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Sania Khan (Saudi Arabia), Shaha Faisal (Saudi Arabia), George Thomas (Saudi Arabia)

EXPLORING THE NEXUS

OF ARTIFICIAL INTELLIGENCE
IN TALENT ACQUISITION:
UNRAVELLING COST-BENEFIT

DYNAMICS, SEIZING OPPORTUNITIES,

AND MITIGATING RISKS

Abstract

The rise in talent management complications led organizations to rely on the latest
technologies to automate their routine HRM tasks through Al This study proposed to
examine fundamental aspects of Al in talent acquisition (cost-benefit, opportunities,
and risk factors) from the context of strategic analysis and decision-making. 52 respon-
dents from HRM and the information technology departments from fifteen large dairy
enterprises, each with more than one thousand employees, were included in the focus
group discussion. Both departments were included in the focus group discussion as
they heavily employ Al in talent acquisition. The opinions were collected in multiple
rounds based on the cost, benefit, opportunity, and risk criteria using the analytical
hierarchy process, a multi-criteria decision-making framework. The findings dem-
onstrated that most respondents opinioned Al supports talent acquisition with many
opportunities (38.7%) that involve the identification of the best applicants (18.7%)
and different benefits (33.2%) to the organization in the form of saving time and cost
(16.1%) leading to higher efficacy. The study infers that the application of Al in HRM
significantly contributes to talent acquisition, streamlining processes, improving effi-
ciency, and enhancing decision-making. The study recommends that implementing AI
in talent acquisition requires a strategic approach, and organizations need to consider
factors such as data privacy, ethical use of Al, and ongoing training to ensure suc-
cessful integration into their hiring processes. Additionally, regular monitoring and
adjustments are essential to optimize the effectiveness of Al tools in talent acquisition.

Keywords talent acquisition, artificial intelligence, analytical
hierarchy process, talent management
JEL Classification 015,031,032

INTRODUCTION

The emergence of technology and a steady application in HRM famil-
iarized dramatic advancement in HRM functions. Innovation of big
data, machine learning (ML), and artificial intelligence (AI) devel-
oped ways to deploy Al-based HRM applications. Previously, human
resource information systems (HRIS) and electronic HRM (E-HRM)
enabled organizations to process data digitally but were restricted only
to employee data collection, storage, manipulation, and retrieval of in-
formation for various internal and external organizational HR-related
purposes. In recent years, when AI was introduced, it opened the op-
portunities to collaborate with talent acquisition and training pro-
cesses and also to analyze overall HR functional performances. As a
high-end technology, AT was used to streamline HR processes and ad-
ministrative tasks to improve human efficiency and strategic actions.
For instance, today AI through Chabot collects employee queries and
mitigates problems quickly with better decisions in very little time. In
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the current trend, most organizations popularly use innovative application tracking systems (ATS), in-
telligent search engines, data integration and analytical systems, virtual learning systems, and candi-
date relationship management (CRM). These ideal features and potential benefits of AI adoption have
engaged academicians and HR experts to explore its integration with HRIS without any limitations on
time and cost factors.

Integrating AI into HRIS solutions is actually making firms’ HR teamwork much easier and more effec-
tive with sound decisions. Despite improving HR data analysis and developing reports and predictions,
AT can be integrated with recruitment and selection, new employee orientation, employee performance
management, retention, leadership and administrative tasks, and HR decision-making functions. Some
of the positive impacts of AI in HRM manifest in minimizing human recruitment bias. AI provides
insight into employees’ work experience, performance, and productivity aspects and gives valuable
feedback to HR staff to decide on employee retention. Instead of human interaction, digital forms and
Chabot are most popularly used to collect employee information and queries in a most organized way.
However, AT adds the additional feature of analyzing employee feedback and results after completing
the training program. Therefore, Al is seen as an optimistic opportunity for many HR teams as it makes
huge manual compilations and typical data analysis easier. It presents data into easily readable reports
in just seconds without errors and helps HR staff to automate the transactional workforce, reduce work-
load, and free up their time to emphasize other most important tasks and decision-making activities.

AT has emerged incredibly and is improving in every field of business. AI works tremendously well, just
like the human brain, which has no errors and completes the given task in seconds. Evidently, technolo-
gy has demonstrated an apparent change in the whole business process, strategy, and workflow in recent
decades. Ubiquitously still, there is a lack of practical clarity on other key indicators of organizational ef-
fectiveness, namely the opportunities the firm will have through AI implementation, the expected risk,
the merits it gains, and consequent changes in the overall human resource and workflow-related cost
with respect to the adoption of Al-based HRM applications.

The Saudi government indicates its intention to adopt new technologies to achieve Vision 2030, which
aligns with United Nation’s sustainable development goals. Though the adoption of AIin the HRM area
is limited, its broader sense and future opportunities of Al are promising. However, evaluating the influ-
ence of Al implementation on HRM functional performance from a user perspective has not yet been
explored. Past research empirically studied the use of Al-based applications in talent acquisition, but it
was limited to a specific industry.

1. LITERATURE REVIEW

cial performance. In this connection, the technol-
ogy acceptance model (TAM) developed by Davis

Artificial intelligence is a crucial component of hu-
man resources and overcomes the intricacy of the
employment process. Using effective communica-
tion, Al technology expedites hiring and improves
candidate engagement and overall experience.
Consequently, this maintains the firm in a compet-
itive talent marketplace for luring and employing
applicants. It is critical to comprehend how Al tools
might attract and retain people within an organiza-
tion. HR practices can have a significant impact on
organizational performance measurement. Huselid
(1995) and Arthur (1992, 1994) focused on a subset
of the relationship between HR practices and finan-
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(1989), a revision of the theory of reasoned action
(TRA) was based on perceived ease of use and per-
ceived usefulness. This TAM model was the most
extensive and realistic model used by many past re-
search studies demonstrating a significant positive
influence on organizational performance (Lee et al.,
2013; Abbasi et al., 2011; Lee & Lehto, 2013). From
this, it is clear that the TAM model contributes to
better organizational performance.

On the other hand, the concept of human capital

investments has also evolved many theories that
emphasize understanding various conditions and
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what type of such investment leads to an organi-
zation’s profitability. Similarly, AlMuhaideb et al.
(2019) found that AI can be employed to construct
a predictive model for forecasting the occurrence
of absences in the context of particular appoint-
ments. Chikhaoui and Mehar (2020) proposed that
integrating Al inside the entirety of patent law pro-
cedures can yield significant time and cost savings.
The study proposed a conceptual framework to mit-
igate individuals’ apprehension about potential bi-
ases that AT can acquire. Also, Tanveer et al. (2020)
emphasized their attention to the applications, ad-
vantages, and issues pertaining to sustainable de-
velopment education in the context of Al Saba and
Leader (2021) aimed to promote aligning laboratory
activities with government priorities, including the
2020 government Transformation Plan and Saudi
Vision 2030. Fitz-Enz (2000) defined human capital
as the quality an individual brings to his job, work
accomplishment, a positive attitude or behavior, in-
telligence, reliability, and commitment. Also, the
contingency prediction developed by Delery and
Doty (1996) argues the nexus between the use of
particular employment practices and organization-
al performance, which was postulated to be con-
tingent on the organizational strategy. The applica-
tion of Miles and Snow’s (1978) theory of strategy,
structure, and process as a contingency approach
has illustrated influential predictors of organiza-
tional performance (Doty et al., 1993). According
to Chatman (1989), person-organization (P-O) fit
has similarities between organizational and indi-
vidual values trends. Other P-O fit studies (Kristof,
1996) investigated a close match between indi-
vidual and organizational values. Jani and Sayied
(2017) explored the role of person-organization fit
in the organizational context and successful talent
acquisition; they concluded that talent acquisition
is an innovative transformation. Though past stud-
ies proved the implementation of technology has a
positive effect on talent acquisition and the organi-
zation’s overall performance, such efforts failed to
holistically address the specific four dimensions,
namely benefits, opportunities, cost, and risk, in
the strategic analysis and decision-making process.

AT technology adoption has been noticed in the
last few decades with the increase in competi-
tive talent search irrespective of the type of in-
dustry, whether in IT/ITES, healthcare, banking,
engineering, manufacturing, or any other. Wang
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(2017) and Jiang et al. (2018) asserted that AT is
vigorously reinforcing various HRM activities by
technologizing and simplifying HR duties with
no stress and improving quick results. Therefore,
examining the vital business aspects of Al on hu-
man resource talent acquisition (HRTA), namely
cost-benefit, opportunities, and risk factors, is also
equally imperative.

1.1. Talent acquisition

As businesses cannot expand without the proper
talent, the new talent mindset is crucial as a game
changer for flourishing firms. Talent acquisition is
an emerging approach distinct from simply hir-
ing someone for any job. To satisfy the demands of
the organizations, a unique categorization for tal-
ent acquisition is necessary. Moreover, firms can
only contact the proper high-potential applicants
if they substantially adjust their talent acquisi-
tion approach (Sahay, 2014). Accordingly, one of
the key differences between successful and failed
firms is that the most prosperous companies had
brutally engaged management on talent. These
firms sought out and employed outstanding em-
ployees, believing that focusing on talent acqui-
sition would enable them to surpass competition
(Burkus & Osula, 2011). In this competitive era,
organizations are more conscientious about ac-
quiring the best employees ever before (Walford-
Wright & Scott-Jackson, 2018). Therefore, they
are critically important to talent management
and formulating various talent acquisition strate-
gies. Talent acquisition is a “strategic approach to
identifying, attracting, and onboarding top talent
to efficiently and effectively meet dynamic busi-
ness needs” (Bugg, 2015). Pearson (2009) also as-
serted that technology addresses various methods
of communication for an efficient work process.
Once an organization earns its reputation through
employer branding, it is easy to attract new talent-
ed individuals to an organization. It helps in the
applicant selection rate with a diversified talent
pool. Conversely, it provides an enriched candi-
date experience during recruitment (Albert, 2019).

Several studies detailing how technological ad-
vances have revolutionized human resources and
procedures have also been summarized (Cooper et
al., 1964; Nadler & Tushman, 1980; Pearson, 2009).
Advanced technologies have simplified the tasks of
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HR specialists and ensured that all aspects of the
HR department are covered. Additional research
shows that HR departments can get more done in
less time with the help of AI because they no lon-
ger need to rely so heavily on HR professionals. In
addition, the use of various technological means
provides essential ways for managers to carry out
multiple operations without involving the HR de-
partment, and the complexities associated with
HR tasks can be mitigated accordingly, guaran-
teeing results in a short period (Rana & Sharma,
2019; Jia et al., 2018).

The risks associated with human biases are re-
duced because decisions are made using the avail-
able data in the system (Bumblauskas et al., 2017).
On the other hand, several studies have drawn at-
tention to the varied methods utilized inside the
HR team’s intelligent decision support system.
Knowledge-based systems, neural networks, and
fuzzy sets are just a few examples of the smart
technologies that have spawned a plethora of new
applications because these allow for the develop-
ment of cognitive abilities that can then be put to
use in HR operations (Jiang & Messersmith, 2018;
Cooke, 2018).

1.2. Talent acquisition and artificial
intelligence

Artificial intelligence is revolutionizing the em-
ployment practices at a rapid pace. Al can pro-
cess large amounts of data more quickly. Using a
computer program, the work determines which
candidates to recruit by identifying a causal re-
lationship between the job description and the
traits of the employees to generate applications.
The screening of candidates is the first step in
the procedure. At this point, the employment ap-
plications are vetted or examined. It comprises
selecting a small number of applicants from the
combined resumes. The candidate that best fits
the requirements is chosen by the AI tool from
the database. It evaluates the applicants accord-
ing to their profiles and compares their profiles
with the job description. A portion of HR’s ad-
ministrative work is eliminated, and massive
data processing is expedited. This allows hiring
managers to take advantage of AD’s capabilities
using various resources that help objectively
screen and onboard prospects.

http://dx.doi.org/10.21511/ppm.22(1).2024.37
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Talent acquisition is a challenging and valuable
function for organizations as it is difficult to get
the right talent (Pillai & Sivathanu, 2020). It in-
cludes the costs of attracting potential applicants
and selecting and providing training for newly re-
cruited employees (Pillai & Sivathanu, 2020). AI
plays a vital role in talent acquisition as Al tech-
nologies help screen applicants faster and more ef-
ficiently. The messages, emails, and different as-
sessment results and details of the further process
are sent to the candidate through an automated
system. It also reduces the recruiting cost. With
the help of Al employers can post a targeted ad-
vertisement for the proper talent acquisition. The
organization’s information reaches directly to
potential candidates through programmatic ad-
vertising. It includes different onboarding tasks
for applicants; Al technologies handle the differ-
ent cumbersome tasks of onboarding in the form
of designing templates of offer letters, organizing
background checks, maintaining employee re-
cords, and providing the company with detailed
information about rules and policies to newly ap-
pointed candidates.

1.3. Theoretical aspects
and application of Al techniques
in talent acquisition

Technology is a sword with two sides, and one
should be conscious of both the positive and
negative consequences of using technology.
Consequently, HR managers must be technologi-
cally knowledgeable when employing various HR
solutions such as AI. Nair (2017), Bersin (2018),
and Pillai and Sivathanu (2020) summarized vari-
ous talent acquisition functions and the appropri-
ate Al tools and technology, along with the service
providers. The talent acquisition functions range
from employer branding, job posting, recruiting,
sourcing and selection of resumes, assessment,
and screening of profiles, and onboarding tasks,
including orientation.

Most of the research on technology adoption is
based on numerous technology acceptance frame-
works but on an individual viewpoint (Oliveira
& Martins, 2011; Shih et al., 2010). These models
are typically techno-centric, like the theory of
reasoned action (TRA) (Ajzen & Fishbein, 1980),
innovation diffusion theory (IDT) developed by
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Rogers (2003), the technology acceptance model
(TAM) by Davis (1989), UTAUT, a unified theory
of acceptance and use of technology by Venkatesh
etal. (2003), and theory of planned behavior (TPB)
by Ajzen (1991). There are technologies from a
company’s standpoint, such as the technology or-
ganization environment (TOE) framework intro-
duced by Depietro et al. (1990) and the decision
technology organization environment (DTOE) in-
troduced by Thong (1991).

Numerous studies have different perceptions
about TOE. Awa et al. (2017a, 2017b) explained
a need for more appropriateness among task re-
quirements and technology functionality. Oliveira
et al. (2019) noticed that the TOE framework leads
at an enterprise level. Another framework, task
technology fit (T'TF), introduced by Goodhue and
Thompson (1995), explained its ability to accom-
plish the required task well. Pillai and Sivathanu
(2020) incorporated TOE with the TTF model to
provide a detailed understanding and predict AI
technology adoption patterns for talent acquisi-
tion purposes at an enterprise level. The findings
illustrated that TOE is best used to examine the
adoption patterns of Al technology and perform
actual talent acquisition functions. In contrast,
HR executives and managers best use the TTF
model. Further, it was added that HR readiness,
comparative benefits, cost-effective factors, man-
agement support, and pressure from competitors
have a positive effect, and challenges over the safe-
ty and the confidentiality of information inhibit
the widespread use of Al

Although data analytics and Al are very quickly
used in other business functions like market-
ing, there are many challenges in the HRM field,
and approximately only 22 percent of firms cur-
rently use it globally. Recent research studies ex-
plored the integration of AI in multiple HR func-
tions such as in the recruitment process (Chang,
2010; Kabak et al., 2012; Chen & Chien, 2011;
Boz & Kose, 2018; Daramola et al., 2010), perfor-
mance management (]ing, 2009; Wu, 2009; Lee,
2010; Zhao, 2008; Rashid & Jabar, 2016), human
resource development (HRD) and turnover fore-
casting (Buzko et al., 2016; Strohmeier & Franca,
2015; Sivathanu & Pillai, 2018). The benefit of the
AT technique lies in standardizing and measuring
the assessment process by saving cost and time
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and minimizing human biases and errors. Al al-
so contributes to candidate screening with great
speed and accuracy from the talent pool as per the
organization’s predefined standards and potential
fit. AT has advanced far ahead in assessing not only
the job applicant’s intelligence quotient (IQ) but
also emotional quotient (EQ) and social quotient
(SQ). The employer may evaluate the job seeker’s
cognitive, social, and behavioral traits, innovative
ways to overcome possible risks, and how inno-
vatively the candidate will solve the online game,
enabling the recruiter to assess the quality of aca-
demic studies in the psychometric tests.

According to Strohmeier and Franca (2015), an
information-driven search engine is among the
most popular AI strategies utilized in hiring. It
understands the search content and looks for the
candidate’s profile on the web that fits with the se-
mantic aspects of the job posting. After HR staff
defines characteristics like educational qualifi-
cation, experience, job title, age, gender, etc., the
knowledge-based search engine uses predefined
ontology-focused data extraction (Celik, 2016).

Another Al technique used for recruitment is data
mining (DM). Kantardzic (2011) mentioned that
DM has four critical features: classification, as-
sociation, clustering, and prediction. It extracts
the candidate’s resumes from large databases and
uses classification and prediction while screen-
ing profiles from massive databases. Strohmeier
and Franca (2015) further added that when the
assessment procedure is in progress, DM is prop-
er for collecting information from resumes and
recommended text mining techniques to obtain
thoughts, attitudes, and feelings from an unstruc-
tured text. Petrovic-Lazarevic (2001), Tai and Hsu
(2006), and Dursun and Karsak (2010) illustrated
data mining systems grounded on fuzzy logic for
choice-making assistance in the recruitment pro-
cedure in order to cut down on the bias of tradi-
tional techniques of scrutinizing applicants. After
the candidate applies for a job and assesses his
profile, the Chatbots interact in textual or audio
methods with the job applicant as real-time com-
munication for profile screening and help the ap-
plicant to understand the organizational culture
and timely changes in the recruitment process
(Akash & Anusha, 2018). In this way, AI in HRM
is efficient in moving with emerging opportuni-
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Prioritization of Al-based HRM Applications

feedback

is cheaper

Stage 1:
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¢ Analyze employee * Traditional HR for change

* Save time and cost

Figure 1. Theoretical framework for Al-based HRM applications

ties and working in a competitive environment
at a fast pace by overcoming challenges (Buzko et
al., 2016). However, there are negative perceptions
and experiences among the candidates in terms
of getting employer feedback. So, Chatbots need
much improvement to satisfy the job seeker’s ex-
perience. The latest Chatbots with ML used in staff-
ing are Mya, HireVue, and Wendy. Boz and Kose
(2018) revealed other contemporary applications
of Al like HireVue and Affectiva, which are used
in video-based interviews and even understand
the emotions, facial expressions, personality, tone
and speaking patterns, and candidates’ honesty.

Oracle’s HCM cloud division found that AI repre-
sents a novel trend in the recruitment process by
bridging skill gaps in various HR functional areas.
It offers personalized learning by collecting infor-
mation about employees’ skills, projects, learning
habits, and core responsibilities. Particularly in
Saudi Arabia, implementing AI in HRM depart-
ments is rare. While big enterprises focus on ben-
efits and opportunities, medium and small enter-
prises may emphasize cost and risk factors. From
the literature background, choosing AlI-based
HRM applications by HRM users may not neces-
sarily result in equal weights but involve multi-cri-
teria attributes. Therefore, this study attempted to
understand pragmatic viewpoints among indus-
trial HRM department users.

http://dx.doi.org/10.21511/ppm.22(1).2024.37

The conceptual underpinnings of the current investi-
gation are laid forth in explicit detail in Figure 1. The
study proposed identifying the advantages, oppor-
tunities, costs, and risks related to Al-based HRM
solutions. Then, the prerequisites for achieving the
specified goals are outlined. There are a variety of al-
ternatives to take into account for every parameter.
Figure 1 is a common representation of the model
hierarchy. Because there are many criteria and sub-
criteria, it produces a perplexing decision-making
environment.

Regarding importance to the aim, each criterion
or alternative may not be equal. According to the
weighted score, selecting the most relevant criteria
and options is necessary. A peer-to-peer comparison
is also required to determine the most relevant crite-
ria and alternatives. Because of the nature of this pa-
per, multi-criteria hierarchy analysis tools are ideal.
Given the nature of the problem, the analytical hi-
erarchy process (AHP) may be an excellent analysis
method.

The primary aim of this study is to evaluate the costs,
benefits, opportunities, and risks of Al-based HRM
applications from the viewpoint of HRM users.
Additionally, the study aims to analyze the relative
importance of the aforementioned factors in influ-
encing industrial HRM users” decision to select AI-
based HRM applications based on these four factors.
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2. METHODOLOGY

To cope with numerous studies questions and
bridge the gaps in research studies, it is impera-
tive to use an AHP technique, which Saaty (1980)
advised. AHP has emerged as one of the fairly
powerful gears of multi-criterion decision-mak-
ing. This approach is anticipated to develop nice
choices with the assistance of the mathematical
mixture of numerous judgments approximately to
a problem. It develops a multilevel hierarchy and
estimates the weights and significance of every
alternative with the pairwise comparison (Saaty
& Vargas, 1996). Based on the comparison scale
developed by Saaty (1980), the ranks are allocat-
ed, and the significance of every alternative is as-
sessed. Past studies have used AHP as an effective
device to mitigate complicated research issues as
a top choice (Khan et al., 2011; Khan et al., 2015;
Khan, 2021; Faisal & Naushad, 2020).

A typical AHP methodology comprises a six-step
procedure (Kwon & Seo, 2014). In the first step,
the hierarchical structure for decision-making
is constructed. It includes the setting of goals for
the problem taken into consideration, and criteria
are decomposed into alternatives or sub-criteria.
Upon completion of this task, the hierarchy is put
into the form of a questionnaire that is arranged
for pair-wise comparison. The questionnaire thus
prepared is now being administered among the
focus group chosen from large enterprises in
Saudi Arabia. The scale for the questionnaire was
developed by Saaty (1980), refer to Table 1. Now,
the pairwise comparison metrics are formed for
each decision maker’s responses (members of the
focus group).

Table 1. Measurement scale used
in the questionnaire

Significance

Scale Details
level

1 : Both are equally important

Rather significant

Slightly more crucial

Extremely crucial

Very Strongly

Extremely Strongly

OC:iv:N:O:n:ihd iw:N

Extremely important
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In the second step, a pair-wise comparison of the
weights obtained is compiled in the form of a ma-
trix, sometimes known as the “fuzzy positive ma-
trix.” In the third step, the weights for these de-
cision elements are calculated using the lambda-
Max method. Then, in the fourth step by using
eigenvalues and eigenvectors, the consistency of
the element’s priority is checked to ensure that the
pairwise comparison results are consistent. This
ensures that results are consistently related to a
large sample (Coyle, 2004). The consistency ratio
can be estimated as follows:

Evaluate the highest eigenvector (Imax)

Estimate the consistency index (y) for every
matrix of order n by the Eq:
Aax — 1

“ETTT

C. (1)
Last but not least, the CR of a pair-wise evalua-
tion array is calculated by dividing a matrix’s con-
sistency index by the Random Index (RI) value
shown in Table 1. i.e., CR = y/R.

The RI calculation is necessary to obtain the re-
sults derived from a large number of simulation
runs, and it varies according to the matrix’s order
(Kannan, 2009). The value of the RI for matrices of
orders 1-9 is shown in Table 1, which was calculat-
ed by approximating random indices with 50,000
simulations (Saaty, 2009). The matrix evaluation
is acceptable if CR is equal to or less than 0.1. If
the CR value exceeds 0.1 when judgments within
the matrix are inconsistent, the evaluation process
must be reviewed, reconsidered, and improved
(Crowe et al., 1998). Step five comprises the opin-
ions of decision-makers that are integrated. The
decision-makers’ relative importance is averaged
using a mathematical mean. In the final step, the
final rankings of the decision are obtained.

The purpose of this particular investigation led to
the development of an AHP decision hierarchy to
prioritize Al-based HRM applications. Different
criteria and sets of alternatives were designed with
the help of an extensive review of the literature.
Per the most recent data from January 2022, Saudi
Arabia has been actively utilizing artificial intelli-
gence (AI) techniques. The Saudi government has
recognized the potential of Al in various sectors
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and has taken steps to incorporate AI technolo-
gies into different aspects of the country’s devel-
opment. Furthermore, Saudi Arabia’s dairy sec-
tor is acknowledged as one of the fastest-growing
and implements cutting-edge technologies in sup-
ply chain management, manufacturing, and hu-
man resources. The dairy business was chosen for
this study because data gathering was convenient
and accessible in this sector. The human resource
managers/senior executives from Saudi Arabia’s
dairy industry were interviewed and consulted as
experts, and focus groups were done with them
to prioritize weight in a pairwise comparison of
these criteria and alternatives. Thus, analysis of
the gathered information involved Expert choice®
software, which helped automate the entire deci-
sion-making process.

3. RESULTS
AND DISCUSSION

The results are obtained after the execution of
AHP. It contains priority weights and pairwise
comparisons, including criterion weight and al-
ternative weights. The AHP scale suggested by
Millet and Saaty (2000) was used to assign relative
importance ratings and to make comparisons be-
tween pairs (from 1 to 9, where 9 is very important
and 1 is not). The cumulative score and pair-wise
comparisons generated from the investigation
are displayed in Figure 2, with the position of the
chosen criterion highlighted. Results indicate that

“opportunities” are a vastly important criterion for

<«

HR managers for Al-based applications in talent
acquisition.

Moreover, “benefits” remain the second important
criterion for HR managers. Meanwhile, “cost” and
‘risk” with AI implications are the least important
for HR managers. The main reason for the highest

Problems and Perspectives in Management, Volume 22, Issue 1, 2024

weightage of criteria “opportunities” and “benefits”
is that HR managers understand the importance
of Al-based applications in talent acquisition as
it minimizes the chances of human errors. “Cost”
and “risk” received little consideration. Most HR
professionals accept the opportunities and bene-
fits of Al-based applications, which are more of a
form of identifying the best applicants, and these
applications also save time, effort, and cost. So, the
cost and risk associated with Al-based applica-
tions are less than the benefits arising out of them.
Thus, investing in Al-based applications for talent
acquisition is worthwhile, as AI will streamline
hiring procedures and remove potential biases
from human observation.

Figure 3 displays the outcomes of comparative al-
ternate scores regarding the current study’s aim
and identifies the best applicants who contributed
the highest to the goal with a priority weight of
18.70%. On the other hand, the limited applicabil-
ity of AI contributes the lowest, with a minimum
weight of 1.3%, which is very low. The alternative
identifies that the best applicants gain the highest
priority weight, which indicates that by using AI
applications in the talent acquisition process, or-
ganizations can select the best available employees
without biases in human observation. The lowest
score for alternative limited applicability of AI de-
notes the vast possibilities for Al-based applica-
tions in this era.

The final phase in using AHP to make the choice is
to conduct a sensitivity assessment, which is a cru-
cial part of making decisions. The performance
sensitivity analysis is shown in Figures 4 and 5.

The HR managers identify the top five bene-
fits and opportunities alternatives are (1) iden-
tifying best applicants with a priority weight
(18.70%), (2) saving time and cost with a pri-

Priotity weights of criterion selected

Benefits (33.2%)
(38.8%)

Cost (13.8%)
Risk (14.4%)

Opportunities

0 5 10 15

20 25 30 35 40 45

Figure 2. Priority weight for criteria of Al-based application
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Priotity Weights of Alternatives in %

Quickly solved employee queries

Save time and cost

Identify best applicants

Smart learning

Invest on Al without evidence on HR performance
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Limited applicability of Al
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Figure 3. Priority weight for alternatives of Al-based application
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Figure 4. Performance sensitivity analysis
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Figure 5. Performance sensitivity analysis
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ority weight (16.30%), (3) quickly solving em-
ployee queries (9.60%), (4) analyzing employee
feedback (9.30%), and (5) ease of administra-
tion (8.5%). Many research studies also strongly
perceive that AI has enormous opportunities
in performing HRM departmental functions,
and firms are currently desperate to shift their
working approaches by using these techniques.
Al has covered several phases in applicant as-
sessment tools, from testing their intelligence
quotient (IQ) to emotional quotient (EQ) to so-
cial quotient (SQ). Further, the assessment of
candidates through gamification using game-
based technology has gained more attention
from HR professionals, as it involves and in-
teracts with the applicants enthusiastically and
makes it easy for HR employees to recognize the
association between academic performance and
psychometric testing. This study demonstrates
many practical insights to Saudi organizations
in transforming the overall performance of
firms by reducing the costs incurred in talent
acquisition and HR recruitment.

The usage of Al-based applications in HRM has
been burgeoning in recent years. Al emerged
because its vast applications ease out many
traditional and cumbersome processes in tal-
ent acquisition. Solutions to different business
problems can be arrived at only with the help
of an entirely different set of approaches and
mindsets. In this backdrop, AI emerged and
became a possible alternative to outdated pro-
cesses. The present study revealed the opportu-
nities and benefits of Al-based applications in
talent acquisition processes. Hence, AI’s aug-
mented intelligence will make recruiters more
proactive in their hiring processes. They can
determine the best organization-fit candidates
with the help of different Al-based applications.
Saudi Arabia is going through transformational
changes to attain Vision 2030. Al applications
can help attain the human capital-centric part
of its vision of 2030.

The study identified several significant applica-
tions of Al in hiring and their elements. They are
utilizing natural language processing for resume
screening (NLP). AI systems examine cover let-
ters and resumes to find pertinent education, ex-
perience, and certifications, employing data min-

http://dx.doi.org/10.21511/ppm.22(1).2024.37
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ing and analysis for candidate sourcing. Al tools
can find candidates based on predetermined cri-
teria by searching across various internet plat-
forms, databases, and social networks. Chatbots
for first interaction utilize machine learning and
NLP. Chatbots communicate with candidates, re-
spond to their questions, and gather preliminary
data to deliver a more customized and dynamic
experience. Predictive analytics with machine
learning and predictive modeling for candidate
fit is offered. AI systems use past data to fore-
cast an applicant’s potential fit for a given posi-
tion based on hiring trends and staff productiv-
ity. Interview scheduling can be done using au-
tomation. Al-driven scheduling systems employ
algorithms to determine the best times for in-
terviews, considering the candidate’s availability
and that of the hiring team. NLP and computer
vision are used to analyze video interviews. Al
evaluates nonverbal clues, language usage, and
other aspects of video interviews to provide in-
sights regarding a candidate’s fit for the position.
By guaranteeing equitable and inclusive proce-
dures, Al tools can aid in detecting and address-
ing biases in the recruiting process and fostering
diversity, offering support with onboarding us-
ing automation and natural language processing.
Al-powered Chatbots and virtual assistants can
help new hires with onboarding by offering in-
formation, responding to inquiries, and easing
the transfer. Al can anticipate future attrition
risks by evaluating employee data, enabling firms
to proactively retain key people. Personalized
learning algorithms are used for ongoing educa-
tion and development. Based on an employee’s
performance, talents, and career objectives, Al
can suggest tailored learning routes for them.

Although these findings are relevant and par-
amount for policymakers and academicians,
there are also some limitations. The findings
are predicated on information gathered from
Riyadh-based human resource managers of
global corporations. The proportion of partic-
ipants can be raised to improve the outcome.
There is scope for future research on medium
and small-size enterprises with a larger sample
within and outside Saudi Arabia. The current
study will be extremely satisfied if it catalyzes
additional research on this fascinating and ex-
tremely applicable topic.
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CONCLUSION

The study aimed to examine critical aspects of AI in the context of talent acquisition, explicitly
focusing on cost-benefit analysis, opportunities, and risk factors. According to the findings of the
AHP model, it is clear from this comparison that managers of large enterprises operating in Saudi
Arabia opined that the usage of Al-based applications is giving a lot of “opportunities” and “ben-
efits” in talent acquisition. Alternatives adopted in the present study also witnessed a similar trend
as “identify best applicants” attained the highest priority rate, which is an element of the criterion
“opportunities,” followed by “save time and cost,” which is an element of criterion “benefits.” Hence,
the results clearly state that AI plays a significant role in talent acquisition as it is transforming the
entire process with technology-driven techniques. AI brings quantum changes in hiring, assessing,
and motivating talent and has the potential to bring curative changes.

As mentioned in the technology acceptance model (TAM), the study indicates the perceived bene-
fits of Al-based technology on an organization’s performance and a significant change in structure,
strategy, and process. The perceived usefulness of AI technology is crucial as it determines the
readiness of employees to adopt innovative and sophisticated technological services, enhancing the
various dimensional performance of the organization. The study highlights practical inferences to
HR managers and the government to reform new strategies by reconsidering technological changes
and easing talent acquisition by integrating AT into recruitment. This can further automate the ap-
plication process, provide high-quality resumes, screen the piles of resumes effortlessly, schedule
interviews, and auto-reply the job candidates. The present results indicate the usefulness of AI-
based applications in identifying the best applicants and saving time and cost. The findings of this
study state that Al usage in talent acquisition is innovative and facilitates ease of use in various HR
functions.
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