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Abstract 
This study explores the use of artificial intelligence (AI) in recruitment and 
selection (RS) within the context of Human Resource Management (HRM). 
Contrast to past studies, this study makes a valuable theoretical contribution 
of a conceptual model to understand the effective use of AI in recruitment & 
selection processes by investigating the underexplored impact of the recruit-
ment phase and the critical perspective of recruitment professionals. In so 
doing it builds on and extends technology adoption theory within the infor-
mation systems by integrating HRM literature. The findings of this qualitative 
study indicate that AI is suitable for use in specific recruitment phases such as 
sourcing, pre-screening/pre-selection, and candidate engagement. However, 
there is a reluctance to use AI in the recruitment pre-planning and interview 
stages. It contributes valuable insights to inform HRM practitioners and or-
ganizations seeking to integrate AI into their recruitment processes.  
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1. Introduction 

The recruitment and selection process plays a crucial role in organizational suc-
cess. According to a study by Arif et al. (2021), the recruitment process signifi-
cantly impacts employee retention, job satisfaction, and organizational perfor-
mance. By attracting and selecting suitable candidates, organizations can im-
prove productivity, customer satisfaction, and profitability. Additionally, an ef-
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fective recruitment and selection process can enhance the employer’s brand and 
attract top talent. Thus, organizations are keen on adopting emerging technolo-
gies in the RS to gain benefits (Abbas, Liu, & Khushnood, 2022). 

One of the emerging trends in recruitment and selection is the use of artifi-
cial intelligence (AI). AI can streamline the recruitment process by automating 
routine tasks, such as resume screening, scheduling interviews, and sending 
progression updates to candidates. It can also analyze data from candidate as-
sessments and job performance to identify patterns and insights that can help 
organizations make better hiring decisions. According to a report by Deloitte 
(2021), AI technologies can reduce time-to-hire, improve candidate experience, 
and enhance the quality of hires which generally is appealing to many organiza-
tional leaders.  

Thus, organizations are increasingly considering the adoption of artificial in-
telligence (AI) in various stages of recruitment and selection (RS) to leverage its 
benefits while mitigating the associated risks. However, the process of AI adop-
tion in recruitment phases (RP) is complex because it involves multiple stake-
holders with diverse perspectives, and their adoption of AI may differ (Bovet & 
Makridakis, 2019). While organizations may perceive AI as a means of achieving 
cost-effective strategic goals, recruiters, hiring managers, and other stakeholders 
associated with RS may have different perceptions of AI (Yao et al., 2010). 

Despite strong support from HR leadership, AI adoption in RS is challenging 
and complex due to the intricacies of RS and the challenges presented by AI. For 
example, using AI in recruitment and selection raises concerns about potential 
biases and ethical issues thus triggering trust issues (Prakash, Joshi, Nim, & Das, 
2023; Troshani, Hill, Sherman, & Arthur, 2020). AI algorithms may be trained 
on biased data, perpetuating existing biases in the hiring process (Dastin, 2018). 
Therefore, leaders and practitioners in HR and RS must use AI responsibly and 
ensure that AI algorithms are transparent, fair, and unbiased for use in business 
applications like RS. The World Economic Forum (2020) emphasizes the need 
for organizations to establish clear guidelines and governance frameworks to 
mitigate the risks of bias and discrimination in AI-based recruitment and selec-
tion processes. Therefore, the selection of AI and its applications in business re-
quires careful consideration. 

Therefore, the adoption of AI in RP cannot be solely driven by its capabilities 
or strategic leadership push. It requires the involvement and collaboration of 
various stakeholders in the decision-making process. In other words, the adop-
tion of AI in RP should be based on a shared understanding and acceptance of 
its potential benefits and limitations by all stakeholders involved. 

Thus, this study aims to explore the suitability of adopting artificial intelli-
gence (AI) in the recruitment and selection process in the recruitment phases, 
from the perspective of recruitment and selection practitioners such as recrui-
ters, hiring managers, and HR executives. To achieve this goal, the study uses a 
new conceptual framework which integrates the recruitment phase into the 
well-known Unified Theory of Acceptance and Use of Technology (UTAUT) mod-
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el. Because recent research has emphasized the need for new theoretical models 
to understand emerging phenomena such as AI (Venkatesh et al., 2003). Scho-
lars have responded to this call by developing new theoretical frameworks, such 
as the UTATU-OM (Operations Management) model, to address the complexi-
ties of AI applications. 

By adopting this contextualized theoretical framework, the study provides a 
more comprehensive understanding of the complexities and applicability of AI 
in the recruitment and selection process. Thus, this study contributes to the lite-
rature by proposing a novel theoretical framework that can guide future research 
and practice in AI in recruitment and selection. Additionally, the study provides 
managerial insights into the suitability of recruitment phases for adopting AI. 

This research paper is structured into several sections. The initial section of-
fers an in-depth examination of the recruitment and selection process, encom-
passing an overview of its fundamental principles and functions. Subsequently, 
an investigation of AI applications in the recruitment and selection process is 
presented, drawing upon insights from diverse literature studies. Following this, 
the theoretical framework employed in this study, namely the Unified Theory of 
Acceptance and Use of Technology (UTAUT), is elucidated as the foundational 
basis for the development of the research’s conceptual framework. The subse-
quent sections elaborate on the research design, outlining the data collection ap-
proach, and expounding on the chosen data analysis methods. A comprehensive 
account of the research findings and their implications is then provided, culmi-
nating in the concluding remarks that encapsulate the overall outcomes of the 
investigation.  

1.1. Recruitment and Selection Process  

The Recruitment and Selection Process (RSP) is critical in identifying suitable 
candidates to fulfill an organization’s human capital needs, impacting organiza-
tional growth and performance (Azeem & Yasmin, 2016; Ekwoaba et al., 2015; 
van Esch et al., 2019). The RSP comprises various functions, including recruit-
ment planning, sourcing, pre-selection, selection, communication, and engage-
ment with candidates and other stakeholders (Barber, 1998; Holm, 2009). Arm- 
strong and Taylor (2014) provide a detailed description of ten R&S stages, in-
cluding defining requirements, attracting candidates, screening applicants, in-
terviewing, testing, assessing candidates, obtaining references, checking appli-
cants, offering employment, and following up. Given the multifaceted and com-
plex nature of the RSP, it is essential to prioritize strategies to attract and identify 
the most suitable candidates for the organization. The next paraphs explain each 
of these phases in detail.  

1.2. Preplanning  

Recruitment pre-planning is a crucial aspect of the recruitment and selection 
process, which is essential in establishing a foundation for the efficient recruit-
ment of candidates (Kanagavalli et al., 2019). This phase includes defining re-
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cruitment requirements, determining sourcing strategies, outlining job descrip-
tions, and identifying financial benefits (Kanagavalli et al., 2019; Hallam, 2009a). 
According to Thebe (2014), this phase establishes a reciprocal relationship be-
tween the recruitment process and the organization’s strategic objectives, ensur-
ing the selection of suitable candidates for the appropriate roles within a speci-
fied timeline. 

Kanagavalli et al. (2019) argue that recruitment pre-planning allows for the 
identification of skill gaps, analysis of turnover and retention rates, and evalua-
tion of the effectiveness of sourcing channels, enabling informed recruitment- 
related decisions. By conducting a thorough pre-planning phase, organizations 
can effectively allocate resources and streamline their recruitment processes to 
achieve their desired goals. Therefore, recruitment pre-planning is a vital com-
ponent that must be prioritized by organizations to ensure they recruit suitable 
candidates and achieve their strategic objectives. 

1.3. Pre-Selection or Pre-Screening 

The pre-selection or pre-screening process involves shortlisting a small number 
of candidates from a large pool of applicants. However, this process can be chal-
lenging and time-consuming due to the high volume of applications received for 
a single job (van Esch & Black, 2021). Traditional pre-screening methods, such 
as manual screening and ranking, can be error-prone and result in the deselec-
tion of potentially suitable candidates. 

To address these challenges, new techniques such as e-recruitment-based fil-
tering criteria have been introduced. However, inconsistent CV formats and a 
lack of contextual information in resumes limit their effectiveness (Black & van 
Esch, 2021). In contrast, automated techniques like natural language processing 
(NLP) and machine learning (ML) algorithms have shown promise in improving 
the efficiency and effectiveness of pre-screening processes (Li et al., 2021). These 
techniques can analyze resumes and identify relevant information such as skills 
and experience, and rank candidates based on their suitability for the job. 

By automating the pre-screening process, recruiters can save time and re-
sources and ensure that suitable candidates are not inadvertently overlooked (Li 
et al., 2021). Thus, the use of automated techniques in pre-screening processes 
can be a useful tool for recruiters in managing a large volume of job applications 
effectively. 

1.4. Selection or Interview Phase  

The selection or interview process is a critical step in the recruitment and selec-
tion process (RSP), where shortlisted candidates are evaluated based on multiple 
selection criteria to determine the final list of candidates for hiring (Hunter & 
Hunter, 1984). Interviews assess job-related and person-organizational fit by eva-
luating the communication, teamwork, and subject knowledge (Salgado, 1997). 
Different types of assessments like cognitive ability tests, personality assessments, 
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situational judgment tests, and behavioural interviews are used for different job 
types and selection criteria (Dipboye & Johnson, 2013). 

The interview process may include multiple tests and various rounds of inter-
views that differ based on the job type and selection criteria (Huffcutt et al., 
2001). New types of interviews, like puzzle interviews and coding tests for soft-
ware engineers, have emerged over time (Jackson & Schuler, 1995). The process 
involves coordination among interview panel members and candidates and can 
take a long time to complete. Different stakeholders are involved, such as subject 
matter experts, hiring managers, recruiters, HR managers, and senior executives, 
depending on the role (Vidal & Marques-Quinteiro, 2017). Having a structured 
approach to the interview process, including standardized assessments, and 
scoring criteria, is crucial to ensure objectivity and fairness. 

1.5. Candidate Engagement and Communication 

Effective communication and engagement with candidates are essential factors 
in the recruitment process and can significantly impact talent acquisition rates 
(Allen et al., 2010; Rose & Sandhya, 2022). The way recruiters communicate with 
candidates can influence their perceptions of the organization and affect their 
decision to accept or decline an offer (Harris & Fink, 1987; Taylor & Bergmann, 
1987). As a result, organizations are increasingly prioritizing candidate commu-
nication and engagement as part of their recruitment efforts (Athanur et al., 
2021). 

However, providing the appropriate information to candidates at different 
stages of the recruitment process can be challenging since they expect a variety 
of details such as organizational information, job descriptions, interview process, 
assessment criteria, and interview updates (Palenius, 2021). Insufficient commu-
nication and engagement with candidates can result in negative consequences 
such as a damaged reputation, a limited pool of candidates, and prolonged re-
cruitment cycles (Miles & McCamey, 2018). Therefore, it is essential to address 
the challenges associated with candidate communication and engagement to en-
sure a successful recruitment process. 

To achieve this, organizations must develop effective communication strate-
gies that will enable them to engage with candidates meaningfully and provide 
them with the information they need to make informed decisions about the job 
and organization. By doing so, organizations can improve their recruitment ef-
forts, increase their talent acquisition rates, and positively impact their overall 
business outcomes. 

1.6. Issues in RSP 

Recruitment planning is a critical phase of the recruitment and selection process 
that can be complex and challenging, yet it is often overlooked by organizations 
(Zoller, 2018). Failure to pre-plan can negatively impact ongoing and future 
projects, making it difficult for organizations to achieve their goals (Hallam, 
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2009b). Sourcing and pre-screening candidates can also pose challenges, partic-
ularly when there is a shortage of HR professionals available to handle recruit-
ment demands (Lutz, 2013; Torres, 2017). A high volume of applications in a 
limited time frame can lead to human bias in candidate pre-screening and se-
lection, resulting in the wrong hire and a negative candidate experience (Clear, 
2007; Lim et al., 2015). 

Moreover, accurately assessing candidates can be challenging, resulting in the 
selection of the wrong person for the job. Some recruitment tests, such as psy-
chometric tests, may not be scientifically sound (Piotrowski & Armstrong, 2006), 
and candidates may provide false information on their resumes, leading to the 
wrong hire and increased hiring costs (Const et al., 1995; Welch, 1999). As such, 
selecting the right candidates for the right job is an ongoing challenge for many 
RSP professionals, and the integration of emerging technologies in the recruit-
ment process has become a topic of interest for HR leaders. 

While technological advancements have impacted the recruitment process, 
their effectiveness remains a topic of debate (Lochner et al., 2021). AI and ma-
chine learning are being used to automate recruitment processes such as candi-
date screening and matching, reducing the burden on HR professionals. How-
ever, the use of these technologies can still be biased, and organizations must 
carefully consider their accuracy and fairness in the selection process. Thus, to 
address these challenges, organizational leaders are looking into various strategic 
interventions, including the integration of AI in RSP at a rapid pace.  

2. AI Applications in RSP 

AI is being applied in various stages and functions of the recruitment and selec-
tion process, and it has been reported to provide various benefits such as auto-
mating manual functions like resume screening (Teixeira & Bruni, 2021), target 
job campaigns, answering candidate’s questions and interviews (Galanaki & 
Papalexandris, 2020). The implementation of AI in the recruitment process is 
expected to reduce the manual workload of HR professionals. The application 
of these AI technologies in different recruitment phases is listed in Table 1 be-
low. 

According to the literature, there is a wide range of AI platforms available for 
organizations to utilize (Table 2), and some companies have begun developing 
their own AI products for use within their HR departments and in RSP (Zhang 
et al., 2021). This trend towards developing in-house AI products reflects a 
growing need for organizations to tailor their HR practices to their specific 
needs and context (Zhang et al., 2021). For instance, IBM has started developing 
AI technologies for use in its HR department in the process of recruiting its hu-
man capital workforce (Guenole & Feinzig, 2018) (see Table 2). 

As there is a wide range of Artificial Intelligence (AI) technologies that can be 
leveraged during the recruitment phases, it is essential to comprehend the view-
points of Recruitment and Selection Process (RSP) professionals to determine  
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Table 1. AI applications in recruitment phases (Sources: as per the reference column) 

Recruitment phase AI technology AI function Reference 

Workforce planning 
(pre-planning) 

AI-based workforce 
predictions and 
forecasting tools 

Predicting retention rates, 
turnover rates 

(Guenole & Feinzig, 2018) 

Predicting resource requirements 
based on the organization’s 

strategic forecasts 
 

AI-based financial forecasts 
Cost-benefit prediction 

of the RSP function 
(Guenole & Feinzig, 2018) 

Sourcing Natural language processing 
Job description generation 

and job campaigns 
(Coombs et al., 2021) 

Prescreening AI algorithmic prescreening 
Prescreening 

candidates from resumes 
(Yin et al., 2018) 

Selection/Interviews 

AI-based automated tests, 
assessments 

Conducting tests, exams, 
preliminary assessments, simulated 

tests, case study-based tests 
(Coombs et al., 2021) 

AI-based interviews 
Conducting face-to-face interviews 
using AI technologies like HireVue, 

Amelia 
(Suen & Hon 2019) 

Candidate engages 
and communication 

Automated candidate 
engagement tools such as 

automated emails, 
status updates, chatbots 

Increase candidate experience. 
Updating the status of the candidature, 

Communicating the feedback of the 
interview 

(Guenole & Feinzig, 2018; 
Allal-Chérif et al., 2021; 

Leong, 2018; 
Savola & Troqe, 2019) 

AI-based virtual assistants 

Scheduling interviews between 
candidates and interviewers 

(Allal-Chérif et al., 2021; 
Zhou et al., 2019) 

Generating assessment reports 
after interviews 

(Suen & Hon, 2019) 

Background and 
reference checks 

(Allal-Chérif et al., 2021) 

AI applications in recruitment phases (Sources: as per the reference column). 
 
Table 2. AI platforms/products for RSP (Sources: Aljanabi et al., 2023). 

AI product 
name 

URL Application of AI 
Companies using 

the specific technology 

Fetcher www.fetcher.ai 

By incorporating AI technology alongside human 
expertise, organizations can establish an internal team 
to monitor their candidate database and quickly 
source diverse, highly qualified candidates. 
Additionally, automated email centres, robust 
analytical dashboards, team tracking, and individual 
performance metrics can be utilized to enhance 
recruitment processes and improve overall outcomes. 

Sony Music, Velcro, 
Maersk, Getty images, 

Drone deploy, Lyft 
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Continued 

XOR www.xor.ai 
Chabot as a modern communication tool, 
XOR connect, XOR apply, XOR video, 
and live chats in career fairs. 

McDonald’s, Exxon, 
Manpower, MolGroup, MARS 

Hiretual www.hiretual.com 
AI-powered talented data system, AI sourcing, 
real-time data to match the workflow, powerful 
diversity hiring. 

Nike, Intel, continental, Ceridian, 
Novo Nordisk, Wayfair 

Eightfold www.eightfold.ai 

AI-powered talent management, acquisition, 
development, and diversity platform. Automatically 
update the information from organization 
ATS, HRIS, and CRM. 
Deep Learning technologies to evaluate 
internal and external candidates. 

Tata Communications, Nutanix, 
Dolby, Booking.com, Dexcom, 

Micron, Netapp, Bayer 

Pymetrics www.pymetrics.ai 

Uses behavioural science and assessment to 
erase all human bias effects and audited AI 
technology with talent algorithms in the 
Pymetrics environment. 

Colgate Palmolive, Kraft Heinz, 
Boston Consulting Group, 

McDonald’s, PWC 

Textio www.textio.com 
AI-integrated writing platform free from gender, age, 
and ability biases, expanded language performance 
data insights. 

McDonald’s, Atos, Zillow Group, 
nestle, Atlas Sian, Micron 

My 
interview 

www.myinterview.com 
Could be integrated into HR System or used as a 
standalone product. 

salesforce, greenhouse, zappier, 
pinpoint, form stack, Hubspot 

Humanly www.humanly.io 
AI-powered chatbot, designed for midmarket 
companies, candidate screening, scanning, reference 
checks and follow-up. 

Swiss monkey, Inyore, Brady, 
Armoire, NexGent, Guide, 

The Klienbatch group 

Paradox www.paradox.ai 
Make job applications easier, faster, and mobile. 
Schedule interviews along with reminders in different 
languages. Reduce administrative tasks. 

Wendy’s, go wireless, 
Disney, McDonald, Unilever 

Talkpush www.talkpush.com 
Uses CRM-supported communication tool (Chatbot) 
for both voice and chat, a customized pipeline for 
different roles. 

Amazon, Walmart, McDonald’s, 
[24] 7. AI, iCollege, VXI, Adecco 

AllyO www.allyo.com 
Integrate with an organization’s HR system, 
Scheduling interviews, robust security system, 
and analytical intelligence for talent acquisition. 

G4S, The Andersons, Staples, 
Dave & Buster’s, 

Fried Man Real estate 

Loxo www.loxo.co 

AI recruitment automation software on a CRM 
Platform using ATS with a database of 
530 million people with their personal information, 
reduces time and cost. 

Bank of America, Trinity Health, 
Lockheed Martin, Amazon, 

Randstad 

Seekout www.seekout.io 
More searching capabilities than LinkedIn, 
act as a talent market intelligent solution and 
Can integrate into the Firm’s ATS system. 

Rover, VMware, Salesforce, 
X23, and me 

Kaya Stanford university 
AI-based virtual chatbot that conducts interviews 
though a human language processing. 

Bank of America. 

HireVue 
 

AI virtual interviewer Bank of America 

AI platforms/products for RSP (Sources: Aljanabi et al., 2023). 
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the most suitable RSP phases for AI integration (Skrobotov, 2021). Consequent-
ly, this study aims to investigate the perceptions of RSP professionals, as elabo-
rated in the subsequent section. 

3. Technology Adoption 

The Unified Theory of Acceptance and Use of Technology (UTAUT), developed 
by Venkatesh, integrates eight technology acceptance models to provide a com-
prehensive approach to understanding technology adoption (Venkatesh et al., 
2003). The framework is designed to explain the intention to use technology and 
actual technology usage from the end user’s perspective and considers various 
factors that influence behavioural intentions and actual use, including perfor-
mance expectancy, effort expectancy, social influence, and facilitating condi-
tions. UTAUT is recognized as the most effective framework for explaining up 
to 70% of the variance in technology adoption usage (Venkatesh et al., 2003), 
with a clear separation of behavioural intention and use behaviour, as the inten-
tion to adopt or use technology may not necessarily result in actual use (Shep-
pard et al., 1998). These constructs are depicted in Figure 1. 

3.1. Behavioural Intentions (BI) 

Behavioural intentions (BI) refer to “the subjective probability that a person will 
perform a given behaviour” (Sheppard et al., 1998: p. 198). In the context of the 
Unified Theory of Acceptance and Use of Technology (UTAUT), BI is consi-
dered the strongest predictor of use behaviour (Venkatesh et al., 2003). Howev-
er, intentions do not always translate into actual user behaviour, and other fac-
tors can influence the relationship between intentions and behaviour (Sheppard 
et al., 1998). Performance expectancy, which refers to an individual’s perception 
of the degree to which using a system will improve job performance, has been 
identified as the strongest predictor of behavioural intentions and has been ope-
rationalized in various ways (Venkatesh et al., 2003). However, it may not  
 

 

Figure 1. AI-RSP adoption model (Soruces: Venkatesh et al., 2003). 
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capture all expectations that individuals have of technology, especially in regu-
lated sectors like healthcare where compliance with regulations may be critical 
(AlQudah et al., 2021). Therefore, the more comprehensive construct of per-
ceived usefulness, which incorporates expectations of usefulness, applicability, 
and performance, may be more relevant in such contexts. To overcome the li-
mitations of the performance expectancy construct in technology adoption re-
search, AlQudah et al. (2021) proposed the use of benefit expectations (BE) as an 
alternative construct. BE encompasses various factors such as performance, use-
fulness, and applicability and better captures individuals’ expectations of tech-
nology. Thus, BE may be more appropriate to use instead of PE in certain con-
texts. Considering the importance of understanding individuals’ expectations 
and perceptions of technology adoption, this research will utilize the BE con-
struct instead of PE to gain a more comprehensive understanding of individuals’ 
expectations and perceptions of technology. By doing so, this research aims to 
contribute to the existing literature on technology adoption by providing a more 
nuanced understanding of the factors that influence actual user behaviour. 

3.2. Social Influence (SI)  

According to Venkatesh et al. (2003), social influence is the degree to which an 
individual perceives the beliefs of others whom they consider important, that 
they should use the new system. This construct considers the influence of mul-
tiple sources, including managers, supervisors, and colleagues in the organiza-
tion. Studies have shown that social influence is a significant predictor of beha-
vioural intention, and its impact arises from different sources, including com-
pliance and internalization (Venkatesh et al., 2003). Therefore, the UTAUT 
model recognizes the importance of social influence in technology adoption and 
highlights the need to consider the influence of various actors in the organiza-
tion. 

3.3. Facilitating Conditions (FC)  

Facilitating conditions, as defined in the UTAUT model, refer to the degree to 
which an individual perceives that the organizational and technical infrastruc-
ture is in place to support the use of the system (Venkatesh et al., 2003). This 
construct is determined by considering the influence of perceived behavioural 
control on the system, compatibility, and facilitating conditions. In addition to 
predicting behavioural intentions, it has also been identified as a predictor of 
technology use behaviour within the context of the study. The measurement of 
this construct is based on several factors, including the availability of resources 
to generate knowledge about the system, the compatibility of the system with 
other systems, and the availability of help or support, among others (Taylor & 
Todd, 1995; Venkatesh et al., 2003). 

However, it has been suggested that when both performance expectancy and 
facilitating conditions are present, the impact of facilitating conditions on beha-
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vioural intentions is non-significant. Venkatesh et al. (2003) suggest that facili-
tating conditions only have a significant impact on behaviour when performance 
expectancy is low. Venkatesh and Bala (2008) further suggest that facilitating 
conditions may have a direct impact on behaviour, but only when performance 
expectancy is not a significant factor. Lim et al. (2005) provide empirical evi-
dence that facilitating conditions only have a significant impact on mobile 
commerce usage when performance expectancy is low. This observation implies 
that facilitating conditions do not significantly impact behavioural intentions 
when performance expectancy is high. Therefore, it can be concluded that facili-
tating conditions play a more significant role in influencing behavioural inten-
tions when performance expectancy is low (Venkatesh et al., 2003). 

3.4. Effort Expectancy (EE)  

Effort expectancy is defined as the degree of ease associated with using the sys-
tem (Venkatesh et al., 2003). This construct is based on the concepts of per-
ceived ease of use, complexity, and ease of use. Effort expectancy is measured 
through metrics such as the clarity and understandability of system interaction, 
the ease of acquiring proficiency in using the system, the ease of using the sys-
tem, and the ease of learning to use the system. The effort expectancy is expected 
to have a positive impact on behavioural intentions. However, it has been sug-
gested that this factor is significant only in the early stages of technology adop-
tion and becomes less significant over time (Venkatesh et al., 2003). Thus, it can 
suggest that EE is not applicable at all times of the life cycle of the technology in-
stead is applicable only during the early stages of the technology adoption.  

3.5. Use Behaviour (Actual Use)  

The UTAUT model defines use behaviour as the actual extent to which a tech-
nology or system is employed. Venkatesh et al. (2003) have identified that beha-
vioural intention is the strongest predictor of user behaviour, and this intention 
is influenced by facilitating conditions. The UTAUT model acknowledges that 
these influences are moderated by various contextual factors such as gender, age, 
experience, and voluntariness of use, which is specific user attributes Venkatesh 
et al. (2003).  

The Unified Theory of Acceptance and Use of Technology (UTAUT) model 
can be extended by introducing recruitment phases as a conceptual framework 
to provide a more contextualized understanding of AI adoption in the recruit-
ment process. The inclusion of recruitment phases in the conceptual framework 
can incorporate the specific requirements of the recruitment process, enabling 
recruitment specialists to gain a better understanding of AI adoption in the re-
cruitment process. Figure 2 illustrates this extended conceptual framework. 

3.6. Qualitative Research Design 

This research used qualitative methods using semi-structured interviews. Qua-
litative research methods offer advantages such as providing an in-depth  
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Figure 2. Conceptual framework (Source: Author). 
 
understanding of experiences and perspectives (Creswell, 2014), an understand-
ing of context, which allows for a more nuanced understanding of the issue 
(Maxwell, 2013), flexibility to allow for adjustments as research progresses (Den-
zin & Lincoln, 2011), and data richness, which can be used to generate theory 
and advance our understanding of a phenomenon (Creswell, 2014). 

This study utilized semi-structured interviews to collect data, as they offer the 
advantages of both structured and unstructured interviews (Fylan, 2005). Struc-
tured interviews provide a framework for answering the research question by 
focusing on the necessary information (McGraw & Harbison-Briggs, 1989), while 
unstructured interviews allow for flexibility and exploration of data beyond the 
framework, potentially revealing valuable insights not initially considered (Car-
ruthers, 1990). Given the researcher’s limited knowledge of the RSP in HRM, the 
exploratory nature of the interviews was essential, enabling the gathering of in-
formation necessary to answer the research question while also exploring broad-
er perspectives from experienced professionals. 

The study was conducted in accordance with the ethical standards set forth by 
the University Ethics Approval Committee, and informed consent was obtained 
from all participants prior to participating in the interviews. To protect the par-
ticipants’ privacy and confidentiality, confidentiality and anonymity were main-
tained throughout the study. 

3.6.1. Data Collection Approach  
The current study utilized two distinct recruitment methodologies to ensure a 
diverse and representative sample of individuals with varying backgrounds and 
experiences from RSP professionals. One approach employed was the utilization 
of online professional networking sites, such as LinkedIn, to access a larger pool 
of potential participants who may have knowledge of recruitment and selection 
processes. This approach increased the researcher’s ability to engage a wider au-
dience and secure suitable interviewees who fulfill the study’s eligibility criteria 
(Crawford et al., 2020). 
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In addition to online networking, the study also employed offline professional 
networking strategies, such as communities like university alumni associations. 
This approach was beneficial in obtaining access to working professionals who 
may not be as active on online networking sites. Moreover, the use of alumni 
groups from renowned universities ensured that participants had a certain level 
of experience and expertise in their field (Hagenauer et al., 2016). 

Remote interviews were conducted using online meeting tools like Zoom and 
Microsoft Teams due to the geographical dispersion of the participants. The in-
terviews lasted for 60 minutes and followed a general structure outlined in Table 
3. They provided flexibility within the framework and an opportunity to explore 
participants’ areas of expertise, thus enriching the research data (Fontana & Frey, 
1998). The interviews were also structured to encourage participants to share  
 

Table 3. Interview outline (Source: Author) 

Theme Interview question 

Demographic 
Can you explain your role in the recruitment process, the industry you work in, the number of years 
of experience you have, and the country you are in? 

Job-related conditions 
On average, how many candidates do you typically recruit in a month? 

Are you part of a recruitment agency, HR department, or business unit? 

Current AI use 
What kind of knowledge do you have about AI and its use in the recruitment process? 

Are you currently using any AI technologies, and if so, what are they? 

Social Influence 

How did you first become involved in using AI in the recruitment process? Who introduced you 
to the use of AI? 

Who influenced you to use AI in the recruitment process? How did you learn about AI, and how do 
you educate yourself on the topic? 

Benefit expectations What benefits do you expect from using AI in the recruitment process, and why? 

Recruitment phase 
In which recruitment phases would you use AI, and why would you choose to use or not use it in 
those phases? 

Effort expectations 

What is your understanding of the level of effort required to implement or use AI in the recruitment 
process? 

What efforts are you willing to spend to adopt AI? 

What do you expect from AI technologies to start using it? 

Facilitating conditions 
What kind of support and facilities do you expect, and from whom, to use AI in the recruitment 
process? 

Trust in AI 
How much do you trust AI in the recruitment phases you mentioned, and why would you trust 
or not trust it in those phases? 

HR outcomes 

What HR outcomes do you think you can achieve by using AI in the recruitment process? 

Why do you think you can achieve those HR outcomes from AI? 

What HR outcomes cannot be achieved by using AI in the recruitment and selection process? 

Interview outline (Source: Author). 
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their thoughts and experiences openly (Kvale, 1996), resulting in a more in-depth 
understanding of the research topic. 

The interviews were structured based on the UTAUT constructs but it was 
customized to fit the research objectives, research participants and the research 
domain of RSP. 

3.6.2. Data Analysis Approach 
The data analysis process involved three steps: data transcription, encoding data, 
and thematic analysis. The first step involved multiple listens of the audio re-
cordings, followed by generating transcripts using online software and cross- 
checking transcripts with the recordings to ensure accuracy. In the second step, 
personal information was encoded in accordance with research ethics guidelines 
to maintain confidentiality. Finally, the third step involved utilizing thematic 
content analysis (TCA) to comprehend the data gathered from the interviews. 
TCA was deemed necessary due to the diverse range of industries, demograph-
ics, and experiences represented by the three participant groups in this study 
(Holton, 1975; Jørgensen, 2001; Vaismoradi et al., 2013). 

TCA is a deductive approach that can interpret qualitative and descriptive da-
ta, such as verbal conversations or expressions, and extract concepts to provide a 
more profound explanation of the data. It identifies word patterns, encodes 
them, groups them into themes, and verifies existing or new themes according to 
the research questions and conceptual model based on insights derived from the 
interview data (Anderson, 2007). By utilizing TCA, the study was able to analyze 
the data in a systematic manner to identify patterns and themes, which provided 
a more in-depth understanding of the research question. 

The sample size of 17 human participants in our study has been determined 
based on previous research studies that have examined similar research ques-
tions related to the impact of AI in different business applications. Sample size in 
a qualitative study is often determined based on saturation, meaning that data 
collection and analysis continue until new information and themes no longer 
emerge from the data (Curty et al., 2023; Baghlaf, 2023). In this research after the 
17th participant, data collection was stopped as the saturation point was reached. 

4. Findings 
4.1. Demographic Data 

17 participants participated in the interview, and they represented the roles of a 
recruiter, hiring manager, or HR executive. The demographic profile of the in-
terviewees is presented in Table 4. 

Most of the participants in this study were from regions such as Oceania, Eu-
rope, and the Middle East. This trend can be attributed to the fact that data col-
lection primarily took place through LinkedIn and UK-based alumni networks, 
both of which are predominantly populated by individuals from these regions. 
However, it is worth noting that the LinkedIn connections and members reached 
during data collection were representative of a diverse global population. 
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Table 4. Demographic data of the interviewees (Sorted by RSP role) (Source: Author). 

Number Country 
Experience 

(years) 
Industry RSP Role 

14 Australia 15 Natural resources Hiring Manager 

11 India 8 Banking & Financial HR Executive 

12 India 13 IT and Telecom HR Executive 

2 Australia 10 IT and Telecom Recruiter 

5 Philippines 10 HR and Admin Services Recruiter 

6 Philippines 4 
Business process 

outsourcing (BPO) 
Recruiter 

7 India 4 
Transportation and 

logistics 
Recruiter 

8 Pakistan 12 IT and Telecom Recruiter 

10 United Kingdom 16 IT and Telecom Recruiter 

13 Australia 13 Professional Services Recruiter 

15 Australia 3 HR and Admin services Recruiter 

1 Saudi Arabia 13 Manufacturing Recruiter 

3 Pakistan 5 HR & Admin services Recruiter 

4 India 14 IT and Telecom Recruiter 

9 Nigeria 9 Aviation Recruiter 

16 Netherlands 2 Legal Recruiter 

17 Netherlands 15 IT and Telecom Recruiter 

Demographic data of the interviewees (Sorted by RSP role) (Source: Author). 

4.2. Participant Profile 

The participants represented a wider industry representation as depicted in Fig-
ure 3 below. 

The participants in this study possessed extensive experience in RSP and had 
recruited for a diverse range of job groups, ranging from small-scale hiring to 
large-scale recruitment efforts. A detailed breakdown of each participant’s expe-
rience and profile is provided in the Table 5 below. 

4.3. Main Findings  

This study has centred on AI use in recruitment phases like recruitment pre- 
planning, sourcing, candidate engagement, pre-selection, and selection (inter-
views). Nevertheless, two interviewees, namely R4 and R13, indicated that on-
boarding is another phase that could potentially benefit from the use of AI. 
However, this phase was not incorporated into the present study since it occurs 
after the recruitment process (Bradt, Check, & Pedraza, 2010), and denotes the  
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Table 5. Interviewee profile (Source: Author). 

Participant 
number 

Role 
Pseudo 
Code 

Experience 
(In Years) 

Candidate details 

1 Recruiter R1 13 

R1 had extensive experience in recruitment, having worked as a national 
talent manager for a manufacturing company in Saudi Arabia, as well as 
in a retail company in the same region. With a total of 13 years of 
experience in recruitment, R1 was responsible for all aspects of the 
recruitment process, from candidate engagement to hiring manager 
collaboration, and focused on recruiting for middle to senior-level 
positions. Notably, R1 did not utilize external recruitment firms as part 
of the sourcing process. 

2 Recruiter R2 10 

R2 was a talent acquisition partner for an IT company in 
Australia and was responsible for managing various HRM activities, 
including recruitment and strategic planning. He had a total of 
10 years of experience in the RSP, focusing on recruiting for IT 
companies. R2 was involved in all phases of the recruitment 
process and did not rely on external recruitment companies 
for candidate sourcing. However, for middle to senior positions, 
he searched for potential candidates in other countries 
who were open to relocating to Australia if the recruitment 
process was successful. 

3 Recruiter R3 5 

R3’s professional experience is characterized by his dual roles as a 
Human Resource Manager and Operations Manager, which also 
encompass recruitment responsibilities. As an external recruiter, he 
managed his own recruitment agency and provided recruitment services 
to clients. While involved in all aspects of the RSP, he was not 
responsible for the final hiring decision, which was made by the hiring 
manager of the client company. R3 has worked in different industries, 
including IT, hospitality, and facilities management, where he primarily 
focused on recruiting junior blue-collar workers. R3’s tenure in the RSP 
industry spans five years. 

4 Recruiter R4 14 

R4 worked as an internal recruiter, assuming the role of HR 
business partner, with an experience of 14 years in recruitment, 
primarily in the IT sector. She was associated with a global IT 
consulting company, which has a workforce of over 2.5 million 
employees. During her tenure, she was actively involved in 
all phases of the RSP, recruiting junior to mid-level experienced 
candidates. R4’s recruitment workload was high, with a volume of 
250 candidates per month, which necessitated her to compete 
with other IT consulting companies in attracting and hiring top talent. 
She also led the hiring of MBA graduates from prestigious Indian 
universities, which she considers a successful strategy for attracting 
young talent to the organization. 

5 Recruiter R5 10 

R5 had the official designation of Human Resources Specialist 
and worked as a recruiter in the Philippines for a total of ten years. 
During this time, he gained experience in recruiting for 
various junior to mid-level roles. Further details regarding 
his involvement in different recruitment processes, industries, 
or organizations are not available. 
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Continued 

6 Recruiter R6 4 

R6 worked as a recruitment specialist in the Philippines, and all four 
years of her career involved hiring for junior to mid-level roles. Her 
primary focus was on business process outsourcing (BPO) roles, where 
most of her clients were based in the USA and had call centres or 
administrative services established in the Philippines. She had an 
average monthly fulfilment target of 65, which refers to the number 
of positions she was required to fill in each month. 

7 Recruiter R7 4 

R7 worked as an internal recruiter for four years in India in the 
transportation and logistics industry, holding the official title of 
Recruitment and Payroll Manager. During his tenure, he was primarily 
involved in recruiting blue-collar workers, specifically drivers, for the 
organization. R7 was responsible for all phases of the recruitment 
process, including sourcing, screening, interviewing, and onboarding 
new hires. His average monthly fulfilment target was 28. 

8 Recruiter R8 12 

R8 held the position of Technical Recruitment Specialist and 
worked as an internal recruiter with a focus on middle to 
senior-experienced candidates. He worked in Pakistan and hired an 
average of 20 candidates per month. In addition to his work as an 
internal recruiter, he was also an external recruiter for IT and startup 
firms and established his own recruitment agency. 

9 Recruiter R9 9 

R9 served as a Talent Acquisition Manager in the aviation industry 
and was primarily involved in the recruitment of skilled and senior 
positions, such as pilots, cabin crew, and airport security agents for a 
Nigerian airline company. Having nine years of experience as an 
internal recruiter, R9 held the responsibility of overseeing the entire 
recruitment process for the company, from sourcing potential 
candidates to conducting interviews and making hiring decisions. 

10 
 

R10 
 

R10 was employed by a multinational corporation that has a 
century-long history and is part of the Fortune 100 list. 
The corporation specializes in developing AI technologies that 
function as platforms for global companies. R10 worked for 
a division of this corporation, which functioned as a recruitment 
agency for other Fortune 100 companies on a global scale. 
Although based in the United Kingdom, R10’s clients were 
primarily located in the United States of America. 
R10 held the official title of Talent Acquisition and Offering Lead and 
was responsible for designing and implementing talent acquisition 
strategies for other global corporations. 

11 HR Executive HRE1 8 

HRE1 served as an HR Executive and held the position of Human 
Resource Manager for an Indian financial institute in the banking and 
financial sector. In addition to his role as an HR Executive, 
he acted as an internal recruiter, being responsible for hiring 
approximately 150 candidates monthly, resulting in 1800 candidates 
annually. HRE1 was involved in the recruitment of credit analysts, risk 
analysts, credit monitoring professionals, sales, and marketing 
managers, among others. His total experience in the industry 
amounts to eight years. 
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Continued 

12 HR Executive HRE2 7 

HRE2 served as an HR manager and as a recruitment specialist.  
He also has his own recruitment agency which has been involved in 
hiring for various companies in India. He has been using LinkedIn 
as the main sourcing platform and had exposure to many AI 
technologies which have been requested by the companies 
he worked for. 

13 Recruiter R11 13 

R11 was employed in an Australian professional services company and 
served as an internal recruiter. With the official title of Talent 
Acquisition and HR Business Partner, she was responsible for recruiting 
candidates for middle to senior positions, including director-level 
positions, in the accounting and auditing profession. 
In addition to being involved in all phases of the recruitment process, 
she also collaborated with external recruitment agencies to source 
suitable candidates. 

14 Hiring Manager HM1 14 

HM1 was employed as a Business Development Manager and 
acted as a hiring manager for a natural resources company. 
His primary responsibility was to recruit sales and marketing 
professionals, with an average hiring volume of 2 - 4 hires per year. 
HM1 relied on the internal recruitment function of the HR division 
to aid in making hiring decisions, and although external recruitment 
agencies were available to him, he opted to utilize the internal 
recruitment team due to the low volume of hiring in his business 
division. HM1’s career history includes working for retail companies 
in Russia before relocating to Australia. 

15 Recruiter R12 3 

R12 was an employee of an Australian recruitment agency and had a 
tenure of three years. Her primary responsibility was to serve 
accounting clients by recruiting professionals holding a CPA 
certification. The official title she held was Recruitment Consultant, 
and her average monthly hiring rate was 15 candidates or 
180 candidates per year. The roles she hired for ranged from 
junior to senior positions. 

16 Recruiter R13 2 

R13 was employed by a legal firm located in the Netherlands, 
where she functioned as an internal recruiter. Her official title 
was that of a recruitment consultant, and she was entrusted 
with the task of employing legal professionals such as lawyers 
and partners within the said profession. 

17 Recruiter R14 15 

R14 was employed as an internal recruiter by an IT enterprise situated 
in the Netherlands. Furthermore, he rendered recruitment services to 
client companies, primarily for executive-level hires. On an average 
basis, his recruitment activities resulted in hiring 3 individuals 
per month or 36 annually, which included C-level executives. 

Interviewee profile (Source: Author). 
 
conversion of a candidate into an employee thus is outside the scope of the study 
in RSP. The inclination to employ AI in the recruitment phases varied amongst 
the participants, and the underlying reasons for such variations are delineated in 
the following sub-sections. 
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Figure 3. Industry representation of the research participants (Source: Author) 

4.3.1. Recruitment Pre-Planning 
The study revealed that most interviewees intended to use AI for recruitment 
pre-planning, except for a few participants (R1, R2) HR managers (HRM1/2) 
expressed a stronger inclination towards using AI in this phase of the recruit-
ment process than recruiters. This finding suggests that the role of professionals 
in RSP may influence their adoption of AI in recruitment pre-planning. HR 
managers, who are more involved in recruitment planning (Cascio, 2018), may 
find AI to be more beneficial in this phase than recruiters who are primarily re-
sponsible for executing the hiring process.  

The study also found that the intention of not using AI in recruitment pre- 
planning was associated with various factors such as the volume of hiring, job 
category, industry, and interpretation of AI capabilities. Some recruiters (R1) did 
not intend to use AI in recruitment pre-planning due to the perceived limita-
tions in AI capabilities, particularly in handling a large volume of business data 
required for planning the future workforce. They explained (R1) that planning re-
cruitment demands requires historical data as well as future strategic data, which 
their organization does not have. Thus, he suggested that many organizations in 
such situations may not be able to use AI since data is a main requirement for 
analyzing and detecting patterns, and thus predicting future patterns. 

The challenges related to the limitations of data required in AI have also been 
reported in other industries, such as healthcare (Ahmed & Kang, 2019), where 
workforce pre-planning has been hindered by the lack of timely and usable data 
on the healthcare workforce. The study suggests that the current use of AI in re-
cruitment pre-planning may be limited due to the lack of technology provision-
ing. Thus, this study provides insights that recruitment pre-planning may not be 
best in some industries due to the restrictions from data unavailability. 
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4.3.2. Candidate Sourcing 
In the sourcing phase, 15 out of 17 interviewees expressed their intention to use 
AI, with LinkedIn being the primary platform. However, one recruiter, R7, who 
works in the transportation industry, did not express an inclination to use AI in 
sourcing, revealing a connection to industry and role type. R7 noted that the re-
cruitment process for roles such as “vendor developers” and “marketing and 
sales managers” in the transportation industry is different from those in other 
industries like Finance or IT.  

According to R7, these rural drivers deliver goods to rural areas in India 
where international transportation companies do not operate. Recruitment of 
these drivers occurs through word of mouth and referrals from rural areas, and 
most of them do not have resumes or use social media platforms like LinkedIn. 
Therefore, they must be sourced through local references. Thus, this informs 
implications from different industries and types of job groups in which AI can 
be used in the recruitment process.  

4.3.3. Pre-Screening or Shortlisting 
The willingness to use AI in pre-selection varies among recruiters, except for R5, 
R7, and HRE2 who do not plan to use AI in this stage. R4, on the other hand, 
reports a higher success rate in pre-selection by utilizing AI technology that as-
sesses candidates against predetermined criteria. She took the candidates rec-
ommended by AI to the next level in the recruitment process. She also reported 
that every 7 to 8 candidates out of 10 recommended by AI ended up hiring. R4 
praised the success of this AI tool and attributed the tool to the success of her 
organization being competitive and hiring the best candidates faster than her 
competitors. However, it should be noted that she was hired in a large volume in 
the competitive IT sector. However, not all interviewees shared the same view.  

R5 preferred to evaluate candidates’ behavioural traits, such as politeness, 
communication skills, and empathy, through direct interaction and thus was not 
inclined to use AI in the pre-selection. R7 cites the unavailability of data for cer-
tain job groups, such as truck or lorry drivers, as a reason for not using AI in 
pre-selection. The lack of AI capabilities to assess criteria such as empathy and 
mannerism, as well as the difficulty of evaluating certain job groups like blue- 
collar workers, may limit the use of AI in pre-selection, as reported by some RSP 
professionals. However, some RSP professionals intend to use AI in pre-selec- 
tion to manage high-volume recruitment. 

Overall, the preference for using AI in pre-selection varies among RSP profes-
sionals and depends on factors such as the nature of the job role and the volume 
of hiring managed and the industry. While some professionals report high suc-
cess rates with AI assistance, others prefer direct interaction with candidates or 
cite the limitations of AI in assessing certain criteria or job groups. 

4.3.4. Selection or Interviewing 
The interview phase of the hiring process is often the most time-consuming and 
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expensive aspect of recruitment, leading to increased hiring costs and longer 
time-to-hire (Cook, Cripps, & Tuckey, 2019). However, except for one partici-
pant, HRE2, most participants in a study on the use of artificial intelligence (AI) 
in recruitment did not consider AI suitable for the interview phase. HRE2, a vice 
president of a technology company in India, suggested that AI could be used as a 
cost-saving measure to replace downsized hiring managers.  

However, R2 found AI assessment in interviews to be unreliable, and R10 
stressed the importance of face-to-face interviews in addressing the variability of 
human behaviour during the selection process. And he feared that candidates 
may be hesitant to participate in interviews conducted entirely by AI and per-
ceived it as an indication of that organization’s lack of commitment to invest in 
selecting the right workforce for the company. Similarly, R11 emphasized the 
need to meet and get to know the candidate before making a hiring decision. R5, 
R6, and R8 in the hospitality industry agreed that face-to-face interviews are ne-
cessary to gain a “sense” of the candidate’s suitability.  

R12 assists big firms in hiring professionals such as auditors, Certified Prac-
ticing Accountants (CPAs), and financial advisors. However, R12 opposes the 
use of AI in candidate selection due to the skills shortage in this area and the li-
mited candidate pool. On the other hand, R4 suggests using a combination of AI 
and human evaluators to enhance the selection process. According to R4, AI can 
be used in the initial stage to collect data on potential candidates, and the in-
sights gathered can be verified through human evaluators during interviews to 
identify the top candidates. 

R9 provided insights on industry-specific complexities in the selection process 
from her industry of aviation. R9, who is involved in the recruitment of pilots, 
stated that AI would not be able to evaluate personality traits crucial to the job. 
According to her, these personality and behavioural traits are unique to these 
positions like pilots or cabin crew and AI would not be able to assess such com-
plex and situational leadership personality traits. Similarly, HM1, responsible for 
recruiting sales and marketing managers, highlighted the complexities associated 
with the interview phase and the limitations of AI in assessing candidates for 
such positions.  

Thus, this insight provides unique perspectives on whether AI can be used in 
the interview phase. Most of the RSP professionals were not included in using AI 
in the interview phase, and the rationales were based on the different types of 
assessments required in certain industries and job groups.  

4.3.5. Candidate Engagement and Communication 
Candidate experience is a critical aspect of the recruitment process for many en-
terprises, as highlighted by Keaney (2021). However, as recruitment volume in-
creases, it becomes challenging to maintain the same level of engagement based 
on human interaction (Fuchs, Schreurs, & Van der Velden, 2017). Thus, a sig-
nificant proportion of interviewees, including R2, R6, R8, R9, R10, HRE1, and 
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HRE2, expressed their intention to use AI in candidate engagement. They be-
lieved that AI could automate certain recruitment activities, such as answering 
candidate questions, providing updates, and scheduling interviews. 

Despite the anticipated benefits of using AI in candidate engagement, R13 
raised concerns about the potential negative impact on candidate experience. 
According to R13, using a tool for the first interaction with the company might 
signal a lack of commitment from the organization thus may resulting in a de-
cline in candidate experience. 

R14, who was responsible for hiring executive-level candidates, opposed using 
AI in candidate engagement. He argued that candidate engagement at this level 
must be customized and involve human interaction. R14 stated that using AI 
might imply a lack of commitment on the organization’s part and not provide 
the desired level of engagement with the candidate. In his view, executive-level 
candidates are passive candidates already employed in senior executive roles and 
require engagement through personal connections rather than a mechanical ap-
proach using AI. 

R14 elaborated by stating that connecting with candidates on a personal level 
is a means of demonstrating the organization’s appreciation for them. This con-
nection justifies the investment of time and effort to establish a personal connec-
tion with executive-level candidates. However, it is worth noting that R4 and R9, 
who had experience in managing high volumes of recruitment, did not express 
similar concerns.  

This observation suggests that the decision to use AI in candidate engagement 
is influenced by several factors, including the type of positions being recruited 
for and hiring volume.  

Important comments made by research participants are listed in Table 6 be-
low. 

5. Discussion 

The present study investigated the impact of recruitment phases on the intention 
to adopt AI in the recruitment process. The recruitment phases that were ex-
amined include pre-planning, sourcing, pre-screening, interviews, and candidate 
engagement & communication. The findings revealed that RSP professionals are 
more inclined to use and adopt AI in sourcing and pre-selection, as opposed to 
pre-planning and candidate engagement & communication. Although pre-plan- 
ning and candidate engagement showed mixed enthusiasm, most participants 
were not eager to use AI in the interview phase. The rationale behind their de-
cisions is primarily related to providing a better candidate experience through 
human-based interactions, lack of trust in AI concerning the necessary capabili-
ties required to perform the function in specific recruitment phases like inter-
views, limitations of infrastructure such as data availability used by AI technolo-
gies, and simply the nature of business or industry, such as manufacturing or 
transportation. 
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Table 6. Comments made by interviews (Source: Author). 

Recruitment phase 
Research 

participant 
Comments 

Sourcing 

HM1 companies with a larger volume of hiring may benefit from AI for recruitment planning 

R2 
Recruitment planning requires a huge volume of business data to plan the future workforce 
with the market conditions changing which needs to reflect in the business, such data will 
not be available. That is why AI cannot be used to do any recruitment planning 

Pre-selection R7 
most of these people don’t have resumes. And they are not on social media or 
on LinkedIn. They must be sourced through local references 

Pre-selection 
R4 

The accuracy of this AI technology is 70% - 80% and we ended up hiring 8 - 9 people from 
every 10 people pre-selected by the AI technology. Based on the volume we managed it is 
impossible to achieve such good targets without AI being in place 

R5 I prefer to talk to the candidates to get a feeling about the candidate 

Interviews 

R8 
You would not marry a person whom you did date online. Would you? You want to meet 
the person and know the person better before you select the person to get married to. 
The analogy is the same when it comes to hiring a person 

R12 

We are hiring a person, and people have many attributes which are not comprehendible 
in data formats. It needs to be understood by human-based interactions, not through 
AI-based interactions. Furthermore, R12 added that “AI would not be able to do that,” 
and this rationale is linked to the inherent limitations of AI. 

HM1 

A candidate may give the right answer by using many words and takes ten minutes to 
answer a question which should only take 2 minutes. The answer may be correct but if the 
communication skills are good, it should not take 10 minutes to give the answer. 
I don’t assume AI is going to help with such situational-based complex assessments. 

R11 
even if AI can handle all these complexities, I still prefer to select candidates through 
human interaction 

Candidate engagement 
and communication 

R13 
Candidate engagement is the first interaction a candidate has with the company. So that 
first interaction should not be with a tool. 

R14 
“In executive-level recruitment, the majority of candidates are passive candidates. 
They are already employed in senior executive roles and require engagement through 
human connection rather than a mechanical approach using AI.” 

Comments made by interviews (Source: Author). 

5.1. Positive Rationales 

Positive reasons for using or considering using AI in sourcing, pre-selection, and 
candidate engagement were related to managing a large volume of hiring in cer-
tain job groups, such as non-blue-collar or non-critical jobs. 

5.1.1. Managing High Volume Hiring 
The use of artificial intelligence (AI) has great potential in reaching a vast can-
didate pool by utilizing big data capabilities and advanced algorithms that re-
quire less involvement from human recruiters. Elia and Rodríguez (2019) state 
that AI can help identify potential candidates and engage them with persona-
lized messaging, using large volumes of data to analyze and target underrepre-
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sented groups. They also noted that AI can assist in diversity and inclusion ef-
forts by developing targeted recruitment strategies based on data analysis. Simi-
larly, Ognjanović, Pamučar, and Stankić (2020) found that AI can analyze data 
from various sources, including social media, online job boards, and internal 
databases to help reach a broad candidate pool. Moreover, they suggest that AI 
can predict job performance and identify talent gaps in the recruitment process. 

These findings support the rationale explained by the RSP professionals in this 
research to justify the usefulness of AI in the sourcing stage for high-volume 
hiring. Therefore, integrating AI into the recruitment process can be a promis-
ing way to reach a more extensive candidate pool.  

5.1.2. Managing Non-Specific Job Group Hiring 
The research findings indicate that RSP professionals are in favor of using AI for 
non-specific job groups, such as white-collar jobs like software engineers, sales 
and marketing professionals, and accountants. While specialized job categories 
such as pilots, mechanics, and C-level executives may not be suitable for AI- 
based recruitment, generic job groups are ideal for this approach.  

These findings are supported by previous studies. For example, Black and van 
Esch (2021) demonstrated the potential of AI in recruiting employees across dif-
ferent industries, showing that it can automate the process, reduce bias, and en-
hance efficiency. Similarly, Collings and Mellahi (2019) found that AI can be 
used to recruit white-collar professionals such as managers, economists, and 
lawyers. They suggested that AI can assist in candidate selection, screening, and 
communication.  

Overall, these studies along with the findings of this research provide evidence 
that AI can be a valuable tool for recruiting non-specific job groups. 

5.1.3. Increasing Work-Life Balance 
The research findings suggest that AI can improve work-life balance for re-
cruitment professionals, which is a newly emerging theme. Research participants 
believed that AI could streamline and automate tasks like sourcing, pre-screen- 
ing, and candidate engagement, thus reducing the workload and freeing their 
time. 

This concept is supported by a study conducted by Collings and Mellahi 
(2019), who found that AI can help HR professionals work more efficiently and 
focus on higher-value tasks, leading to better work-life balance. Similarly, Haider 
and Anwar (2021) found that AI can reduce the workload of recruitment profes-
sionals, leading to lower stress levels and improved work-life balance. They sug-
gest that AI can help recruitment professionals achieve a better work-life balance 
by enabling them to spend more time on important tasks like strategic planning, 
building relationships with candidates, and developing their skills. 

5.2. Negative Rationales 
5.2.1. Managing Low-Volume Hiring 
The findings of this study have highlighted the effectiveness of AI in high-vo- 
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lume hiring. However, they pointed out that AI may not be suitable for low-vo- 
lume hiring, which involves recruiting for specialized or niche positions that re-
quire a more targeted approach. This is because AI algorithms rely on vast amounts 
of data and may not have access to the specific data required for these positions, 
such as those for C-level executives (Galanaki & Papalexandris, 2019). 

In addition, low-volume hiring requires a more personalized approach that 
may not be possible with AI. Galanaki and Papalexandris (2019) support this 
view, suggesting that recruitment for specialized positions requires a more hu-
man-centred approach, where recruiters are more involved in the sourcing, 
screening, and selection process. Similarly, Black and van Esch (2021) found that 
the use of AI in recruitment can have limitations in low-volume hiring, as it may 
not be able to capture the specific requirements and nuances of specialized posi-
tions. 

Therefore, while AI can be effective in high-volume hiring, it may not be 
suitable for low-volume hiring, where a more personalized and human-centred 
approach is required. 

5.2.2. Managing Specific Job Groups Hiring 
The research participants in this study suggested that AI-based sourcing may not 
be effective in finding certain job groups, such as drivers and mechanics. These 
jobs are classified as occupational jobs by the Standard Occupational Classifica-
tion (Bureau of Labor Statistics, 2022) and as blue-collar jobs by other scholars 
(Kalleberg, 2018). The reason why these jobs may not be feasible to source 
through AI is due to the unavailability of data in the required format or location 
for AI algorithms to access. For instance, drivers may not have resumes in the 
format that AI algorithms can use, making them difficult to reach through AI 
sourcing. However, Liu, Li, and Liu (2019) suggest that AI can be used to select 
blue-collar workers like drivers if data is available in the format that AI can use. 

Several studies have highlighted the limitations of AI in assessing or selecting 
candidates for specialized job categories, such as pilots, as highlighted by the re-
search participants of this study. The assessment criteria for these job categories 
are often complex and involve a combination of technical and non-technical 
skills, which may be challenging to evaluate using AI. Lievens and Chapman 
(2010) found that the effectiveness of AI in predicting candidate suitability for 
the job is highly dependent on the nature of the job and the assessment criteria 
used. They suggest that AI may be more suitable for assessing candidates for jobs 
that have clearly defined assessment criteria, such as sales or customer service, 
than for jobs that involve complex cognitive or non-cognitive skills. 

Similarly, Ployhart (2006) revealed that although AI can predict the suitability 
of candidates for some job categories, such as customer service, it may not be 
suitable for assessing candidates for highly specialized job categories, such as pi-
lots or surgeons, where non-technical skills like decision-making and situational 
awareness play a crucial role in job performance. The current research also pro-
vided insights into the limitations of AI in assessing personality traits, which 
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were identified as critical by the research participants. 
Therefore, it is crucial for organizations to carefully evaluate the nature of the 

job and the assessment criteria used before integrating AI into the recruitment 
process. While AI may be effective in recruiting for generic or non-specific job 
groups, it may not be suitable for highly specialized job categories that require a 
more nuanced evaluation of skills and abilities. Hence, it is recommended that 
AI be used as a complementary tool to aid human recruiters in the recruitment 
process rather than a replacement for human judgment. 

Overall, this research highlights a critical finding on why AI may not be used 
to find certain blue-collar candidates and suggests further studies in this area to 
address gaps in the literature. 

5.3. The Aversion to Use AI in the Interview Phase 

This study strongly suggests that professionals in the field of human resources 
and recruitment do not accept the use of AI in the hiring process. Almost all re-
search participants were averse to using AI in interviews, regardless of the vo-
lume or job group being hired for. This suggests that there may be a significant 
level of resistance to integrating AI into the recruitment phase of hiring, even for 
high-volume hiring jobs. It is worth considering the reasons for this aversion, 
such as concerns about fairness, bias, and transparency in AI-driven hiring deci-
sions. These factors may be contributing to the reluctance of human resources 
professionals to embrace AI in recruitment. Other contributing factors to this 
aversion are the complex assessment criteria and the desire to provide a better 
candidate experience by “respecting” them and investing time in the interview 
phase. While these complexities may arise in certain recruitment phases like in-
terviews, this finding highlights the importance of considering the perspectives 
and attitudes of human resources professionals when designing and implement-
ing AI-based solutions for hiring. Thus, these insights provide some managerial 
interventions as suggested next.  

6. Conclusion 

This research interviewed 17 recruitment and selection professionals from vari-
ous industries and found that the adoption of AI is dependent on the recruit-
ment phases. Some recruitment phases are perceived to be receptive and benefit 
from AI, while other recruitment phases are not suitable due to the risks intro-
duced by AI. As a result, they will be rejected, resulting in lower adoption. 

The professionals are keen to use AI in the sourcing, pre-selection, and can-
didate engagement stages for high hiring volumes and non-specific job groups. 
They want to reduce workload, increase work-life balance, and increase the can-
didate pool. However, they are not keen to use AI in the interview phase regard-
less of the hiring volume or job group. The professionals are concerned about 
proving a better candidate experience and fear that using AI as the first interac-
tion with the company indicates a lack of commitment to the candidates. HR 
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leaders should carefully select the recruitment stage for integrating AI and ad-
dress concerns raised by RSP professionals. 

The research utilized a conceptual model that integrated the recruitment phase 
into the UTAUT theoretical model to uncover these findings, making them con-
textually relevant to AI adoption in recruitment and selection. By incorporating 
the recruitment phase into the UTAUT, the research offers a distinctive perspec-
tive, highlighting the need for specialized and contextualized theoretical frame-
works to comprehend complex phenomena such as AI. The researcher proposes 
that the same conceptual framework could be applied to explore other emerging 
technologies, including the metaverse, ChatGPT, robotic process automation, aug-
mented reality, and similar innovations in the recruitment and selection process.  

Conflicts of Interest 

The author declares no conflicts of interest regarding the publication of this pa-
per. 

References 
Abbas, S. M., Liu, Z. Q., & Khushnood, M. (2022). When Human Meets Technology: Un-

locking Hybrid Intelligence Role in Breakthrough Innovation Engagement via Self-Ex- 
tension and Social Intelligence. Journal of Computer Information Systems.  
https://doi.org/10.1080/08874417.2022.2139781 

Ahmed, S., & Kang, J. (2019). Challenges and Opportunities in Healthcare Predictive Ana-
lytics. International Journal of Medical Informatics, 129, 408-415. 

Aljanabi, M., Ghazi, M., Ali, A. H., & Abed, S. A. (2023). ChatGpt: Open Possibilities. Iraqi 
Journal for Computer Science and Mathematics, 4, 62-64. 

Allal-Chérif, O., Yela Aránega, A., & Castaño Sánchez, R. (2021). Intelligent Recruitment: 
How to Identify, Select, and Retain Talents from around the World Using Artificial In-
telligence. Technological Forecasting and Social Change, 169, Article ID: 120822.  
https://doi.org/10.1016/j.techfore.2021.120822 

Allen, D. G., Bryant, P. C., & Vardaman, J. M. (2010). Retaining Talent: Replacing Mis-
conceptions with Evidence-Based Strategies. Academy of Management Perspectives, 24, 
48-64. https://doi.org/10.5465/AMP.2010.51827775 

AlQudah, A. A., Al-Emran, M., & Shaalan, K. (2021). Technology Acceptance in Health-
care: A Systematic Review. Applied Sciences, 11, Article No. 10537.  
https://doi.org/10.3390/app112210537 

Anderson, R. (2007). Thematic Content Analysis. In M. Lewis-Beck, A. Bryman, & T. 
Liao (Eds.), Encyclopedia of Social Science Research Methods (Vol. 3, pp. 1073-1074). 
Sage Publications. 

Arif, A., Hussain, M., Khan, N. A., & Ullah, H. (2021). Impact of Recruitment and Selec-
tion on Job Performance of Employees in the Manufacturing Sector of Pakistan. Pakis-
tan Journal of Commerce and Social Sciences, 15, 107-121. 

Armstrong, M., & Taylor, S. (2014). Armstrong’s Handbook of Human Resource Man-
agement Practice. Kogan Page Publishers. 

Athanur, H., Demircan, M., & Kalaç, G. (2021). An Investigation on Candidate Expe-
rience in Recruitment Process: A Qualitative Study in Turkey. Journal of Economics, 
Administrative and Social Sciences, 2, 8-18. 

https://doi.org/10.4236/jhrss.2023.113034
https://doi.org/10.1080/08874417.2022.2139781
https://doi.org/10.1016/j.techfore.2021.120822
https://doi.org/10.5465/AMP.2010.51827775
https://doi.org/10.3390/app112210537


A. Hewage 
 

 

DOI: 10.4236/jhrss.2023.113034 630 Journal of Human Resource and Sustainability Studies 
 

Azeem, M. U., & Yasmin, R. (2016). The Impact of Recruitment and Selection Criteria on 
Organizational Performance. Global Journal of Management and Business Research, 16, 
1-9. 

Baghlaf, K. (2023). Necessity and Relevance of Qualitative Research in Pediatric Denti-
stry. A Literature Review. The Saudi Dental Journal, 35, 31-38.  
https://doi.org/10.1016/j.sdentj.2022.11.012 

Barber, A. E. (1998). Recruiting Employees: Individual and Organizational Perspectives. 
Sage Publications. https://doi.org/10.4135/9781452243351 

Black, J. S., & van Esch, P. (2021). Assessing Resume Review for Selection: The Latest Re-
search. Human Resource Management Review, 30, Article ID: 100708.  
https://doi.org/10.1016/j.hrmr.2019.100708 

Bovet, D., & Makridakis, S. (2019). Forecasting with Artificial Intelligence: A Review of 
the State-of-the-Art. European Journal of Operational Research, 276, 1079-1100. 

Bradt, G., Check, J., & Pedraza, J. (2010). Onboarding: How to Get Your New Employees 
up to Speed in Half the Time. John Wiley & Sons.  
https://doi.org/10.1002/9781118256145 

Bureau of Labor Statistics (2022). Occupational Employment and Wage Statistics.  
https://www.bls.gov/oes/current/oes_stru.htm  

Carruthers, J. (1990). A Rationale for the Use of Semi-Structured Interviews. Journal of 
Educational Administration, 28. https://doi.org/10.1108/09578239010006046 

Cascio, W. F. (2018). Managing Human Resources: Productivity, Quality of Work Life, 
Profits. McGraw-Hill Education. 

Clear, F. (2007). Dealing with Recruitment Bias: A Review of Field Experiments. Work, 
Employment & Society, 21, 657-675. 

Collings, D. G., & Mellahi, K. (2019). Leveraging Artificial Intelligence for Human Re-
source Management: A Practical Guide for HR Professionals. Human Resource Man-
agement Review, 29, 431-435. https://doi.org/10.1016/j.hrmr.2018.07.001 

Const, D., Sproull, L., & Carpenter, M. (1995). Networking and the Job Search Process. In 
R. L. Berger, & D. R. Berger (Eds.), The Job Search Handbook (pp. 143-168). Springer 
US. 

Cook, M., Cripps, B., & Tuckey, M. R. (2019). How Do Selection Methods Influence the 
Cost and Time Taken to Recruit New Employees? Journal of Business and Psychology, 
34, 761-774. 

Coombs, C., Stacey, P., Kawalek, P., Simeonova, B., Becker, J., Bergener, K., Carvalho, J. 
Á., Fantinato, M., Garmann-Johnsen, N. F., Grimme, C., Stein, A., & Trautmann, H. 
(2021). What Is It about Humanity That We Can’t Give Away to Intelligent Machines? 
A European Perspective. International Journal of Information Management, 58, Article 
ID: 102311. https://doi.org/10.1016/j.ijinfomgt.2021.102311 

Crawford, J., Li, Y., & Smith, R. (2020). Using Social Media for Recruiting Human Re-
search Participants: A Systematic Review. Journal of Medical Internet Research, 22, 
e19195. https://doi.org/10.2196/19195 

Creswell, J. W. (2014). Research Design: Qualitative, Quantitative, and Mixed Methods 
Approaches. Sage Publications. 

Curty, R., Elliott, S. J., & Cárdenas, P. L. (2023). Stepping into the Void: Lessons Learned 
from Civil Society Organizations during COVID-19 in Rio de Janeiro. International 
Journal of Environmental Research and Public Health, 20, Article No. 5507.  
https://doi.org/10.3390/ijerph20085507 

Dastin, J. (2018). Amazon Scraps Secret AI Recruiting Tool That Showed Bias against 

https://doi.org/10.4236/jhrss.2023.113034
https://doi.org/10.1016/j.sdentj.2022.11.012
https://doi.org/10.4135/9781452243351
https://doi.org/10.1016/j.hrmr.2019.100708
https://doi.org/10.1002/9781118256145
https://www.bls.gov/oes/current/oes_stru.htm
https://doi.org/10.1108/09578239010006046
https://doi.org/10.1016/j.hrmr.2018.07.001
https://doi.org/10.1016/j.ijinfomgt.2021.102311
https://doi.org/10.2196/19195
https://doi.org/10.3390/ijerph20085507


A. Hewage 
 

 

DOI: 10.4236/jhrss.2023.113034 631 Journal of Human Resource and Sustainability Studies 
 

Women. Reuters.  
https://www.reuters.com/article/us-amazon-com-jobs-automation-insight/amazon-scr
aps-secret-ai-recruiting-tool-that-showed-bias-against-women-idUSKCN1MK08G  

Deloitte (2021). Human Capital Trends 2021: The Social Enterprise in a World Disrupted. 
https://www2.deloitte.com/content/dam/Deloitte/an/Documents/human-capital/DDC
_HCTrends%202021.pdf   

Denzin, N. K., & Lincoln, Y. S. (2011). The SAGE Handbook of Qualitative Research. 
Sage Publications. 

Dipboye, R. L., & Johnson, R. E. (2013). Understanding and Improving Employee Selec-
tion Interviews. Human Resource Management, 52, 307-327.  
https://doi.org/10.1002/hrm.21508 

Ekwoaba, J. O., Amaugo, A. N., & Ezeabii, I. C. (2015). Recruitment and Selection Prac-
tices and Organizational Effectiveness: A Conceptual Analysis. Journal of Management 
and Strategy, 6, 1-10. 

Elia, M. L., & Rodríguez, M. L. (2019). Big Data in Human Resource Management: A 
Systematic Literature Review. International Journal of Human Resource Management, 
30, 2157-2181. 

Fontana, A., & Frey, J. H. (1998). Interviewing: The Art of Science. In N. K. Denzin, & Y. 
S. Lincoln (Eds.), Collecting and Interpreting Qualitative Materials (pp. 47-78). Sage 
Publications. 

Fuchs, M., Schreurs, B., & Van der Velden, L. (2017). Recruitment Process Outsourcing: 
An Exploratory Study of Provider and Client Perspectives. International Journal of 
Human Resource Management, 28, 1484-1504.  

Fylan, F. (2005). Semi-Structured Interviewing. In J. Miles, & P. Gilbert (Eds.), A Hand-
book of Research Methods for Clinical and Health Psychology (pp. 65-78). Oxford 
University Press. 

Galanaki, E., & Papalexandris, A. (2019). Recruitment and Selection for Specialized Jobs: 
The Role of Applicant Attraction. Journal of Business Research, 97, 146-157.  
https://doi.org/10.1016/j.jbusres.2019.01.025 

Galanaki, E., & Papalexandris, A. (2020). Human Resource Management and Artificial 
Intelligence: The Future Is Here. In Handbook of Research on Human Resources Strate-
gies for the New Millennial Workforce (pp. 88-105). IGI Global. 

Guenole, N., & Feinzig, S. (2018). The Business Case for AI in HR—With Insights and 
Tips on Getting Started. IBM WATSON Talent, 36.  
https://www.ibm.com/downloads/cas/A5YLEPBR  

Hagenauer, G., Glückler, J., & Delmestri, G. (2016). The Use of Alumni Groups in Re-
cruiting: A Social Capital Perspective. Academy of Management Proceedings, 2016, 
15491. 

Haider, M. J., & Anwar, S. (2021). The Impact of Artificial Intelligence on Recruitment 
and Selection Practices: An Empirical Study. International Journal of Management, 12, 
561-576. 

Hallam, C. (2009a). The Handbook of Employee Benefits. John Wiley & Sons. 

Hallam, C. (2009b). The Importance of Workforce Planning. Strategic HR Review, 8, 
10-15. 

Harris, M. M., & Fink, L. S. (1987). Influence of Recruiter Characteristics on Attraction of 
Female Job Applicants. Journal of Applied Psychology, 72, 701-705. 

Holm, A. B. (2009). Recruitment and Selection Practices. In Handbook of Human Re-
source Management in Government (pp. 205-217). Jossey-Bass. 

https://doi.org/10.4236/jhrss.2023.113034
https://www.reuters.com/article/us-amazon-com-jobs-automation-insight/amazon-scraps-secret-ai-recruiting-tool-that-showed-bias-against-women-idUSKCN1MK08G
https://www.reuters.com/article/us-amazon-com-jobs-automation-insight/amazon-scraps-secret-ai-recruiting-tool-that-showed-bias-against-women-idUSKCN1MK08G
https://www2.deloitte.com/content/dam/Deloitte/an/Documents/human-capital/DDC_HCTrends%202021.pdf
https://www2.deloitte.com/content/dam/Deloitte/an/Documents/human-capital/DDC_HCTrends%202021.pdf
https://doi.org/10.1002/hrm.21508
https://doi.org/10.1016/j.jbusres.2019.01.025
https://www.ibm.com/downloads/cas/A5YLEPBR


A. Hewage 
 

 

DOI: 10.4236/jhrss.2023.113034 632 Journal of Human Resource and Sustainability Studies 
 

Holton, J. A. (1975). The Coding Process and Its Challenges. In R. G. Burgess (Ed.), Field 
Research: A Sourcebook and Field Manual (pp. 229-234). George Allen & Unwin. 

Huffcutt, A. I., Conway, J. M., Roth, P. L., & Stone, N. J. (2001). Identification and Me-
ta-Analytic Assessment of Psychological Constructs Measured in Employment Inter-
views. Journal of Applied Psychology, 86, 897-913.  
https://doi.org/10.1037/0021-9010.86.5.897 

Hunter, J. E., & Hunter, R. F. (1984). Validity and Utility of Alternative Predictors of Job 
Performance. Psychological Bulletin, 96, 72-98.  
https://doi.org/10.1037/0033-2909.96.1.72 

Jackson, D. J., & Schuler, R. S. (1995). Understanding Human Resource Management in 
the Context of Organizations and Their Environments. Annual Review of Psychology, 
46, 237-264. https://doi.org/10.1146/annurev.ps.46.020195.001321 

Jørgensen, M. W. (2001). Research Methods in Public Health: Data Analysis. World Health 
Organization. 

Kalleberg, A. L. (2018). Good Jobs, Bad Jobs: The Rise of Polarized and Precarious Em-
ployment Systems in the United States, 1970s to 2000s. Russell Sage Foundation. 

Kanagavalli, S., Paneerselvam, A., & Natarajan, T. (2019). Recruitment Process Outsourc-
ing. In Operations and Service Management: Concepts, Methodologies, Tools, and Ap-
plications (pp. 2151-2170). IGI Global. 

Keaney, M. (2021). Candidate Experience: The Critical Aspect of the Recruitment Process. 
Forbes.  
https://www.forbes.com/sites/marykeaney/2021/03/08/candidate-experience-the-critica
l-aspect-of-the-recruitment-process/?sh=60574ba15917  

Kvale, S. (1996). Interviews: An Introduction to Qualitative Research Interviewing. Sage 
Publications. 

Leong, C. (2018). Technology & Recruiting 101: How It Works and Where It’s Going. 
Strategic HR Review, 17, 50-52. https://doi.org/10.1108/SHR-12-2017-0083 

Li, X., Guo, Z., Cui, W., & Xing, C. (2021). A Review of Natural Language Processing and 
Machine Learning for Automated Resume Screening. International Journal of Machine 
Learning and Cybernetics, 12, 1139-1156. 

Lievens, F., & Chapman, D. (2010). Recruitment and Selection. In A. Wilkinson, N. Ba-
con, T. Redman, & S. Snell (Eds.), The SAGE Handbook of Human Resource Manage-
ment (pp. 135-154). SAGE Publications Ltd.  
https://doi.org/10.4135/9780857021496.n9 

Lim, L., Wang, Y., Hoshino, Y., & Islam, M. N. (2015). Unveiling the Mysteries of the 
“Black Hole” in Recruiting Systems: Connecting Recruiters and Job Seekers like a Jig-
saw Puzzle. Procedia Manufacturing, 3, 3470-3477.  
https://doi.org/10.1016/j.promfg.2015.07.652 

Lim, S., Cortina, L. M., & Magley, V. J. (2015). Personal and Demographic Characteristics 
Associated with Experiences of Stereotype Threat in the Workplace. Journal of Mana-
gerial Psychology, 30, 235-252. 

Liu, Y., Li, X., & Liu, L. (2019). An Intelligent Driver Recruitment Model Based on Data 
Mining and Decision Tree Algorithm. Journal of Intelligent & Fuzzy Systems, 37, 
1883-1895. https://doi.org/10.3233/JIFS-179093 

Lochner, J. C., McCauley, M. E., Bassi, L. J., Olsen, E. J., & Jamrog, J. J. (2021). Talent, 
Technology, and Transformation: Perspectives on the Future of Work. John Wiley & 
Sons. 

Lutz, D. (2013). The HR Challenge: Dealing with an Influx of Applicants. Workforce, 92, 

https://doi.org/10.4236/jhrss.2023.113034
https://doi.org/10.1037/0021-9010.86.5.897
https://doi.org/10.1037/0033-2909.96.1.72
https://doi.org/10.1146/annurev.ps.46.020195.001321
https://www.forbes.com/sites/marykeaney/2021/03/08/candidate-experience-the-critical-aspect-of-the-recruitment-process/?sh=60574ba15917
https://www.forbes.com/sites/marykeaney/2021/03/08/candidate-experience-the-critical-aspect-of-the-recruitment-process/?sh=60574ba15917
https://doi.org/10.1108/SHR-12-2017-0083
https://doi.org/10.4135/9780857021496.n9
https://doi.org/10.1016/j.promfg.2015.07.652
https://doi.org/10.3233/JIFS-179093


A. Hewage 
 

 

DOI: 10.4236/jhrss.2023.113034 633 Journal of Human Resource and Sustainability Studies 
 

16-17. 

Maxwell, J. A. (2013). Qualitative Research Design: An Interactive Approach (Vol. 41). 
Sage Publications. 

McGraw, K. L., & Harbison-Briggs, K. (1989). Knowledge Acquisition: Principles and 
Guidelines. Prentice-Hall, Inc. 

Miles, J. A., & McCamey, R. B. (2018). Employment Branding: A Review and Future Di-
rections. Journal of Business and Psychology, 33, 207-224. 

Ognjanović, I., Pamučar, D., & Stankić, R. (2020). Big Data and AI in the Human Re-
sources Management. Journal of Business Economics and Management, 21, 578-596. 

Palenius, H. (2021). Candidates’ Perceptions of Recruitment Communication: The Role 
of Person-Organization Fit and the Mediating Effects of Employer Brand. Journal of 
Business Research, 124, 536-544. 

Piotrowski, C., & Armstrong, M. B. (2006). New Horizons in Employee Selection. John 
Wiley & Sons. 

Ployhart, R. E. (2006). Staffing in the 21st Century: New Challenges and Strategic Op-
portunities. Journal of Management, 32, 868-897.  
https://doi.org/10.1177/0149206306293625 

Prakash, A. V., Joshi, A., Nim, S., & Das, S. (2023). Determinants and Consequences of 
Trust in AI-Based Customer Service Chatbots. The Service Industries Journal. 

Rose, M. A., & Sandhya, S. (2022). Building Employee Engagement through Talent Ac-
quisition: A Literature Review. Journal of Management Development, 41, 167-181. 

Ryan, A. M., McFarland, L. A., Baron, H. J., & Page, R. (1999). An International Look at 
Selection Practices: Nation and Culture as Explanations for Variability in Practice. 
Personnel Psychology, 52, 359-391. https://doi.org/10.1111/j.1744-6570.1999.tb00165.x 

Salgado, J. F. (1997). The Five-Factor Model of Personality and Job Performance in the 
European Community. Journal of Applied Psychology, 82, 30-43.  
https://doi.org/10.1037/0021-9010.82.1.30 

Savola, H., & Troqe, B. (2019). Recruiters Just Wanna Have...AI? https://ep.liu.se/  

Sheppard, B., Warshaw, P., & Hartwick, J. (1998). A Case for the Further Extention of the 
Fishbein and Ajzen Model of Behavioral Prediction. 

Skrobotov, A. (2021). The Perceptions of Recruitment Practitioners on the Adoption of 
Artificial Intelligence in Recruitment and Selection. The International Journal of Hu-
man Resource Management, 43, 1-25. 

Suen, H. K., & Hon, A. H. (2019). Examining the Perceived Impact of Artificial Intelli-
gence on Recruitment and Selection. Personnel Review, 48, 1659-1677. 

Taylor, S., & Bergmann, T. J. (1987). Organizational Recruitment Activities and Applicant 
Attraction to Alternative Organizations. Journal of Applied Psychology, 72, 374-381. 

Taylor, S., & Todd, P. A. (1995). Understanding Information Technology Usage: A Test 
of Competing Models. Information Systems Research, 6, 144-176.  
https://doi.org/10.1287/isre.6.2.144 

Teixeira, L., & Bruni, A. L. (2021). The Use of Artificial Intelligence in Recruitment and 
Selection Processes: An Exploratory Study with Brazilian Companies. Journal of Tech-
nology Management & Innovation, 16, 142-153. 

Thebe, P. (2014). Recruitment and Selection Process: A Case Study of Hindustan Co-
ca-Cola Beverage Pvt. Ltd. Journal of Contemporary Management Research, 8, 33-43. 

Torres, J. (2017). Overwhelmed HR Teams May Have a Talent Shortage of Their Own. 
Society for Human Resource Management.  

https://doi.org/10.4236/jhrss.2023.113034
https://doi.org/10.1177/0149206306293625
https://doi.org/10.1111/j.1744-6570.1999.tb00165.x
https://doi.org/10.1037/0021-9010.82.1.30
https://ep.liu.se/
https://doi.org/10.1287/isre.6.2.144


A. Hewage 
 

 

DOI: 10.4236/jhrss.2023.113034 634 Journal of Human Resource and Sustainability Studies 
 

https://www.shrm.org/resourcesandtools/hr-topics/talent-acquisition/pages/talent-sho
rtage.aspx  

Troshani, I., Hill, S. R., Sherman, C., & Arthur, D. (2020). Do We Trust AI? Role of 
Anthropomorphism and Intelligence. Journal of Global Information Management, 28, 
481-491. https://doi.org/10.1080/08874417.2020.1788473 

Vaismoradi, M., Turunen, H., & Bondas, T. (2013). Content Analysis and Thematic Anal-
ysis: Implications for Conducting a Qualitative Descriptive Study. Nursing & Health 
Sciences, 15, 398-405. https://doi.org/10.1111/nhs.12048 

van Esch, M. J., Hanckmann, A., Lievens, F., & van der Heijden, B. I. (2019). Recruitment 
and Selection in Context: The Importance of Process Factors. In Handbook of Research 
on Sustainable Careers and Talent Management (pp. 138-153). Edward Elgar Publish-
ing. 

van Esch, P., & Black, J. S. (2021). Factors That Influence New Generation Candidates to 
Engage with and Complete Digital, AI-Enabled Recruiting. Business Horizons, 62, 
729-739.  

Venkatesh, V., & Bala, H. (2008). Technology Acceptance Model 3 and a Research Agen-
da on Interventions. Decision Sciences, 39, 273-315.  
https://doi.org/10.1111/j.1540-5915.2008.00192.x 

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User Acceptance of In-
formation Technology: Toward a Unified View. MIS Quarterly, 27, 425-478.  
https://doi.org/10.2307/30036540 

Vidal, M. L., & Marques-Quinteiro, P. (2017). Exploring the Role of Stakeholder In-
volvement in the Recruitment and Selection Process. Journal of Business and Psychol-
ogy, 32, 1-17. 

Welch, S. (1999). Resume Fraud: The Employer’s Perspective. Employee Responsibilities 
and Rights Journal, 12, 219-234. 

World Economic Forum (2020). Ethics and Governance of Artificial Intelligence: A Global 
Perspective.  
https://www.weforum.org/whitepapers/the-presidio-recommendations-on-responsible
-generative-ai  

Yao, J. E., Xu, X., Liu, C., & Lu, J. (2010). Organizational Size: A Significant Predictor of 
IT Innovation Adoption. Information & Management, 47, 327-333.  
https://doi.org/10.1016/j.im.2010.07.001 

Yin, H., Camacho, D., Novais, P., & Tallon-Ballesteros, A. J. (2018). Intelligent Data En-
gineering and Automated Learning—IDEAL 2018. Springer.  
https://doi.org/10.1007/978-3-030-03493-1 

Zhang, D., Mishra, S., Brynjolfsson, E., Etchemendy, J., Ganguli, D., Grosz, B., Lyons, T., 
Manyika, J., Niebles, J. C., Sellitto, M., Shoham, Y., Clark, J., & Perrault, R. (2021). 2021 
AI Index Report (pp. 1-222). https://aiindex.stanford.edu/report/  

Zhou, M. X., Mark, G., Li, J., & Yang, H. (2019). Trusting Virtual Agents: The Effect of 
Personality. ACM Transactions on Interactive Intelligent Systems, 9, Article No. 10.  
https://doi.org/10.1145/3232077 

Zoller, H. M. (2018). The Benefits of Pre-Planning the Recruitment Process. The HR Di-
gest. 
https://issuu.com/industryleadersmagazine/docs/the_hr_digest_q2__april_2018_hyperl  

https://doi.org/10.4236/jhrss.2023.113034
https://www.shrm.org/resourcesandtools/hr-topics/talent-acquisition/pages/talent-shortage.aspx
https://www.shrm.org/resourcesandtools/hr-topics/talent-acquisition/pages/talent-shortage.aspx
https://doi.org/10.1080/08874417.2020.1788473
https://doi.org/10.1111/nhs.12048
https://doi.org/10.1111/j.1540-5915.2008.00192.x
https://doi.org/10.2307/30036540
https://www.weforum.org/whitepapers/the-presidio-recommendations-on-responsible-generative-ai
https://www.weforum.org/whitepapers/the-presidio-recommendations-on-responsible-generative-ai
https://doi.org/10.1016/j.im.2010.07.001
https://doi.org/10.1007/978-3-030-03493-1
https://aiindex.stanford.edu/report/
https://doi.org/10.1145/3232077
https://issuu.com/industryleadersmagazine/docs/the_hr_digest_q2__april_2018_hyperl

	Exploring the Applicability of Artificial Intelligence in Recruitment and Selection Processes: A Focus on the Recruitment Phase
	Abstract
	Keywords
	1. Introduction
	1.1. Recruitment and Selection Process 
	1.2. Preplanning 
	1.3. Pre-Selection or Pre-Screening
	1.4. Selection or Interview Phase 
	1.5. Candidate Engagement and Communication
	1.6. Issues in RSP

	2. AI Applications in RSP
	3. Technology Adoption
	3.1. Behavioural Intentions (BI)
	3.2. Social Influence (SI) 
	3.3. Facilitating Conditions (FC) 
	3.4. Effort Expectancy (EE) 
	3.5. Use Behaviour (Actual Use) 
	3.6. Qualitative Research Design
	3.6.1. Data Collection Approach 
	3.6.2. Data Analysis Approach


	4. Findings
	4.1. Demographic Data
	4.2. Participant Profile
	4.3. Main Findings 
	4.3.1. Recruitment Pre-Planning
	4.3.2. Candidate Sourcing
	4.3.3. Pre-Screening or Shortlisting
	4.3.4. Selection or Interviewing
	4.3.5. Candidate Engagement and Communication


	5. Discussion
	5.1. Positive Rationales
	5.1.1. Managing High Volume Hiring
	5.1.2. Managing Non-Specific Job Group Hiring
	5.1.3. Increasing Work-Life Balance

	5.2. Negative Rationales
	5.2.1. Managing Low-Volume Hiring
	5.2.2. Managing Specific Job Groups Hiring

	5.3. The Aversion to Use AI in the Interview Phase

	6. Conclusion
	Conflicts of Interest
	References

