphasise the automation of basic 

tasks. The focus, instead, is placed on addressing intricate issues through the intentional 

distribution of tasks among various algorithmic and human agents with diverse 

characteristics. The human and artificial agents within these systems can engage in co-

evolutionary learning processes, leading to enhanced overall system performance. This 

justification has been provided by (Dellermann et al., 2019) and is important to understand 

the role of AI in onboarding. 

Based on the justification of hybrid intelligence, related work can be categorized into two 

main research streams. The first one focuses on AI applications in human resource 

management (HRM), and the second one looks at how businesses can use AI to enhance 

the employee experience. In reference to the first stream, onboarding's subordinate role is 

Hybrid Intelligence 
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Figure 5: Hybrid Intelligence (adopted from Dellermann et al., 2019) 
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discussed in several papers on AI in HRM. For example, (Prikshat et al., 2023) focused on 

the employee adoption of AI while (Votto et al., 2021) focused on how AI can support new 

employees from administrative point of view such as work tracking or training analysis.  

(Ritz et al., 2023) talks about the concept of ‘Artificial Socialization’ and the potential 

applications of AI for automating and enhancing the onboarding processes.  (Kivinen, 

2023) in her research, pointed out that AI can help organizations achieve some level of 

operational performance by automating some tasks of onboarding process i.e., sending 

links to a new-hire Wikipedia to retrieve basic information about role and the company. 

2.2.3  Benefits of using AI for onboarding: The Why 

(Becker & Bish, 2021) in their work, highlight that through effectively designed 

onboarding processes, organizations can make sure that the new hires reach their full 

potential and see a return on their investment in the hiring process. They further explore 

the concept of ‘unlearning in onboarding’ and provide a framework to use this concept in 

various ways, such as AI and unlearning. 

(Ritz et al., 2023) and (Kivinen, 2023) talk about the use of AI chatbot to help new hires 

get swift answers to their questions by harnessing the power of frequently asked questions 

(FAQs). However, these are not the only ways AI can be used to improve onboarding 

experience. (Zavvy, 2018) and (Crail & Watts, 2023) list several possible use cases of AI 

for onboarding to help both the organizations and the new hires. These use cases are 

helpful in overcoming the onboarding challenges previously discussed in chapter 2.1.2 . 

Some of these use cases are listed below:  

• Automating Mundane Tasks: AI has the capability to automate routine duties, 

including the completion of forms, authentication of documents, and allocation of 

resources. This automation allows HR personnel to allocate their time and effort 

towards more strategic objectives (Bhargava, 2022). 

• Personalized Onboarding Plans: AI algorithms possess the capability to examine 

various data related to recently hired personnel, encompassing their proficiencies, 

prior work experience, and job requirements. This analytical process enables the 
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development of personalized onboarding strategies that are specifically designed to 

cater to the unique requirements of an individual (Tucker, 2023). 

• Progress tracking and adaptation: AI has the capability to monitor and analyse a 

user's development throughout the onboarding plan, thereby enabling the 

customization of the experience based on individual needs(Madro, 2023). 

• Real-time feedback and support: AI-driven chatbots and virtual assistants have 

the capability to offer immediate and continuous support by responding to 

frequently asked questions and providing guidance on organizational policies and 

procedures (Krajka, 2023). 

• Enhanced efficiency: AI has the potential to enhance the efficiency of the 

onboarding process through the automation of manual tasks and paperwork, 

resulting in a reduction of the temporal and cognitive resources expended during 

onboarding procedures (CASMDATA, 2023). 

By leveraging AI in the onboarding process, organizations can create a more efficient, 

personalized, and engaging experience for new employees as shown in the Figure 6. 



30 
 

 

 

 

Figure 6: Benefits of using AI for onboarding process 

2.2.4  Limitations in the current literature 

From the organizational socialization theory (Van Maanen & Schein, 1977), only the 

selection of employee-related principles, such as role clarity, was made to identify the 

appropriate way to engage with AI within an organizational context. (Chowdhury et al., 

2022a) in their research studied the socio-technical systems (STS) and only the impact of 

AI-human collaboration on the success of an organization.  However, there is still a huge 

gap in the research surrounding the use of AI for onboarding. (Ritz et al., 2023) highlighted 

that AI for onboarding has been mentioned in the literature fleetingly here and there 

without any analysis of the prior onboarding process to identify the possible applications 

and use of AI. That is why most of the researchers so far have only recommended the use 

of chatbots. For example, (Meyer von Wolff et al., 2020) suggested the use of AI chatbots 

to answer the questions that arise from new hires in an organization. (Kivinen, 2023) also 

came up with an AI-driven chatbot as a solution to the problem of onboarding developers 

in their organization. 

In summary, the domain of AI-driven onboarding is still underexplored and the literature 

on this topic is very limited. 
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2.3  Chatbots: definition, history, and applications 

This chapter briefly discusses the definitions and history of chatbots, their existing 

applications especially in the onboarding domain, and their limitations. 

2.3.1  Definition and history 

According to Adamopoulou & Moussiades (2020), ‘a chatbot is a computer program that is 

meant to simulate conversations with the human users, especially over the internet’. (Main 

& Watts, 2022) define chatbot as ‘a computer program that simulates human conversations 

to solve customer problem’. Pérez-Soler et al. (2020) defined chatbot as ‘a software service 

which is accessible via communication in natural language to get help in various scenarios 

such as booking flights, answering developer’s questions etc’.  

Chatbots are very common nowadays; from Facebook Messenger to WhatsApp Business, 

airline booking page to workplace Slack, chatbots are there to help consumers (IBM, 

2022). The Turing Test (“Can machines think?”), introduced by Alan Turing in 1950, 

marked the introduction of the concept of a chatbot. This test aimed to determine whether 

machines possess the ability to exhibit human-like intelligence and thought processes 

(Turing, 2009). The very first implementation of a chatbot, known as Eliza, was created in 

1966. Its primary function was to simulate a psychotherapist by responding to user inputs 

in the form of questions (Weizenbaum, 1966). The conversational ability of the chatbot 

was subpar, yet it proved sufficient to puzzle people during a period when human-

computer interaction was unfamiliar, thereby motivating the subsequent advancement of 

alternative chatbot technologies (Klopfenstein et al., 2017). Error! Reference source not 

found. shows different chatbots that were introduced over time.  
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Figure 7: History of chatbots 

In 1972, a chatbot with a personality named PARRY was developed, which was an 

improvement over ELIZA (Adamopoulou & Moussiades, 2020). The chatbot known as 

ALICE was developed in 1995, and it was awarded the Loebner Prize several times. In the 

history of computers, it was the first one to achieve the title of “most human computer” 

(Wallace, 2009). Following ALICE, chatbots like SmarterChild, IBM Watson, Apple SIRI 

and Google Assistant were developed in the years through 2001 to 2016 (Adamopoulou & 

Moussiades, 2020). 

2.3.2  Applications and limitations of chatbots in onboarding 

The primary objective of developing chatbot systems was to replicate human conversation 

and entertain users. Education, business, e-commerce, and talent management are just a 

few of the many fields that can benefit from chatbots (Abu Shawar & Atwell, 2007). 

Within the realm of mental health, they serve diverse functions including therapy, training, 

and screening (Abd-Alrazaq et al., 2019). Chatbots in e-learning can assist students by 

understanding what they are looking for and responding to them (Colace et al., 2018). 

Additionally, they can be employed in project management to mechanise repetitive tasks 

and data processing (Cīrule & Bērziša, 2019). 

1966

•ELIZA

1972

•PARRY

1995

•ALICE

2001

•Smarter
Child

2010

• IBM 
Watson

2011

•Apple 
SIRI

2014

•Amazon 
ALEXA

2016

• Google 
Assistant



33 
 

 

 

Chatbots have been around for several decades, but they only started to gain popularity 

after 2016 as evident from Scopus document search (Scopus, 2023). Figure 8 shows the 

popularity curve for the chatbots, both in terms of studies and applications. 

 

 

Figure 8: Scopus search results for the keyword 'chatbots' 

 

The use of chatbots in new employees’ onboarding has been explored in several studies. 

Some of these studies are summarized as following: 

Study 1: (Sörensen, 2017) conducted a study to analyze the new employee’ expectations 

of a chatbot in an insurance company. Two chatbots were designed as a part of data 

collection. There were two distinct ways in which the two chatbots were intended to help 

the user: Sarah was intended to provide answers that were pre-defined, whereas Caroline 

provided more leeway in the answers that she provided. It was discovered by the 

researcher that novice users have high expectations for chatbots during the onboarding 

process. His study showed that there are some key features which must be present in a 

chatbot for onboarding purposes. These elements include but are not limited to ability to 

provide concise answers and references when needed, ability to show progress and make 
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recommendations, ability to maintain user’s history and conversation flow, and ability to 

handle input when intentions are not clear. 

Study 2: (Asher, 2017) investigated the possibility of creating a simple chatbot that new 

employees can use through a messaging app or other interface to ask questions and get 

various types of information whenever they need it. The Chatfuel-powered chatbot was 

tested by new hires at a corporate company. The users were requested to explore the 

chatbot freely, then take a survey. Both qualitative and quantitative chat logs and analytics 

were used to analyse the interactions. The study showed that an onboarding chatbot can 

help organisations communicate with new hires during their first weeks and afterward, 

serving as an information source and broadcaster. The researcher concluded that chatbots 

can provide new hires with information to get up to speed and create a positive experience 

that increases workplace familiarity.  

Study 3: (Carayannopoulos, 2018) investigated the potential of chatbots in alleviating two 

primary challenges encountered by first-year students: a feeling of disconnection from 

their instructors and the overwhelming amount of information they receive. The researcher 

collected data by deploying an information bot. Carayannopoulus highlighted the 

importance of social factor in a chatbot. The researcher emphasized that chatbots are an 

unexplored tool. They have the benefit of addressing information overload as well as 

making the new student feel socially connected without increasing instructor workload. 

Study 4: (Westberg, 2019) proposed that HR can save time and effort by utilizing chatbots 

to assist new hires with the onboarding process. A chatbot was created as part of this study 

to assist a big company with their onboarding process. The requirements for the chatbot 

were developed through interviews with new hires and HR personnel. Two groups were 

formed from these: those requiring information and those requiring functionality. The 

researcher used two cognitive services, Language Understanding Intelligent Service 

(LUIS) and QnA Maker, to build a chatbot prototype using Microsoft Bot Framework. The 

new hires were requested to ask all sorts of personal and practical details, as well as details 

about the company, its systems, and other workers, through the chatbot. It became clear 

that the chatbot's primary function was to respond to basic inquiries; as a result, QnA 

Maker was a good fit. The researcher concluded that future work could utilize QnA 

Maker's follow-up prompts to create multi-turn conversations for questions and tasks that 

would benefit from or require a procedural flow. 
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Study 5: (Kivinen, 2023) conducted a study to address onboarding challenges faced by 

developers and organizations and proposed an AI-driven chatbot as a solution to overcome 

those challenges. Based on survey results, the author concluded that technically, a chatbot 

is a friend with AI. New hires can use the chatbot to get information, ask questions, and get 

real-time feedback. Using a chatbot can also reduce issues with human “buddies.” A 

chatbot can also lower onboarding costs and improve the experience for new hires and HR. 

An AI-driven chatbot for onboarding could assist, and provide step-by-step task guidance, 

real-time progress tracking, and feedback. This study also highlighted the limitations of 

presently used chatbots for onboarding.  

There are potential benefits as well as limitations associated with the utilisation of chatbots 

in the onboarding process. According to IBM (2022), early chatbots were nothing more 

than just interactive FAQ programmes with pre-written answers to a limited set of common 

questions. They could not understand natural language, so users had to choose simple 

keywords and phrases to continue the conversation. Classic chatbots cannot answer simple 

or complex questions that developers have not predicted (Klopfenstein et al., 2017). 

Westberg (2019) and Asher (2017) emphasize the possibility of chatbots to offer support 

and streamline communication during the process of onboarding. However, Caldarini et al. 

(2022) and Sörensen (2017) highlight certain limitations, including the necessity for 

ongoing enhancement in the chatbot's conversational capability and the possibility of user 

frustration stemming from the chatbot's response limitations. Kivinen (2023) emphasized 

that it is important for an onboarding chatbot to have features like human emotions, 

empathy, and relationship building. It is evident from these studies that chatbots can be 

useful in the onboarding process, but it is even more important to carefully acknowledge 

and resolve their limitations. 

2.4  Conversational Agents (CAs): beyond chatbots 

Chatbot technology has evolved tremendously over the years (Eltahir et al., 2022). Thanks 

to advancements in AI and NLP, chatbots can now more accurately imitate human 

conversation, are easier to build, and are more versatile in terms of functionality and 

operation (Caldarini et al., 2022). This created a new type of chatbot that uses 

conversational AI, contextual awareness and ML to improve its query processing and 
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Figure 9: Components of conversational AI (Adopted from 247.ai) 

prediction by learning more human language (IBM, 2022). These chatbots are called as 

‘Conversational Agents (CAs)’. 

(Feine et al., 2019) defined CA as ‘software-based systems that are designed to interact 

with the users using natural language’. According to another definition by Diederich et al. 

(2022), CAs are the software interfaces that interact with users via written or spoken 

natural language. While Laranjo et al. (2018) defined CAs as ‘systems that mimic human 

conversations using text or speech but also using facial expressions and gestures’ A 

generic process flow and main components of conversational AI are illustrated in the 

Figure 9. 

 

 

 

 

 

 

 

CAs are often referred to as ‘Intelligent Virtual Assistants’ that conversate with users 

either via informal chatting or with the intent of providing very specific information (Feine 

et al., 2019). These systems are specifically designed to analyze and respond to statements 

made by users using natural language, typically over the web (Mott et al., 2004).  

Advanced CAs possess the capability to interpret spoken language, respond to complex 

queries, and engage in extended dialogues with humans requiring multiple interactions 

(Suendermann-Oeft, 2014a). Developing interactive conversation agents entails equipping 

them with knowledge, AI capabilities, and a human-like interface (Goh & Fung, 2008). 

These attributes have been referred to by different names in various research streams and 

fields, such as social cues, human-like characteristics, and human-like behavior. Multiple 

studies have demonstrated that these attributes greatly influence how users perceive and 
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engage with CAs, as well as their potential applications in different domains (Feine et al., 

2019).  

2.4.1  Applications of CAs 

Most of the current CAs only develop the ability to respond to queries from users 

passively by being trained on previously gathered and manually structured information 

(Liao et al., 2023). However, the introduction of newer and more intricate models for the 

individual core components of conversational AI architecture is taking place at an 

unprecedented pace (Kulkarni et al., 2019). CAs are becoming more common in daily life 

due to significant technological advancements that enhance their usefulness (Diederich et 

al., 2019). 

CAs have been considered well-suited for various domains such as healthcare, customer 

care, ecommerce, and education due to their natural language interface and design 

(Kulkarni et al., 2019). Some key areas where CAs are being utilized are discussed briefly 

below. 

Conversational AI in healthcare 

(Dingler et al., 2021) studied that traditionally, conversational interfaces in health 

applications have primarily emphasized mental health. However, due to the availability of 

affordable devices and the modernization of health services, CAs are now being more 

extensively implemented throughout the healthcare system (Dingler et al., 2021). 

CAs are utilized for the purpose of gathering patient data, providing health information, 

administering health interventions, and offering assistance for mental health (Denecke & 

May, 2023). By utilizing CAs, healthcare providers can categorize patients according to 

the intensity of their condition, aiding in the prioritization of cases and the efficient 

allocation of resources (Sook Park et al., 2023). In addition, they can provide 

psychological assistance by educating users with efficient strategies for coping and access 

to mental health resources (Dingler et al., 2021).   

(Mesko, 2023) discussed some commonly known applications/solutions of conversational 

AI in healthcare. These are: OneRemission (chatbot to help cancer fighters get 
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information), YouperAI (uses psychological techniques to monitor and improve users' 

emotional health with quick personalized conversations), AdaHealth (can evaluate the 

user's health by analyzing the provided symptoms using its extensive, AI-driven database), 

Woebot (utilizes Cognitive Behavioral Therapy (CBT) techniques to attentively listen and 

provide guidance to individuals seeking assistance).  

Conversational AI in customer service 

CAs in the customer service context offer the potential to establish a rapid, convenient, and 

economical means of communication with customers (Gnewuch et al., 2017a). Novice 

support workers often struggle to engage in effective communication with angry 

customers. (Kuramoto et al., 2018) recommended to integrate conversational AI into 

customer support work in order to facilitate effective communication and as a method to 

suppress customer’s anger.  

(R. M. Schuetzler et al., 2020) found out that users tend to perceive a highly skilled CA as 

being more socially present and anthropomorphic compared to a less skilled CA. While 

CAs are an effective means to improve customer service, not all customer interactions are 

seamless, there are instances where they can turn into comically disastrous situations. In 

such cases, it may be necessary for a human agent to intervene and rescue the conversation 

(Sandbank et al., 2018). An experimental system that partially automates customer service 

operations of a mobile telecommunications operator, using a CA that involves human 

involvement, was assessed in a small-scale pilot study by (Paikens et al., 2020). Their 

study also highlighted the importance of human touch in CAs. Some of the most popular 

CAs in the customer service industry are Giosg, FreshChat, RoboBDR, and Dashly etc. 

Conversational AI in Education 

Conversational AI has a variety of applications in the education sector. By tailoring the 

content to the individual student's needs, these systems have been used enhance the 

learning process and improve academic performance (Labadze et al., 2023). These systems 

can offer personalized academic advice, tutoring, and even course recommendations, 

providing students with additional support outside of traditional classroom hours 

(Frontiers, 2023). In the context of learning English as a Foreign Language (EFL), CAs 

can provide more exposure to the target language, offer situated context, and provide 

immediate automated feedback, making them effective, motivating, and satisfying tools for 
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EFL learners (Klímová & Ibna Seraj, 2023). Conversational AI can provide round-the-

clock support to students, answering routine questions and providing information as 

needed. This can free up time for teachers to focus on more complex student inquiries 

(Dilmegani, 2023).  

Jill Watson, a chatbot developed by IBM's Watson, served as one of nine teaching 

assistants for a class of 300 students at the Georgia Institute of Technology. "Ms. Watson" 

had a 97% success rate while answering around 10,000 messages every semester. Because 

"Ms. Watson" was so much like a real person, it took a student months to figure out, thanks 

to a minor detail, that his TA was a chatbot.  Some other popular CAs for education 

include Thinkster Math, Carnegie Learning’s Mika, Socratic by Google, ALEKS, and 

StudyBuddy etc. 

2.4.2  Limitations of CAs 

Conversational AI, despite being quite advanced in the present times, still has several 

limitations and drawbacks to consider. (Schuetzler et al., 2014) and (Gnewuch et al., 

2017b) argued that the current CAs have failed to provide engaging conversations because 

of certain important factors that they lack in them. (Jacquet et al., 2018a) found out that 

even some advanced CAs do not adhere to the same rules that humans do when they are 

having conversations with one another. Their research highlights that significant 

advancements have been achieved in the realm of AI with the aim of creating CAs capable 

of engaging in both unrestricted and topic-limited conversations. However, these agents 

still fall short of matching the level of interaction demonstrated by humans. 

(Wen et al., 2019) discusses the practical limitations of the end-to-end dialogue learning 

that is currently being used, particularly regarding the information collection process and 

the gap that exists between theory and practice. Their research concludes that the primary 

objective of conversational AI is to integrate two primary dialogue system patterns into a 

self-sufficient adaptive system. An ideal system should have the ability to engage in 

conversations on any subject (Pattern 1: open-domain dialogue systems), while also 

helping humans with various specific tasks that have clear meanings, such as searching and 

booking restaurants, providing customer service, or making ticket reservations (Pattern 2: 

task-based dialogue systems). 
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In his article, (Balog, 2021) highlights the lack of progress that has been made in truly 

conversational information access systems. He attributes this lack of progress to the lack of 

appropriate evaluation methodology and resources. (Ansari, 2022) draws attention to the 

difficulties that are present in the industry, such as the requirement for more sophisticated 

methods and algorithms. The findings of the research on CAs for education, carried out by 

(Khosrawi-Rad et al., 2022) indicate that pedagogical CAs have not yet fully realized their 

potential for long-term practical use in education. Additionally, there is a lack of 

comprehensive design knowledge for pedagogical CAs. 

The findings of these studies collectively highlight the necessity of further advancements 

in design, methods, evaluation, and data collection in order to eliminate the limitations of 

conversational AI. 

2.5  Personality-Adaptive Conversational Agents (PACAs): beyond CAs 

To overcome the limitations of CAs, (Ahmad et al., 2020) first presented the idea of a 

Personality Adaptive Conversational Agent (PACA) that could improve the level of 

communication satisfaction during a user’s interaction with the agent. 

Later in 2022, they defined PACA as a type of CA or chatbot that is designed to 

automatically infer the characteristics of the users' personalities and modify their responses 

accordingly. These software-based systems interact with humans through natural language 

and are designed to exhibit human-like behavior, such as personality, to improve the 

experience of interacting with them (Ahmad et al., 2022b).  

PACAs bring several advantages over traditional chatbots or CAs, as evident from 

numerous studies. In a study carried out by Liew & Tan in 2016, there was clear evidence 

in support of the complementary-attraction principle; the emotional and motivational 

aspects of learning were significantly enhanced when the pedagogical agent exhibited 

personality that complemented the learner's own personality (Liew & Tan, 2016). In 

another study by (Fernau et al., 2022), experiments on a user-matched personality 

typification, which were conducted in accordance with the so-called law of attraction rule, 

demonstrated a significant positive influence on a variety of usability criteria, including 
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overall satisfaction, naturalness, promoter score, trust, and appropriateness of the 

conversation. 

(Völkel, 2022), (Ahmad et al., 2021), and (Ahmad et al., 2022b) all agree that PACAs and 

traditional CAs both interact with users through natural language, but they differ 

significantly in their approach and capabilities. Their studies indicate that the interaction 

between traditional CAs and users is based on pre-programmed responses and algorithms. 

Examples of traditional CAs include voice assistants and chatbots. They can provide 

information, answer questions, and carry out tasks; however, the responses they provide 

are typically generic and do not consider the specific needs of individual users. They have 

limited conversational abilities and do not dynamically adapt their behavior based on the 

personality of the user with whom they are interacting. On the contrary, PACAs are 

specifically created for determining and expressing personality by determining personality 

characteristics from users in an automated manner. This provides them with the capability 

to adjust their responses and conduct according to the user's personality, resulting in a 

more customized and captivating interaction experience. For instance, a PACA could 

modify its communication approach to align with a user's degree of extroversion or 

conscientiousness. 

A number of theories, including the five-factor model of personality and the paradigm that 

states that computers are social actors, serve as the foundation for the design of PACAs. 

These theories propose that PACAs have the potential to enhance user interaction by 

allowing for the personalization of their responses (Ahmad et al., 2022b). Empowering the 

PACAs with personality cues and organizing the underlying range of expressive variation 

in relation to the Big Five personality traits are both part of the design process, which is 

iterative and involves multiple steps (Ahmad et al., 2022a). A high-level architecture 

diagram explaining the design of a personality-aware chatbot, or PACA, is shown on the 

next page.  

The Figure 10 has been taken from the research work of (Mairesse & Walker, 2010) where 

they explain how personality-adaptation can be incorporated into the design of a chatbot.  
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Figure 10: High-level design of PACA 

 

PACAs are especially important in the field of mental health care because they are able to 

offer support to people who are dealing with issues related to their mental health. (Ahmad 

et al., 2022b) in their research, argued that PACAs are able to tailor their responses to the 

personality of the user, which allows them to potentially provide more effective and 

personalized support. Through the application of the DSR methodology, the researchers 

developed a prototype of ‘Raffi’, a PACA that automatically infers the characteristics of its 

users' personalities and adjusts itself to the users' personalities by employing language that 

is unique to a particular personality dimension. During the initial evaluation of the 

prototype, it was discovered that participants observed personality differences that 

manifested in their language and that they had a positive perception of communicating 

with Raffi. However, the use of PACAs also raises ethical considerations, particularly 

around trust and privacy (Ahmad et al., 2021). 

Although they have the potential to be useful, PACAs are not currently able to live up to 

their full potential because they are unable to capture dynamic human behavior to an 

adequate level. To overcome this limitation, ongoing research and development efforts are 

being undertaken simultaneously (Ahmad et al., 2022b).  
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2.6  Virtual Companions (VCs): beyond PACAs 

(Wilks, 2006) first introduced the term and the concept of a VC. He defined VC as, “An 

intelligent and helpful cognitive agent which appears to know its owner and their habits, 

chats to them and diverts them, assists them with simple tasks but makes no technical 

demands on them at all, and might be most suitable for vulnerable social groups like the 

young and the old”.   

Later in 2012, (Danilava et al., 2012) defined VC as, “Artificial conversational companions 

are computer agents designed to mimic human language behaviour. They are intended to 

provide service, assistance, and companionship to their users for a longer period” The 

researchers were also the first ones to identify the set of features that distinguish a 

traditional CA from an artificial conversational companion, the focus being on the 

companionship part.  

According to another definition by Biundo et al. (2016), “VCs are cooperative agents that 

provide assistance with specific tasks or, more broadly, offer companionship to humans”. 

Timo Strohmann, in 2021, also presented the idea of a VC while applying the elements of 

interpersonal relationship and collaboration to human-machine interaction (Strohmann, 

2021). 

Latest language prediction models have the ability to significantly enhance the capabilities 

of CAs (Strohmann et al., 2023). Because of their capabilities, VCs have been developed 

and deployed for a number of applications (Krämer, 2010a). As a result of their 

experiments, (Tsiourti et al., 2016) argued that Socially Intelligent Virtual Agents, or VC 

in other words, are a promising solution towards elderly care. VC can also be deployed in a 

manner where users engage with them as a means of managing their feelings of solitude 

and, specifically, to attend to their mental wellbeing (Siemon et al., 2022).  VCs can also 

be used in higher stake environments, such as workplace, because their reading and 

interpretation abilities are higher than traditional bots (Feng & Buxmann, 2020a). 

In their research, (Strohmann et al., 2023) proposed a design theory which encompasses 

certain design principles while designing VCs.  These principles include but are not limited 

to human-like design, adaptability and adaptivity, proactivity and reciprocity, transparency, 

privacy, ethics, and relationship building. Using a simulated CA called Sarah and an 
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existing system called Replika as case studies, they demonstrated how these principles can 

be applied in practice. Results showed that following these design principles leads to an 

improved user experience and satisfaction. These principles can be called as important 

elements or features of a VC. 

In a nutshell, VCs supersede traditional chatbots, CAs, and even PACAs in many cases. 

The main reason being their ability to offer long-term support to the users, as evident from 

literature review. 
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3  Comparative analysis and benchmarking of virtual agents 

This chapter builds upon the literature review conducted and offers a brief comparison of 

the virtual agents discussed. Following the comparative analysis, a feature table has been 

provided which serves as a benchmarking tool for MONA. 

Comparative analysis provides insights into the manner and reasons behind a system's 

response to changes in its parameters (Weld, 1988a). Comparative analysis is a valuable 

tool utilised in diverse fields such as social science, medical group practice, public 

administration, and organisational studies. By identifying crucial variables and connections 

between them, it facilitates a more profound comprehension of phenomena (Cocq & 

Szekely, 2021). Using comparative analysis will prove useful in designing MONA. 

After comparative analysis on the literature review presented in this research, the author 

argues that the primary distinction between chatbots, CAs, and VCs lies in the nature of the 

interactions they are designed to facilitate and the purpose for which they are designed. 

When it comes to handling specific tasks, such as answering questions or providing 

customer support, chatbots are used frequently as they are typically designed to handle 

specific tasks, and they frequently rely on pre-programmed responses. On the other hand, 

CAs are more advanced than chatbots. They make use of technologies such as natural 

language processing and ML in order to engage in interactions that are more dynamic and 

personalised respectively. VCs, on the other hand, are specifically designed to go beyond 

interactions that are task-oriented and instead concentrate on developing a relationship 

with the user. There is a possibility that they will engage in conversations that are similar 

to those of humans, offer emotional support, and even simulate human relationships to 

some degree.  

VCs are intended to provide a sense of companionship and emotional engagement, 

typically through more complex and interactive experiences. This is in contrast to chatbots 

and CAs, which are primarily focused on providing information or facilitating tasks. The 

abilities of VCs to display a range of emotions are examples of features that may 

encourage emotional attachment. 
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Based on the analysis, and the theory of virtual companionship; a table for benchmarking 

of agent types has been created which clearly outlines the differences amongst them. 

Table 1: Benchmarking of virtual agents 

Feature 

Traditional 

Chatbots 

Conversational 

Agents (CAs) 

Virtual 

Companions 

(VCs) 

Basic QnA ✓ ✓ ✓ 

Text Input ✓ ✓ ✓ 

Voice Input  ✓ ✓ 

Natural Language Processing (NLP)  ✓ ✓ 

Contextualization  ✓ ✓ 

Task Specific Awareness ✓ ✓ ✓ 

Dynamic Awareness  ✓ ✓ 

Wide-Scope Awareness   ✓ 

Human-like design  ✓ ✓ 

Human-like discussion   ✓ 

Adaptability   ✓ 

Transparency   ✓ 

Privacy & Ethics   ✓ 

Emotional Intelligence   ✓ 

Proactivity   ✓ 

Relationship Building   ✓ 

Personality Adaptation   ✓ 

Memory & Learning   ✓ 

Single-Channel Support ✓ ✓ ✓ 

Multi-Channel Support  ✓ ✓ 

Omni-Channel Support   ✓ 
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4  Methodology 

This chapter briefly summarizes the chosen methodology, the rationale behind that, the 

data collection methods and process, and the tests and methods used to analyse the 

collected data. 

4.1  Design science research as a paradigm 

 The Design Science Research (DSR) paradigm is a research approach that focuses on the 

creation and evaluation of artifacts designed to solve identified problems (Deng & Ji, 

2018). DSR seeks to provide prescriptive knowledge on the design of artifacts such as 

software, methodologies, models, or ideas (Siemon, 2022). These artifacts are then 

assessed for their utility, quality, and efficacy in addressing the targeted problems (Deng & 

Ji, 2018). The goal of DSR is to methodically and scientifically develop solutions that 

successfully tackle real-world challenges. DSR approach is particularly prevalent in field 

like information systems, engineering, and management (Cambridge University, 2024). 

The DSR concept encompasses three essential components: the problem domain, the 

solution domain, and the evaluation. DSR use several methodologies, including systematic 

literature reviews, interviews, experiments, taxonomies, simulations, case studies, 

ethnography, and grounded theory, to provide design knowledge (Peffers et al., 2006). The 

customary outcomes of DSR include 'constructs, models, techniques, and instantiations' 

(Carstensen & Bernhard, 2019).  

For this study, quantitative method within the DSR is chosen as the methodology to 

provide design knowledge. The quantitative approach is particularly suitable for this study 

as it allows for the objective measurement of variables related to the onboarding process, 

interaction preferences with a VC, and user comfort with data privacy(Krämer, 2010b). 

The integration of quantitative methods within the DSR paradigm ensures that the artifact 

development is grounded in empirical evidence. By employing statistical analysis, the 

research identifies the key factors that influence the effectiveness and acceptance of the 

onboarding agent, ensuring that the final design is both practical and user centric. 
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The survey results offer valuable insights into the specific features and functionalities 

desired by users, which are then translated into actionable design principles for MONA by 

using the DP formulation schema presented by (Gregor et al., 2020). The details of this 

schema are discussed in chapter 0. 

Based on the data collected and analyzed through quantitative methods, the research 

formulates a set of design principles for MONA. These principles guide the development 

of the conversational agent, ensuring that it can provide a personalized, interactive, and 

efficient onboarding experience (Shawar & Atwell, 2007). The design principles are 

derived from the empirical findings and are validated through iterative testing and user 

feedback, aligning with the DSR goal of creating functional and innovative artifacts. 

The DSR approach also involves continuous evaluation and refinement of the artifact. 

throughout the development process (Lecun et al., 2015b). MONA is subjected to rigorous 

testing to ensure that it meets the identified requirements and effectively addresses the 

challenges in current onboarding practices. User feedback is collected and analyzed to 

make necessary adjustments, enhancing the agent's performance and usability. 

4.2  Quantitative methodology within DSR 

This research follows a quantitative methodology, characterized by the collection and 

analysis of survey responses to identify patterns, relationships, and trends. By employing 

structured survey questions, responses can be quantified and subjected to statistical 

analysis, and the generalization of findings across a larger population (Schuetzler et al., 

2014a). This methodological rigor is essential for ensuring the reliability and validity of the 

results, thereby providing a robust foundation for data-driven conclusions and 

recommendations (Jacquet et al., 2018b). 

The rationale behind employing a quantitative methodology is rooted in its ability to 

handle large datasets systematically and produce empirical evidence that can be 

statistically validated. In this study, questions such as onboarding process effectiveness, 

user interaction preferences, and comfort levels with privacy are best addressed through 

numerical data that can be analyzed to reveal significant patterns and correlations (Jacquet 

et al., 2018b). Quantitative methods enable the researcher to apply various statistical tests, 
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such as t-tests, ANOVA, and descriptive statistics, to explore differences between groups, 

determine the strength of relationships, and summarize data trends comprehensively 

(Suendermann-Oeft, 2014b). This approach ensures that the findings are not only 

descriptive but also inferential, providing insights that can inform practical applications in 

organizational onboarding processes and the design of AI-driven onboarding tools. 

4.3  Data collection 

4.3.1  Survey design and distribution 

To collect and assess users' expectations and requirements for MONA, a comprehensive 

questionnaire (see Appendix 1) was developed and distributed amongst professionals 

across various industries (Feng & Buxmann, 2020b). Webropol survey tools was used for 

creation and distribution of the survey. This survey aimed to gather insights into the 

current onboarding processes, the potential for a personalized VC in this role, and the 

specific features desired by potential users.  The questionnaire was constructed keeping the 

DSR approach in mind. The survey was designed to ensure a holistic understanding of user 

needs and to translate these needs into actionable, high-level requirements for designing 

MONA. 

4.3.2  Questionnaire structure 

The questionnaire starts with the construct of demographics aimed at understanding the 

respondents’ background. This included questions regarding age, gender identity, highest 

level of qualification, field of study, industry, and years of experience. These demographic 

questions are crucial as they help to segment the data later during analysis, potentially 

revealing trends among different groups based on age, education, or professional 

background. 

Following the constructs, the questionnaire dives into questions about the current 

onboarding scenario at the respondents' workplaces. This part of the survey was designed 

to assess the existing onboarding processes, their duration, and whether they are perceived 
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as generic or role-specific (Vishwanath & Vaddepalli, 2023b). Respondents were also 

asked to rate the effectiveness of these processes and to report any challenges or 

difficulties faced. This section aimed to identify common pitfalls and areas for 

improvement that could be addressed by a virtual onboarding agent. 

The next set of questions focused on interaction methods with the proposed VC for 

onboarding. It explored preferences for modes of communication with the VC, such as 

text, voice, or interactive media, and how respondents would like their questions to be 

answered(Weld, 1988b). This section is critical for understanding the desired user interface 

and interaction design of MONA(Chowdhury et al., 2022b). 

Personalization and user experience were also key focus areas of the survey. Questions in 

this section were designed to gauge the importance of personalizing the onboarding 

process to individual needs, preferences for learning pace, and customization options for 

themes, designs, and colours. The use of emojis, stickers, or gifs was also addressed to 

understand the informal interaction preferences with the VC (ClickBoarding, 2022a). 

Moreover, adaptability, learning, memory, and emotional intelligence features of the VC 

were assessed. This included preferences for the agent’s ability to adjust the learning pace, 

use humour, provide constructive feedback, and remember previous conversations. These 

features are indicative of the advanced capabilities expected from MONA, blending 

traditional onboarding methods with sophisticated AI-driven interaction. 

Feedback mechanisms were another vital component of the survey. Respondents were 

asked about their willingness to provide feedback on their onboarding experience and the 

frequency of such feedback. This is essential for continuous improvement of the 

onboarding process. 

The survey also covered questions on privacy and ethics, crucial for fostering trust in the 

use of AI-driven tools in the workplace. It included items on adherence to company values 

and policies, handling of sensitive conversations, and data security concerns. 

Understanding privacy expectations and ethical considerations is pivotal in designing a 

system that respects user confidentiality and promotes a secure environment. The potential 

for a long-term relationship between the user and the VC was explored. This part of the 

survey sought to find out if users would prefer the VC to continue providing support 
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beyond the initial onboarding phase, adapting to their evolving needs and roles within the 

company(Institute, 2023). 

The data collection process for the survey on the implementation of MONA was carefully 

structured to capture a wide array of responses from a diverse group of participants. The 

survey was distributed online to maximize reach and accessibility. Various channels were 

utilized for this distribution, including professional networks like LinkedIn, corporate 

email lists, and forums related to HR and technology (Cloud, 2022). To encourage 

participation, the survey was designed to be concise yet comprehensive, ensuring it could 

be completed within a reasonable time frame while still gathering detailed feedback on all 

pertinent aspects of the proposed onboarding agent. 

Prior to distribution, the questionnaire underwent a pilot testing phase where a group of 6 

preliminary respondents were asked to complete the survey. The objective of this was to 

identify any ambiguities or technical issues that could potentially skew results or 

discourage completion. Feedback from this phase was used to refine the questions, 

improve clarity, and adjust the survey layout for a better user experience. The final survey 

included multiple-choice questions, Likert scale questions for subjective assessments, and 

open-ended questions to allow for detailed responses and insights that structured options 

might miss (Ahmad et al., 2022c). 

To ensure a high standard of data integrity, attention checker questions were added to the 

survey. These questions were designed to filter out inattentive or non-serious respondents 

by checking if the participants were paying close attention to the question details. 

Responses to these attention checkers were not included in the final data analysis but 

served as a crucial tool for validating the quality of the collected data. 

4.4  Data analysis techniques 

4.4.1  Anonymization and initial processing 

After the survey results were collected, the responses were compiled and anonymized to 

maintain the confidentiality of the participants. This anonymization process involved 

removing any personally identifiable information and assigning random identifiers to each 
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response set. This ensured that the subsequent analysis phase could proceed without any 

bias or ethical concerns regarding participant privacy. 

4.4.2  Tools for analysis 

Excel is specifically utilized for analysis due to its accessibility, versatility, and powerful 

data analysis capabilities. Excel provides a user-friendly platform for managing large 

datasets, performing complex calculations, and visualizing data through charts and graphs. 

It supports a wide range of statistical functions and tools, including pivot tables for 

summarizing data, t-tests for comparing means, and descriptive statistics for outlining key 

data features. Additionally, Excel's widespread availability and ease of use make it an ideal 

tool for researchers who need to conduct thorough data analysis without requiring 

specialized statistical software. By leveraging Excel, this research ensures that data 

analysis is both efficient and transparent, enabling clear interpretation and presentation of 

results that can be easily shared and understood by a broad audience. 

Due to some limitations in excel, some of the data analysis for the survey was conducted 

using the Statistical Package for the Social Sciences (SPSS), a comprehensive tool for 

statistical analysis and data management. The first step in the analysis involved descriptive 

statistics to summarize the demographic variables and provide an overview of the data 

distribution. This included calculating means, medians, and mode for continuous variables, 

and frequency distributions for categorical variables. Such descriptive analysis was crucial 

to understanding the basic characteristics of the survey population and to set the stage for 

deeper analysis. 

4.4.3  Inferential statistics 

For inferential statistics, the survey responses were subjected to various analytical 

techniques depending on the nature of the question and the hypothesis being tested. Chi-

square tests were employed for categorical data to explore relationships between 

demographic factors and responses to survey questions about preferences for onboarding 

features. T-tests or ANOVA were used to compare means among different groups, 
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particularly in assessing the effectiveness of current onboarding processes across various 

industries and demographic groups. 

Further analysis included factor analysis to identify underlying variables that explain the 

pattern of correlations within a set of observed variables. This was particularly useful in 

understanding the dimensions of user expectations and preferences from the virtual 

onboarding agent. Regression analysis was also performed to predict the influence of 

various factors on the perceived utility of the MONA, providing insights into which 

features were most likely to impact user satisfaction and acceptance. 

4.4.4  Qualitative data analysis 

To address the open-ended questions, content analysis was conducted to categorize 

responses and identify common themes and suggestions. This qualitative analysis was 

instrumental in capturing nuanced feedback that could not be directly quantified but 

offered substantial depth regarding user expectations and potential improvements. 
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5  Results 

In this chapter, we present the outcomes of our research and the design process for MONA. 

This chapter is divided into two main sections. The first section (5.1) details the survey 

results, providing a thorough analysis and highlighting key findings. The second section 

(5.2) focuses on the design process of MONA, including the framework used for deriving 

the DPs and DFs based on survey findings. 

5.1  Results 1: Survey results and data analysis 

The chapter describes the survey results, presents and brief analysis of the results and 

highlights key findings. 

5.1.1  Demographic analysis 

The demographic analysis of the survey respondents reveals a varied distribution across 

age, gender, and education levels. The age groups of 40-45 and 35-40 had the highest 

representation, indicating a focus on mid-career professionals. Gender distribution showed 

a significant male majority, with 60 male participants compared to 20 females and 2 

preferring not to disclose their gender. This imbalance suggests potential gender-specific 

insights may be less represented in the findings. Education levels were notably high, with 

the majority holding advanced degrees, including Master's and Doctoral qualifications. 

Following are the high-level summaries and analyses of the demographics. 
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Figure 11: Age distribution of the respondents 

  

The Figure 11 depicts the distribution of respondents across different age groups. The age 

group with the highest number of participants is 40-45, followed closely by the 35-40 age 

group. The 30-35 and 25-30 age groups also have significant representation, while the age 

groups of 20-25 and 50 have the fewest participants, with only one person each. This 

distribution suggests that the majority of participants fall within the middle-aged brackets, 

particularly between 30 to 45 years old. The data indicates a potential focus on middle-

aged individuals for this study or survey.  

 

Gender of participants 

The pie chart titled "Gender of Participants" illustrates the gender distribution among the 

respondents. A significant majority of participants identify as male, accounting for 60 

respondents. Females constitute 20 participants, while only 2 participants chose the "Prefer 

not to say" option. This distribution indicates a predominant male representation in the 

sample, with males comprising 75% of the total participants, females 25%, and a minimal 

percentage opting not to disclose their gender. This data suggests a gender imbalance 

among the respondents, which could impact the study's findings related to gender-specific 

insights.  
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Figure 12: Gender distribution of the respondents 

  

Education of participants 

 

 

Figure 13: Education distribution of the respondents 

 

The bar chart titled "Level of Education of the respondents" presents the highest 

educational qualifications of the participants. The most common qualification is a Master's 

degree, with nearly 30 participants (34%) holding this level of education. Bachelor's 

degrees are also prevalent, with about 25 (30%) participants. Doctoral degrees (PhDs) are 

held by a significant number, approximately 20 (31%) participants, indicating a highly 

educated sample. High-School/Vocational qualifications are the least common, with only a 

few participants. This distribution suggests that the majority of respondents have advanced 

degrees, with a strong representation of individuals holding postgraduate qualifications. 
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5.1.2  Frequency distribution for onboarding process 

The frequency distribution analysis of the onboarding process shows that a majority of 

respondents (71%) indicated that their workplace has a formal onboarding process, with 58 

out of 82 participants affirming its existence. However, 17% of respondents reported the 

absence of such a process, and 12% were unsure if their workplace had one. This suggests 

that while many organizations recognize the importance of structured onboarding, there are 

still significant gaps. 

 

Table 2: Distribution of onboarding process 

Row 

Labels 

Count of Does your workplace have an onboarding process for new 

employees? 

I don't 

know 

10 

No 14 

Yes 58 

Grand 

Total 

82 

 

Table 2 displays the responses to the question, "Does your workplace have an onboarding 

process for new employees?" Out of a total of 82 respondents, a majority, comprising 58 

individuals, indicated that their workplace does have an onboarding process. This 

represents approximately 71% of the total participants, suggesting that most respondents' 

workplaces have recognized the importance of onboarding for new employees. This 

significant majority points to a widespread implementation of onboarding processes in 

various organizations. 

In contrast, 14 participants, accounting for roughly 17% of the respondents, reported that 

their workplace does not have an onboarding process. This highlights a gap where some 

organizations might be lacking in formalized onboarding procedures, potentially impacting 

new employees' integration and productivity. The absence of an onboarding process in 

these workplaces could result in challenges such as role ambiguity, lower engagement, and 

higher turnover rates among new hires. 
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Additionally, 10 respondents, making up about 12% of the total, indicated that they do not 

know whether their workplace has an onboarding process. This lack of awareness may 

suggest communication issues within these organizations, where existing onboarding 

processes might not be effectively communicated to all employees. This situation can lead 

to inconsistencies in how new employees are onboarded and might point to a need for 

better information dissemination and transparency regarding onboarding practices. Overall, 

while the majority of respondents acknowledge the presence of onboarding processes, 

there is still room for improvement in both implementation and communication.  

5.1.3  Awareness about the current onboarding process 

The analysis of onboarding processes by age group and gender reveals important insights 

into the distribution and awareness of onboarding practices across different demographics. 

The data indicates that the awareness and implementation of onboarding processes vary 

significantly by both age and gender. While middle-aged participants (30-45) show higher 

awareness and implementation of onboarding processes, younger and older age groups 

demonstrate more variability and less certainty. Table 3 on the next page illustrates the 

distribution of respondents by age group and gender across different onboarding process 

statuses (I don't know, No, Yes). 

The 50+ age group has the smallest representation, with only one male participant who is 

unsure about the onboarding process at his workplace. This limited representation suggests 

a need for broader age diversity in the sample. The 20-25 age group has a slightly higher 

representation with two participants, one male who is unsure and one female who is aware 

of an onboarding process. This indicates that even among younger employees, there is 

some uncertainty about onboarding procedures. 

The 25-30 age group shows a more significant representation with 16 participants, of 

which the majority (13) indicated that their workplace has an onboarding process. 

Interestingly, there are twice as many males (8) as females (4) in this age group who are 

aware of the onboarding process, suggesting a gender disparity in onboarding awareness. 

This age group also has the highest count of participants who are unsure about the 

onboarding process (1) or indicate the absence of such a process (2), highlighting some 

inconsistencies in the onboarding practices across organizations. 
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Table 3: Breakdown on the awareness of onboarding process in the organisation 

Count of Which age group do you belong 

to? 

Column Labels Grand 

Total 

Row Labels I don't know No Yes 

50 1 
  

1 

Male 1 
  

1 

20-25 1 
 

1 2 

Female 
  

1 1 

Male 1 
  

1 

25-30 1 2 13 16 

Female 1 2 5 8 

Male 
  

8 8 

30-35 1 
 

17 18 

Female 
  

4 4 

Male 1 
 

13 14 

35-40 2 5 16 23 

Female 
 

2 4 6 

Male 2 3 11 16 

Prefer not to say 
  

1 1 

40-45 4 7 11 22 

Female 
  

1 1 

Male 3 7 10 20 

Prefer not to say 1 
  

1 

Grand Total 10 14 58 82 

 

The largest representation is seen in the 30-45 age groups. The 30-35 age group has 18 

participants, predominantly males (14), and a high acknowledgment of the onboarding 

process (17). The 35-40 age group has 23 participants, with the majority being males (16), 

and a significant number acknowledging the onboarding process (16). The 40-45 age group 

includes 22 participants, with a balanced distribution of onboarding process awareness. 

However, there is a notable number of respondents who either do not know (4) or indicated 

the absence of an onboarding process (7), suggesting variability in onboarding practices 

even within this age group. This data highlights the importance of consistent onboarding 

processes and better communication across different age and gender groups to ensure all 

employees are adequately informed and supported. 
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5.1.4  Duration of onboarding process 

The analysis of onboarding duration highlights a prevalent trend towards shorter 

onboarding processes, with most respondents indicating a duration of 1-4 weeks. This 

suggests that many organizations prioritize a quick integration of new employees, aiming 

for efficiency and immediate productivity. However, there are also notable instances of 

longer onboarding periods, ranging from 1-2 months to over 6 months, reflecting a more 

thorough and comprehensive approach in some organizations. 

 

Table 4: Onboarding process duration 

Row Labels Count of What is the duration of the onboarding process at your 

workplace? 

1-2 months 3 

1-4 weeks 45 

2-4 month 6 

4-6 month 3 

6+ months 1 

(blank) 
 

Grand 

Total 

58 

 

Table 4 displays the duration of the onboarding process at respondents' workplaces, based 

on 58 responses. The majority of respondents, 45 out of 58, indicated that their onboarding 

process lasts between 1-4 weeks. This represents about 78% of the total responses, 

suggesting that a short-term onboarding process is prevalent in most workplaces. This 

short duration could imply a streamlined onboarding process designed to quickly integrate 

new employees into their roles. 

A smaller segment of respondents, 6 individuals (approximately 10%), reported that the 

onboarding process at their workplace lasts between 2-4 months. Additionally, 3 

respondents (about 5%) stated that their onboarding process takes 1-2 months, and another 

3 respondents mentioned a duration of 4-6 months. These longer onboarding periods 

suggest that some organizations invest more time in the comprehensive training and 

integration of new employees, potentially aiming for a more thorough acclimatization. 
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Interestingly, only 1 respondent indicated that the onboarding process exceeds 6 months. 

This prolonged duration might be indicative of highly specialized roles or industries where 

extensive training and adaptation are necessary. The presence of varied onboarding 

durations highlights the diverse approaches organizations take in integrating new hires, 

with most favoring a relatively quick process while a minority adopt more extended 

programs to ensure thorough onboarding. This diversity underscores the need for tailored 

onboarding strategies to meet the specific needs and complexities of different roles and 

industries. 

5.1.5  Onboarding challenges and satisfaction with current process 

The analysis of the relationship between onboarding challenges and employee satisfaction 

reveals that respondents frequently encounter difficulties during the onboarding process, 

which can impact their overall satisfaction. Most employees report addressing challenges 

on an as-needed basis, suggesting that while onboarding processes may generally function 

well, there are intermittent issues that need attention. Regular weekly difficulties indicate 

persistent gaps in the onboarding process, necessitating continuous support and 

improvements. 

 

Table 5: Analysis between onboarding challenges and satisfaction 

Row Labels Count of Answer 

time 

Count of How often, in the present or 

in the past, have you had challenges 

or difficulties with the current 

onboarding process? 

Daily 4 3 

Monthly 9 7 

Weekly 24 17 

When 

needed 

45 31 

Grand 

Total 

82 58 

 

Table 5 presents the frequency of challenges or difficulties faced by respondents with the 

current onboarding process. Out of the 82 respondents, 45 indicated that they address 

onboarding issues "when needed," which constitutes about 55% of the total responses. This 
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suggests that a significant portion of respondents experience challenges occasionally, 

rather than on a regular basis. This occasional need for assistance could indicate that while 

the onboarding process is generally smooth, there are instances where support or 

clarification is required. 

Weekly difficulties were reported by 24 respondents, making up approximately 29% of the 

responses. This relatively high frequency of weekly challenges suggests that a notable 

portion of employees face regular issues during onboarding. This could indicate gaps in the 

onboarding process that necessitate frequent intervention or assistance, highlighting areas 

that might benefit from improvement or additional support mechanisms. 

A smaller number of respondents reported facing onboarding challenges on a daily or 

monthly basis, with 4 and 9 respondents respectively. Daily challenges, though minimal, 

highlight critical issues in the onboarding process for these individuals, potentially 

indicating significant gaps or inefficiencies that need urgent attention. Monthly challenges, 

while less frequent, still suggest a recurring need for support, pointing to potential periodic 

complexities or issues in the onboarding process. Overall, the data underscores the 

importance of a robust and responsive onboarding process to address varying levels of 

challenges faced by employees. 

 

Table 6: Descriptive statistics for interaction methods with MONA 

Column1 Descriptive Statistics for 

Interaction Methods with VC   

Mean 3.390243902 

Standard Error 0.167123221 

Median 4 

Mode 5 

Standard Deviation 1.513365129 

Sample Variance 2.290274014 

Kurtosis -1.241624605 

Skewness -0.431026725 

Range 4 

Minimum 1 

Maximum 5 

Sum 278 

Count 82 
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The descriptive statistics table for interaction methods with the VC provides insights into 

how respondents prefer to interact with the VC. The mean score of 3.39 suggests that, on 

average, respondents have a moderate preference for the interaction methods available. 

The median score of 4, higher than the mean, indicates that at least half of the respondents 

rated their interaction method preference towards the higher end of the scale. The mode, 

which is 5, shows that the most frequent response was the highest possible preference, 

suggesting a significant number of respondents favour certain interaction methods 

strongly. 

The standard deviation of 1.51 indicates a moderate level of variability in the responses. 

This suggests that while many respondents have high preferences for interaction methods, 

there is a diverse range of opinions. The sample variance of 2.29 corroborates this 

moderate variability. The range of 4, with scores spanning from 1 (minimum) to 5 

(maximum), shows the full spectrum of responses, indicating that while some respondents 

are less enthusiastic, others are highly positive about the interaction methods with the VC. 

The negative kurtosis value (-1.24) indicates that the distribution of responses is somewhat 

flatter than a normal distribution, with fewer extreme values and more responses clustered 

around the mean. The skewness value of -0.43 is slightly negative, indicating a slight skew 

towards the higher end of the scale. This skewness, combined with the higher median and 

mode, suggests that overall, respondents lean towards more favourable interaction methods 

with the VC, though there is still a considerable spread in their preferences. The total count 

of 82 responses provides a robust sample size for these statistics, giving confidence in the 

reliability of the data. 

5.1.6  Preference by gender to select design and themes 

The study also conducted analysis on the preferences to select design and customization 

based on the gender. A brief overview of the results in shown in Figure 14. 
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Figure 14: Design preference by gender 

 

Firstly, the chart shows a significant difference in preferences between males and females. 

Among male respondents, a substantial majority prefer to choose their own design and 

themes, with over 30 individuals selecting this option. In contrast, around 20 male 

respondents prefer the VC to make the choice automatically. This indicates that while 

many men value personalization and the ability to customize their onboarding experience, 

there is still a notable portion who are comfortable with or prefer the convenience of a 

system-selected design. 

In contrast, among the 20 female participants, 15 prefer to select their own themes, while 

only 5 are content with the system-chosen option. This highlights that personalization is 

even more important for female respondents, with a larger proportion showing a preference 

for customization compared to their male counterparts. 

Lastly, the "Prefer not to say" category shows a minimal representation, with very few 

respondents in this group. Among them, the preference is skewed towards allowing the VC 

to choose the design automatically. This small sample size makes it difficult to draw 

significant conclusions, but it suggests that individuals who prefer not to disclose their 

gender might lean towards a more automated and less personalized onboarding experience.  
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These findings suggest that while both male and female employees appreciate 

personalization in their onboarding experience, the degree of preference varies, with 

females showing a stronger inclination towards self-selection of themes and designs. This 

indicates the need for a flexible and customizable onboarding system that can cater to these 

gender-based preferences, ensuring that both groups can have an onboarding experience 

tailored to their desires. 

5.1.7  Long-term engagement with MONA 

Table 7 presents respondents' preferences regarding whether they want the virtual 

companion (VC) to learn about their personality and adapt itself to better serve them even 

after the onboarding process has finished. The responses are categorized by gender: 

Female, Male, and Prefer not to say. Among the female respondents, a total of 20 

individuals participated. Out of these, 12 (60%) expressed that they would like the VC to 

learn about their personality and adapt accordingly post-onboarding. This indicates a 

majority preference for continued personalization and adaptive interactions beyond the 

initial onboarding phase. However, 8 females (40%) indicated that there wouldn't be a need 

for such personalization. This division suggests that while many females appreciate the 

potential benefits of a VC that evolves with their needs, a significant portion are either 

content with the initial onboarding or have concerns about privacy and data sharing. 

Table 7: Long-term engagement preference with MONA 

Row Labels Count of I want the VC to learn about my personality and 
adapt itself to better serve me even after the onboarding 
process has finished. 

Female 20 

No, there won't be any 
need. 

8 

Yes, that would be nice. 12 

Male 60 

No, there won't be any 
need. 

18 

Yes, that would be nice. 42 

Other gender 
identifications 

2 

Yes, that would be nice. 2 

Grand Total 82 
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The male respondents totalled 60, showing a much larger sample size compared to the 

females. Among them, a significant majority of 42 (70%) expressed a positive attitude 

towards MONA learning and adapting to their personality after onboarding. This high 

percentage indicates a strong preference among male participants for an ongoing, 

personalized experience with MONA. Conversely, 18 males (30%) stated that there would 

be no need for MONA to adapt post-onboarding. This reflects a substantial minority who 

may either be concerned about privacy or feel that the initial onboarding is sufficient for 

their needs. 

From the total of 82 respondents, a notable 56 participants (approximately two-thirds) 

expressed a preference for MONA to continue learning and adapting to their personality 

post-onboarding. This demonstrates a general trend favouring ongoing personalization and 

adaptive interaction with MONA. However, 26 participants (about one-third) indicated that 

there would be no need for such features. This suggests a significant portion of the 

participants have reservations about sharing personal data or do not see the value in 

continued adaptation of MONA. These insights highlight the importance of balancing 

personalized user experiences with privacy concerns and data security in the development 

and implementation of MONA. 

 

5.1.8  Data sharing and privacy in MONA 

Table 8 presents respondents' comfort levels regarding allowing their conversations with 

MONA to be used for further improvement of tool, provided there is assurance of privacy 

and secure data handling. The responses are categorized by gender: Female, Male, and 

Prefer not to say. Out of the total 81 respondents, a significant majority of 57 

(approximately 70%) indicated that they would be comfortable allowing their 

conversations to be used for improving MONA. This indicates a general positive attitude 

towards leveraging user interactions to enhance the functionality and effectiveness of the 

MONA, provided privacy and data security are assured. However, 24 respondents (around 
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30%) expressed discomfort with this idea, highlighting a notable concern about privacy 

and the handling of personal data despite assurances. 

 

Table 8: Data sharing and handling in MONA 

Row Labels Count of With the assurance of privacy and secure data handling, 
would you be comfortable allowing your conversations with the VC to 
be used for further improvement of the VC? 

No 24 

Female 7 

Male 17 

Prefer not to say 0 

Yes 57 

Female 12 

Male 43 

Prefer not to say 2 

Grand Total 81 

 

Among the female respondents, 19 individuals provided their input. Of these, 12 females 

(approximately 63%) expressed comfort with allowing their conversations to be used for 

VC improvement. This majority indicates a general willingness among female participants 

to support the development of MONA through their interactions. However, 7 females 

(37%) were not comfortable with this idea, reflecting significant privacy concerns or 

mistrust in data security measures. Male respondents showed a similar trend but with a 

slightly higher level of comfort. Out of the 60 male participants, 43 (about 72%) indicated 

they were comfortable with their conversations being used to improve MONA. This strong 

majority suggests that male participants are generally more open to the idea of contributing 

to MONA's development through their interactions. On the other hand, 17 males (28%) 

were not comfortable, which still represents a considerable minority concerned about 

privacy and data security. 

5.1.9  Features to be seen in MONA 

Based on the pie chart and word cloud images, the most prominent features desired in the 

onboarding virtual companion (MONA) can be distilled into three key themes: 
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Personalization, Accuracy, and Knowledgeability. These themes encapsulate the primary 

expectations and requirements of potential users for a virtual onboarding assistant.  

Figure 15 presents an overview of these themes. The most frequently mentioned feature, as 

indicated by the 20% representation in the pie chart, is "personalization" (denoted as 

person*). Users highly value a VC that can tailor the onboarding experience to their 

individual needs. This includes customizing the onboarding process to fit the specific role, 

preferences, and pace of each new hire. Personalization might involve adapting the 

interaction style based on user feedback, providing personalized recommendations, and 

remembering user-specific information to make the onboarding experience more engaging 

and relevant. Users expect the VC to understand their unique context and offer a bespoke 

onboarding journey that aligns with their background and expectations.  

 

Figure 15: Distribution of the design features desired in MONA 

 

The second most important feature, making up 18% of the responses, is "accuracy" 

(accur*). This underscores the necessity for the VC to provide precise and reliable 

information. During the onboarding process, new employees rely heavily on the 

information provided to understand their roles, responsibilities, and the organizational 

culture. Inaccurate or misleading information can lead to confusion, frustration, and a poor 

onboarding experience. Therefore, the accuracy of the information shared by the VC is 
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crucial. It should be able to answer questions correctly, provide up-to-date information, 

and guide new hires accurately through the onboarding process. 

Also representing 18% of the responses is the need for the VC to be highly 

"knowledgeable" (knowledg*). This means the VC should have comprehensive knowledge 

about the company, its policies, the specific job roles, and any other relevant information 

that a new hire might need. A knowledgeable VC can significantly enhance the onboarding 

experience by providing detailed explanations, context, and insights that help new 

employees understand their new environment better. This includes not just factual 

knowledge but also understanding the nuances of the company culture and being able to 

convey this effectively to the new hires. 

The word cloud, as shown in Figure 16, prominently features the term "accurate," 

emphasizing that users place a high priority on the precision and reliability of information 

provided by MONA. Accuracy is crucial because it directly impacts the credibility of the 

onboarding process. Users expect the MONA to offer correct and up-to-date information 

about company policies, procedures, roles, and responsibilities. Accurate information helps 

new employees to trust the system and ensures they have the right foundation to start their 

roles effectively. Inaccurate or misleading information can cause confusion, misalignment, 

and a poor onboarding experience, making accuracy a foundational feature for MONA. 
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Figure 16: Word Cloud of the design features desired in MONA 

 

"Personalized" is another key term highlighted in the word cloud, indicating that users 

desire a tailored onboarding experience that caters to their individual needs and 

preferences. Personalization can involve customizing the onboarding process based on the 

specific role, learning style, and pace of the new hire. It might also include personalized 

recommendations, reminders, and progress tracking. A personalized onboarding 

experience makes new employees feel valued and understood, which can enhance their 

engagement and satisfaction. By addressing unique needs and providing relevant 

information, MONA can help new hires acclimate more quickly and effectively to their 

new environment. 

The terms "knowledge" and "information" appear frequently in the word cloud, reflecting 

the importance of the VC being well-informed and capable of providing comprehensive 

and detailed guidance. Users expect MONA to be a reliable source of knowledge about the 

company, its culture, and specific job roles. This includes not just factual information but 

also insights into best practices, company history, and unwritten rules that can help new 

employees navigate their new workplace. A knowledgeable VC can answer questions 
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accurately, offer useful tips, and provide context that enhances understanding, making the 

onboarding process more informative and enriching. 

The presence of words like "interactive," "intelligent," and "friendly" suggests that users 

value an engaging and responsive interaction with MONA. An interactive VC can provide 

a more dynamic onboarding experience through various modes of communication, such as 

text, voice, or interactive media. Intelligence implies that MONA should be capable of 

understanding and adapting to user inputs, providing relevant responses, and learning from 

interactions to improve over time. Friendliness relates to the tone and manner of 

interaction, where users appreciate a conversational and approachable style that makes the 

onboarding process more enjoyable and less intimidating. 

5.2  Analysis of results 1 & key findings (KFs) 

This chapter briefly summarizes the results and highlights the key findings. The survey 

results provide a comprehensive view of the current onboarding processes, preferences for 

interaction with MONA, and attitudes toward privacy and data security. The main themes 

identified are analysed below.   

5.2.1  Demographics findings (KF-1) 

Analysing the demographic data, it is evident that the majority of participants fall within 

the age groups of 30-35 and 35-40, indicating a predominantly mid-career professional 

sample. The gender distribution is skewed towards male participants, with 60 males 

compared to 20 females and 2 who preferred not to say. This demographic context is 

crucial as it may influence the onboarding needs and preferences due to varied professional 

experiences and gender-specific workplace dynamics. 

5.2.2  Awareness about the current onboarding process (KF-2) 

Regarding the onboarding processes, a significant majority (58 out of 82) confirmed the 

presence of an onboarding process at their workplace. However, the nature of these 
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processes varies, with a mix of role-specific and generic onboarding programs. The 

duration of onboarding predominantly spans 1-4 weeks, as indicated by 45 respondents. 

This relatively short duration suggests a need for efficient and effective onboarding 

practices that can quickly integrate new employees into their roles. The data also reveals 

challenges in the current onboarding process, with 45 participants experiencing difficulties 

"when needed" and 24 facing issues "weekly". This points to a sporadic yet significant 

need for improvements in onboarding processes to ensure consistent support for new hires. 

When examining the challenges faced with the current onboarding processes, it becomes 

evident that there is a significant gap between the existing systems and the expectations of 

the new employees. Many respondents reported facing difficulties “daily” or “weekly”, 

which indicates that the current onboarding processes are not consistently meeting the 

needs of new hires. This inconsistency can lead to frustration and hinder the overall 

effectiveness of onboarding, impacting employee satisfaction and retention. Therefore, 

addressing these challenges through a more responsive and adaptive onboarding system, 

like the proposed MONA, could significantly enhance the onboarding experience. 

In terms of privacy and ethics, the survey results highlight a critical aspect of 

implementing AI-driven solutions. Participants expressed a need for assurance regarding 

data handling and security. With 81 respondents indicating comfort with their 

conversations being used for MONA’s improvement, provided there are guarantees of 

privacy and secure data handling, it is clear that transparency and trust are paramount. This 

finding underscores the necessity for organizations to implement stringent data privacy 

measures and communicate these effectively to their employees. Ensuring data security is 

not only a legal requirement but also a crucial factor in gaining employee trust and 

willingness to engage with new technologies. 

5.2.3  Preferences for interacting with MONA (KF-3) 

The survey also explored preferences for interacting with MONA during the onboarding 

process. Descriptive statistics indicate a mean rating of 3.39 out of 5 for interaction 

methods, with a standard deviation of 1.51, highlighting varied preferences among 

participants. The median and mode being 4 and 5 respectively suggest a general preference 

for higher engagement levels with MONA. These findings underscore the importance of 
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personalization in the onboarding process, as indicated by the strong preference for MONA 

to adjust its tone and learning pace based on individual progress and conversational 

context. 

5.2.4  Preference to choose custom design and themes (KF-4) 

The analysis of design and customization preferences in the onboarding process reveals 

significant gender-based differences. Male participants generally show a preference for 

personalizing their themes, although a notable portion is also comfortable with an 

automated system-chosen theme. Female participants, on the other hand, demonstrate an 

even stronger inclination towards customization, with a majority preferring to select their 

own themes. 

These findings suggest that both male and female employees value the ability to 

personalize their onboarding experience, but the degree of preference for customization is 

higher among females. This highlights the importance of incorporating flexible and 

customizable options in the onboarding system to cater to these varying preferences. By 

addressing these insights, the design of MONA can be optimized to provide a more 

engaging and satisfactory onboarding experience for all employees. 

5.2.5  Attitudes towards privacy and data security (KF-5) 

The data privacy and secure data handling findings reveal significant insights into user 

attitudes towards the MONA and its capabilities, particularly concerning data privacy, 

personalization, and transparency. The overarching theme from the analysis is the balance 

between the desire for personalization and the concerns surrounding data privacy and 

security. This balance is critical in designing a virtual companion that is both effective and 

trusted by its users. 

From the outset, it is evident that a majority of respondents are generally comfortable with 

sharing their personal information with MONA, provided there are strong assurances of 

data handling and security. Specifically, 56% of the respondents expressed comfort in 

sharing their personal information for the sake of personalization and adaptability. This 
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indicates a significant inclination towards leveraging AI-driven personalization to enhance 

the user experience. Users recognize the potential benefits of MONA that can tailor its 

interactions based on personal data, such as providing more relevant information, adapting 

communication styles, and offering customized recommendations. 

However, the 44% of respondents who expressed discomfort with sharing personal 

information underscore a critical concern about data privacy and security. This substantial 

minority highlights the prevalent anxiety about how personal data is managed and 

protected. Users are wary of potential misuse, breaches, and unauthorized access to their 

information. This concern is more pronounced among female respondents, where 60% 

indicated they would not be comfortable sharing personal information, compared to 40% 

of males. This gender disparity suggests that female users may have heightened sensitivity 

or different thresholds for data privacy, which developers need to address to ensure 

inclusivity and trust. 

The findings on data privacy and secure data handling reveal the ethical considerations that 

are paramount in developing and deploying AI-driven virtual companions. Users need 

assurance that their data is handled with the utmost care and that the systems in place are 

designed to protect their privacy at all costs. Transparency in data practices is crucial; users 

must be informed about what data is being collected, how it is used, who has access to it, 

and what measures are in place to protect it. 

Moreover, building user trust involves not only securing data but also demonstrating 

ethical use of AI. This includes ensuring that the VC operates within ethical guidelines, 

avoids biases, and respects user autonomy. Providing clear, accessible privacy policies and 

obtaining informed consent are essential steps in fostering trust. Additionally, 

incorporating user feedback mechanisms can help continually improve the VC's 

transparency and security features, addressing user concerns promptly and effectively. 

The gender differences observed in the responses indicate that privacy concerns are not 

uniform across all user groups. With female respondents showing higher levels of 

discomfort with data sharing, it is important to explore and address the specific factors 

contributing to this disparity. This could involve targeted communication about privacy 

practices, ensuring that privacy features are prominently accessible and user-friendly, and 
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conducting further research to understand the unique concerns of different user 

demographics. 

5.2.6  Preferences and expectations from MONA during onboarding (KF-6) 

The survey results also inform of the specific preferences and expectations from MONA 

for onboarding purposes. Participants expressed a clear interest in interactive and adaptive 

functionalities, with 82 respondents rating their preferences for various interaction 

methods. The results show a diverse range of expectations, emphasizing the need for 

MONA to cater to different learning styles and preferences. For instance, many 

respondents preferred the ability to choose their style or pace of learning, highlighting the 

need for customizable onboarding experiences. The desire to select themes, designs, and 

colours for MONA indicates a demand for personalization that extends beyond content to 

the aesthetic and user interface aspects. 

Moreover, participants indicated a strong preference for MONA to remember, recall, and 

refer to previous conversations. This feature, which falls under the category of adaptability, 

learning, and memory, underscores the importance of continuity and context in the 

onboarding process. Employees do not want to repeat themselves or feel like they are 

starting from scratch with each interaction. Instead, they appreciate a system that learns 

and evolves with their progress, providing a seamless and integrated experience. The 

ability of MONA to adjust its tone based on the nature of the conversation further 

emphasizes the need for emotional intelligence in AI-driven onboarding tools. 

5.2.7  Humour and feedback in MONA (KF-7) 

The data also reveals a view of how humour and feedback are perceived in the context of 

AI interactions. While some respondents expressed a desire for MONA to make jokes, 

indicating a preference for a more human-like and engaging interaction, others were less 

enthusiastic about this feature. This variation highlights the challenge of balancing 

professionalism with engagement in an AI-driven onboarding tool. Similarly, the ability to 

provide feedback about the onboarding process was rated highly, suggesting that 
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participants value their input and want to contribute to the continuous improvement of the 

onboarding experience. 

5.2.8  Long-term relationship aspects with MONA (KF-8) 

The survey also explored long-term relationship aspects with MONA, revealing that many 

participants want MONA to continue serving them even after the onboarding process. This 

desire for an ongoing relationship with MONA indicates that employees see value in 

continuous support and personalization beyond the initial onboarding phase. The ability of 

MONA to adapt and evolve with the employee's journey within the company can 

contribute to long-term engagement and satisfaction. It also highlights the potential of AI-

driven tools to play a significant role in employee development and support, far beyond 

their initial integration into the organization.  

5.2.9  Desired features in MONA (KF-9) 

The emphasis on accuracy, as highlighted in the word cloud, underscores the critical need 

for MONA to provide reliable and precise information. This insight reveals that users 

prioritize correct and up-to-date information as the foundation of an effective onboarding 

process. When new employees receive accurate information about company policies, 

procedures, and role-specific details, it fosters trust in the onboarding system and the 

organization as a whole. Ensuring accuracy helps prevent misunderstandings and errors 

that could impede a new hire’s ability to perform their duties correctly. It also highlights 

the importance of regular updates and maintenance of the MONA’s data models to ensure 

all information remains current and accurate. 

Personalization emerged as a key feature, indicating that users value a tailored approach to 

onboarding. This insight points to the necessity of customizing the onboarding process to 

align with the specific needs, preferences, and learning styles of each new hire. 

Personalization can include adapting the pace of onboarding, providing role-specific 

training modules, and offering personalized recommendations and reminders. This 

approach not only enhances the relevance and effectiveness of the onboarding experience 

but also makes new employees feel valued and understood. By addressing individual needs 



77 
 

 

 

and preferences, a personalized onboarding process can significantly improve engagement 

and satisfaction, leading to quicker acclimatization and higher retention rates. 

The frequent mention of knowledge and information in the word cloud suggests that users 

expect MONA to be a robust source of comprehensive guidance. This insight indicates that 

MONA should be equipped with extensive information about the company, including its 

culture, history, and unwritten rules, as well as detailed knowledge about specific roles and 

best practices. A knowledgeable onboarding companion like MONA can serve as a reliable 

reference point for new hires, helping them understand the broader context of their roles 

and the organization. This depth of information can facilitate a smoother transition, reduce 

the learning curve, and enable new employees to become productive members of the team 

more quickly. 

The words "interactive," "intelligent," and "friendly" reflect the importance of engagement 

in the onboarding process. This insight highlights that users value a dynamic and 

responsive VC that can interact with them in a conversational manner. An interactive 

onboarding VC can enhance the onboarding experience by using various modes of 

communication, such as text, voice, or multimedia, to keep new hires engaged. The 

intelligence of MONA is crucial for understanding user inputs, providing relevant 

responses, and learning from interactions to improve over time. Additionally, a friendly 

and approachable communication style reducing anxiety and helping new employees feel 

more comfortable and welcomed. 

5.3  Results 2: Designing MONA – The Modern Onboarding Agent 

This chapter builds its foundations on the chapters 5.1 - survey results, and the chapter 5.2 

– analysis of the survey results to provide empirical evidence that will then be used to 

formulate the DPs of MONA. 

5.3.1  Schema for formulating the design principles 

DPs serve as fundamental guidelines for developing software, interfaces, and hardware 

products that are user-friendly, and effective (Interaction Design Foundation, 2024). DPs 
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are used to specify the design knowledge in an understandable and clear form, however, 

there are different views on how to formulate DPs (Gregor et al., 2020).   

Following the DSR approach to design MONA, this study draws inspiration from the 

extensive schema provided by Gregor et al., (2020). This schema is a proven methodology 

to formulate DPs. The schema ensures that the DPs are clear, consistent, comprehensive, 

contextual, and justifiable. Their research on the anatomy of design principles offers a 

systematic methodology that incorporates the interplay between context, mechanisms, and 

actor roles. It is designed to address various issues in existing formulations of design 

principles and to make them more applicable and useful in real-world design contexts. The 

schema is broken down into seven different components for the formulation of the DPs. 

The schema presented by Gregor et al. (2020) for formulating design principles provides a 

structured approach to creating prescriptive statements that guide the design and 

development of information technology-based artifacts in socio-technical systems. This 

schema aims to address inconsistencies and improve the clarity, comprehensiveness, and 

applicability of design principles in real-world contexts. The schema is consisting of 

several components. These are aim, context, mechanisms, actors, rationale, and 

decomposition. The schema also emphasizes on the use of clear and concise titles for the 

DPs. The definitions and purpose of the schema components are presented below: 

 

 

Aim 

The formulation of a design principle begins with identifying its aim, which is the specific 

goal or purpose that the principle seeks to achieve. The aim articulates what the design 

principle is intended to accomplish, providing a clear direction for its application.  

Context 

Alongside the aim, the context within which the design principle is applied is defined. This 

context includes the specific situation, environment, or conditions relevant to the design 

principle, ensuring that its application is relevant and bounded by appropriate situational 

parameters. 



79 
 

 

 

Mechanisms 

Central to the schema are the mechanisms that describe the actions, processes, or features 

necessary to achieve the aim. These mechanisms outline how the design principle operates 

in practice, detailing the practical steps or components required for implementation.  

Actors 

The schema establishes that achieving the aim involves various actors categorized as 

implementers, users, and enactors. Implementers are those who instantiate the design 

principle in a concrete design context, effectively translating the abstract principle into a 

practical solution. Users are the end recipients who benefit from the principle's application, 

while enactors are individuals or entities that perform actions as part of the mechanisms 

outlined by the design principle. 

Rationale 

To ensure that the design principle is theoretically or empirically grounded, the schema 

includes a rationale component. This rationale provides justification for the design 

principle, explaining why it should be effective based on existing knowledge or evidence. 

By including a rationale, the schema helps to validate the design principle and support its 

credibility and reliability. Including a rationale is not common in all the prior definitions 

and formulation of DPs (Gregor et al., 2020). 

 

Decomposition 

Additionally, the schema allows for the decomposition of complex design principles into 

more detailed components or sub-principles. This decomposition enhances understanding 

and implementation by breaking down the principle into finer-grained steps or elements. It 

is particularly useful for dealing with complexity, ensuring that each part of the design 

principle is clear and actionable. 

Gregor et al. (2020) provide a visual representation of the schema, where the components 

are interconnected to show the flow from abstract principles to concrete implementation. 

This includes the relationships between the aim, context, mechanisms, actors, and 

rationale. 
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Figure 17: Schema for DP formulation by Gregor et al. (2020) 

 

Following this schema, this study aims to create well-defined, actionable, and theoretically 

grounded DPs that will inform the design of MONA. 

5.3.2  Design Principles (DPs) for MONA 

Building upon the knowledge foundation from the analysis of the collected data, this 

chapter employs the schema presented in the previous chapter and presents the DPs for 

MONA. This chapter has further been divided into multiple sub-sections each representing 

one DP.  

Based on the survey results and analysis, key findings, and the schema, the following 

design principles and features have been derived. 

 

 

1. Personalization and role-specific Onboarding 
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MONA should provide customised onboarding programmes that specifically address the 

tasks and responsibilities of new employees. This guarantees that the onboarding procedure 

is relevant and efficient, delivering new employees with the precise knowledge and 

abilities they need to excel in their positions. Table 9 shows the implementation of this DP. 

Table 9: DP for personalization 

Component Description 

Title Principle of customization for onboarding experience 

Aim To enhance the onboarding experience by allowing users to personalize 

their interaction with MONA, thus improving engagement and 

satisfaction 

Context Applicable in organizational onboarding processes where there is a 

diverse user base with varying preferences and needs for personalized 

onboarding experiences 

Mechanisms 1. Allow users to choose their own themes, designs, and interaction 

styles. 

2. Provide options for both system-selected and user-selected 

customization. 

3. Implement interfaces that support easy customization and 

adaptability to user preferences. 

Implementers Designers and developers of the onboarding system. 

Users New employees undergoing the onboarding process, and HR personnel 

managing onboarding. 

Enactors System administrators and support staff who manage customization 

settings and assist users in personalization. 

Rationale Customization enhances user engagement and satisfaction, leading to 

more effective onboarding. This is supported by theories of user-

centred design and empirical findings indicating that personalization is 

a significant factor in user preference and engagement (Kim-Schmid & 

Raveendhran, 2022) & (Kumar & Pandey, 2017) 
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2. Interactive and engaging user experience 

 

Making the onboarding process dynamic and interesting is emphasised by this DP. The 

onboarding process may be improved with the use of multimedia material and interactive 

components to make it more engaging for new employees and more likely that they will 

stick around.  Table 10 shows the implementation of this DP. 

Table 10: DP for interactive user experience 

Component Description 

Title Principle of interactive onboarding 

Aim To increase engagement and effectiveness in the onboarding process by 

incorporating interactive elements such as quizzes, simulations, and 

scenario-based learning.  

Context Applicable in organizational onboarding processes where traditional 

methods fail to maintain the attention and motivation of new hires. 

Mechanisms 1. Integration of interactive modules including quizzes and simulations 

into the onboarding process. 

2. Use of scenario-based learning to mimic real-world tasks and 

challenges 

3. Utilization of multimedia content to cater to different learning styles 

and enhance engagement 

Implementers Designers and developers of the onboarding content, instructional 

designers, and training specialists. 

Users New employees undergoing the onboarding process. 

Enactors Trainers, HR personnel, and system administrators who facilitate and 

manage the interactive elements of the onboarding process. 

Rationale Interactive learning is known to enhance engagement and retention of 

information, making the onboarding process more effective. Theories 

of active learning and empirical studies support the use of interactive 

elements to improve learning outcomes and user satisfaction (Chandar 

et al., 2017) & (ClickBoarding, 2022b) 

 



83 
 

 

 

3. Real-time support and continuous feedback 

 

This DP emphasises the need of offering prompt assistance and continuous feedback 

throughout the onboarding process. Immediate support and a strong feedback system 

guarantees that newly hired employees may quickly overcome obstacles and that the 

process of integrating them into the company adapts according to their suggestions. Table 

11 shows the implementation of this DP. 

 

Table 11: DP for real-time support 

Component Description 

Title Principle of Real-Time Support 

Aim To provide immediate assistance and feedback to new employees 

during the onboarding process, enhancing their confidence and 

reducing frustration. 

Context Relevant in onboarding scenarios where new employees frequently 

encounter challenges and require timely support to overcome obstacles. 

Particularly useful in fast-paced work environments or roles with 

complex responsibilities. 

Mechanisms 1. Implement advanced NLP system to understand and respond to user 

queries in real-time. 

2. Develop continuous feedback mechanisms to adapt the onboarding 

content based on user interactions. 

3. Provide access to a virtual assistant that can offer guidance and 

troubleshooting support instantly. 

Implementers AI developers, chatbot designers, and HR technology specialists. 

Users New employees who are undergoing the onboarding process and may 

encounter difficulties requiring support. 

Enactors HR personnel, system administrators, and technical support staff who 

oversee the functioning and accuracy of the real-time support system. 

Rationale Immediate support during onboarding is critical for maintaining new 

employees' morale and productivity. Theories of immediate feedback 
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and assistance in learning environments suggest that real-time support 

can significantly improve user satisfaction and retention (Wani, 2022) 

& (Kumar & Pandey, 2017) 

 

 

4. Adaptability and learning 

 

This DP focuses on MONA's ability to adapt and acquire knowledge via user interactions. 

MONA can enhance the onboarding experience by tracking user progress and adapting the 

material appropriately. This personalised approach ensures that each employee gets the 

necessary help in time, leading to a more successful onboarding process. Table 12 shows 

the implementation of this DP. 

 

Table 12: DP for adaptability and learning 

Component Description 

Title Principle of adaptability and learning 

Aim To enhance the onboarding experience by ensuring that the AI-driven 

system can adapt to individual user needs and continuously learn from 

interactions. 

Context Relevant in organizational onboarding processes where new employees 

have varying levels of prior knowledge, skills, and learning 

preferences.  

Mechanisms 1. Incorporate machine learning algorithms that analyze user 

interactions and adjust content delivery based on user progress and 

feedback. 

2. Enable the system to provide personalized recommendations and 

support by learning from user behaviour and preferences. 

3. Implement adaptive learning paths that tailor the onboarding process 

to individual user needs and skill levels. 

Implementers AI developers, instructional designers, and HR professionals 
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specializing in employee training and development. 

Users New employees undergoing the onboarding process who benefit from 

personalized and adaptive learning experiences. 

Enactors System administrators, AI trainers, and HR personnel responsible for 

monitoring and adjusting the onboarding system to ensure effective 

adaptation and learning. 

Rationale Adaptability and continuous learning are critical for creating effective 

onboarding experiences that cater to individual needs. Research shows 

that personalized learning can enhance engagement, retention, and 

performance (N. Anderson et al., 2014). Adaptive systems that learn 

from user interactions can provide more relevant and timely support, 

leading to better outcomes for both employees and organizations. 

 

 

5. Privacy and data security 

 

This area highlights the need of maintaining the safe and transparent handling of user data. 

Ensuring the privacy of new hires and safeguarding the security of their information is 

essential for establishing trust and ensuring that users feel at ease while interacting with 

MONA. Table 13 shows the implementation of this DP. 

 

Table 13: DP for privacy and data security 

Component Description 

Title Principle of privacy and data security 

Aim To ensure that the AI-driven onboarding system handles user data with 

the highest standards of privacy and security, fostering trust and 

compliance with regulatory requirements. 

Context Applicable in organizational settings where sensitive personal data is 

collected and processed during the onboarding process.  

Mechanisms 1. Implement robust encryption methods for data storage and 
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transmission to protect personal information. 

2. Ensure compliance with relevant data protection regulations by 

conducting regular audits and updates to privacy policies. 

3. Provide transparent communication to new hires about how their 

data is collected, used, and protected, including obtaining explicit 

consent for data usage. 

Implementers IT security specialists, legal advisors, AI developers, and HR 

professionals responsible for data management and compliance. 

Users New employees undergoing the onboarding process who require 

assurance that their personal data is handled securely and privately. 

Enactors Data protection officers, system administrators, and compliance 

officers who oversee the implementation and maintenance of data 

privacy and security measures. 

Rationale Ensuring privacy and data security is essential for building trust and 

compliance in AI-driven systems. Research indicates that concerns over 

data privacy can significantly impact user acceptance and engagement 

with digital tools (Acquisti et al., 2015). Robust privacy and security 

measures help mitigate risks associated with data breaches and misuse, 

fostering a safe and trustworthy environment for users. 

 

 

6. Emotional intelligence and human-like interaction 

 

This DP focuses on the need for MONA to integrate emotional intelligence capabilities in 

order to accurately perceive and effectively react to user emotions. Establishing a nurturing 

and compassionate onboarding atmosphere helps instil a sense of value in new employees, 

hence improving their entire onboarding experience. Table 14 shows the implementation of 

this DP. 
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Table 14: DP for emotional intelligence 

Component Description 

Title Principle of emotional intelligence and human-like interaction 

Aim To enhance the onboarding experience by integrating emotional 

intelligence and human-like interaction capabilities into the AI-driven 

onboarding system. 

Context Applicable in organizational settings where creating a supportive and 

engaging onboarding experience is essential. Relevant in environments 

that prioritize employee well-being, satisfaction, and effective 

integration into the company culture. 

Mechanisms 1. Develop natural language processing algorithms that recognize and 

appropriately respond to emotional cues in employee interactions. 

2. Incorporate empathetic and supportive responses in the AI's 

interaction repertoire to mimic human-like understanding and care. 

3. Use sentiment analysis to gauge employee morale and adjust 

interaction styles accordingly, ensuring a positive and engaging 

onboarding experience. 

Implementers AI developers, HR professionals, organizational psychologists, and 

user experience designers responsible for creating emotionally 

intelligent AI systems. 

Users New employees undergoing the onboarding process who benefit from a 

supportive, engaging, and human-like interaction with the AI system. 

Enactors AI system administrators, HR managers, and trainers who implement 

and monitor the AI's emotional intelligence and interaction capabilities. 

Rationale Research indicates that emotionally intelligent systems can 

significantly improve user satisfaction and engagement (Riedl, 2019) 

Emotional intelligence in AI can help create a more relatable and 

supportive onboarding experience, enhancing overall employee well-

being (Vishwanath & Vaddepalli, 2023a) 
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7. Customization of aesthetic and interaction preferences 

 

This DP emphasizes the ability for users to customise the visual elements and interaction 

methods of MONA. Personalisation improves user satisfaction and ease by creating a more 

interactive and tailored onboarding experience that aligns with individual preferences. The 

implementation of this DP is shown in Table 15. 

 

Table 15: DP for customization of aesthetics 

Component Description 

Title Principle of customization of aesthetic and interaction preferences 

Aim To enhance user engagement and satisfaction by allowing new 

employees to customize the visual aesthetics and interaction 

preferences of the onboarding system. 

Context Applicable in organizational settings where diverse employee 

preferences exist regarding interface design and interaction styles. 

Mechanisms 1. Provide options for users to choose themes, colours, and visual 

designs for the onboarding interface. 

2. Allow customization of interaction methods, such as text, voice, or 

mixed media, based on user preferences. 

3. Implement user profiles that save and apply individual customization 

settings for consistent user experience. 

Implementers User experience designers, UI/UX developers, HR professionals, and 

IT support teams responsible for integrating customization features into 

the onboarding system. 

Users New employees undergoing the onboarding process who benefit from a 

personalized and engaging onboarding experience tailored to their 

aesthetic and interaction preferences. 

Enactors AI system administrators, HR managers, and technical support teams 

who facilitate and monitor the customization features and ensure they 

function correctly. 

Rationale Customization options can significantly enhance user engagement and 
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satisfaction by providing a sense of control and personalization 

(Hassenzahl et al., 2010). Personalization in digital interfaces is linked 

to improved user experience and higher engagement levels (Tuch et al., 

2012) 

 

 

8. Long-term support and relationship building 

 

This DP highlights the need of offering ongoing assistance and resources to employees 

beyond the initial onboarding stage. Maintaining a continuous association with MONA 

may contribute to the enhancement of one's professional growth, advancement in one's 

career, and long-term involvement within the organisation. Table 16 shows the 

implementation of this DP. 

 

Table 16: DP for long term support 

Component Description 

Title Principle of long-term support 

Aim To provide continuous support and resources to employees beyond the 

initial onboarding phase, fostering long-term engagement and 

development. 

Context Applicable in organizational environments that prioritize employee 

development and retention, and where continuous learning and support 

are essential for career progression. 

Mechanisms 1. Implement regular check-ins and follow-ups with employees to 

address ongoing needs and challenges. 

2. Provide access to career development resources and training 

materials tailored to individual career paths. 

3. Enable the onboarding system to adapt and evolve with the 

employee’s progress and feedback over time. 

Implementers HR professionals, career development coaches, and IT support teams 
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responsible for maintaining and updating the onboarding system to 

provide long-term support features. 

Users Employees who benefit from continuous support and resources that aid 

in their professional growth and adaptation within the company. 

Enactors AI system administrators, HR managers, and technical support teams 

who facilitate and monitor the long-term support features, ensuring 

they are effectively utilized and updated as needed. 

Rationale Continuous support is critical for maintaining employee engagement 

and productivity (Kim-Schmid & Raveendhran, 2022). Long-term 

engagement with digital tools enhances learning and adaptation, 

leading to better job performance and satisfaction (Bersin, 2017) 

 

 

 

9. Balancing professionalism with engagement  

 

The aim of this DP is to ensure an appropriate balance between professionalism and 

involvement in AI interactions. By ensuring that MONA is both professional and 

interesting, we can maintain user attention and comfort, therefore creating a respectful and 

delightful onboarding experience. The implementation of this DP is shown in Table 17. 

 

Table 17: DP for balancing professionalism with engagement 

Component Description 

Title Principle of balancing professionalism with engagement 

Aim To create an onboarding experience that maintains a professional tone 

while incorporating engaging and relatable interactions to enhance user 

engagement. 

Context Suitable for organizational environments that require maintaining a 

professional image while seeking to improve the onboarding experience 

through engaging interactions. 
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Mechanisms 1. Develop interaction scripts that incorporate a mix of formal and 

informal language based on the context of the conversation. 

2. Implement contextual humour and light-hearted content where 

appropriate to make interactions more relatable. 

3. Utilize feedback mechanisms to continuously refine the balance 

between professionalism and engagement based on user responses. 

Implementers Content developers, scriptwriters, HR professionals, and AI developers 

responsible for designing and updating interaction protocols. 

Users New employees who benefit from an engaging onboarding process that 

also maintains the necessary level of professionalism expected in the 

workplace. 

Enactors AI system administrators, HR managers, and technical writers who 

develop and monitor the onboarding content to ensure it balances 

professionalism with engagement. 

Rationale Balancing professionalism with engagement is essential to ensure new 

employees feel both respected and comfortable (Kumar & Pandey, 

2017) Engaging onboarding processes have been shown to improve 

retention and job satisfaction (Bauer, 2015) 

 

 

10. Ensuring accuracy and reliability 

This DP emphasises the need of providing precise and dependable information throughout 

the onboarding process. Verifying the accuracy of the information given by MONA 

establishes confidence and facilitates the efficient execution of duties by new employees. 

The implementation of accuracy and reliability is shown in Table 18. 

 

Table 18: DP for accuracy and reliability 

Component Description 

Title Principle of ensuring accuracy and reliability 

Aim To provide new employees with accurate, up-to-date, and reliable 
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information during the onboarding process to build trust and ensure 

effective knowledge transfer. 

Context Applicable in organizational settings where the accuracy and reliability 

of information are critical for onboarding effectiveness and employee 

confidence. 

Mechanisms 1. Implement rigorous content verification processes to ensure all 

information provided by MONA is accurate and current. 

2. Develop a systematic approach for regular updates and reviews of 

onboarding content to reflect the latest organizational policies and 

procedures. 

3. Utilize AI algorithms to cross-check data sources and validate 

information before presenting it to new employees. 

Implementers Content verification teams, policy experts, HR professionals, and AI 

developers responsible for maintaining the accuracy and reliability of 

the onboarding content. 

Users New employees who rely on the provided information to understand 

their roles, responsibilities, and organizational processes effectively. 

Enactors AI system administrators, HR managers, and content validators who 

develop, review, and update onboarding content to ensure its accuracy 

and reliability. 

Rationale Accurate and reliable information is essential to avoid confusion, 

reduce errors, and build trust in the onboarding process (Bauer, 2015). 

Regular content updates and rigorous verification processes ensure that 

employees receive the most relevant and correct information, which is 

crucial for their successful integration into the organization (Kim-

Schmid & Raveendhran, 2022). 

 

The ten DPs formulated in this chapter provide a comprehensive framework for developing 

MONA, the Modern Onboarding Agent. A summary of these DPs is given below: 

These principles are designed to address key challenges identified in current onboarding 

processes and leverage AI to create a more effective and personalized onboarding 

experience.  
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6  Discussions and conclusion 

The findings from this study underscore the significance and complexity of onboarding 

processes within organizations, particularly in light of the evolving landscape of AI-driven 

solutions. The data collected and analyzed in this research provides valuable insights into 

the current state of onboarding practices, the preferences and expectations of new 

employees, and the potential role of AI in enhancing these processes. The development and 

implementation of MONA, the Modern Onboarding Agent, are contextualized within these 

findings, demonstrating both the challenges and opportunities that lie in leveraging AI for 

onboarding. 

The survey results provide significant insights into the demographic characteristics of the 

respondents, their experiences with current onboarding processes, and their expectations 

from an AI-driven onboarding agent. A significant finding is that while most organizations 

have formal onboarding processes, these processes often lack role-specific customization. 

This gap leads to new hires feeling inadequately prepared for their specific job roles, 

impacting their initial productivity and overall job satisfaction. Specifically, 71% of 

respondents confirmed the presence of an onboarding process at their workplace, yet many 

described it as generic and lacking role-specific details. Notably, only 22% of respondents 

reported that their onboarding process was role-specific, highlighting a substantial need for 

more tailored approaches. Additionally, the frequent challenges faced during onboarding 

underscore the need for more robust and adaptive onboarding solutions. For instance, 55% 

of participants reported experiencing onboarding difficulties "when needed," and 29% 

reported facing challenges weekly, which indicates persistent gaps in the current systems. 

The survey results indicate a strong preference for interactive and engaging onboarding 

experiences. Respondents expressed a desire for MONA to offer personalized interaction 

options, highlighting the importance of customization in enhancing user engagement and 

satisfaction. Specifically, 60% of respondents preferred onboarding processes that are 

tailored to their specific roles, emphasizing the need for customization. Moreover, 78% of 

respondents indicated a preference for a virtual companion that allows them to choose their 

style or pace of learning, further underlining the demand for personalized onboarding 

solutions. 
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The interpretation of the key findings involves understanding the broader implications of 

the survey results and how they inform the design and development of MONA. The lack of 

role-specific onboarding emerged as a significant challenge, with only 22% of respondents 

indicating that their onboarding process was role-specific. This highlights a critical gap, as 

generic onboarding processes fail to address the unique needs of different roles, leading to 

a one-size-fits-all approach that is often ineffective. For example, 60% of respondents 

preferred onboarding processes tailored to their specific roles, underscoring the demand for 

customization. 

The proposed design principle (DP1) advocates for tailored onboarding programs that cater 

to the specific roles and responsibilities of new employees. By developing customized 

learning modules and providing role-specific information, MONA can ensure that new 

hires receive relevant and targeted training. This approach aims to enhance their readiness 

and performance from the outset, addressing the 29% of participants who reported facing 

onboarding challenges weekly and the 55% who experienced difficulties "when needed." 

Furthermore, the data indicates that 78% of respondents preferred a virtual companion that 

allows them to choose their style or pace of learning, emphasizing the importance of 

personalized onboarding solutions. 

Privacy and data security are important concerns for respondents. With 81 out of 82 

respondents expressing comfort with data usage provided there are guarantees of privacy 

and secure handling, the assurance of secure data handling is crucial for gaining user trust 

and ensuring full engagement with the AI-driven onboarding agent. This finding 

emphasizes the necessity of implementing strict data protection measures and transparent 

communication regarding data usage within MONA's design. There is a clear interest in 

extending the role of MONA beyond the initial onboarding phase. Participants expressed a 

desire for MONA to provide continuous support and resources, indicating that long-term 

engagement can significantly enhance employee satisfaction and retention. Specifically, 

85% of respondents expressed a preference for ongoing support beyond the initial 

onboarding phase. DP 5 provides mechanism to implement such security measures. 

Engagement and interaction are critical components of effective onboarding. Traditional 

onboarding methods often fail to engage new employees, leading to a lack of interest and 

motivation. The survey results indicated that 70% of respondents found their current 

onboarding process unengaging. DP2 focuses on implementing interactive elements such 
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as quizzes, simulations, and scenario-based learning. These features make the onboarding 

process more dynamic and interesting, helping to maintain new hires' attention and 

improve retention of information. Notably, 65% of respondents preferred onboarding 

methods that included interactive and multimedia content, which caters to different 

learning styles and enhances the overall learning experience. 

The frequent challenges reported by respondents highlight the need for real-time support 

during the onboarding process. The DP3 emphasizes the importance of providing 

immediate responses to user queries through advanced. Continuous feedback mechanisms 

ensure that the onboarding process is adaptive and responsive to the needs and challenges 

faced by new hires. Specifically, 29% of respondents faced weekly challenges during 

onboarding, underscoring the need for continuous support. Implementing real-time support 

can significantly reduce frustration and enhance the overall onboarding experience. For 

instance, 55% of participants indicated a preference for real-time assistance via chatbots or 

virtual companions, which can address their questions and concerns promptly, ensuring a 

smoother transition into their new roles. This approach is embodied DP4, which advocates 

for adaptable and responsive onboarding solutions that cater to individual needs in real-

time. 

Customization emerged as a key factor in user satisfaction. Allowing users to personalize 

the visual aspects and interaction styles of MONA can significantly enhance their 

onboarding experience. Customizable interface options and interaction styles ensure that 

the onboarding process is comfortable and enjoyable for new hires, catering to their 

individual preferences and needs. Specifically, 35 out of 60 male respondents and 15 out of 

20 female respondents preferred to choose their own themes and designs, highlighting the 

importance of personalization. Balancing professionalism with engagement is crucial for 

maintaining a respectful yet enjoyable onboarding experience. The design principle 

focuses on ensuring that MONA maintains a professional yet friendly tone. Incorporating 

contextual humor appropriately can make interactions more engaging without 

compromising professionalism. A feedback mechanism allows users to provide input on 

the interaction style, ensuring continuous improvement. This is addressed in DP7, 

customization of aesthetic and interaction preferences. 

The accuracy and reliability of information are critical for effective onboarding. DP 10 

concerns the importance of providing accurate and up-to-date information to new hires. 
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Regular updates to MONA’s knowledge base and sourcing information from credible 

references are essential for maintaining the trust and confidence of new hires. The study 

found that 75% of respondents rated the accuracy of information as crucial, underscoring 

the importance of this aspect. This need for accurate information is addressed in DP10.  

This study contributes both theoretically and practically to the field of onboarding and AI-

driven HR solutions. The research extends the theoretical understanding of AI applications 

in HR, particularly in the context of onboarding. It integrates concepts from DSR and the 

anatomy of design principles (Gregor et al., 2020) to provide a structured framework for 

developing AI-driven onboarding solutions. By applying this framework, the study bridges 

the gap between AI capabilities and practical onboarding needs, offering a robust 

theoretical foundation for future research. 

The design of MONA represents a significant practical contribution to modernizing 

onboarding practices. The detailed DPs provide a roadmap for organizations looking to 

implement AI-driven onboarding solutions. By addressing the specific challenges 

identified in the survey, MONA offers a practical example of how AI can enhance 

employee experience and streamline onboarding processes. The focus on personalization, 

interactivity, real-time support, privacy, long-term engagement, and accuracy ensures that 

MONA is equipped to meet the diverse needs of new hires. 

In conclusion, this research lays a solid foundation for the development of AI-driven 

onboarding solutions, demonstrating the potential of MONA to transform onboarding 

practices. By continuing to refine and expand upon this work, organizations can leverage 

AI to create more effective, personalized, and engaging onboarding experiences for their 

employees. The insights gained from this study highlight the critical role of tailored, 

interactive, and secure onboarding processes in enhancing employee satisfaction and 

organizational success. 
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7  Future work recommendations 

There are several areas that need more investigation and improvement. Regular feedback 

from users is crucial to improve and enhance MONA. Further studies should prioritize the 

process of conducting additional assessments and making revisions based on empirical 

evidence gathered from actual application in real-life scenarios. It would be essential to 

examine the scalability of MONA across various organizational sizes and sectors. 

Moreover, improving MONA's flexibility to different cultural and organizational settings 

might expand its usefulness. Future iterations of MONA should include more sophisticated 

AI functionalities, including greater understanding of natural language, predictive 

analytics, and improved emotional intelligence, in order to provide even more tailored and 

prompt interactions. Conducting follow-up research to evaluate the continuing effects of 

AI-driven onboarding on employee performance, satisfaction, and retention will provide 

significant insights into the lasting advantages and possible areas for improvement. 

Continuing research should also focus on ethical concerns about the use of AI in HR, 

specifically on the protection of data privacy, the need for transparency, and the possible 

biases that may arise in AI algorithms. 

To ensure that AI-driven onboarding solutions fulfil the evolving needs for modern 

organizations and their employees, researchers and practitioners should focus on 

implementing the future work suggestions and continuously improving and refining these 

solutions. Further development and growth of MONA will enable organizations to use AI 

in order to provide more efficient, customized, and captivating onboarding experiences, 

eventually leading to increased employee satisfaction and organizational achievement. 
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