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Abstract

The integration of artificial intelligence into human resource management has fundamentally rev-
olutionised recruitment by improving efficiency, scalability, and decision-making. Nonetheless,
Al-driven recruitment systems may perpetuate systemic prejudices if not ethically constructed and
meticulously overseen. This study examines Fair Hiring Algorithms, integrating ethical frame-
works with technical bias mitigation measures to enhance equitable talent acquisition. Utilising
interdisciplinary insights from computer science, organisational behaviour, and HRM ethics, we
analyse primary sources of bias—data-driven, design-based, and contextual—and advocate for a
multi-faceted strategy incorporating fairness-aware machine learning, inclusive training datasets,
and algorithmic transparency. Methods like pre-processing bias correction, in-processing fairness
limitations, and post-processing adjustments are examined, along with the function of explainable
AI(XAI) in promoting responsibility and confidence. Continuous audits, stakeholder involvement,
and regulatory compliance are highlighted as vital measures. This study gives useful advice for
HR professionals, Al developers, and policymakers who want to make hiring more fair and ethical
by combining new technology with moral principles.

Keywords: Algorithmic Fairness, Bias Mitigation, Explainable Al, Ethical Al, Fair Hiring Algo-
rithm, Human Resource Management

1. Introduction
1.1 Background

According to Upadhyay and Khandelwal (2018) and Black and van Esch (2020), the use of Arti-
ficial Intelligence (AI) in HRM has completely changed the way candidates are evaluated, making
the process more efficient, objective, and scalable. According to a study by Chamorro-Premuzic,
Winsborough, Sherman, and Hogan (2016), Al-powered hiring systems have the ability to process
a high number of applications, match candidate profiles to job descriptions, and forecast perfor-
mance potential more quickly and on a larger scale than traditional techniques. The development
of Fair Hiring Algorithms is driven by a desire to promote organisational diversity, equality, and
inclusion (DEI) objectives while simultaneously optimising efficiency (Bogen & Rieke, 2018).
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Notwithstanding these benefits, there is increasing apprehension that algorithmic recruitment sys-
tems may unintentionally replicate or exacerbate pre-existing social prejudices inherent in histor-
ical hiring data or introduced via model design decisions (Barocas, Hardt, & Narayanan, 2019;
Noble, 2018). Bias in Al recruiting might originate from various sources:

Data-driven prejudice originates from previous patterns of discrimination ingrained in train-
ing datasets.

Design-based bias arises from decisions on feature selection, model architecture, or optimisa-
tion targets (Mehrabi, et al., 2021).

Contextual bias arises when algorithms are implemented without regard for organisational or
cultural circumstances (Raghavan, et al., 2020).

Prominent incidents serve as examples of these dangers. As an example, Amazon's now-defunct
AT hiring tool penalised resumes that contained terms related to women's organisations or univer-
sities, indicating gender bias in past hiring data (Dastin, 2018). Similar to this, research by Binns
(2018) shows that algorithmic decision-making frequently involves contentious fairness, with var-
ying definitions of fairness producing disparate results. The significance of incorporating strong
bias detection and mitigation techniques in Al hiring systems is highlighted by these events. The
lack of transparency in numerous machine learning models exacerbates the issue, hindering the
identification or elucidation of biassed decision-making (Burrell, 2016). The absence of transpar-
ency has intensified interest in Explainable AT (XAI), which seeks to render Al decision-making
processes comprehensible to human stakeholders, hence improving accountability and confidence
(Doshi-Velez & Kim, 2017; Guidotti et al., 2018). Additionally, nascent governance frameworks
like the EU Al Act (European Commission, 2021) and the US Equal Employment Opportunity
Commission’s Al guidelines (EEOC, 2023) indicate a regulatory transition towards obligatory
fairness audits, transparency criteria, and accountability protocols for algorithmic hiring instru-
ments.

There is growing consensus among academics that addressing bias in Al hiring calls for compre-
hensive techniques that incorporate technical, ethical, and organisational considerations. Some ex-
amples of technical methods are adjusting outcomes post-processing, implementing fairness re-
strictions in-processing, and correcting biases before processing (Kamiran & Calders, 2012; Zafar
etal., 2017; Hardt, Price, & Srebro, 2016). Human rights, labour laws, and DEI pledges all provide
a foundation for the normative notion of justice, which ethical frameworks highlight (Floridi et al.,
2018). According to Raji, Smart, White, and Mitchell (2020), organisations should prioritise on-
going audits, involve stakeholders, and ensure that Al is used in a way that aligns with both com-
pany values and public expectations. Building Fair Hiring Algorithms is a difficult but critical need
due to the confluence of new technology, moral obligation, and regulatory conformity. Artificial
intelligence (AI) recruitment systems pose a threat to both applicants and organisations due to the
fact that, if not properly designed and governed, they run the possibility of hiding underlying in-
equities among candidates and organisations.
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1.2 Problem Statement

Even though AT has the potential to make hiring faster and more fair, many employment algorithms
are still "black boxes" that can't be understood, which makes it hard to spot bias (Burrell, 2016).
These systems often use old data that shows unfair treatment of some groups, which could lead to
more unfair evaluations of candidates (Raghavan et al., 2020). Companies can't avoid ethical
breaches, legal penalties, and damage to their image because there aren't any strong, cross-disci-
plinary frameworks for combining bias mitigation, XAl, and HR ethics.

1.
1.1.Research Gap

A lot of research has been done on algorithmic fairness (Barocas et al., 2019; Mehrabi et al., 2021).
However relatively few studies examine Al-driven recruitment systems within human resource
management contexts today. Most studies on fairness focus on credit scores, criminal justice, or
healthcare (Friedler, Scheidegger, & Venkatasubramanian, 2019), but they don't look into the spe-
cifics of recruitment. Existing HRM literature often sees reducing bias as a purely technical job,
focussing on data balancing or fairness limits, without taking into account socio-organizational
factors like cultural fit, diversity policies, and candidate experience (Raghavan et al., 2020). Also,
there isn't a lot of research on how Explainable AT (XAI) actually works to improve candidate trust
and follow anti-discrimination rules (Wachter, Mittelstadt, & Russell, 2018). It's not clear how fair
hiring algorithms can balance efficiency, fairness, and compliance in real-world HR settings be-
cause there hasn't been enough cross-disciplinary, situation-specific study.

1.4 Aim of the Study

The design, implementation, and control of fair hiring algorithms in HRM are the main topics of
this study, which focusses on:

1. finding and categorising the origins of bias in Al hiring processes.
2. ssessing the efficiency of procedures and technical methods for mitigating bias.
3. evaluating XAl's contribution to increased accountability, openness, and trust.

4. giving legislators, Al developers, and HR professionals practical advice.
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Figure 1: Conceptual Framework

1.
1.1.Rationale of the Study

The rapid adoption of Al in recruitment presents both benefits and challenges. Al has the potential
to alleviate administrative burdens, enhance candidate-job alignment, and facilitate merit-based
hiring (Black & van Esch, 2020). If not addressed, it may perpetuate discrimination, undermine
diversity initiatives, and expose organisations to legal and reputational risks (Noble, 2018; Dastin,
2018). Recent legislative developments, including the EU Al Act (European Commission, 2021)
and algorithmic hiring regulations at the state level in the U.S. (Raghavan, et al., 2020), indicate
that fairness in recruitment has transitioned from an optional consideration to a mandatory com-
pliance requirement. This study highlights the necessity of integrating technical solutions with
ethical, legal, and organisational factors.

1.
1.1.Scope of the Study

This study intentionally concentrates on Al-assisted recruitment and selection within HRM, cov-
ering:

Algorithmic tools used in candidate sourcing, screening, and shortlisting.
Bias sources: data-driven, design-based, and contextual.

Bias mitigation techniques: pre-processing, in-processing, post-processing, and continuous au-
diting (Kamiran & Calders, 2012; Hardt et al., 2016).

39|Page ajbri.com AJBRI



Asian Journal of Business Research & Innovation (AJBRI)
Volume 2 Issue 1, March 2026

Ethical and governance frameworks, including transparency, accountability, and regulatory
compliance.

The study does not address Al applications in post-hiring evaluation, performance monitoring,
or employee retention systems.

1. Significance of the Study
There are many important things about this study, including:

Academic - Adds to the small number of recruitment-specific algorithmic justice studies by
combining technical, moral, and managerial points of view (Floridi et al., 2018).

Practical - Using real-world examples, it gives HR workers and Al engineers ways to find
and reduce bias.

Policy - Gives officials advice on how to make rules about fairness and openness.

Societal - Making sure that everyone has an equal chance to be hired helps DEI goals at work
(Bogen & Rieke, 2018).

1. Research Questions
The following questions are the focus of this study:

How can prejudice in Al-driven hiring systems be systematically identified, and what are the
main sources of it?

Which organisational and technical techniques work best to lessen bias in algorithms for fair
hiring?

In what ways might Explainable AI (XAI) enhance accountability and trust among stakehold-
ers in Al hiring systems?

Which legal and governance frameworks can guarantee the ethical and legal use of Al in hiring
HR professionals?

2. Literature Review

The addition of Artificial Intelligence (AI) into Human Resource Management (HRM), particu-
larly in recruitment and selection, actively transforms organizational practices. Aldriven hiring
systems increase efficiency, reduce human intervention, and support datadriven decisionmaking.
However, concerns regarding algorithmic bias, fairness, and ethical accountability now dominate
academic discourse. This section reviews existing literature on Al in recruitment, sources of algo-
rithmic bias, fairness in Al, and bias mitigation strategies.

2.1 Al in Recruitment and HRM
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Al tools are more and more used in recruitment processes to automate candidate screening, resume
parsing, and predictive hiring decisions. These systems allow organizations to process large vol-
umes of applications efficiently while maintaining consistency in evaluation (Upadhyay &
Khandelwal, 2023). Al-driven recruitment tools can reduce human subjectivity and improve deci-
sion-making accuracy by relying on data-driven insights (Tambe et al., 2019).

Recent studies suggest that Al enhances recruitment efficiency by reducing time-to-hire and oper-
ational costs while improving candidate-job matching (Bogen & Rieke, 2023). However, despite
these advantages, scholars argue that Al systems are not inherently neutral. Instead, they reflect
the biases embedded in the data used to train them (Mehrabi et al., 2021). As a result, Al can both
mitigate and amplify bias, depending on how it is designed and implemented.

Furthermore, the use of Al within HRM has generated concerns regarding transparency and ac-
countability. Many Al systems operate as “black boxes,” which prevents HR professionals from

understanding how the systems make decisions (Raisch & Krakowski, 2021). This lack of explain-
ability can undermine trust and limit the adoption of Al in recruitment processes.

2.2 Sources of Algorithmic Bias in Hiring

Algorithmic bias in Al hiring systems arises from multiple bases, as well as data bias, model bias,
and human bias. Data bias remains one of the most important factors, as machine learning models
rely on historical datasets that may reflect past discriminatory practices. For examplewhen past
recruitment data privileges specific demographic groups, the algorithm may replicate and reinforce
these patterns. Algorithms create model bias when their design and optimization produce disparate
results among distinct groups, and this bias may result from selecting features, training methods,
or performance metrics that prioritize accuracy over fairness.

Additionally, human bias can influence Al systems during data labeling, feature engineering, and
decision-making processes. Recent research shows that bias can occur at manifold phases of the
Al lifecycle, making it difficult to identify and eliminate. Moreover, emerging Al technologies,
such as large language models, introduce new forms of bias that researchers have not yet fully
understood. These biases may appear in subtle ways, such as language preferences or cultural as-
sumptions, further complicating fairness in recruitment systems.

2.3 Fairness and Ethical Al in Recruitment

Fairness plays a critical role in evaluating Aldriven hiring systems, yet researchers still lack a
universally accepted definition. Generally, fairness denotes equal treatment of people, irrespective
of demographic attributes including gender, race, and age backgrounds or social status. In Al sys-
tems, practitioners often operationalize fairness using measurable standards such as demographic
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parity, equal opportunity, and predictive equality. Scholars emphasize that fairness in Al is not only
a technical issue but also an ethical and organizational concern. Ethical Al frameworks highlight
principles such as transparency, accountability, fairness, and explainability, ensuring that Al sys-
tems align with societal values and legal requirements. The lack of transparency in Al systems
creates significant challenges for fairness. Blackbox models limit the ability to interpret decisions
and identify biases, which can lead to unintended discriminatory outcomes. Consequently, re-
searchers increasingly call for explainable Al (XAI) techniques that improve clarity and enable
stakeholders to understand and evaluate algorithmic decisions. In addition, ethical concerns extend
to the broader societal impact of Al in recruitment. Discriminatory hiring practices can reinforce
existing inequalities and restrict opportunities for marginalized groups. Therefore, organizations
must assume a universal style that assimilates ethical considerations into Al design and implemen-
tation.

2.4 Bias Mitigation Strategies in AI Hiring

To address algorithmic bias, researchers develop various mitigation strategies, categorized into
preprocessing, in-processing, and post-processing approaches. Preprocessing techniques improve
data quality by removing or balancing biased attributes before training the model. Inprocessing
approaches adjust the training algorithm to embed fairness constraints, while postprocessing ap-
proaches adjust model outputs to ensure equitable outcomes. Empirical studies show that bias mit-
igation techniques can improve fairness in Al hiring systems without significantly compromising
accuracy. However, achieving a balance between fairness and performance remains a key chal-
lenge.

In some cases, improving fairness may reduce predictive accuracy, creating tradeoffs that organi-
zations must carefully manage. Human oversight also plays an essential role in mitigating bias.
Integrating human judgment into Al decisionmaking processes helps identify unintended conse-
quences and ensures accountability. Furthermore, participatory approaches that involve diverse
stakeholders in system design can enhance fairness and inclusivity. Recent research highlights the
importance of explainable Al in bias mitigation. XAl techniques provide insights into how algo-
rithms make decisions, enabling organizations to detect and address biases more effectively. Ad-
ditionally, constant checking and auditing of Al systems remain necessary to make sure fairness
over time.

2.5 Synthesis and Research Gap

The literature indicates that Al has the potential to revolutionize recruitment by improving effi-
ciency, consistency, and scalability. However, it also introduces significant challenges related to
bias, fairness, and ethical accountability. While existing studies identify various sources of bias

42|Page ajbri.com AJBRI



Asian Journal of Business Research & Innovation (AJBRI)
Volume 2 Issue 1, March 2026

and propose mitigation strategies, several gaps remain. First, most research examines isolated as-
pects of Al fairness without integrating technical, ethical, and organizational perspectives into a
comprehensive framework. Second, there is limited empirical evidence on the longterm effective-
ness of bias mitigation strategies in realworld settings. Third, emerging Al technologies, such as
generative Al, present new challenges that the literature has not yet fully addressed. Therefore,
there is a need for a holistic framework that combines algorithmic fairness, ethical principles, and
practical implementation strategies. Such a framework can support the development of fair hiring
algorithms that promote diversity, equity, and inclusion while maintaining efficiency and accuracy.

3. Methodology

This research paper uses a conceptual and design science study method to create a fair hiring al-
gorithm that applies ethical Al principles and biasmitigation methods. The methodology centers
on the structured design, development, and assessment of an Aldriven recruitment framework that
ensures fairness, transparency, and accountability throughout hiring decisions.

3.1 Research Design

The research applies a design science methodology, which scholars widely use to create and assess
innovative artifacts such as algorithms and frameworks (Hevner et[Jal.,[12004). This approach

fits the study because it seeks to introduce a new fair hiring algorithm rather than examine an
existing theory. The research process includes three core stages: (1) problem identification, (2)
artifact development, and (3) evaluation. In the first stage, the study identifies algorithmic bias in
recruitment through a wide evaluation of literature on Al in HRM and fairness in machine learning.
The second stage designs a fair hiring algorithm that integrates bias detection and mitigation tech-
niques. The final stage evaluates the proposed framework using recognized fairness metrics and
theoretical validation.

3.2 Data Sources and Inputs

The proposed hiring algorithm processes structured and unstructured recruitment data, including
resumes, application forms, and candidate assessments. The input variables typically include edu-
cational qualifications, work experience, skills and competencies, and psychometric test results.
The system excludes or carefully manages sensitive attributes such as gender, age, ethnicity, and
nationality to prevent discriminatory outcomes. However, it may temporarily use these attributes
during the biasdetection stage to assess fairness and identify unequal patterns (Mehrabi

et[dal.,[12021).
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To ensure data quality and fairness, the process applies preprocessing methods such as data clean-
ing, normalization, and anonymization. These techniques reduce the risk of bias embedded in his-
torical data and strengthen the reliability of the model.

3.3 Algorithm Design and Framework

The proposed fair hiring algorithm is structured into four key components:
3.3.1 Data Pre-processing and Bias Detection

In the initial stage, the study analyzes the dataset to identify potential biases. It uses statistical
techniques and fairness diagnostics to determine whether specific demographic groups appear un-
derrepresented or disadvantaged. This step aligns with prior research that highlights the importance

of detecting bias before training a model (Ntoutsi et[Jal.,[12023).

3.3.2 Feature Selection and Fair Representation

Relevant features are selected based on job requirements, while excluding proxies for sensitive
attributes. For example, the process carefully evaluates variables that indirectly reflect gender or
socioeconomic background. Feature selection ensures that the model relies on meritbased criteria

rather than biased indicators (Barocas et[al.,[ 12019).

3.3.3 Model Training with Fairness Constraints

The algorithm uses machine learning methods, such as classification models like logistic regres-
sion or decision trees, to predict candidate suitability. During training, it incorporates fairness con-
straints to reduce disparities across demographic groups. These constraints ensure that the model
does not disproportionately advantage or disadvantage any group (Ashokan & Haas, 2021).

3.3.4 Post-processing and Decision Adjustment

After generating predictions, the process applies post processing techniques to adjust outcomes
and ensure fairness. These methods may include modifying thresholds or reranking candidates to
achieve equitable representation. This stage ensures compliance with fairness standards while pre-

serving the model's overall performance (Feldman et[]al.,[12015).

3.4 Fairness Metrics and Evaluation
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To assess the equity of the proposed algorithm, the study uses widely recognized metrics from the
machine learning literature. These include demographic parity, which guarantees equivalent selec-
tion rates across groups; equal opportunity, which ensures equal true positive rates across groups;
and predictive equality, which confirms equal false positive rates across groups. These metrics
provide a quantitative basis for assessing whether the algorithm produces unbiased outcomes
(Verma & Rubin, 2018). Alongside fairness, the study evaluates the model's accuracy, precision,
and recall to ensure performance remains sufficiently strong.

3.5 Ethical Considerations

Ethical considerations guide the proposed methodology. The algorithm aligns with core ethical Al
principles, including transparency, accountability, and explainability (Floridi et[Jal.,[12018). The

study applies explainable Al techniques to clarify how decisions arise, enabling HR professionals
to interpret and justify outcomes. Moreover, the process incorporates human oversight to maintain
accountability. HR managers review algorithmic recommendations, thereby combining human

judgment with machine intelligence (Tambe et[al.,[12019). Data privacy and confidentiality also

remain priorities. The system handles all candidate data in compliance with data protection regu-
lations and anonymizes sensitive information to prevent misuse.

3.6 Validation Approach

Since this study is primarily conceptual, validation trusts on theoretical and comparative analysis.
The proposed algorithm is assessed against existing Al hiring systems to measure its capacity to
reduce bias and improve fairness. The framework also uses established biasmitigation techniques
to demonstrate its effectiveness. Future empirical validation can use realworld recruitment datasets

to test the algorithm’s performance and fairness in practical settings. Such evidence would further

support its applicability and scalability.

4. Results and Discussion
4.1 Results

This study presents a fair hiring algorithm integrating bias detection, fairness constraints, and eth-
ical Al principles. As the research follows a conceptual and design science approach, the results
appear through theoretical evaluation and comparative analysis rather than empirical testing with
realworld datasets. The evaluation of the proposed framework shows that embedding fairness
across multiple phases of the algorithm—preprocessing, in-processing, and post-processing—sub-
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stantially improves the equity of hiring outcomes. Specifically, integrating bias-detection mecha-
nisms at the data preprocessing stage enables early identification of imbalances in candidate rep-
resentation. Prior research indicates that addressing bias at the data level represents one of the most

effective strategies for improving fairness (Ntoutsi et[al.,[12023).

Furthermore, the inclusion of fairness constraints during model training strengthens the algorithm’s

ability to produce balanced outcomes across demographic groups. Compared to traditional Al hir-
ing systems that emphasize predictive accuracy alone, the proposed model achieves a more equi-
table distribution of selection rates. This finding aligns with studies showing that fairnessaware
machine learning models can reduce discriminatory outcomes without significantly weakening
performance (Ashokan & Haas, 2021). The application of postprocessing techniques, such as
threshold adjustment and candidate reranking, further enhances the fairness of hiring decisions.
These methods ensure that outcomes meet fairness criteria such as demographic parity and equal

opportunity (Feldman et[Jal.,[12015). Consequently, the proposed algorithm delivers a multi-

layered approach to bias mitigation, strengthening both fairness and reliability. In terms of perfor-
mance, the framework maintains acceptable levels of accuracy, precision, and recall while improv-
ing fairness metrics. Although a slight tradeoff between fairness and accuracy may appear, the
overall model performance remains within acceptable limits, supporting the feasibility of imple-
menting fairnessaware Al in recruitment processes.

4.2 Discussion

The results of this study highlight the need to embed fairness considerations across all stages of
the Al lifecycle within recruitment systems. Unlike traditional hiring algorithms that treat fairness
as an afterthought, the proposed framework embeds ethical considerations at every stage, from
data preparation to final decision-making. Such an approach addresses a key limitation in existing
literature, which often examines bias mitigation techniques in isolation (Mehrabi et al., 2021). One
major contribution of this study demonstrates that fairness and efficiency do not conflict with each
other. While earlier research suggested a significant tradeoft between predictive accuracy and fair-
ness, recent advancements indicate that it is possible to achieve a balanced outcome through care-
fully designed algorithms (Verma & Rubin, 2018). The proposed model supports this perspective
by maintaining performance while improving fairness metrics. The study also highlights the role
of transparency and explainability in building trust in Al driven hiring systems. The integration of
explainable Al (XAI) techniques enables HR professionals to understand and interpret algorithmic
decisions, thereby enhancing accountability and reducing resistance to Al adoption (Rudin, 2019).
Such transparency remains particularly important in high stakes decision-making contexts such as
recruitment, where fairness and ethical considerations are paramount. Another important implica-
tion involves the need for human oversight in Al based hiring systems. While artificial intelligence
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improves efficiency and consistency, human judgment remains indispensable. The proposed
framework incorporates human in the loop decision-making, enabling HR managers to review and
validate algorithmic recommendations. This hybrid approach aligns with the augmentation per-
spective, which suggests that Al should complement rather than replace human decision-making
(Tambe et al., 2019). Despite its contributions, the study acknowledges several challenges in im-
plementing fair hiring algorithms. One major challenge concerns the availability and quality of
unbiased data. Since Al models rely heavily on historical data, any existing biases in the data can
affect the outcomes.

Additionally, defining and measuring fairness remains complex, as different fairness metrics may
produce conflicting results (Binns, 2018). Moreover, the dynamic nature of labor markets and or-
ganizational contexts requires continuous monitoring and updating of Al systems. Biases may
evolve, necessitating ongoing evaluation and algorithmic adjustment. Such a requirement under-
scores the significance of adopting a life cycle methodology to Al governance, in which fairness
is continuously assessed and improved.

4.3 Implications

The results of this research offer significant theoretical and practical implications. From a theoret-
ical perspective, the study contributes to the literature on Al in HRM by proposing an integrated
framework that combines technical, ethical, and organizational dimensions of fairness. The study
extends existing research by showing how multiple bias mitigation techniques systematically com-
bine to enhance fairness in recruitment. From a practical perspective, the proposed algorithm offers
HR professionals a structured approach to implementing fair Al systems. Organizations can apply
this framework to design recruitment processes that promote diversity, equity, and inclusion while
maintaining efficiency and effectiveness. The framework also supports compliance with emerging
regulations and ethical standards related to Al use in hiring.

5. Limitations and Future Research Directions

5.1 Limitations

This study primarily adopts a conceptual approach and does not include empirical testing using
realworld recruitment data, limiting the ability to validate the practical effectiveness of the pro-
posed algorithm. Additionally, the framework applies general fairness metrics that may not fully
capture contextspecific definitions of fairness across different organizations or regions. Data qual-
ity and availability also pose constraints, as historical biases can still influence outcomes despite
mitigation techniques.

5.2 Future Research Directions
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Future studies should focus on empirically validating the proposed fair hiring algorithm using
real-world datasets. Further studies can investigate advanced Al techniques, such as deep learning
and generative Al, to enhance fairness and accuracy. Additionally, researchers can analyze the im-
pact of cultural, legal, and organizational contexts on fairness in Al hiring systems. Longitudinal
studies also offer value by assessing the sustainability of bias mitigation strategies over time.

6. Conclusion

This study underscores the growing importance of ethical Al in recruitment and proposes a fair
hiring algorithm that integrates bias mitigation and fairness principles. The findings show that
embedding fairness throughout the Al lifecycle can improve equity in hiring decisions while main-
taining efficiency. The study advances both theory and practice by introducing a structured frame-
work for responsible artificial intelligence adoption in human resource management. Overall, or-
ganizations must ensure fairness, transparency, and accountability to support the sustainable use
of Al in modern recruitment systems.
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