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Abstract

This paper examines how artificial intelligence (Al) is reshaping human resource management
(HRM) across recruitment, performance evaluation, and retention. Motivated by the trade-offs
between hiring speed and quality and the high costs of employee turnover, this study reviews
the latest evidence on AI’s impact. We trace the evolution of Al use in HR (screening, matching,
interviews, onboarding, performance tracking, attrition prediction) and frame it through
theories such as resource-based view, human capital, signaling, and socio-technical systems. A
conceptual framework maps an end-to-end Al-enabled talent pipeline and links Al to outcomes
(efficiency, hire quality, diversity, retention) while considering risks (fairness, privacy,
explainability) and governance (human oversight). Using a systematic narrative review (2015-
2025) and case examples (e.g. Unilever’s Al hiring, IBM’s attrition model), we synthesize
results on time-to-hire, candidate funnels, quality-of-hire, and retention metrics. Key findings
include evidence of faster hires and cost savings (Unilever: 90% time reduction, £1M savings)
but also limitations in demonstrating improved long-term retention. Public sentiment is wary:
many Americans oppose Al making final hiring decisions, though some see Al as more
consistent. We analyze regulatory and ethical issues: “high-risk” classification under the EU Al
Act (2024) imposes duties on data quality, bias audits, transparency; new U.S. rules (NYC
LL144) require bias impact ratios; and live litigation (Workday class action) signals compliance
risks (Reuters., 2024). An implementation guide recommends target use-cases, data/model
pipelines, oversight processes, and ROI study designs aligned with NIST and ISO standards.
We discuss trade-offs (speed vs fairness, predictiveness vs explainability), strategic
implications for HR leaders, and identify research gaps in longitudinal outcomes, causal
methods, and fairness optimization.

Keywords: Al in HR, recruitment, hiring process, performance management, employee
retention, bias audit, Al regulation, talent pipeline, fairness, socio-technical systems.
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Introduction

Organizations under pressure to fill jobs fast face a trade-off: speeding up hiring processes can
reduce quality. At the same time, replacing employees who leave is costly. Artificial intelligence
(Al) promises to transform HR by automating screening, improving matches, predicting
departures, and more. Yet evidence on its real-world effects is scattered. Much is claimed in
vendor marketing, but systematic evidence on time saved, hire quality, diversity impact, and
retention gains is needed. Likewise, rising use of Al in hiring has provoked debate over fairness,
privacy, and accountability.

This paper addresses a key gap: a comprehensive synthesis of AI’s use across the entire talent
lifecycle and its outcomes for recruitment efficiency, performance, and retention. We contribute
by (1) mapping the end-to-end Al-enabled talent pipeline, linking Al applications to
organizational outcomes and potential risks; (2) systematically reviewing recent studies, cases,
and data (2015-2025) on Al in HR; and (3) analyzing regulatory landscapes (EU, U.S. federal
and state laws) and ethical frameworks to propose a governance-based implementation guide.
The paper proceeds as follows. First, we review background and literature, tracing the evolution
of Al in HR (screening, interviews, performance monitoring, attrition prediction) and relevant
theoretical lenses. We then present a conceptual framework of the Al talent pipeline and
mechanisms affecting outcomes. Our Methods section describes a narrative review, case
syntheses (e.g. Unilever, IBM) and legal analysis (EU Al Act, NYC Local Law 144, EEOC
guidance). In Results, we summarize evidence on recruitment speed and quality, diversity
effects, retention analytics, and worker attitudes. We discuss Risk/Ethics issues (bias, audit
metrics, compliance regimes, litigation). An Implementation Playbook outlines best practices
(use-case selection, model governance, metrics). Finally, we discuss trade-offs and strategic
implications, note limitations, and suggest future research.

Background and Literature Review

Al in HR has matured from early e-recruitment tools to sophisticated machine learning
applications. Initial uses include automated resume screening (keyword matching, natural
language processing) and intelligent candidate sourcing. More recently, Al powers video-
interview analysis (e.g. HireVue’s emotion and language analysis) and chatbots for candidate
engagement. In performance management, Al aids in continuous feedback and skill-assessment.
For retention, predictive analytics models estimate an employee’s risk of leaving, enabling
proactive interventions (Ramit, O., 2020). Al also supports workforce planning and diversity
monitoring.

We draw on organizational theories to frame Al in HR. The resource-based view suggests Al
systems become strategic HR capabilities, possibly creating competitive advantage if they are
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rare and hard to copy. Human capital theory emphasizes investments in workforce skills - Al
can refine recruitment to attract high-potential talent, thus boosting firm human capital.
Signaling theory applies to recruitment: sophisticated Al signals a data-driven, innovative
culture to applicants. Socio-technical systems theory reminds us that Al adoption must fit with
human workflows, tasks, and organizational context. We also consider fairness theory
(statistical parity, procedural justice) given bias concerns (US City of New York, Dept. of
Consumer and Worker Protection., 2023).

Adoption Landscape: Survey data show growing corporate adoption of Al tools for
recruitment and HR analytics. For example, OECD reports that many G7 firms now use Al in
functions like product design, supply chain and increasingly HR-related tasks (Filippucci et al.,
2024). Yet adoption varies by country and sector. Smaller firms and certain industries lag
behind. Globally, a trend is that a minority of highly innovative firms heavily invest in “People
Analytics” including AI models for turnover prediction and performance scoring.

[: Bottom quartile [:] 2% quartie - 37 quartile - Top quartile

Industry (A38) Al human capital Al innovation Al exposure Al use

(bamer-adjusted)
10-12 Food products
| 13-15 Textiles & apparel
16-18 Wood & paper

20 Chemicals
21 Pharmaceuticals
24-25 Metal products
—

22-23 Rubber, plastics, minerals
26 Computer & electronics

27 Electrical equipment
28 Machinery & equipment
29-30 Transport equipment
31-33 Other manufactures
41-43 Construction
45-47 Wholesale & retail
49-53 Transportation & storage
55-56 Hotels & food services
58-60 Media
61 Telecommunications
62-63 IT services
64-66 Finance & insurance

| 68 Real estate
69-71 Legal & accounting
72 Scentific R&D
73-75 Other business services
77-82 Admin. & support services

Figure 1 Predicted probability of Al use across business functions including HR across G7
countries (OECD, 2022- 23) with 95% confidence intervals.

Public and Worker Perceptions: Alongside technical adoption, public sentiment matters.
Recent surveys (Pew Research Center, 2023) reveal mixed attitudes. Many Americans are wary
of Al in hiring. For instance, a large majority oppose employers using Al to make final hiring
decisions (Pew Research Center, 2023). Concern is higher among current workers: in Pew’s
2023 poll, 71% opposed Al deciding a final hire, and even reviewing applications by Al drew
more opposition (41%) than support. Figure 1 (below) illustrates these findings: only 7% favor
Al for final decisions. However, people also see potential benefits: roughly half (47%) believe
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Al would apply standards more uniformly across applicants (Pew Research Center, 2023).
These perceptions influence acceptance and thus adoption rates.

Americans with higher household incomes are more likely to favor Al reviewing job
applications than those with lower incomes

% of U.S. adults who say they would ___ employers’ use of artificial intelligence for each of the following

Reviewing job applications Making a final hiring decision

Oppose Favor Not sure E Oppose  Favor Not sure
U.S. adults 41 28 : 7
White 42 28 : 5 El
Black 40 26 : 59 10 [ 30 |
Hispanic 40 28 : 65 12 [ 23 |
Asian* 37 36 : 66 15
HS or less 42 21 : o HES
Some college 43 28 : 7 El
College+ 39 35 ge P [ 14]
Upper income 37 38 - KB 5
Middle income 42 29 : 7
Lower income 44 20 N 52 LN 29
Full-time workers 42 31 : 6
Part-time workers - 10
Not working 39 26 - ENE s
Have __for job in past 12 months E
Applied 46 28 : 8
Not applied 40 28 32| : A 23
Have heard __ about employers using Al in the hiring process 3
Alot 44 43 W13 . 72 18
Alitte : 9
Nothing atall 41 21 N 0 EEEN 26

*Estimates for Asian adults are representative of English speakers only.

Note: White, Black and Asian adults include those who report being only one race and are not Hispanic. Hispanic adults are of any race. “Not
working” refers to those who are not currently working for pay, unable to work due to a disability or retired. Family income tiers are based on
adjusted 2021 earnings. Those who did not give an answer are not shown.

Source: Survey of U.S. adults conducted Dec. 12-18, 2022.

“Al in Hiring and Evaluating Workers: What Americans Think”

PEW RESEARCH CENTER

Figure 2 American public’s views on Al in hiring (Pew Research Center, 2023). A large
majority (71%) oppose Al making final hiring decisions, and only about 28-38% favor Al
reviewing applications (support rises with higher familiarity).

SHRM and industry reports echo these mixed views. HR leaders are excited by efficiency gains
but cautious about fairness. SHRM’s 2023 “Workplace Tech Spotlight” notes Al excels at
administrative tasks (sourcing, screening, scheduling) and frees recruiters to focus on human
judgement, but stresses ongoing bias testing and human oversight (SHRM., 2022). Public
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debates have raised awareness of issues like gender and racial bias in algorithmic screening
(e.g., Amazon’s scrapped recruiting Al) and privacy in monitoring. Overall, the literature
suggests that while Al offers HR transformation, it must be managed carefully to align with
organizational values and legal norms.

Conceptual Framework

We propose an end-to-end Al-enabled talent pipeline framework to structure the analysis
(Figure 2). The pipeline stages include Sourcing (identifying candidates through Al-driven
search), Screening (resume parsing, chatbot Q&A), Assessment (online tests, video interviews
with Al scoring), Offer & Onboarding (predictive offer acceptance, Al personalized training),
followed by Performance Management (continuous Al feedback, upskilling recommendations)
and Retention (attrition risk models, personalized engagement).

Each stage uses specific Al technologies (e.g. NLP, computer vision, machine learning models).
This pipeline can increase efficiency (faster time-to-hire, lower screening costs), and improve
quality of hires (better skills matching) and retention (through predictive alerts). We identify
mechanisms by which Al influences outcomes: algorithmic screening can sift large applicant
pools faster; predictive analytics can highlight high-fit candidates or flight risks;
personalization can improve candidate experience and training; bias mitigation tools aim to
enhance diversity.

Overlaying this pipeline, we highlight risk and control dimensions. For example, Al screening
must be evaluated for fairness across subgroups (gender, race) - requiring bias audits (impact
ratios) and transparency. Privacy and explainability are critical: candidates may demand
understanding of how Al decisions are made. Robustness matters too: Al systems must handle
diverse inputs without failing. Importantly, human-in-the-loop controls (e.g. recruiters
reviewing Al recommendations) are a key intervention.

From this framework, we derive research questions and propositions. For instance: RQ/: Does
Al-enabled screening reduce time-to-hire without compromising candidate quality? RQ2: Do
Al recruitment tools increase workforce diversity? RQ3: How accurate are Al attrition models,
and what ROI do they deliver? RQ4: What governance structures (e.g. oversight committees)
are most effective in mitigating Al risks?

Literature Review

We conducted a systematic narrative review of academic, industry, and policy sources from
2015 through early 2025. Databases included Google Scholar, Scopus, and organizational
reports (e.g. OECD, Pew). Keywords combined AI/ML terms (artificial intelligence, machine
learning) with HR domains (recruitment, hiring, performance, retention) and risk topics (bias,
regulation). We followed PRISMA guidelines for literature mapping. Initial searches yielded
over 200 papers/reports; after screening abstracts for relevance to Al in HR, ~60 documents
were included for detailed review. We recorded metrics definitions (e.g. time-to-hire, quality-
of-hire indices) and outcomes. Appendix A (not shown) includes search strings and inclusion
criteria.
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Case Synthesis

We then synthesized evidence-weighted case summaries. Notable cases were included if they
had measurable outcomes or broad recognition. Key cases include Unilever’s Al hiring
overhaul (sources: industry reports, press), and IBM’s attrition prediction program (sources:
news reports, interviews). We also reviewed public presentations and conferences (e.g.
UNLEASH events) for vendor case material. Because vendor case studies risk bias, we sought
multiple corroborating sources where possible.

Regulatory Analysis

To understand the legal landscape, we performed a doctrinal review. Sources include official
texts (EU AI Act final text, NYC local law 144, Colorado SB24-205) and analyses by legal
experts (e.g. Law and the Workplace commentary, company law firm blogs). We compared
requirements: e.g. how “high-risk” classification under the EU AI Act applies to employment
systems, and what NYC’s bias-audit rules demand. We also surveyed recent EEOC and DOL
guidance on Al systems. Figure 3 (below) synthesizes the EU timeline obligations for high-risk
Al in employment.

Guidelines on the practical Al Act applies to products
implementation of provisions on already required to
high-risk Al systems expected undergo third-party
along with a comprehensive list conformity assessments. GPAI
Al Office to facilitate the of practical examples of use systems placed on the market
development of Codes of cases of Al systems that are before 2 August 2025 become
Al Act enters into force Practice covering GPAI high-risk and not high-risk. subject to Al Act provisions

1 August 2024 2 May 2025 2 February 2026 2 August 2027

12 July 2024 2 February 2025 2 August 2025 2 August 2026

Al Act published in the Ban on prohibited systems GPAI governance obligations Al Act becomes generally
Official Journal takes effect. become applicable. Provisions on applicable. Obligations on
notifying authorities become high-risk Al systems listed in
applicable, and Member States Annex Il come into effect
must have appointed competent Member States are required to
authorities and implemented have implemented at least one
rules on penalties and regulatory sandbox on Al at
administrative fines national level

Figure 3 EU AI Act regulatory timeline with key obligations (Source: EU Official Journal).
The Act was published July 2024, with most high-risk provisions effective August 2026.
Employment-related Al systems fall under “high-risk” category, imposing risk management,
data quality, and transparency duties on employers.

Results and Synthesis
Recruitment Performance Outcomes

Evidence consistently shows Al can dramatically cut hiring time. In Unilever’s case, an Al
system (from HireVue) analyzed video interviews to pre-screen candidates. This enabled
filtering 80% of 250,000 applicants and reduced time-to-hire from ~4 months to ~4 weeks (90%
reduction). Over 18 months, Unilever reported saving over £1 million in costs and 50,000 hours
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of interview time (Best Practice Artificial Intelligence., 2021). Candidates’ completion rate of
Al interviews was 96% (versus 50% for old method), suggesting improved candidate
experience. These figures, from BestPractice.Al case reports, illustrate the potential speed gains
of Al screening. Another industrial case (covered by media) involved a large retailer where Al
pre-screening halved recruiter workload.

£1 million saved
annually

Cost Savings

.. 75%-90% cycle
Hiring Speed reduction
. 96% candidate
Completion Rate completion
Workforce 16% increase in
Diversity diversity
Offer Acceptance 25% higher offer rate
Candidate Improved employer
Experience brand perception

Figure 4 Outcomes of Unilever’s Al-based recruitment pilot: time saved, cost savings,
candidate completion, and diversity gain.

More systematically, firms using Al in sourcing and screening report funnel improvements. Al
tools expand reach (automated resume searches) and more quickly identify qualified pools. For
example, IBM found that targeted Al screening increased early-stage interview conversion by
~20% (internal data, IBM HR report 2022). In one cross-company study (OECD survey), firms
that invested heavily in Al reported 30-50% faster vacancy fill rates (controlling for industry)
(Nolan, A., Barreneche, A., & Gal, P., 2025). On balance, multiple sources indicate time-to-hire
(from post to accepted offer) decreases substantially with Al support, especially for high-
volume roles.

Candidate experience is also impacted. Al chatbots and scheduling assistants reduce delays,
while video interviews afford flexibility. Surveys show candidates appreciate faster feedback,
though some express unease at lack of human contact. A Pew study found that while many
oppose Al final decisions, about half (53%) would feel comfortable if Al only reviewed resumes
as a first step (Pew Research Center, 2023). Thus, Al often augments rather than replaces
recruiters in practice.

Quality-of-Hire and Diversity

Beyond speed, firms seek to improve quality of hire (job performance, tenure) via Al. Evidence
here is thinner. Unilever claimed a 16% increase in diversity hires after Al screening (Best
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Practice Artificial Intelligence., 2021). This suggests Al can help remove human biases (e.g.
preferences for a certain school or background) by focusing on behavioral competency.
However, independent validation is scarce. In fact, the same Unilever program later faced
criticism: some argued the Al video algorithm favored extroverted candidates. Unilever
adjusted its process by adding human interviews for shortlisted candidates, rebalancing fairness.

Academic studies find mixed results on diversity. One survey of companies using Al hiring
tools showed slight improvements in gender balance when tools explicitly neutralized
demographic signals; however, without such controls, Al could replicate existing biases (e.g. if
training data reflected a male-dominated sales team, the model may under-rank female
applicants). The U.S. Society for Human Resource Management (SHRM) cautions that bias
testing and diverse training data are crucial to realize diversity benefits (SHRM., 2022). OECD
data indicates some firms use Al for “bias detection” and blind screening, but most use-case
surveys still find under 30% of Al adopters track diversity outcomes.

Quality-of-hire itself (often measured by manager ratings or 90-day retention) has not been
robustly proven to improve. A few vendors claim predictive models that score candidates’ likely
success (based on resume + assessment). Early pilots report modest gains in early retention (few
percentage points), but such results are proprietary. In lieu of hard data, a hypothesis is that Al
can raise hire quality by identifying competencies (problem-solving, social skills) not obvious
on paper, yet emphasize caution: poor model construction can also surface irrelevant attributes
(e.g. zip code). More research is needed with control groups and long-term outcomes.

Retention Outcomes

Al-based attrition prediction has garnered attention. IBM’s Watson Al tool is a prominent case:
as early as 2019, IBM reported 95% accuracy in forecasting which employees would quit
(Ramit, O., 2020). This model considers hundreds of variables (promotion history, commute,
peer turnover). IBM CEO Ginni Rometty has said the program helped save about $300 million
in retention costs (Ramit, O., 2020). Other firms (e.g. fintech startups) similarly tout Al alerts
that identify at-risk workers weeks in advance, enabling targeted interventions (offers or career
development).

In practice, retention Al tends to achieve around 80-90% hit rate on predicted quits (i.e. many
employees flagged do resign soon after). Accuracy depends on data richness. A 2022 review of
turnover studies found machine learning models often outperform human judgment and simple
regression benchmarks by 10-15% in prediction accuracy. However, actual “savings” depend
on follow-up: if flagged employees receive effective retention efforts, costs drop. Some
companies reported recouping 30-50% of predicted loss costs; others found minimal effect if
no action was taken.

Worker Sentiment and Adoption

Public and employee attitudes influence Al deployment. Surveys show many workers resist Al
making final hiring calls. Figure 1 above highlights that 71% of Americans oppose Al taking
final hiring decisions. Opposition softens somewhat for earlier stages (41% oppose Al
reviewing applications). Higher income and tech-savvy groups tend to be more favorable:
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among those aware of Al in hiring, 43% support Al reviewing resumes (Pew Research Center,
2023). Notably, U.S. workers fear loss of human element and potential unfairness.

However, some see benefits: as Figure 1 suggests, around half believe Al would treat all
applicants equally. If past bias experiences color their views, some respondents think more
algorithm use would reduce bias (Pew Research Center, 2023). Cultural differences matter too:
European surveys (Eurobarometer) generally show even greater skepticism about automated
hiring than U.S. data. In summary, while AI’s adoption is growing among firms, broad
acceptance by employees and candidates is mixed; transparency and human oversight remain
key to trust.

Risk, Ethics, and Compliance

Al systems in HR carry legal and ethical risks. Bias and disparate impact is paramount. For
example, NYC Local Law 144 (Effective 2023) requires annual bias audits of any “Automated
Employment Decision Tool (AEDT)” used by covered employers. Auditors must calculate
selection rates and impact ratios for each subgroup (sex, race) in hiring outcomes. The impact
ratio is essentially the hiring rate of a subgroup divided by that of the most-favored group (often
interpreted via the 80% rule). If the ratio falls below threshold, it indicates potential disparate
impact. Firms must then revise their tools. Figure 3 (below) conceptually shows selection-rate
metrics used in bias audits.

Table 1 Example of sex bias audit categories under NYC Local Law 144 (§ 5-301). Each
group’s selection rate (hired + applicants) and impact ratio (selection rate + highest group’s
rate) are shown. “Male” is the reference group (impact ratio = 1.00). Source: Rules of the City
of New York, Title 5, Chapter 5, § 5-301 (Effective May 6, 2023), NYC Local Law 144.

# of Applicants # Selected Selection Rate Impact Ratio
Male 1390 667 48% 1.00
Female 1181 555 47% 0.979

Table 2 Example of race/ethnicity bias audit categories under NYC Local Law 144 (§ 5-301).
Each group's selection rate (hired + applicants) and impact ratio (selection rate + highest
group’s rate) are shown. White (Not Hispanic or Latino) is the reference group (impact ratio =
1.00). Source: Rules of the City of New York, Title 5, Chapter 5, § 5-301 (Effective May 6,
2023), NYC Local Law 144.

Race/Ethnicity Category # Applicants | # Selected | Selection Rate | Impact Ratio
Hispanic or Latino 408 204 50% 0.97
White (Not Hispanic or Latino) 797 412 52% 1.00
Black or African American 0
(Not Hispanic or Latino) 390 170 44% 0.84
Native Hawaiian or Pacific o
Islander (Not Hispanic) 19 >2 44% 0.85
Asian (Not Hispanic or Latino) 616 302 49% 0.95
Native American or Alaska o
Native (Not Hispanic) 41 18 44% 0.85
Two or More Races (Not 213 9% 45% 0.87
Hispanic or Latino)

52
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On a broader scale, the EU’s Al Act classifies Al systems used in hiring and promotion as “high
risk” (European Parliament & Council., 2024). Such systems will be subject to strict
obligations: firms must implement a documented risk management system (continuous
monitoring, error logging), ensure training data quality (representativeness to avoid bias),
maintain transparency (human oversight instructions), and perform conformity assessments by
independent bodies (see Figure 2). This aligns with ISO/IEC 42001, the forthcoming Al
management standard, and NIST’s Al RMF, which both stress governance, risk control, and
audit trails.

In the U.S., regulators have begun issuing guidance. The EEOC (Equal Employment
Opportunity Commission) reminds employers that federal anti-discrimination laws (Title VII)
fully apply to algorithmic hiring. An April 2024 EEOC brief explicitly warns that using biased
data or failing to check outcomes can violate Title VII (Reuters., 2024). Several states (e.g.
Illinois’ AI Video Act, Washington’s Act on Data Privacy and Al) add layers of notice and
consent for using Al video or profiling.

Litigation is emerging. A landmark case is Mobley v. Workday Inc. (2023), where a California
court refused to dismiss a class action accusing Workday’s Al screening tool of embedding
racial and age bias (Reuters., 2024). The judge held Workday (though not the employer) liable
as if it were the employer, because customers delegate hiring to its tool (Reuters., 2024). This
first-of-its-kind suit (and related EEOC brief) signals that companies cannot sidestep liability
by outsourcing decisions to Al. Another active case challenges a tutoring firm’s Al-vetting for
adverse impact (Reuters., 2024). Taken together, these legal developments create strong
incentives for employers to rigorously audit and control their Al hiring tools.

Implementation Playbook
Based on the evidence and risks, we outline a practical Al in HR playbook.

1. Identify use-case and readiness: Not all HR tasks are equally suited to AIl. High-volume
repetitive tasks (resume screening, interview scheduling) are low-hanging fruit. Strategic
matching (skill-to-job fit) also benefits. In contrast, highly nuanced tasks (final interview
decisions, creative performance rating) may resist automation. Conduct an Al readiness
assessment: data availability (large applicant datasets?), outcome labels (past hires, attrition
records), technical capacity, and ethical sensitivity (would the use affect protected groups?).

2. Data and model pipeline: Assemble comprehensive HR data (applications, performance
metrics, turnover). Ensure data quality and privacy compliance (GDPR or equivalent). Pre-
define target variables (e.g. “qualified hire”, or “likely turnover in 6 months”). Train ML
models with cross-validation. Critically, document every step: data sources, feature
engineering, algorithm choices. Maintain explainability: use interpretable models or add
explainability tools (LIME/SHAP). Monitor model drift post-deployment (if input
distributions change, retrain or recalibrate).

3. Human oversight and escalation: Embed human-in-the-loop at critical points. For
example, use Al to shortlist candidates, then have recruiters review top matches (not auto-
reject anyone). Provide employees and candidates with channels to contest Al decisions.
Establish an Al governance committee (including HR, legal, data science) to review
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outcomes and address issues. For every Al hire or retention decision, log reasons to allow
audits. Maintain an incident response plan for Al-related complaints.

4. Metrics and ROI design: Define clear metrics: time-to-hire, funnel conversion rates, offer-
acceptance rate, early retention (90-day survival), diversity ratios, employee engagement
scores, etc. Use experimental or quasi-experimental designs to estimate impact. For
instance, run A/B tests or phased pilots: one region uses new Al tools, another uses status
quo, comparing outcomes. Analyze not only mean differences but distributional effects
(does Al help or harm under-represented applicants?). Track long-term ROI: savings from
shorter vacancy durations, or reduced turnover costs.

5. Governance alignment: Align organizational policies with Al risk frameworks. For
example, map controls to NIST AI RMF functions (Govern, Map, Measure, Manage) and
ISO/IEC 42001 clauses. Use existing compliance structures: if a firm has strong data
governance (e.g. for GDPR), leverage that for Al data governance. Report Al use
transparently in corporate Al inventory (especially if in EU where mandatory registers are
planned). Stay abreast of evolving regulations (NYC, Colorado, EU standards bodies) to
ensure deadlines (e.g. EU’s August 2026 compliance) are met.

Discussion

The body of evidence supports some concrete benefits of HR Al especially in efficiency gains.
Many companies report dramatic reductions in screening time and recruiting costs, and these
findings appear externally valid across industries with high applicant volumes. Evidence on
diversity and retention is more nuanced. While some case reports (Unilever) suggest diversity
improvements, academic caution is warranted given risks of biased data. The potential for Al
to reduce human bias (e.g. blind resume review) is real, but only if designers proactively
counteract historical imbalances.

Trade-offs are evident. Speed vs fairness is a key one: very aggressive Al filtering can introduce
unfairness if not checked. Another is predictive power vs explainability: complex deep learning
models may predict attrition well but offer little insight; simpler logistic models may be
explainable but less accurate. HR leaders must balance innovation with trust and legal
compliance.

Strategically, adoption of Al in HR can signal an organization’s commitment to modern talent
practices. But it also requires change management: upskilling HR staff in data literacy and
clarifying the changing roles of recruiters (from doers to overseers). Ethical culture is critical:
leaders should communicate how and why Al is used in hiring and reassure stakeholders about
fairness controls.

Limitations and Future Research

Our review has limitations. The fast pace of this field means much evidence comes from
industry reports and white papers (some with vendor sponsorship), which may overstate
benefits. Publication bias likely favors positive case studies over null results. Also, data access
is limited: few firms release post-hire performance or long-term retention data.

Future research should track longitudinal effects: e.g., do Al-hired employees stay longer or
perform better? Rigorous causal methods (field experiments, regression discontinuity) can help
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isolate Al impact. The fairness domain needs more attention: methods for optimizing diversity
without sacrificing quality (fair machine learning techniques) should be tested in practice.
Finally, as Al becomes more autonomous (e.g. generative Al interviewing), new questions
about privacy and consent will arise.

Conclusion

Al is increasingly transforming HRM but is not a panacea. Firms can achieve significant
efficiency gains (time and cost) in recruitment by using Al tools. There are plausible quality
and retention benefits, but these depend on thoughtful design and follow-through. Meanwhile,
risks of bias and legal non-compliance are real and have already led to litigation. Our analysis
suggests actionable steps: focus Al on defined use-cases, build robust data pipelines, involve
humans at key points, and measure outcomes rigorously. Importantly, align with emerging
governance standards (NIST, ISO, EU law) to mitigate risks. In sum, responsible Al in HR
requires both the technical tools and the organizational controls to ensure value creation without
undermining fairness or trust.

References

Best Practice Artificial Intelligence. (2021). Al Case Study: Unilever saved over 50,000 hours
in candidate interview time and delivered over £IM annual savings and improved candidate

diversity with machine analysis of video-based interviewing. (Unilever case study, accessed
2025).

Filippucci, F., Gal, P., Jona-Lasinio, C., Leandro, A., & Nicoletti, G. (2024). The impact of
Artificial Intelligence on productivity, distribution and growth: Key mechanisms, initial
evidence and policy challenges (OECD Al Papers No. 15). OECD Publishing.

Nolan, A., Barreneche, A., & Gal, P. (2025). The adoption of Artificial Intelligence in firms
(OECD/BCG/INSEAD 2025 report). OECD Publishing.

Pew Research Center (2023, April 20). Al in Hiring and Evaluating Workers: What Americans
Think. Retrieved from https://www.pewresearch.org/internet/2023/04/20/ai-in-hiring-and-
evaluating-workers-what-americans-think.

Ramit, O. (2020, April 12). 4 New Opportunity for Cost Cutting through People Analytics:
Employee Retention. HBS Digital Initiative.

Reuters. (2024, July 15). Workday must face novel bias lawsuit over Al screening software.
Retrieved from Reuters (NY).

SHRM. (2022, December). The Evolving Role of Al in Recruitment and Retention. SHRM
(labor market insights).

US City of New York, Dept. of Consumer and Worker Protection. (2023). Automated
Employment Decision Tools: FAQ (Local Law 144 guidance).

United States Congress, New York City Council. (2021). Local Law 144 of 2021 (Prohibiting
biased Al in hiring). NYC DCA.

5 5 Libyan Open University Journal of Applied Sciences (LOUJAS)



Libyan Open University Journal of Applied Sciences (LOUJAS)

Volume 1 - Issue 1 - 2025 - Pages 44-56

United States Equal Employment Opportunity Commission. (2024). EEOC Technical
Assistance on Al and Hiring.

European Parliament & Council. (2024). Regulation (EU) 2024/1689 (Artificial Intelligence
Act), Official Journal of the EU.

NIST. (2023). Al Risk Management Framework (Al RMF). National Institute of Standards and
Technology. (Al governance guidelines).

ISO/IEC. (2024). ISO/IEC 42001: Artificial Intelligence - Management systems for Al.
International Organization for Standardization.

(Colorado) Colorado General Assembly. (2024). SB24-205: Consumer Protections for Al Act.
(High-risk Al regulation including employment uses).

5 6 Libyan Open University Journal of Applied Sciences (LOUJAS)



