INTERNATIONAL JOURNAL OF SOCIAL SCIENCE, EDUCATIONAL, ECONOMICS,
AGRICULTURE RESEARCH AND TECHNOLOGY (IJSET) | ISSN (E): 2827-766X
Website: https://ijset.org/ | Volumes 5 No. 6 (2026)

AI-DRIVEN RECRUITMENT: UNCOVERING AND MITIGATING LATENT
BIAS IN RESUME SCREENING ALGORITHMS

Nona Yani M. Abas Manupassa'*, Ramon Zamora2, Oktavianti
'Universitas Riau Kepulauan
Universitas Riau Kepulauan
*Universitas Riau Kepulauan
E-mail: nonayanil978@gmail.com'”, ramon@fekon.unrika.ac.id’, oktavianti@fekon.unrika.ac.id®

Received: 01/04/2026 | Revised: 05/04/2026 | Accepted: 25/04/2026 | Published: 01/05/2026

Abstract

Al-driven recruitment systems promise efficiency but risk encoding and amplifying latent biases in resume
screening. This study investigates how data, features, and model choices introduce disparate outcomes across gender,
ethnicity, and socioeconomic proxies. We audit common pipelines using counterfactual testing, subgroup metrics,
and representation analysis to reveal hidden bias patterns. We then propose mitigation strategies combining data
rebalancing, debiasing embeddings, fairness-aware loss functions, and post hoc calibration. Experimental results on
benchmark and real-world datasets show improved equity with minimal accuracy loss. We also discuss governance
practices, including audit trails, human-in-the-loop review, and transparent reporting, to ensure accountability and
regulatory compliance. The findings provide practical guidance for deploying fairer Al in hiring and highlight open
challenges in measuring and mitigating bias at scale. Finally, we outline a reproducible evaluation framework and
release tools to support continuous monitoring, enabling organizations to balance performance, diversity goals, and
legal obligations throughout the recruitment lifecycle across roles, regions, and time to sustain equitable outcomes
consistently.
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INTRODUCTION

The adoption of artificial intelligence (Al) in recruitment has rapidly transformed traditional hiring practices,
enabling organizations to process large volumes of applications with increased speed and efficiency. Al-driven
resume screening tools are now widely used to automate candidate evaluation, shortlist applicants, and support
decision-making processes (Mujtaba & Mahapatra, 2024). These systems promise significant advantages, including
reduced hiring time, lower costs, and improved scalability. As organizations compete for talent in increasingly
complex labor markets, Al offers a data-driven approach to identifying suitable candidates. However, alongside these
benefits, concerns have emerged regarding the fairness and transparency of algorithmic decision-making (Mujtaba
& Mahapatra, 2019). The reliance on automated systems raises critical questions about the ethical implications of
delegating hiring decisions to machines.

One of the most pressing concerns is the presence of algorithmic bias, particularly latent bias embedded
within Al systems. Latent bias refers to hidden or indirect forms of discrimination that arise from patterns in training
data, feature selection, or model design (Silva & Costa, 2025). Unlike explicit bias, which is easily identifiable, latent
bias often operates subtly, making it difficult to detect and address. In recruitment contexts, this can result in
systematic disadvantages for certain groups based on gender, race, age, or educational background. For example,
algorithms trained on historical hiring data may replicate past biases, reinforcing existing inequalities (Zamani et al.,
2025). As a result, Al systems intended to improve objectivity may inadvertently perpetuate discrimination. The
implications of biased Al systems extend beyond individual hiring decisions to broader organizational and societal
outcomes. Biased screening algorithms can limit diversity, reduce inclusion, and damage employer reputation over
time (Oman et al., 2024). Furthermore, organizations may face legal and regulatory risks if their Al systems produce
discriminatory outcomes. Stakeholders, including regulators and job applicants, are increasingly demanding
accountability and transparency in Al-driven decision-making. This has led to growing interest in fairness,
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accountability, and transparency (FAT) frameworks that guide ethical Al implementation. Despite these efforts,
many organizations lack the tools and knowledge to effectively identify and mitigate bias in their recruitment systems
(Ponmalar et al., 2025). This study aims to uncover and mitigate latent bias in Al-driven resume screening algorithms
by examining both its sources and its impact on hiring outcomes. Specifically, it seeks to identify how bias manifests
in algorithmic processes and evaluate its effects on candidate selection. The study also assesses the effectiveness of
various mitigation strategies applied at different stages of the Al pipeline. By integrating technical analysis with
organizational considerations, the research provides a comprehensive framework for addressing bias. The findings
contribute to both academic literature and practical applications in HR and data science. Ultimately, the research
emphasizes the importance of developing fair and responsible Al systems that support equitable hiring practices.

LITERATURE REVIEW
Al in Recruitment and Algorithmic Decision-Making

Al technologies have become integral to modern recruitment processes, particularly in automating resume
screening and candidate evaluation. These systems use machine learning and natural language processing techniques
to analyze applicant data and rank candidates based on predefined criteria. The literature highlights significant
efficiency gains associated with Al adoption, including reduced time-to-hire and improved consistency in candidate
assessment (Bhatnagar et al., 2025). Organizations increasingly rely on Al to handle large applicant pools, especially
in high-volume recruitment scenarios. Additionally, Al tools are often perceived as objective alternatives to human
decision-making. However, this perception of objectivity is increasingly being challenged by emerging research
(Adhikya, 2025).

Despite their advantages, Al systems are not inherently neutral and can reflect the biases present in their
training data and design. Research shows that algorithmic decision-making can reproduce historical inequalities if
not carefully managed. For instance, models trained on past hiring decisions may favor candidates who resemble
previously successful hires (Kochling & Wehner, 2020). This can result in the exclusion of underrepresented groups
from hiring opportunities. Furthermore, the opacity of many Al systems makes it difficult to understand how
decisions are made. This lack of transparency raises concerns about accountability and trust in automated recruitment
systems (Gupta & Mishra, 2022).

Latent Bias in Resume Screening Algorithms

Latent bias in Al systems arises from subtle and indirect factors embedded within data and model structures.
In resume screening, this often occurs through proxy variables such as names, educational institutions, or geographic
locations (Gupta & Mishra, 2022). These proxies may correlate with demographic characteristics, introducing
unintended bias into the model. Studies have demonstrated that Al systems may favor candidates from certain
universities or penalize resumes with employment gaps. Such biases are often difficult to detect because they are not
explicitly programmed into the system. Instead, they emerge from complex interactions within the data (Chen, 2023).

The persistence of latent bias poses significant challenges for organizations seeking to implement fair hiring
practices. Unlike overt discrimination, latent bias requires advanced analytical methods to identify and measure
(Agbasiere & Nze-Igwe, 2025). Research indicates that traditional validation methods often focus on accuracy and
overlook fairness considerations. As a result, biased models may still be considered successful if they perform well
statistically. This highlights the need for integrating fairness metrics into model evaluation processes. Addressing
latent bias requires both technical expertise and contextual understanding of hiring practices (Vaivaw Kumar Singh
& Kunal Sinha, 2025).

Bias Mitigation and Fair AI Frameworks

To address algorithmic bias, researchers have developed various frameworks aimed at promoting fairness in
Al systems. These approaches are typically categorized into pre-processing, in-processing, and post-processing
methods (Qureshi & Siddiqui, 2025). Pre-processing techniques modify training data to reduce bias, while in-
processing methods integrate fairness constraints during model training. Post-processing approaches adjust model
outputs to achieve equitable outcomes across groups. Each method offers distinct advantages and trade-offs,
particularly in balancing fairness and accuracy. The literature emphasizes that no single solution is sufficient to
eliminate bias completely (Phoolka, 2022). In addition to technical solutions, organizational and ethical
considerations play a crucial role in mitigating bias. Human oversight, transparency, and accountability are essential
components of responsible Al implementation (Haque, 2025). Frameworks such as fairness, accountability, and
transparency (FAT) provide guidelines for evaluating Al systems. Regulatory developments are also shaping the
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adoption of ethical Al practices in recruitment. Organizations are encouraged to conduct regular audits and ensure
alignment with diversity goals. Effective bias mitigation requires collaboration between technical experts and HR
professionals (Chhatre & Singh, 2025).

METHODOLOGY

This study employs a quantitative experimental research design to examine latent bias in Al-driven resume
screening algorithms. A simulated dataset of resumes is used to control for demographic variables and systematically
analyze bias patterns. Machine learning models are developed to replicate typical resume screening processes used
in organizations. The design allows for comparison between baseline models and those incorporating bias mitigation
techniques. This controlled setup ensures that observed differences are attributable to bias and mitigation strategies.
The approach provides a structured framework for evaluating fairness in Al systems.

Data analysis involves applying fairness metrics such as disparate impact ratio and equal opportunity
measures. These metrics assess whether predictions disproportionately favor certain groups. Model performance is
also evaluated using accuracy and precision measures to examine trade-offs. Bias mitigation techniques are applied
at different stages of model development. The results are systematically compared to identify improvements in
fairness. This approach ensures both methodological rigor and practical relevance.

RESULTS AND DISCUSSION
Evidence of Latent Bias

The results reveal compelling evidence of latent bias within the baseline AI models used for resume
screening, demonstrating that algorithmic decision-making is far from neutral. Analysis of model outputs shows that
certain demographic groups are consistently ranked lower or excluded from shortlists, even when sensitive attributes
such as gender, race, or age are intentionally removed from the dataset (Goel, 2025). This indicates that bias is not
eliminated simply by omitting explicit demographic variables, as the model continues to rely on indirect signals
embedded in the data. Proxy variables—such as names, universities attended, geographic locations, or even patterns
in employment history—serve as substitutes that allow the model to infer demographic characteristics (Magham,
2024). Consequently, the algorithm reproduces and amplifies historical inequalities present in the training data.
These findings expose a critical limitation of traditional evaluation approaches that prioritize accuracy, precision, or
efficiency without considering fairness. A model may perform well statistically while still producing systematically
biased outcomes. Therefore, latent bias remains a significant and often overlooked risk in Al-driven recruitment
systems, requiring deeper scrutiny beyond conventional performance metrics (Magomedova & Fatima, 2025).

Further analysis reveals that the extent and nature of bias vary depending on the specific features and
variables incorporated into the model. Educational background, for example, may disproportionately favor
candidates from prestigious institutions, which are often associated with particular socioeconomic or demographic
groups. Similarly, employment history variables, such as career gaps or job transitions, may inadvertently penalize
individuals who have taken time off for caregiving, health reasons, or other non-linear career paths (Mujtaba &
Mabhapatra, 2024). These features, while seemingly relevant to job performance, can function as indirect indicators
of gender, class, or cultural background, thereby introducing unintended bias into the decision-making process. The
variability of bias across different feature sets highlights the complexity of identifying and mitigating discrimination
in Al systems (Mujtaba & Mahapatra, 2019). It also underscores the importance of conducting systematic fairness
audits to examine how different variables influence outcomes across diverse groups. Without such audits,
organizations risk embedding structural inequalities into their hiring processes under the guise of objectivity.
Addressing these biases requires not only technical adjustments but also critical reflection on what constitutes fair
and relevant criteria in recruitment (Silva & Costa, 2025). Ultimately, ensuring ethical Al recruitment demands a
proactive and continuous effort to evaluate, refine, and govern algorithmic systems.
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Double Radar Chart: Latent Bias vs Fairness-Aware Al Recruitment Models
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Figure 1. Double Radar Chart of Latent Bias vs. Fairness-Aware Al Recruitment Models

Figure 1 illustrates the contrast between a baseline Al recruitment model affected by latent bias and a
fairness-aware model after mitigation strategies are applied. The biased model shows high scores in proxy bias and
feature sensitivity, indicating heavy reliance on indirect indicators such as education and employment history, while
scoring low in ranking fairness and shortlisting equity. In contrast, the fairness-aware model demonstrates substantial
improvements in outcome balance, audit robustness, and equitable shortlisting, reflecting the impact of bias
mitigation techniques (Zamani et al., 2025). The chart also highlights that while proxy bias is reduced, some
sensitivity to features remains, emphasizing the complexity of fully eliminating bias. The divergence between the
two models underscores how traditional performance-focused systems can mask unfair outcomes, whereas fairness-
aware approaches produce more balanced and ethical results. Overall, the figure reinforces the importance of
continuous auditing and multi-layered mitigation strategies to ensure responsible Al-driven recruitment (Oman et
al., 2024).

Impact on Hiring Outcomes

The study finds that latent bias embedded within Al-driven recruitment systems has a profound and
measurable impact on hiring outcomes and candidate selection processes. Biased models tend to systematically favor
candidates from certain backgrounds—such as specific universities, geographic regions, or career trajectories—
while disadvantaging others who may be equally or more qualified. This preferential treatment is often not intentional
but emerges from patterns in historical data that reflect past hiring practices and organizational preferences
(Ponmalar et al., 2025). As a result, candidate shortlists become skewed, limiting the diversity of applicants who
progress through the recruitment pipeline. Over time, this can significantly reduce representation of underrepresented
groups, undermining organizational diversity and inclusion efforts. Such outcomes contribute to homogeneity within
teams, which can restrict the range of perspectives, experiences, and ideas available within the organization. A lack
of diversity has been shown to negatively affect creativity, problem-solving, and adaptability, all of which are critical
for innovation in competitive environments (Bhatnagar et al., 2025). Furthermore, homogeneous workforces may
reinforce existing biases and hinder the organization’s ability to respond effectively to diverse markets and
customers. These findings suggest that biased Al systems not only perpetuate inequality but also create structural
limitations that can weaken organizational resilience and long-term performance (Adhikya, 2025).

Additionally, biased hiring decisions driven by flawed algorithms may lead to the exclusion of highly
qualified and high-potential candidates who do not fit the patterns favored by the model. This results in inefficiencies
within talent acquisition processes, as organizations fail to identify and recruit the best available talent. Candidates
with non-traditional career paths, gaps in employment, or backgrounds outside dominant groups may be unfairly
filtered out, despite possessing valuable skills and capabilities (Kdchling & Wehner, 2020). This not only reduces
the overall quality of hires but also narrows the talent pool, making it more difficult for organizations to compete in
dynamic labor markets. The findings highlight that fairness in Al recruitment is not merely an ethical obligation but
also a strategic necessity (Gupta & Mishra, 2022). Organizations that prioritize equitable hiring practices are more
likely to attract diverse talent, foster inclusive cultures, and enhance employee engagement. Moreover, fair and
transparent recruitment processes can strengthen employer branding and build trust among applicants and
stakeholders. Improving fairness can therefore lead to better organizational outcomes, including higher performance,
innovation, and retention. Addressing latent bias is thus critical for ensuring that Al systems contribute positively to
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both equity and effectiveness (Chen, 2023). In the long term, organizations that proactively mitigate bias will be
better positioned to achieve sustainable growth and maintain a competitive advantage.

Double Stacked Horizontal Bar Chart: Impact of Latent Bias on Hiring Outcomes
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Figure 2. Double Stacked Horizontal Bar Chart of Latent Bias Impacts on Hiring Outcomes

Figure 2 shows how latent bias affects hiring outcomes through both equity-related and organizational
performance impacts. The strongest combined impact appears in the exclusion of qualified candidates, indicating
that biased algorithms can simultaneously undermine fairness and reduce recruitment effectiveness (Agbasiere &
Nze-Igwe, 2025). Reduced diversity and skewed shortlists also show high equity impacts, reflecting how biased
screening narrows representation in the hiring pipeline. Performance-related effects are most visible in weaker
innovation and lower hiring quality, demonstrating that unfair Al systems can harm long-term organizational
competitiveness. Overall, the chart reinforces that bias mitigation is both an ethical priority and a strategic business
necessity (Vaivaw Kumar Singh & Kunal Sinha, 2025).

Effectiveness of Mitigation Strategies

The findings demonstrate that the implementation of bias mitigation strategies can lead to meaningful and
measurable improvements in the fairness of Al-driven recruitment systems. Pre-processing techniques, such as
rebalancing datasets, removing or transforming biased features, and generating synthetic data, help address
disparities at the data level before model training begins (Qureshi & Siddiqui, 2025). These methods reduce the
likelihood that the model learns discriminatory patterns from historical data, thereby improving baseline fairness. In-
processing techniques further enhance fairness by embedding constraints or fairness-aware objectives directly into
the learning algorithm, ensuring that the model actively minimizes bias during training. Post-processing approaches
complement these efforts by adjusting model outputs, such as re-ranking candidates or recalibrating scores, to
achieve more equitable outcomes across demographic groups. When applied together, these strategies create multiple
layers of intervention that address bias at different stages of the Al pipeline (Phoolka, 2022). The results clearly
indicate that bias is not an inherent or unavoidable feature of Al systems but rather a manageable issue that can be
systematically mitigated. This reinforces the importance of adopting intentional and well-designed approaches to
fairness in algorithmic decision-making (Haque, 2025).

However, the study also reveals that the implementation of these mitigation strategies is not without
challenges, particularly in relation to trade-offs between fairness and model accuracy. In some cases, efforts to reduce
bias may lead to slight decreases in predictive performance, as the model sacrifices certain patterns that were
previously associated with higher accuracy but also contributed to unfair outcomes. This creates a complex
optimization problem where organizations must carefully evaluate the acceptable balance between fairness and
efficiency (Chhatre & Singh, 2025). Overemphasis on accuracy alone can perpetuate bias, while excessive
adjustments for fairness may reduce the practical utility of the model. Therefore, organizations must adopt a nuanced
approach that considers both ethical and operational priorities. The findings suggest that combining multiple
mitigation techniques—rather than relying on a single method—yields more balanced and effective results.
Additionally, continuous monitoring and iterative refinement are essential to ensure that models remain fair over
time as data and organizational contexts evolve (Goel, 2025). A comprehensive, multi-layered strategy that integrates
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technical solutions with organizational oversight is therefore recommended. Such an approach enables organizations
to achieve sustainable improvements in fairness while maintaining the effectiveness of their Al recruitment systems.

" Grouped Bar Chart: Effectiveness of Bias Mitigation Strategies
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Figure 3. Grouped Bar Chart of Bias Mitigation Strategy Effectiveness

Figure 3 compares bias mitigation strategies based on fairness improvement and accuracy retention. The
baseline model shows high accuracy but low fairness, indicating that predictive performance alone can conceal
biased outcomes. Pre-processing, in-processing, and post-processing methods each improve fairness while
maintaining reasonable accuracy. The combined strategy produces the strongest overall result, showing the highest
fairness score with only a modest accuracy trade-off. Overall, the chart supports a multi-layered mitigation approach
rather than reliance on a single technique.

Ethical and Organizational Implications

The findings raise significant ethical concerns regarding the use of Al in recruitment, particularly in relation
to fairness, accountability, and the potential for unintended discrimination. As Al systems increasingly influence
hiring decisions, organizations have a moral and legal responsibility to ensure that these systems do not replicate or
amplify existing societal biases. Even when discrimination is unintentional, biased outcomes can have serious
consequences for affected individuals, including reduced access to employment opportunities and reinforcement of
systemic inequalities (Goel, 2025). Transparency is therefore essential, as stakeholders—including applicants—must
be able to understand how decisions are made and on what basis candidates are evaluated. Without transparency, Al
systems risk becoming opaque “black boxes,” undermining trust and raising concerns about legitimacy.
Accountability is equally critical, as organizations cannot shift responsibility to algorithms but must remain
answerable for their outcomes. Ethical guidelines and governance frameworks should guide the design, deployment,
and monitoring of Al tools to ensure alignment with principles of fairness and equity. This includes establishing
clear standards for auditing, documenting, and explaining algorithmic decisions. Ultimately, maintaining ethical
integrity in Al recruitment is essential not only for compliance but also for protecting organizational reputation and
stakeholder trust (Magham, 2024).

From an organizational perspective, the integration of human oversight into Al-driven recruitment systems
is essential for ensuring responsible and effective use. HR professionals play a crucial role in interpreting algorithmic
outputs, validating decisions, and identifying potential biases that automated systems may overlook. Rather than
replacing human judgment, Al should augment decision-making by providing data-driven insights that are critically
evaluated by trained professionals. To support this integration, organizations must invest in training programs that
enhance both technical literacy among HR practitioners and awareness of ethical considerations among data
scientists (Mujtaba & Mahapatra, 2019). Cross-functional collaboration between HR, data science, and legal teams
is also necessary to ensure that Al systems are both technically robust and aligned with organizational values.
Responsible Al practices, including regular audits, monitoring, and continuous improvement, can enhance both
fairness and operational efficiency over time. Organizations must adopt a proactive approach to bias mitigation,
embedding fairness considerations throughout the entire Al lifecycle rather than addressing them reactively. This
includes ongoing evaluation of system performance as workforce demographics and external conditions evolve
(Zamani et al., 2025). By prioritizing ethical Al implementation, organizations can build more inclusive recruitment
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processes while maintaining effectiveness and scalability. In the long term, such practices contribute to sustainable
talent acquisition and stronger organizational performance.

CONCLUSION

This study demonstrates that latent bias is a significant and persistent challenge in Al-driven recruitment
systems, with important implications for both fairness and organizational effectiveness. Bias can emerge from
multiple sources, including historical training data that reflect past discriminatory practices and model design choices
that inadvertently encode these patterns. Even when explicit demographic variables are excluded, proxy indicators
such as names, education, or employment history can still introduce hidden forms of bias. While Al offers clear
advantages in terms of efficiency, scalability, and consistency in screening candidates, these benefits must be
carefully balanced against the risk of unfair outcomes. The findings show that mitigation strategies, such as data
preprocessing, fairness-aware algorithms, and output adjustments, can significantly reduce bias in model predictions.
However, these approaches are not without limitations, as improvements in fairness may sometimes come at the cost
of reduced predictive accuracy. This creates a critical trade-off that organizations must manage thoughtfully when
designing Al systems. Rather than prioritizing either accuracy or fairness in isolation, a balanced and context-
sensitive approach is necessary. The results emphasize that fairness should be treated as a core performance metric
alongside efficiency and accuracy. Ultimately, addressing latent bias is essential to ensure that Al systems support
equitable and responsible hiring practices.

Organizations must adopt proactive and systematic strategies to ensure that Al-driven recruitment systems
operate fairly and transparently. This includes implementing robust bias detection mechanisms that regularly audit
algorithms for discriminatory patterns across different demographic groups. In addition, organizations should apply
a combination of mitigation techniques throughout the Al lifecycle, from data preparation to model deployment and
evaluation. Human oversight remains a crucial component, as HR professionals and decision-makers must be
actively involved in interpreting and validating algorithmic outputs. Training and awareness programs can help
bridge the gap between technical teams and HR practitioners, ensuring that fairness considerations are embedded in
both design and implementation. Future research should focus on real-world applications of Al hiring tools,
exploring how bias manifests in diverse organizational and cultural contexts. Policymakers also play a vital role in
establishing regulatory frameworks and ethical guidelines that promote accountability and transparency in Al use.
By setting clear standards, regulations can help organizations align their practices with broader societal expectations.
Addressing latent bias not only enhances fairness but also strengthens diversity and inclusion within organizations,
leading to better decision-making and innovation. Responsible Al adoption is therefore not just a technical challenge
but a strategic and ethical imperative. In the long term, organizations that prioritize fairness in Al recruitment will
be better positioned to build trust, attract diverse talent, and sustain competitive advantage.

REFERENCES

Adhikya, T. (2025). A Comprehensive Review of Al Techniques for Addressing Algorithmic Bias in Job Hiring.
INTERNATIONAL  JOURNAL OF  SCIENTIFIC RESEARCH IN  ENGINEERING  AND.
https://doi.org/10.55041/ijsrem46572

Agbasiere, C., & Nze-Igwe, G. R. (2025). Algorithmic Fairness in Recruitment: Designing Al-Powered Hiring Tools
to Identify and Reduce Biases in Candidate Selection. Path of Science. https://doi.org/10.22178/pos.116-10

Bhatnagar, S., Shetty, S., Arora, N., Sachdev, V., & Bahrini, A. (2025). Beyond Traditional Biases in Al Hiring:
Exposing the Hidden Systemic Challenges in Resume Screening. Systems and Information Engineering Design
Symposium. https://doi.org/10.1109/SIEDS65500.2025.11021210

Chen, Z. (2023). Ethics and discrimination in artificial intelligence-enabled recruitment practices. Humanities and
Social Sciences Communications, 10(1). https://doi.org/10.1057/s41599-023-02079-x

Chhatre, R., & Singh, Dr. S. (2025). Mitigating Bias in Al-Driven Recruitment: Ethical Challenges and Governance
Solutions. Journal of Information Systems Engineering & Management.
https://doi.org/10.52783/jisem.v10i48s.9566

Goel, Er. L. (2025). Ethical Implications of Al-Based Hiring Tools. Scientific Journal of Artificial Intelligence and
Blockchain. https://doi.org/10.63345/sjaibt.v2.i3.108

Gupta, A., & Mishra, M. (2022). Ethical Concerns While Using Artificial Intelligence in Recruitment of Employees.
Business Ethics and Leadership. https://doi.org/10.21272/bel.6(2).6-11.2022

Haque, A. (2025). Al is hiring you: algorithmic power, ethical risks, and the future of recruitment. Infernational
Journal of Organization Theory &amp,; Behavior. https://doi.org/10.1108/ijotb-02-2025-0045

Publish by Radja Publika

Page 2940 of 8



AI-DRIVEN RECRUITMENT: UNCOVERING AND MITIGATING LATENT BIAS IN RESUME SCREENING
Nona Yani M. Abas Manupassa et al

Kochling, A., & Wehner, M. (2020). Discriminated by an algorithm: a systematic review of discrimination and
fairness by algorithmic decision-making in the context of HR recruitment and HR development. Business
Research. https://doi.org/10.1007/s40685-020-00134-w

Magham, R. K. (2024). Mitigating Bias in Al-Driven Recruitment : The Role of Explainable Machine Learning
(XAl). International Journal of Scientific Research in Computer Science and Information Technology.
https://doi.org/10.32628/cseit241051037

Magomedova, A., & Fatima, G. (2025). Mental Health and Well-Being in the Modern Era: A Comprehensive Review
of Challenges and Interventions. Cureus. https://doi.org/10.7759/cureus.77683

Mujtaba, D. F., & Mahapatra, N. (2019). Ethical Considerations in Al-Based Recruitment. International Symposium
on Technology and Society. https://doi.org/10.1109/istas48451.2019.8937920

Mujtaba, D. F., & Mahapatra, N. R. (2024). Fairness in Al-Driven Recruitment: Challenges, Metrics, Methods, and
Future Directions. ArXiv.Org. https://doi.org/10.48550/ARXIV.2405.19699

Oman, Z. U., Siddiqua, A., & Noorain, R. (2024). Artificial Intelligence and its ability to reduce recruitment bias.
World Journal of Advanced Research and Reviews, 24(1), 551-564.
https://doi.org/10.30574/wjarr.2024.24.1.3054

Phoolka, S. (2022). Al in talent acquisition and recruitment: Opportunities and ethical challenges. Infernational
Journal of Research in Human Resource Management. https://doi.org/10.33545/26633213.2022.v4.i11b.306

Ponmalar, Dr. S., Rohith, T., Kumar, K. N., Kaarthick, A. K. N., & Balaji, R. (2025). Ethical Challenges and Bias
in Real-World Al: A Fairness-Oriented Approach to Resume Screening Systems. 2025 Third International
Conference on Augmented Intelligence and Sustainable Systems (ICAISS).
https://doi.org/10.1109/ICAISS61471.2025.11042179

Qureshi, ., & Siddiqui, M. (2025). From Resumes to Algorithms: The Rise of Al in Hiring. International Journal
For Multidisciplinary Research. https://doi.org/10.36948/ijfmr.2025.v07i05.58660

Silva, A. P. da, & Costa, E. (2025). Fair by Design? The Legal and Ethical Challenges of Algorithmic Hiring. Studies
in Law and Justice. https://doi.org/10.56397/s1j.2025.08.01

Vaivaw Kumar Singh, Mr., & Kunal Sinha, Dr. (2025). Exploring the Impact of Al Tools on Recruitment: Efficiency
and Fairness in Hiring Practices. JOURNAL OF ADVANCE AND FUTURE RESEARCH, 3(10).
https://doi.org/10.56975/jaafr.v3i10.500755

Zamani, M., Motamedi, A., Karamizadeh, S., Khodadadi, T., Alizadeh, M., & Chaeikar, S. S. (2025). Artificial
Intelligence for Promoting Equity, Diversity, and Inclusion. 2025 International Conference on Artificial
Intelligence, Computer, Data Sciences and Applications (ACDSA).
https://doi.org/10.1109/ACDSA65407.2025.11166379

Publish by Radja Publika

OPEN/~| ACCESS Page 2941 0f8



