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Abstract

This research explores the transformative role of artificial intelligence (Al) in talent acquisition,
focusing on its influence on screening efficiency, candidate-role alignment, hiring precision,
and bias reduction. Adopting an organizational lens rooted in fit theory, the study applies a
qualitative, manager-focused methodology. Semi-structured interviews were conducted and
examined through a three-level thematic analysis, complemented by neural-network-assisted
mapping to deepen pattern recognition. NVivo 14 was used to support systematic coding,
cross-case comparison, and theme development. In parallel, Python 3.11, together with Keras
(2.15.0) and TensorFlow (2.14.0), facilitated cluster analysis and visualization of relationships,
particularly those associated with person—job fit (PJF) and person—organization fit (POF).
The findings are interpreted through the dual mediating mechanisms of PJF and POF. Results
indicate that, when guided by robust governance frameworks, Al improves resume screening,
strengthens candidate—role matching, and enhances fairness in hiring decisions. Nonetheless,
Al tools show limitations in evaluating interpersonal competencies and cultural compatibility,
underscoring the continued importance of human judgment. Consequently, the study proposes a
hybrid recruitment framework in which Al conducts initial triage to assess PJF, while structured
human evaluations address POF. This balanced model improves efficiency, quality of hire, and
overall candidate experience. The study further recommends algorithmic audits, explainable Al
practices, strategic human intervention points, HR capability development, and strong privacy
and accountability standards to ensure responsible Al integration in recruitment processes.
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Resumen

Esta investigacion explora el papel transformador de la inteligencia artificial (IA) en la
adquisicion de talento, centrandose en su influencia sobre la eficiencia del cribado, la alineacion
candidato—puesto, la precision en la contrataciéon y la reduccion de sesgos. Adoptando
una perspectiva organizacional fundamentada en la teoria del ajuste, el estudio aplica una
metodologia cualitativa centrada en directivos. Se realizaron entrevistas semiestructuradas
que fueron examinadas mediante un analisis tematico de tres niveles, complementado con
mapeo asistido por redes neuronales para profundizar en el reconocimiento de patrones.
NVivo 14 se utilizd para apoyar la codificacion sistematica, la comparacion entre casos y
el desarrollo de temas. Paralelamente, Python 3.11, junto con Keras (2.15.0) y TensorFlow
(2.14.0), facilit6 el andlisis de conglomerados y la visualizacion de relaciones, particularmente
aquellas asociadas con el ajuste persona—puesto (PJF) y el ajuste persona—organizacion (POF).
Los hallazgos se interpretan a través de los mecanismos mediadores duales de PJF y POF.
Los resultados indican que, cuando se implementa bajo marcos s6lidos de gobernanza, la IA
acelera significativamente el cribado de curriculos, fortalece la correspondencia candidato—
puesto y mejora la equidad en las decisiones de contratacion. No obstante, las herramientas de
IA muestran limitaciones en la evaluacion de competencias interpersonales y la compatibilidad
cultural, lo que subraya la importancia continua del juicio humano. En consecuencia, el estudio
propone un modelo hibrido de reclutamiento en el que la IA realiza una seleccion inicial para
evaluar el PJF, mientras que evaluaciones humanas estructuradas abordan el POF. Este modelo
equilibrado mejora la eficiencia, la calidad de la contratacion y la experiencia del candidato.
Ademas, se recomiendan auditorias algoritmicas, practicas de IA explicable, puntos estratégicos
de intervencion humana, el desarrollo de capacidades en RR. HH. y solidos estandares de
privacidad y rendicion de cuentas para garantizar una integracion responsable de la IA en los
procesos de reclutamiento.

Palabras clave: IA ética, modelo hibrido de reclutamiento, mitigacion de sesgos, ajuste
persona—puesto, ajuste persona—organizacion, analisis asistido por redes neuronales.

Cadigos JEL: D63, M12, M51, M15, 033, J24

1. INTRODUCTION

Artificial intelligence (Al) refers to computational systems designed to simulate human
intelligence, enabling machines to perform tasks that typically rely on human cognition and
judgment (Irwin et al., 2023). Al encompasses a range of technologies—including machine
learning, natural language processing, and predictive analytics—that automate complex
organizational activities (Soori et al., 2023). Within organizations, these technologies enhance
precision, reduce operational costs, and drive continuous innovation, thereby strengthening
overall performance and competitiveness (Khogali & Mekid, 2023). Consequently, firms across
industries increasingly deploy Al to optimize workflows, improve decision-making, and sustain
strategic advantages through data-driven efficiency (Soori et al., 2023).

Among organizational functions, AI’s most profound influence has been observed in human
resource management (HRM), particularly within talent acquisition and recruitment (Kambur &
Akar, 2022). Talent acquisition concerns the strategic identification of high-potential candidates
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aligned with organizational objectives, whereas recruitment involves sourcing, evaluating, and
integrating individuals into the workforce (Vedapradha et al., 2023). Because effective staffing
directly shapes human capital—the primary driver of sustained organizational performance—
employers increasingly adopt Al to address persistent hiring challenges related to scalability,
speed, and bias (Budhwar et al., 2023).

Contemporary recruitment platforms such as Beamery and Humanly now automate résumé
parsing, candidate shortlisting, and early-stage screening (Fu, 2025). These Al-driven systems enable
faster, more consistent evaluations and foster greater engagement through automated communication
and adaptive interfaces (Albaroudi et al., 2024). By standardizing assessment criteria, Al can
promote fairness and inclusivity while reducing subjective variation in decision-making. However,
its expanding role in hiring processes introduces new theoretical, ethical, and managerial questions
surrounding algorithmic transparency, validity, and human control in talent decisions.

Despite a growing body of research highlighting AI’s potential to enhance recruitment
efficiency and accuracy, significant knowledge gaps remain—particularly regarding the
influence of Al systems on recruiters’ perceptions of candidate fit within organizations. The
majority of existing studies concentrate on quantifiable outcomes such as processing speed, bias
mitigation, or predictive capabilities (Albaroudi ef al., 2024; Paramita et al., 2024; Vedapradha
et al., 2023). However, these investigations seldom explore the more nuanced ways in which
algorithms shape recruiters’ judgments about who is deemed to “belong” within a company.
This oversight is notable, as person—organization fit (POF) constitutes a central element in
hiring decisions, organizational culture, and employee retention.

With Al increasingly being utilized to assess dimensions such as values, communication
styles, and interpersonal dynamics, there remains limited understanding of how these systems
conceptualize and measure fit. While Al excels at data analysis, its interpretation of constructs
like shared values or interpersonal compatibility remains opaque. This lack of transparency
is not merely an academic concern; it has practical implications for organizations seeking to
deploy Al in fair and effective ways in their recruitment processes.

Another critical issue is the prevailing emphasis within existing literature on the technical
aspects of automation, such as resume parsing or workflow optimization, to the detriment of
broader considerations. Specifically, there is a paucity of research examining how Al tools
alter recruiters’ roles, notions of fairness, or the broader organizational culture. Even when
fairness is addressed, the focus is typically restricted to identifying bias within datasets, rather
than interrogating how Al applications reshape fundamental concepts of fairness and trust in
hiring. Furthermore, there is a notable lack of insight into how Al-driven recruitment influences
candidate experiences, employer branding, or long-term relationships with talent.

The present study seeks to address these gaps by investigating the ways in which Al is
transforming recruiter evaluation practices, encompassing all stages from initial screening to final
selection. This includes examining impacts on accuracy, fairness, and evolving interpretations
of fit. Adopting a qualitative approach centered on managers, the research probes both the
decision-making processes and the underlying beliefs about recruitment within organizations
as they adapt to Al integration.

1.1. Objectives
1.1.1. Primary objectives

Examine how artificial intelligence (Al) reshapes talent acquisition and the recruitment
process at the organizational level.
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1.1.2. Specific objectives

* Investigate the mechanisms through which Al transforms talent acquisition and recruit-
ment workflows.

» Assess the extent to which Al accelerates candidate screening activities.
» Evaluate Al’s effectiveness in identifying and prioritizing the most suitable candidates.
* Determine AI’s impact on hiring accuracy and its potential to mitigate human bias.

* Explore how Al-driven evaluation systems influence perceptions of person—organiza-
tion fit (POF) in hiring decisions.

1.2. Theoretical framework and conceptual model

This study adopts a dual-fit perspective—person—organization fit (POF) and person—job
fit (PJF)—to conceptualize how artificial intelligence (Al) influences compatibility judgments
in talent acquisition and recruitment. POF emphasizes congruence between individual and
organizational attributes, centering on shared values, work preferences, and cultural alignment.
When POF is high, employees are more likely to experience satisfaction, commitment, and
long-term retention, as they find consistency between their personal values and organizational
climate (Kristof-Brown et al., 2023). PJF pertains to the congruence between an individual’s
skills and job requirements (Edwards, 1991; Sekiguchi, 2004), whereas POF focuses on
alignment between an individual’s values and the organizational culture.

Integrating these constructs into Al-enabled recruitment processes offers the potential for
greater systematization. Al algorithms are particularly adept at facilitating PJF assessments,
enabling rapid parsing of resumes, evaluation of skills, and performance predictions through
sophisticated pattern recognition and statistical matching (Ghedabna ef al., 2024). However, Al
faces substantive limitations with respect to POF, as cultural fit involves subjective social cues
and value alignments that are not easily captured by data. Reliance on historical or text-based
data may perpetuate existing biases (Bogen & Rieke, 2018), thus while Al can enhance the
efficiency and consistency of technical evaluations (PJF), it remains challenged in accurately
assessing cultural and value-driven fit (POF).

These contrasting capabilities highlight the necessity of a hybrid evaluation model that
combines algorithmic precision with human judgment. The hybrid approach leverages Al’s
speed, scalability, and data-driven accuracy for PJF assessments while relying on human
sensitivity, interpretive reasoning, and ethical discernment for POF evaluation. Embedding
both fit constructs into Al-assisted workflows can improve selection quality by structuring
assessments around validated, job-relevant and organization-relevant indicators, thereby
balancing efficiency with contextual depth. Conceptually, this framework also mitigates
AI’s known shortcomings—such as historical bias and reduced affective awareness—while
enhancing fairness and cultural alignment in hiring decisions.

The conceptual model positions Al at the core of the recruitment process, examining the
interplay between PJF and POF in shaping recruitment outcomes. The model identifies the
following variables: independent variables encompass the extent and timing of Al deployment,
types of Al tools used (e. g., resume screening systems, chatbots), and the application of
predictive versus productivity analytics. Mediating variables are defined as PJF and POF, which
serve as critical mechanisms translating Al practices into hiring outcomes. Dependent variables
include recruitment effectiveness (speed, efficiency, and throughput), accuracy of candidate
screening (shortlisting), quality of hiring decisions, and the influence on bias and fairness.
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The model posits that while Al-enabled processes enhance efficiency and accuracy
at the PJF level, human interpretive input is essential to ensure valid assessments of POF.
Organizational effectiveness in Al-based recruitment thus depends on human—Al synergy,
where algorithmic insights are reviewed and contextualized by HR professionals to ensure
cultural and ethical appropriateness.

A pre- and post-adoption assessment structure captures organizational learning and
adaptation in Al integration. Methodologically, this study employs a qualitative, manager-
centric design complemented by computational support (e. g., neural network-based pattern
detection) to strengthen evidence triangulation and reliability in thematic interpretation.

Figure 1 illustrates the conceptual model linking Al adoption in recruitment to
organizational outcomes. Al adoption variables (e. g., type and stage of implementation)
influence recruitment performance through two mediating fit mechanisms: person—job fit (PJF),
representing technical match quality, and person—organization fit (POF), representing cultural
and value alignment. PJF is primarily algorithm-driven, while POF relies more heavily on human
interpretive assessment. The model emphasizes a hybrid human—Al evaluation approach to
balance efficiency and contextual judgment, minimizing bias while improving hiring accuracy
and organizational alignment.

FIGURE 1. HYBRID CONCEPTUAL MODEL OF AI-ENABLED RECRUITMENT
INTEGRATING PJF AND POF

Independent Variables Dependent Variables
AI Implementation Types of Al Tools for Talent Talent Acquisition Process Cmd"::e ST
(Status and level) Acquisition and Screening (Before and After) ocess
(Before and After)
S . Hiring Accuracy Status of Bias
Chat-bots Use of Predictive Analytic (Before and After (Before and After)

Mediating Variables

Person-Job Fit Person-Organization Fit

Source: Own elaboration.

2. LITERATURE REVIEW

This review synthesizes current work on how artificial intelligence (Al) is reshaping talent
acquisition and recruitment, emphasizing workflow transformation, candidate experience,
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fairness (including gender bias), and fit evaluation. It highlights converging insights and tensions
that justify an exploratory, manager-centric qualitative design guided by research questions.

2.1. Al in contemporary HRM

Recent scholarship portrays Al as a general-purpose capability enabling data-driven
decision making, evaluation accuracy, and efficiency gains across hiring workflows. Privacy,
transparency, and algorithmic bias concerns underscore the need for governance to maintain
stakeholder trust. Overall, the literature positions Al as both efficiency engine and risk amplifier,
differing mainly in confidence about current governance adequacy (Srivastava, 2024).

2.2. Transformation of recruitment workflows

Empirical work documents replacement of manual steps with résumé parsing, automated
screening, and large-scale algorithmic ranking. Chatbots and predictive analytics now guide
early-stage interactions and candidate-role matching. While cycle times compress and criteria
standardize, representational harm arises when models learn from historically unequal data.
Studies converge on AI’s streamlining capacity but diverge on whether this improves substantive
fairness (Bagadi & Lakshmi, 2025).

2.3. Candidate experience, ethics, and gender bias

Applicants value faster communication but find over-automation erodes perceived respect
and warmth without human touchpoints. Ethical concerns center on privacy, explainability, and
error accountability. Critically, automated systems trained on male-dominated data use proxies
like career breaks to disadvantage women, though monitored algorithms can detect disparate
impact. Research agrees automation alters candidate experience and gender risk but differs on
mitigation reliability (Regev & Shtudiner, 2025).

Recent research demonstrates that the language utilized in job advertisements significantly
influences applicant demographics. Specifically, terms such as ‘“‘aggressive” “competitive,”
or “leader” are more likely to attract male candidates, while descriptors like “nurturing” or
“collaborative” tend to resonate with women. Drage and Mackereth (2022) argue that when
artificial intelligence (Al) recruitment tools emphasize word patterns over actual skills, these
gender-based disparities are further amplified Additionally, the deployment of video interview
software exacerbates these issues, as facial recognition algorithms often disadvantage women who
wear hijabs, glasses, non-Western hairstyles, or are subject to poor lighting conditions—a factor
frequently encountered by candidates from diverse backgrounds Fister & Thiruvathukal, 2024;
Buolamwini et al., 2020). Name-based biases are also prevalent; some Al models infer “cultural fit”
from name phonetics, disproportionately impacting women of color (Lambrecht & Tucker, 2019).

Despite the adoption of name-blind hiring processes, these interventions are not wholly
effective. Al systems can still infer gender from resume gaps, penalizing women for career
breaks typically associated with family responsibilities, while interpreting men’s non-linear
career trajectories as indicators of versatility. Moreover, turnover prediction models, often
trained on historical data, are prone to overestimating the likelihood of women leaving an
organization by 18-25% compared to men with equivalent qualifications (Raji et al., 2024).
Al-powered chatbots similarly perpetuate bias: women who use tentative language—such as
“perhaps” or “maybe” a communication style common in collaborative work environments—
receive 14% fewer interview invitations (Shankar ez al., 2025).
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However, evidence suggests that organizational awareness and active mitigation strategies
can reduce these biases. For example, following Amazon’s widely publicized issue in 2018,
where its Al system downgraded resumes containing the term “women’s” (e. g., “women’s
chess club”), the company retrained its model with neutral data, resulting in a 23% increase in
women being shortlisted (Fister & Thiruvathukal, 2024; Buolamwini et al., 2020). Scholars have
argued that platforms such as LinkedIn can reduce disparate impact in algorithmic candidate
screening by conducting regular bias audits and applying de-biasing techniques (Raghavan et
al., 2020). Optimal outcomes are achieved by integrating Al systems with human oversight;
gender-bias training for recruiters combined with initial Al screening enhances both fairness
and efficiency (Bogen & Rieke, 2018).

2.4. Operational, organizational, and fit-related dimensions

Studies distinguish transactional efficiencies (screening, scheduling) from relational
dynamics (judgment, employer branding). Hybrid models are proposed: Al for scale/
consistency, humans for nuanced quality. Person-job fit (PJF) assessment favors Al’s technical
pattern matching, while person-organization fit (POF) requires human cultural interpretation.
Literature supports complementary human-Al models but varies in PJF/POF system integration
(Ghedabna et al., 2024).

2.5. Synthesis and research questions

Al enhances recruitment velocity and standardization in transactional stages but raises
fairness, gender bias, explainability, and cultural judgment tensions. These motivate qualitative
inquiry into contextualized experiences. This study asks: RQ1 How do HR managers perceive AI’s
workflow transformation? RQ2 How do Al tools influence PJF/POF assessments? RQ3 How
do organizations address gender bias in Al recruitment? RQ4 What human-Al collaboration
ensures fairness, accuracy, and alignment?

3. RESEARCH METHODOLOGY

This study adopts a qualitative design to examine how artificial intelligence (AI)
affects talent acquisition and recruitment, with specific attention to candidate screening, bias
mitigation, competency alignment, and cumulative process impacts over time. The research
framework specifies the steps and strategies, and research questions were defined to achieve
the objective.

Research approach and design

A qualitative approach is used to capture rich, contextualized accounts of how Al is
integrated into recruitment and how stakeholders experience those changes. The primary
analytic strategy is thematic analysis organized across three hierarchical layers: first-order
themes (participants’ expressed views), second-order themes (underlying patterns across
accounts), and third-order themes (higher-level, integrative insights). These themes are
iteratively compared with concepts identified in the literature to ensure conceptual alignment
and theoretical contribution. To complement interpretation, artificial neural networks (ANNs)
are applied as an auxiliary analytic aid to surface relationships among codes and themes and to
visualize clusters, thereby deepening the mapping of Al’s effects on participants and processes.
The design includes two interview modalities—exploratory interviews to surface constructs
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and relationships, and confirmatory interviews to test and refine emerging conclusions. Data
collection and analysis proceed iteratively until thematic saturation is achieved.

Population and sampling

The present study targets human resources managers and recruiters overseeing or directly
utilizing Al-enabled hiring tools within their organizations. Data were collected through
interviews conducted in Riyadh and Jeddah, Saudi Arabia, encompassing both public and private
sector organizations. All participants held management positions specifically related to HR and
recruitment, with direct exposure to or responsibility for the application of Al technologies in
these processes. Purposive sampling is employed to identify participants with demonstrable
familiarity with Al-enabled recruitment, decision authority, and comparative experience in
traditional processes. This ensures information-rich cases capable of speaking to adoption, use,
benefits, and constraints.

Software Specifications

Qualitative data analysis was facilitated using NVivo 14, which supported systematic
coding, comparative analysis, and thematic development. For neural network mapping, Python
3.11 was employed in conjunction with Keras (2.15.0) and TensorFlow (2.14.0), enabling cluster
analysis and the visualization of relationships such as person-job fit and person-organization
fit. These tools complemented manual qualitative analysis by revealing latent patterns and
supporting the validity of thematic findings. Table 1 below shows the Software Specifications
which includes the software tool, version and the primary function.

TABLE 1. SOFTWARE SPECIFICATIONS

Component Software/Tool Version Primary Function

Qualitative Coding NVivo 14 (2023) Theme identification
(First-/second-order theme
development, constant

comparison)
ANN Mapping Python (Keras/Tensor | 3.11/2.15.0/2.14.0 | Cluster analysis, visualization
Flow)
Interviews Conducted | N/A Mar to Aug 2025 In depth interviews (Semi-
(Period) structured interviews (n=30

managers/recruiters))

Source: Own elaboration.

3.1. Interviews conducted

Interviews were conducted from March to August 2025, encompassing 12 organizations
in Riyadh and Jeddah across both public and private sectors. This period coincided with a
significant phase of digital transformation in Saudi Arabia, allowing for the capture of Al
adoption at its zenith. The interviews were in-depth, open-ended, and semi-structured, affording
participants the opportunity to provide detailed accounts of their experiences and viewpoints.
This methodological approach facilitated deeper exploration through follow-up questions,
yielding insights that may have otherwise remained unarticulated.
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Nevertheless, interviews will be recorded and later transcribed. Transcripts for
interviewees will be made available after they have given consent, and reported data will
be kept confidential and anonymous. It is an ethical one as it will help the participants to
feel comfortable while sharing accurate, first-person insights into their encounters with Al in
recruitment (Mertens, 2018).

The protocol elicits evidence on independent variables (e. g., Al implementation status
and maturity, types of Al tools for sourcing/screening, chatbot usage, predictive analytics) and
on mediating mechanisms (person—job fit and person—organization fit). Reflective memos are
maintained throughout fieldwork to capture nuances such as tone, emphasis, and contextual cues
that might be missed in transcripts. A total of 30 semi-structured interviews were conducted, all
of which comprised the final data set for analysis. The first 6 interviews served an exploratory
purpose to refine the interview guide and identify preliminary themes. Following initial analysis,
4 additional interviews were used for confirmatory purposes to validate emerging patterns.
The remaining 20 interviews were integrated with the exploratory and confirmatory interviews
to form a unified final data set of 30 interviews. Thus, all 30 interviews contributed to the
final findings, with the exploratory and confirmatory phases embedded within the total sample
rather than excluded from analysis. All interviews are audio-recorded with consent, transcribed
verbatim, and handled under strict confidentiality and anonymity protocols. Participants can
review their transcripts when requested, consistent with ethical best practice.

3.2. Technical paragraph

Before using artificial neural networks (ANN), we pre-processed the interview data in
four steps. We started by cleaning up and segmenting transcripts into units suitable for coding.
Next, we applied thematic codes in NVivo 14, using a codebook refined through multiple
rounds as the analysis progressed. These codes were then turned into binary vectors for each
interview (a 1 or 0 for each theme present), resulting in a 30 by N binary matrix based on the
number of themes and interviews. We normalized the matrix to a range between 0 and 1 using
min-max scaling. For ANN models that benefit from weighted features, we also used a TF-IDF
transformation to highlight the importance of specific codes. This process ensured that complex
qualitative findings were systematically converted into structured numerical data ready for
in-depth ANN analysis.

4. RESULTS ANALYSIS

This study synthesizes insights from interviews with 30 human resource managers and
recruiters to examine the evolving role of artificial intelligence (Al) in talent acquisition. The
sample size was determined using the principle of data saturation, whereby interviews were
conducted until responses began to converge, a standard qualitative research practice. The
interviews were in-depth and open-ended, designed to elicit nuanced perspectives rather than
simple categorical responses.

Participants were asked about their organizations’ adoption of Al, the specific tools
in use—such as chatbots for candidate queries and Al-driven matching algorithms—and
the overall impact of these technologies on hiring outcomes. An iterative process was used:
initial exploratory interviews surfaced key issues, which were subsequently probed with more
focused questions in follow-up sessions. The primary analysis was based on six exploratory
and four follow-up interviews, with all data systematically organized into three thematic layers,
progressing from granular details to broader organizational patterns. This layered thematic
structure facilitated the identification of overarching trends and interconnections.
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Evidence indicates that Al has introduced efficiencies in recruitment, accelerating
processes and enhancing the accuracy of candidate-job matching. For instance, participants
reported that Al screening tools substantially improved the alignment of applicant qualifications
with job requirements and expedited the shortlisting process, reducing turnaround from weeks
to hours. However, the integration of Al also surfaced new challenges, such as algorithmic bias,
data privacy concerns, and a perceived erosion of the human element in recruitment. To deepen
the analysis, artificial neural networks (ANNs) were employed as supplementary tools, utilizing
platforms such as NVivo with neural network modules and Python libraries like Keras. Rather
than merely quantifying code frequency, these models were trained to detect co-occurrences
among thematic codes, enabling the identification of latent clusters and complex relationships
that may evade manual analysis.

Thematic analysis proceeds in stages: coding of first-order statements with illustrative
quotations, aggregation into second-order thematic patterns across cases, and synthesis into
third-order insights that explain Al’s role in reshaping recruitment. Throughout, constant comparison
is used to test the robustness of codes and relationships. ANNs are employed as a complementary
technique to examine co-occurrence structures among codes, highlight latent clusters, and
interrogate potential mediator pathways (e. g., how person—job and person—organization fit
transmit AI’s influence to outcomes). Iteration continues until saturation, defined as the point at
which additional data no longer yield new concepts or alter existing thematic boundaries. This
combined approach is intended to balance depth of interpretation with analytic rigor.

Results reporting plan

Qualitative findings will be presented as a structured narrative supported by the three-tier
thematic framework. The planned sequence includes: a brief overview of the sample (final size
determined by saturation), a description of the coding architecture, and evidence-based themes
illustrating process gains (e. g., speed, consistency), constraints (e. g., transparency, privacy,
bias), and transformations in recruiter roles and candidate experience. The report distinguishes
between exploratory (e. g., six interviews) and confirmatory (e. g., four interviews) waves,
with interviews continuing until saturation is reached. The remaining 20 interviews were
combined with these waves to create a unified final dataset of 30 interviews. The presentation
will integrate exemplar quotations, cross-case contrasts, and ANN-assisted visual summaries
to clarify relationships among variables and to ground implications for practice and future
research. Table 2 organizes interview excerpts into hierarchical themes, demonstrating how
raw data was synthesized into broader insights. Table 2 presents the thematic analysis of
interview data, highlighting key themes and patterns related to the use of Al in recruitment and
selection processes and Figure 2 illustrates the thematic map, showing the relationships and
interconnections among the identified categories.

4.1. First-order themes: direct participant responses

AD’s purported screening efficiency primarily facilitates Person-Job Fit (PJF)—the
alignment of workers with vacancies. Participants consistently reported high levels of
accuracy and substantial time savings in the screening process. This aligns with broader
industry observations that resume review time has decreased from weeks to just a few hours
using automated keyword parsing. Similarly, in terms of bias reduction, participants noted a
perceived increase in diverse candidate selection when demographic anonymization techniques
were applied. However, both the literature and participant accounts caution that these benefits
are not automatic. Al can perpetuate or amplify existing biases if improperly calibrated.
Furthermore, participants indicated that Al-driven Person-Job Fit algorithms often struggle
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FIGURE 2. THEMATIC MAP DIAGRAM SHOWING RELATIONSHIPS
BETWEEN IDENTIFIED CATEGORIES
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to evaluate non-traditional candidates, revealing inherent limitations in their ability to assess
unconventional qualifications or career paths.

An interesting duality is presented in the candidate experience findings. Al tools like
chatbots do indeed increase how responsive your company can be (a PJF efficiency); however,
they excel at nothing more than responding (rather than conveying the organizational culture—
and vice versa), which is a core element of the POF. This, too, explains why candidates often
describe these interactions as personally unfavourable, or worse, as artificial intelligence
bolsters transactional interaction but reduces the relationships that fuel the POF appraisals.

Of equal importance, both analyses agree that Al does not do well at assessing soft skills
and cultural fit, which are the very things that make up POF. Al systems struggle in assessing
teamwork, adaptability, and values alignment, but can find twice as many organizational
culture-aligned candidates for human recruiters to find. AI’s PJF strengths do not close this
POF gap, however, and even though organizations become more efficient, they run the risk
of cultural mismatch.

This PJF/POF tension is further raised by the ethical concerns raised by both passages.
Fits are subject to different issues of data privacy and algorithmic transparency: PJF is subject to
skill- based bias threats, and POF is affected by cultural blind spots. This dual challenge poses
a need for balanced solutions — PJF integrity audits are in the hands of regular algorithms, and
POF validity evaluations are done through structured humans.

4.2. Second-order themes: emerging patterns

The paper then describes four insights about AI’s current role in contemporary recruitment,
from the transformative and the deceptively simple to the harmful. Firstly, while Al excels at

o



Parveen M., Rizq A.
Human-Al collaboration in recruitment: orchestrating Person-Job-Fit (PJF) and TRIBUNA
Person-Organization-Fit (POF) for quality of hire

fast, efficient resume screening and technical assessments, human supervision is essential for
everything from non-traditional to outlier cases, indicating AI’s current inability to understand
the context. Second, there is a complex picture of Al’s bias mitigation capabilities. Technology
does effectively decrease overt discrimination when demographics are anonymized. Regular
algorithm audits are needed in both technical and cultural evaluations to achieve fairness on
both ends of the duality.

The paradoxical dimension of the candidate experience is where Al tools make the
experience 24/7 accessible to a broader set of candidates but reduce cultural relationships to the
extent that they are disingenuous. The tension between transactional efficiency and relational
depth is at the heart of the need to design the points of contact during the recruitment process.
In addition to improving the operational aspect, Al’s predictive capabilities provide strategic
value by predicting not only future skill requirements but also cultural trends that will evolve,
which helps in more proactive talent pipeline development.

These patterns indicate that AI’s impact is mediated through person-job fit (PJF) and
person-organization fit (POF). In relation to PJF-based technical skills, participants perceived
Al as highly efficient and accurate in conducting initial screening tasks. Conversely, human
evaluators were consistently viewed as considerably better than Al at assessing cultural fit (POF),
particularly regarding nuanced organizational values and interpersonal dynamics. According to
participant accounts, the most effective recruitment implementations adopt a hybrid approach:
Al handles preliminary technical screenings, while human judgment remains responsible for
final cultural fit assessments, with predictive analytics informing both stages. This balanced
framework enables organizations to leverage AI’s operational strengths while preserving the
human components essential for successful, culture-inclusive recruiting.

4.3. Third-order themes: abstract insights

Participants reported that organizations strategically adopting Al experience considerably
faster hiring processes, notable cost reductions, and perceived improvements in diversity
metrics. Assuming the resolution of ethical issues related to algorithmic transparency and
GDPR-compliant data practices, numerous benefits become achievable. The findings suggest
that Al is most effective when integrated into a hybrid recruitment model-—where Al governs
high-volume screening and technical assessments (Person-Job Fit, PJF)—while human
recruiters focus on relationship building and evaluating organizational culture fit (Person-
Organization Fit, POF). Furthermore, this hybrid approach contributes to operational efficiency
while ensuring that hiring decisions remain both competent and aligned with the organization’s
cultural values.

A closer examination of participant accounts reveals that Al in PJF-related tasks—such
as resume screening and skill matching—substantially increases hires for technical roles.
Meanwhile, human recruiters remain indispensable for POF evaluation, contributing to notably
higher retention rates by accurately assessing organizational cultural fit and soft skills. To
maximize outcomes, organizations may implement dual ethical safeguards: regular audits of
Al-driven PJF processes to prevent skill-based biases and structured human-led POF reviews
to preserve cultural integrity. According to participants, the synergy between Al and human
judgment creates a talent acquisition "flywheel" where efficient hiring (PJF) and strong culture
fit (POF) combine to deliver a meaningful increase in the overall quality of hire.,

The most successful recruitment systems will evolve to assess PJF and POF synergistically
rather than in isolation. Organizations that treat Al as merely a cost-cutting tool risk undermining
long-term success. Over-optimizing one dimension (e. g., speed or technical fit) at the expense
of the other (e. g., organizational cultural alignment) can lead to suboptimal hiring outcomes.
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5. DISCUSSION

5.1. AD’s transformative impact on recruitment efficiency

Artificial intelligence has brought significant advancements to recruitment processes,
especially in automating tasks such as resume screening, candidate-job matching, and interview
scheduling. These Al-driven solutions have demonstrably reduced time-to-fill and hiring costs
by automating initial repetitive and rule-based steps (Ouakili, 2025). Current evidence suggests
that AI’s optimal role in HR is as an augmentative tool rather than a replacement for human
decision-making. When organizations employ Al for preliminary selection but reserve final
hiring decisions for human evaluators, they achieve both efficiency and nuanced judgment—AlI
provides speed and consistency, while human involvement ensures that complex, context-
dependent judgments are made (Milhem et al., 2024; Pan & Froese, 2023).

However, research also indicates potential risks when human oversight is minimized.
Excessive reliance on Al leads to what is termed “algorithmic myopia” wherein systems tend
to overlook candidates with unconventional profiles or potential that deviates from historical
patterns. This limitation arises from the algorithm’s tendency to replicate past trends and may
result in missed opportunities for identifying diverse talent. Such findings underscore concerns
regarding AI’s inability to fully eliminate bias or ensure fairness when operating without human
input, especially in recruitment contexts (Drage & Mackereth, 2022; Raghavan et al., 2020;
Tambe et al., 2019) Therefore, the most effective strategy is not total automation but a deliberate
balance—leveraging Al for efficiency while retaining critical human judgment at key stages.

5.2. Diversity and inclusion: measurable progress with persistent challenges

Quantitative studies demonstrate that blind or skills-first screening, often supported
by Al, can enhance diversity by reducing bias and broadening the pool of candidates from
underrepresented groups (Parasurama & Ipeirotis, 2025). Cheng and Hackett (2019) and Franga
et al. (2023) note that well-designed HR algorithms and Al-based potential assessments can
shift attention toward job-relevant capabilities rather than demographic traits. Nevertheless,
evidence also reveals that candidates from non-traditional backgrounds or certain institutions,
such as women’s colleges, may be systematically disadvantaged if algorithms are trained on
historical, biased data. Such outcomes illustrate AI’s propensity to perpetuate existing inequities
unless corrective measures, such as retraining or bias mitigation, are implemented (Mehrabi et
al., 2022; Raghavan et al., 2020).

This underscores a critical challenge: the impact of Al on equity is contingent on both
model design and training data. In some documented cases, algorithms have reinforced
traditional, male-dominated career trajectories by undervaluing non-linear paths or career
breaks (Kleinberg et al., 2019; Wilkens ef al., 2025). Therefore, initial anonymization alone
is insufficient. Achieving genuine gender equity necessitates regular audits for bias, ongoing
model retraining, and oversight from individuals equipped to detect and address systemic
disparities (Mokander et al., 2022; van Esch et al., 2019).

5.3. Optimizing the candidate experience through balanced automation

Al-powered systems have improved recruitment by expediting processes and enhancing
clarity for candidates. However, research indicates that excessive automation can diminish the
perceived personal touch of the hiring process. While candidates value prompt communication
and transparency, a fully automated experience may leave them feeling depersonalized, as if
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reduced to mere data points (Langer et al., 2020; Berkelaar et al., 2023; Sabermahani, 2023).
Although chatbots and automated messaging systems offer efficiency, they lack the empathetic
engagement characteristic of human interactions (Kochling et al., 2023). Thus, organizations
must navigate the trade-off between operational efficiency and the maintenance of authenticity
and warmth in candidate engagement, striving for a balance that preserves the human element
in recruitment.

Organizations aiming to be perceived as competent benefit from the rapid dissemination of
information; prompt communication enhances their image. However, authentic organizational
relationships are not fostered solely through automated responses. Human interaction remains
essential, especially in critical moments, as highlighted by Venkatesh and Smitha (2024). Leading
organizations effectively balance the use of artificial intelligence (AI) and human intervention:
Al is deployed to manage routine tasks such as scheduling interviews or addressing standard
inquiries, while significant interactions—such as conducting final interviews or delivering
feedback—are reserved for human professionals (Cariaga, 2025; Biradar ef al., 2024).

5.4. Strategic workforce planning through predictive analytics

The application of Al in recruitment has evolved beyond basic resume screening.
Contemporary organizations leverage predictive analytics to anticipate future workforce needs,
identify potential skill gaps, forecast hiring demands, and monitor internal talent movement.
This proactive approach enables organizations to transition from reactive hiring to strategic
talent planning, aligning recruitment efforts with broader organizational objectives. Empirical
studies corroborate that Al-driven analytics enable companies to anticipate talent trends and
synchronize workforce planning with long-term goals (Rahaman, 2024; El Saeed et al., 2025).
In this capacity, Al serves as a strategic asset, empowering HR departments to identify, cultivate,
and deploy talent in ways that are difficult for competitors to replicate (Joshi et al., 2024).

Ifprevious hiring practices exhibited gender disparities, there is a significant possibility that
Al systems will replicate those biases, continually recommending candidates who fit historical
patterns. Without vigilant oversight, these systems can inadvertently entrench segregation and
underrepresentation, particularly concerning gender (Franga et al., 2023; Bansal ef al., 2022).
Consequently, it is imperative to integrate fairness assessments and diversity objectives into
Al-driven processes to prevent the reinforcement of systemic inequities.

5.5. Ethical, trust, and adoption challenges

Widespread concerns persist regarding privacy, job security, and the opacity of Al
decision-making processes (Drage & Mackereth, 2022); Venkatesh & Smitha, 2024). Trust in
Al is undermined when systems function as "black boxes" whose decisions are unexplained and
unchallengeable, particularly when those decisions impact employment outcomes. This aligns
with prevailing research on procedural fairness, which emphasizes not only equitable outcomes
but also transparency in decision-making, inclusive participation, and mechanisms for recourse.

Fostering trust requires transparent communication regarding Al capabilities, obtaining
informed consent, and utilizing explainable Al systems (Pan & Froese, 2023). Equally
important is equipping HR professionals with the necessary skills to leverage Al effectively.
When HR stakeholders perceive Al as a tool to alleviate administrative burdens rather than
a threat to their roles, acceptance and adoption rates improve significantly (Milhem et al.,
2024). Studies consistently find that technology adoption is facilitated when employees
recognize enhancements to their work rather than a diminution of human value. Thus, the
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integration of Al into recruitment processes demands a holistic approach encompassing
ethical considerations, trust-building, and comprehensive change management. Successful
implementation depends on transparent communication, trustworthiness, and appropriate
skill development (van Esch et al., 2019).

5.6. Mediating role of Person-Job Fit (PJF) and Person-Organization Fit (POF)

A clear distinction exists between Person—Job Fit (PJF) and Person—Organization Fit (POF),
which has implications for the optimal application of Al in recruitment. Empirical findings
indicate that Al excels in PJF-related tasks, such as aligning candidates’ skills and experiences
with specific job requirements, as these can be quantified and systematically analyzed. Algorithms
are particularly effective at processing large volumes of structured data, ensuring consistency
and accuracy beyond human capability (Hofeditz et al., 2022; OECD, 2023). Therefore, Al is a
robust tool for matching candidates to positions based on objective criteria.

Al demonstrates clear strengths in certain aspects of recruitment, particularly in areas
such as technical skills matching and resume screening. However, its performance is less
robust when evaluating dimensions like cultural alignment, organizational values, teamwork,
and adaptability— key components of Person-Organization Fit (POF). Empirical evidence
indicates that human recruiters retain a distinct advantage in interpreting nuanced interpersonal
cues, synthesizing complex social information, and assessing the less tangible factors that
contribute to an individual’s alignment with organizational culture. These findings are consistent
with arguments in the existing literature that POF decisions often rely on factors that resist
algorithmic codification, including intuition and social dynamics (Kochling et al., 2023). From a
gender perspective, the implications are multifaceted. Al-driven assessments for Person-Job Fit
(PJF) can mitigate biases by focusing on demonstrable competencies, potentially neutralizing
preconceived notions about women’s capabilities. Conversely, when POF evaluations are
subjective or loosely defined, traditional biases regarding leadership, likability, or “fit” may
remerge, disproportionately disadvantaging women and other marginalized groups (Wilkens
et al., 2025; Bansal et al., 2022).

Collectively, the evidence supports a hybrid recruitment model in which Al manages initial
technical screening and skill matching, while human evaluators oversee POF assessments. For
this approach to be effective, organizations must articulate explicit criteria for “cultural fit” utilize
diverse evaluation panels, and systematically monitor gender-related patterns in assessment
outcomes. Such practices ensure that the objectivity and fairness gains achieved through Al are
not undermined by unstructured or biased human judgments. When implemented with rigor, this
hybrid strategy not only expedites the hiring process but also, enhances fairness and supports
the development of diverse, cohesive teams aligned with organizational objectives.

6. CONCLUSION

This study addresses a significant gap in the literature by providing empirical evidence
on the distinct roles Al plays in shaping Person-Job Fit (PJF) and Person-Organization Fit
(POF) within real-world recruitment processes. Through practitioner interviews and field
data, the research demonstrates that while Al excels at screening for technical qualifications
and matching core competencies, it remains limited in evaluating softer dimensions related
to cultural and interpersonal fit. The dual mediation framework introduced herein clarifies the
circumstances under which hybrid Al-human recruitment systems outperform models that rely
exclusively on either technology or human judgment.
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6.1. Theoretical implications

This research advances the field by proposing a dual mediation framework that assesses
AT’s influence through both PJF and POF lenses. While previous studies have largely emphasized
AT’s speed and potential to reduce bias in initial screening, the present findings underscore the
nuanced interplay between technological efficiency and the uniquely human capacity for cultural
and interpersonal assessment. The evidence suggests that optimal recruitment outcomes are
achieved by combining AI’s strengths in technical evaluation with human expertise in cultural fit
assessment. This integrative approach offers a more sophisticated and comprehensive strategy
for workforce planning and talent acquisition, addressing gaps identified in prior research on
AT’s role in recruitment.

6.2. Practical implications

For human resource professionals, the findings suggest a clear division of labor: deploy
Al to efficiently process large applicant pools and conduct preliminary skills assessments, but
reserve the evaluation of cultural and values alignment for human panels. These panels should
be diverse and trained to recognize and mitigate implicit biases. Key recommendations include
conducting regular audits of algorithmic tools, maintaining transparency with candidates
regarding the use of Al, and investing in recruiter training to ensure their involvement extends
beyond administrative tasks to active participation in talent strategy.

6.3. Policy implications

The ethical adoption of Al in recruitment demands robust policy frameworks to support
workforce transitions amid widespread algorithmic integration. Regulatory bodies must establish
mandatory disclosure requirements for how Al systems evaluate and rank candidates, ensuring
organizational accountability while maintaining public trust in automated hiring processes.
Governments and educational institutions should collaborate on reskilling initiatives, equipping
HR professionals to shift from administrative duties to strategic roles in culture assessment and
talent development. Targeted programs—such as certifications in Al-augmented recruitment,
bias detection, and ethical Al governance—can facilitate this evolution. For Al developers, the
findings offer clear guidance on enhancing POF capabilities through advanced natural language
processing for interviews and sentiment analysis in video assessments. Finally, policymakers
should mandate industry standards for diversity metrics and comprehensive audit trails in Al
hiring platforms, aligned with existing labor and equal opportunity laws.

6.4. Generalizability to organizational cultures outside Saudi Arabia

It’s important to address how our findings apply beyond Saudi Arabia. This study is rooted
in the Saudi context, which has its own cultural norms—things like high power distance, strong
group ties, and the ongoing changes driven by Vision 2030. Because of these distinct features,
we urge caution in directly applying our empirical results to very different settings, such as
Western individualistic cultures, East Asian settings with different types of hierarchies, or Latin
American organizations.

Nevertheless, certain aspects of our findings may hold broader relevance.

The hybrid recruitment model we propose—using Al for Person-Job Fit (PJF) tasks and
leaving Person-Organization Fit (POF) decisions to human evaluators—is supported by robust
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theoretical reasoning and seems adaptable in many organizational contexts. The results show
that Al handles structured, quantitative tasks well but can struggle with the intangible, nuanced
judgments central to cultural fit and interpersonal relationships. This isn’t specific to Saudi
Arabia; it’s a limitation we’ve seen echoed in Al literature globally. Similarly, the risks we
identify—Ilike algorithmic tunnel vision and reproduction of past biases—are not just local
observations, but documented concerns in recruitment systems across different countries.

We recommend that readers exercise caution when extrapolating our specific empirical
findings to other contexts and encourage cross-cultural replication studies to establish the
boundary conditions of our results.

6.5. Study limitations

As with any research grounded in a specific country, our study’s findings are shaped by
Saudi Arabia’s unique institutional and cultural environment. This includes strong hierarchical
structures, close-knit group dynamics, and direct policy influences from Vision 2030. Because
of this, the study’s empirical findings shouldn’t be assumed to hold unchanged in places like
Western Europe, North America, East Asia, or Latin America. While the underlying logic of
using Al for technical fit and people for organizational fit is probably useful elsewhere, the
specifics always depend on context. We encourage others to replicate and extend this work in
different cultural settings to clarify where the boundaries of our conclusions really lie.

6.6. Future research directions

Longitudinal research is needed to assess the sustained impacts of Al integration on hiring
quality, employee retention, and workforce diversity. Comparative studies across industries
evaluating all-Al, all-human, and hybrid recruitment approaches would further validate the
proposed framework’s generalizability. Additional inquiry should examine AI’s effects on the
career trajectories of women with non-linear or caregiving-interrupted work histories. Future
research might also explore the efficacy of specific Al technologies and develop theoretical
models capturing AI’s evolving role in talent acquisition.

7. ETHICAL APPROVAL
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8. INFORMED CONSENT

Informed consent was obtained from all participants prior to data collection. Participants
were provided with detailed information regarding the study’s purpose, procedures, voluntary
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TRIBUNA

ANNEX

TABLE 1. INTERVIEW QUESTIONS AND PARTICIPANT QUOTES

Interview Question

Participant Quote

1. Do you believe that Al contributes to improving
the accuracy of candidate selection?

“Al screening is spot-on for matching resumes to
job requirements—our matches are much more
accurate than before”.

2. Do you think Al reduces human bias in the hiring
process?

“Blind screening helped me feel like my
background didn’t matter—just my skills”.

3. Do you see Al tools helping to speed up the
hiring process compared to traditional methods?

“Al can review and rank candidates 10 times faster
than humans, so we get shortlists in hours instead of
weeks”.

4. Do you believe Al may lead to the exclusion of
qualified candidates due to technical limitations?

“I was told I was a suboptimal fit because my
degree wasn’t from a traditional school, even
though I have real experience”.

5. Do you think reliance on Al could negatively
impact human interaction in the hiring process?

“The process was efficient, but I never felt like a
person was really interested in me”.

6. Do you see Al potentially replacing the role of
traditional recruiters in the future?

“At first, I worried Al would replace my job, but
now I see it as a tool to help me focus on more
strategic work”.

7. Do you believe organizations need to develop
the skills of recruitment professionals to use Al
effectively?

“Learning how to work with Al has made me more
valuable to my organization”.

8. To what extent do you think Al has contributed to
improving the efficiency and speed of recruitment
and talent acquisition?

“Al has helped us cut time-to-hire by up to 80% and
reduced costs by 30%”.

9. How effective is Al in identifying and matching
candidates to specific roles?

“Al is great for matching technical skills, but
sometimes misses the nuances of fit for culture”.

10. What are the main challenges you have
encountered while integrating Al into the
recruitment and talent acquisition process?

“The main challenge is data privacy and the risk of
inheriting bias from historical data”.

11. What Al-powered tools or platforms do you use
in recruitment and talent acquisition?

“We use platforms like Aisera for screening and
scheduling, and ChatGPT for generating job
descriptions”.

12. What benefits have you observed since
incorporating Al into the recruitment and talent
acquisition process?

“Al has helped us handle large-scale recruitment
with high candidate satisfaction”.

13. Do you believe Al can enhance diversity and
inclusion in recruitment? Why or why not?

“Al can help reduce unconscious bias and increase
diversity, but only if the algorithms are regularly
audited”.

14. How satisfied are you with the Al-powered tools
currently used in your recruitment process?

“Our satisfaction score is 8.6/10, but we still need
more transparency in Al decisions”.

15. What improvements would you like to see in
Al-driven recruitment technologies?

“I’d like to see more explainable Al and better
integration of human judgment for cultural fit”.

Source: Own elaboration.
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