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Abstract

The recruitment landscape has been significantly transformed by the advent of
Artificial Intelligence (Al), which offers the potential to automate various aspects of
the hiring process, such as resume screening and candidate assessments. However,
while Al enhances efficiency and objectivity, it falls short in replicating the depth of
human judgment, particularly in assessing qualitative factors like cultural fit and
interpersonal skills. This research explores the integration of Al tools with traditional
recruitment methods to develop a hybrid model that combines the strengths of both
approaches. The proposed model leverages Al-driven assessments for initial candidate
screening, followed by human evaluation to ensure a comprehensive and nuanced
decision-making process. By employing advanced multi-criteria decision-making
methods, specifically CRITIC and WASPAS, the model optimizes the integration of
quantitative data with qualitative insights, resulting in a more balanced and effective
recruitment process. This study addresses key questions about the strengths and
limitations of Al in recruitment, the potential for Al and human judgment to
complement each other, and the overall effectiveness of the hybrid model. The findings
suggest that this integrated approach not only improves recruitment efficiency and
objectivity but also ensures that critical qualitative aspects are not overlooked, thereby
enhancing the overall quality of hiring decisions. The research concludes with a
discussion of the future scope of the hybrid model, including its potential application
across different industries and its implications for ethical Al governance in recruitment.

Introduction

In recent years, the recruitment

questions about the limitations of Al in making complex
and nuanced hiring decisions [1].

landscape has

undergone significant transformation, largely driven by
the advent of Artificial Intelligence (Al) [1]. As
organizations strive to streamline their hiring processes
and improve efficiency, Al tools have become
increasingly prevalent, offering the potential to
automate various aspects of recruitment—from resume
screening to candidate assessments [2]. The promise of
Al lies in its ability to process vast amounts of data
swiftly, identify patterns that may not be immediately
apparent to human recruiters, and execute tasks with a
level of consistency and objectivity that reduces the
potential for bias. These advantages make Al an
attractive option for organizations aiming to enhance
their recruitment efficiency, reduce costs, and improve
the quality of hires. However, the deployment of Al in
recruitment is not without its challenges. The lack of
human intuition and the potential for ethical concerns,
particularly related to algorithmic bias, raise important

Despite its many benefits, Al in recruitment cannot fully
replicate the depth of understanding, empathy, and
contextual awareness that human recruiters bring to the
process. Human intuition plays a crucial role in
assessing factors that are difficult to quantify, such as a
candidate's cultural fit, motivation, and potential for
growth within the organization. Moreover, ethical
concerns surrounding Al—such as the potential for
biased algorithms that could inadvertently reinforce
existing inequalities—underscore the need for careful
consideration and oversight in the implementation of
Al-driven recruitment tools. These limitations suggest
that while Al can significantly enhance certain aspects
of recruitment, it cannot fully replace the human
element that is essential for making well-rounded and
informed hiring decisions [3], [4].
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The current state of recruitment practices often sees Al
and human judgment being used independently, which
can lead to suboptimal outcomes. When used in
isolation, Al-driven assessments may overlook
important qualitative factors that are best evaluated by
human recruiters, while purely human-driven processes
may lack the efficiency and objectivity that Al can
provide [5], [6]. This dichotomy creates a gap in the
recruitment process, where neither approach fully
leverages the strengths of the other, resulting in a less
effective overall outcome. This gap highlights the need
for a more integrated approach that combines the
strengths of Al with the indispensable insights provided
by human judgment.

The goal of this research is to investigate the integration
of Al tools with traditional recruitment methods to
develop a hybrid model that enhances overall
effectiveness. This study seeks to understand how Al-
driven assessments can be optimally combined with
human intuition and judgment to create a recruitment
model that harnesses the strengths of both approaches
[7]. The proposed model aims not only to increase the
efficiency and objectivity of the recruitment process but
also to ensure that critical qualitative aspects of
candidate evaluation are preserved. To achieve this, the
research will explore several key questions: What are
the strengths and limitations of Al-driven assessments
in recruitment? How can Al tools and human judgment
be effectively combined to complement each other?
How does the hybrid model improve recruitment
outcomes compared to relying solely on Al or human
judgment? By addressing these questions, this study
aims to provide valuable insights into creating a more
integrated approach to recruitment—one that leverages
Al's power while maintaining the indispensable insights
provided by human judgment. This approach has the
potential to lead to more effective, equitable, and
comprehensive recruitment practices that better align
with the needs of contemporary organizations [8].

Traditional & Al based Recruitment Methods

Traditional Recruitment Methods

Traditional recruitment methods have long been the
cornerstone of talent acquisition processes, relying
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heavily on human intuition, experience, and judgment to
assess candidates [9], [10]. These methods include
strategies such as reviewing resumes manually,
conducting in-person interviews, and using subjective
criteria to determine a candidate's fit for a particular
role. Human recruiters bring a unique set of skills to the
process, including the ability to read between the lines
of a resume, gauge a candidate's potential for growth,
and assess cultural fit within the organization [11]-[13].
These qualitative assessments are critical in making
hiring decisions that align with an organization's values
and long-term goals.

The reliance on human intuition and judgment in
traditional recruitment allows for flexibility and
adaptability in the decision-making process. Recruiters
can take into account factors that may not be
immediately evident through quantitative data alone,
such as a candidate’s soft skills, adaptability, and
potential for future development. Moreover, the
personal interaction involved in traditional recruitment
methods helps build rapport with candidates, which can
be crucial for understanding their motivations and
ensuring a good fit with the organization's culture.
However, traditional methods are often time-consuming
and can be prone to biases, as recruiters may
inadvertently favor candidates who are more similar to
themselves or who fit into pre-existing stereotypes.

Al in Recruitment

In recent years, the integration of Artificial Intelligence
(Al) into recruitment processes has revolutionized the
way organizations identify and select talent [14]. Al-
driven tools can automate many aspects of recruitment,
from resume screening to candidate assessments, thus
improving efficiency and reducing the potential for
human error. Al algorithms can process vast amounts of
data quickly, identifying patterns and correlations that
may not be apparent to human recruiters. For example,
Al can analyze resumes to match candidates with job
descriptions, rank applicants based on their
qualifications, and even predict a candidate’s likelihood
of success in a given role based on historical data.
Different Al recruitment tools are shown in Figure 1.

/ Virtual Reality Assessments
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Figure 1 Most common Al-based processes for recruitment

The literature on Al in recruitment highlights several
key advantages of these tools, including their ability to
reduce unconscious bias, increase the speed of the
recruitment process, and improve the quality of hires by
relying on data-driven insights. For instance, Al-driven
resume screening can reduce the time required to sift
through large volumes of applications, allowing
recruiters to focus on the most promising candidates.
Similarly, Al-powered chatbots can handle initial
candidate interactions, answering questions and
scheduling interviews, which frees up recruiters’ time
for more strategic tasks. However, the use of Al in
recruitment is not without its challenges. There are
significant concerns regarding the ethical implications
of Al, particularly with respect to algorithmic bias. If Al
systems are trained on biased data, they may perpetuate
or even exacerbate existing inequalities. Furthermore,
Al lacks the human touch that is often necessary for
making nuanced decisions about a candidate’s fit within
a team or organization.

CRITIC and WASPAS Methods

In the increasingly complex landscape of recruitment,
where both qualitative and quantitative data play critical
roles in decision-making, it is essential to employ
advanced methodologies that can effectively integrate
and optimize these diverse inputs. The CRITIC (Criteria
Importance Through Intercriteria Correlation) and
WASPAS (Weighted Aggregated Sum Product
Assessment) methods represent two such advanced
decision-making frameworks. These methods are
particularly well-suited to recruitment, where multiple
criteria must be evaluated and balanced to ensure the
selection of the best candidate.

CRITIC Method

The CRITIC method is a statistical tool designed to
determine the importance of various criteria by
analyzing the contrast intensity between them [15]. It is
especially useful in situations where multiple criteria are
interrelated, as it accounts for both the variability of
each criterion and the correlation between them. In
recruitment, the CRITIC method can be used to assign
weights to different candidate evaluation criteria,
ensuring that each is appropriately prioritized based on
its relative importance. This process begins with the
calculation of contrast intensity, where the standard
deviation of each criterion is measured to determine its
variability. In a recruitment context, this involves
analyzing attributes such as experience, educational
background, technical skills, and soft skills. Criteria
with higher variability are considered more critical, as
they offer a greater degree of differentiation between
candidates. Following this, the method examines the

correlation between criteria to determine how
independent each criterion is from the others. For
example, if there is a high correlation between technical
skills and experience, one may be used as a proxy for
the other, reducing redundancy in the evaluation
process. The final step in the CRITIC method is the
assignment of weights to each criterion, combining the
results of the contrast intensity and intercriteria
correlation analyses. This ensures that the most critical
factors in the recruitment process, such as technical
skills or cultural fit, receive appropriate emphasis,
leading to a more balanced and accurate evaluation of
candidates.

WASPAS Method

The WASPAS (Weighted Aggregated Sum Product
Assessment) method is a hybrid multi-criteria decision-
making (MCDM) technique that combines the
Weighted Sum Model (WSM) and the Weighted
Product Model (WPM) [16]-[18]. This approach allows
for a balanced evaluation by integrating both additive
and multiplicative criteria aggregation.

Step 1: Decision Matrix and Normalization

Given alternatives A and criteria C,, the decision
matrix X =[X;] is constructed, where X, denotes the
performance of A under C,. Normalization is applied
to make criteria values dimensionless:

X..

x. =——-2=— (for beneficial criteria) (1)
o max(x;)

_ min(x;) @

i (for non-beneficial criteria)
ij
Step 2: WSM and WPM Score Calculation

The WSM score Q® and WPM score Q® for each
alternative are calculated as:

QY= ZWJ X @
=1

n
2 _ Wi
1=
Step 3: Aggregated Score and Optimal Lambda

The aggregated score Q. is determined by combining
WSM and WPM scores:

Qi = lQi(l) + (1_ A)Qi(Z) (5)
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The optimal A is calculated to minimize variance
between WSM and WPM:

2 1)

optimal —

p (72 (Qi(l))+62 (Qi(Z))
The WASPAS method effectively integrates the
strengths of WSM and WPM, offering a robust
framework for multi-criteria decision-making. This
method is particularly useful in optimizing the
integration of Al and human judgment in recruitment,
ensuring balanced and comprehensive evaluations.

Integration and Practical Implications

The integration of the CRITIC and WASPAS methods
in the recruitment process offers a structured and
rigorous approach to candidate evaluation. The CRITIC
method ensures that each criterion is appropriately
weighted based on its importance, while the WASPAS
method aggregates these weighted criteria to produce a
final score that reflects a candidate's overall suitability
for the role. This combination allows organizations to
leverage the power of Al-driven data analysis while
maintaining the critical role of human judgment in
making nuanced hiring decisions. By applying these
methods, organizations can enhance decision-making
by reducing bias, ensuring that both quantitative and
gualitative factors are considered, and creating a
scalable solution applicable across different roles and
contexts. Ultimately, the CRITIC and WASPAS
methods provide a robust framework for optimizing the

integration of Al and human judgment in recruitment,
leading to better hiring outcomes and more effective
talent acquisition strategies.

Conceptual Evaluation and Theoretical Validation of the
Hybrid Model

Interating the Hybrid Model

The hybrid recruitment model proposed in this paper
seeks to harness the complementary strengths of Al-
driven assessments and human judgment. This
integration is not merely additive but synergistic, as the
two components of the model enhance each other to
create a more robust and effective recruitment process.
The model operates on the premise that Al excels in
processing large datasets, identifying patterns, and
making objective decisions based on quantitative data,
while human recruiters bring irreplaceable insight into
qualitative aspects such as cultural fit, motivation, and
interpersonal skills. In practical terms, the hybrid model
begins with Al-driven tools handling the initial stages of
the recruitment process. These tools are responsible for
tasks such as resume screening, where the Al quickly
and efficiently filters candidates based on predefined
criteria. The Al's ability to process vast amounts of data
enables it to identify candidates who possess the
necessary technical skills and experience, significantly
reducing the time and resources required for this stage
of recruitment. The hybrid model is shown in Figure 2.
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Figure 2 A hybrid recruitment model integrating Al components and human judgment
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However, the Al component of the model is not
intended to function in isolation. Once the Al has
completed its assessment, the results are passed on to
human recruiters. Here, human judgment comes into
play, allowing recruiters to evaluate candidates on
factors that are difficult to quantify, such as how well
they might integrate into the company culture or their
potential for growth within the organization. This stage
of the process is crucial for making well-rounded hiring
decisions that align with the company's long-term goals.
The integration of Al and human judgment within the
hybrid model is further optimized through the
application of advanced multi-criteria decision-making
(MCDM) methods, namely CRITIC and WASPAS. The
CRITIC method is used to assign appropriate weights to
the various criteria evaluated by both the Al and human
recruiters. This method considers the variability and
interrelations of the criteria, ensuring that the most
relevant factors are prioritized. For instance, while Al
might prioritize technical skills, the CRITIC method
might assign greater weight to cultural fit based on its
higher variability and importance in the recruitment
process. The WASPAS method then aggregates these
weighted criteria into a final score for each candidate.
This score reflects the combined strengths of the Al-
driven assessments and human judgment, providing a
comprehensive  evaluation that balances both
guantitative and qualitative factors. The result is a more
nuanced and effective recruitment process, where the
strengths of Al and human judgment are fully leveraged.

Advantages of the Hybrid Model

The hybrid recruitment model offers several key
advantages over traditional recruitment methods, as
well as over purely Al-driven approaches. One of the
primary benefits is the ability to combine the efficiency
and objectivity of Al with the depth and contextual
understanding that human judgment provides. This

Table 1.

combination allows for a more comprehensive
evaluation of candidates, where both quantitative and
gualitative factors are considered in the decision-
making process. From a practical standpoint, the use of
Al in the initial stages of recruitment significantly
reduces the time and resources required to screen large
volumes of applications. This allows organizations to
process more applications in a shorter amount of time,
thereby increasing the likelihood of identifying the best
candidates. Al's ability to analyze data at scale also
enables more data-driven decision-making, which can
lead to higher accuracy in predicting candidate success.
This is particularly useful in roles where specific skills
and experiences are strong predictors of job
performance. However, the hybrid model does not stop
at efficiency. By integrating human judgment into the
process, it ensures that candidates are evaluated
holistically. Human recruiters can assess factors such as
cultural fit, motivation, and interpersonal skills—
elements that are difficult to quantify but are critical to
making successful hiring decisions. This not only
improves the quality of hires but also helps to build a
workforce that is more aligned with the organization's
values and long-term goals. Another advantage of the
hybrid model is its potential to reduce bias in the
recruitment process. While Al can standardize
evaluations and minimize the influence of unconscious
biases, human oversight is necessary to ensure that the
Al systems themselves are not perpetuating existing
inequalities. The model’s structure allows for
continuous feedback between Al-driven assessments
and human judgment, creating a system where biases
can be identified and addressed throughout the
recruitment process. This is particularly important in
ensuring that the recruitment process remains fair and
equitable, and that all candidates are given a fair chance
based on their qualifications and potential. The
advantage of this approach is summerized in

Table 1 Comparative Analysis of Traditional Recruitment, Al-Driven Recruitment, and Hybrid Recruitment Models

Aspects E;?:?:};?rgght Al-Driven Recruitment Hybrid Recruitment Model
Efficiency Time-consuming High efficiency Combines Al speed with human

focus

Bias Reduction Prone to biases

Reduces
standardization

bias  through | Al reduces bias, human oversight

ensures fairness

Considerations integrity

Contextual Strong qualitative | Limited to quantitative data | Merges human intuition with Al
Understanding assessment insights

- Difficult to scale Easily scalable Scalable with Al, nuanced with
Scalability y human input
Accuracy Varies by recruiter Consistent, but may lack | Enhanced by combining Al data

nuance with human judgment

Resource Resource-intensive Resource-saving  through | Efficient use of both automation and
Management automation human effort
Ethical Dependent on recruiter | Risk of algorithmic bias Balances Al objectivity with ethical

oversight
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. Adaptable but slow Adaptable but context- | Flexible, combining human
Adaptability limited discretion with Al
. High candidate | Minimal personal | Preserves human touch in key stages
Human Interaction interaction interaction
Decision-Making Deep, gualitative | Focuses on quantitative | Integrates depth of human insights
Depth insights metrics with Al data

Conclusion

The integration of Artificial Intelligence (Al) with
traditional recruitment methods offers a transformative
approach to enhancing the effectiveness, efficiency, and
fairness of the hiring process. This research has
proposed a hybrid recruitment model that strategically
combines the strengths of Al-driven assessments with
the nuanced insights of human judgment. By utilizing
advanced multi-criteria decision-making (MCDM)
methods, such as CRITIC and WASPAS, the model
achieves an optimized evaluation process that balances
guantitative data with qualitative factors. The model's
ability to streamline the recruitment process, reduce
bias, and ensure a comprehensive assessment of
candidates addresses many of the contemporary
challenges faced by organizations in their talent
acquisition efforts. The proposed hybrid model
demonstrates that Al can significantly improve the
efficiency of initial candidate screenings, enabling
organizations to process large volumes of applications
with greater accuracy and speed. However, the inclusion
of human judgment remains critical to ensure that
essential qualitative factors, such as cultural fit and
interpersonal skills, are appropriately considered. The
CRITIC method effectively assigns weights to various
criteria, prioritizing the most relevant factors in
candidate evaluations, while the WASPAS method
aggregates these weighted criteria into a final score that
provides a robust basis for making well-rounded hiring
decisions.

Looking forward, there are several avenues for future
research that could further enhance the hybrid model.
Continuous improvement of Al algorithms will be
crucial to maintaining the fairness and reliability of the
recruitment process. Advanced Al techniques, such as
deep learning and natural language processing, could be
explored to refine candidate evaluations further.
Additionally, investigating the model's application
across different industries and job roles would provide
valuable insights into its adaptability and effectiveness
in diverse contexts. Another promising area for future
research is the integration of the hybrid model with other
human resource management processes, such as
performance evaluation and succession planning, to
create a more comprehensive approach to talent
management. Moreover, real-world implementation and
validation through pilot studies in organizations will be

essential to assess the model's effectiveness and gather
feedback for further refinement. As Al continues to play
a more prominent role in recruitment, it will also be
important to explore the ethical implications and
develop guidelines for Al governance to ensure
responsible and ethical use of this technology.

Despite its potential, the hybrid recruitment model also
has certain limitations that must be acknowledged. The
effectiveness of the Al component is heavily dependent
on the quality and representativeness of the data used to
train the algorithms. Biased or incomplete data can lead
to biased outcomes, which may compromise the fairness
of the recruitment process. Additionally, implementing
a hybrid model that integrates Al and human judgment
requires significant investment in both technology and
training, which can be a challenge for organizations.
Human recruiters may also resist adopting Al-driven
tools, particularly if they perceive these tools as a threat
to their professional autonomy. Overcoming this
resistance requires careful change management and
clear communication about the benefits of the hybrid
approach. Furthermore, the use of Al in recruitment
raises ethical and legal challenges related to privacy,
data protection, and algorithmic transparency. Ensuring
compliance with legal frameworks and ethical standards
will be crucial for the model's success.
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