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I.  Introduction

The integration of Artificial Intelligence (Al) into human resource management has revolutionized
traditional practices particularly in recruitment and onboarding. Recruitment the process of identifying and hiring
the best-qualified candidate for a job and onboarding the strategic integration of new hires into an organization
are vital for maintaining a competitive workforce (Breaugh, 2008; Bauer, 2010). Historically, recruitment
involved labour-intensive, time-consuming methods such as job advertisements, resume screening, and in-person
interviews, which often led to inconsistent hiring outcomes (Barber, 1998; Chapman & Webster, 2003).

With the advent of Al, these processes have undergone a digital transformation. Al-powered tools such
as resume parsers, predictive analytics, chatbots and video interview platforms now streamline candidate
sourcing, screening, and evaluation, thereby improving speed and accuracy (Upadhyay & Khandelwal, 2018;
Sikka, 2020; Dineen & Allen, 2016). Machine learning algorithms can analyze vast datasets to identify suitable
candidates, forecast job performance, and reduce unconscious bias in hiring decisions (Tambe, Cappelli, &
Yakubovich, 2019; Bogen & Rieke, 2018). As a result, organizations are able to enhance recruitment efficiency
by reducing cost-per-hire and time-to-fill while improving quality-of-hire metrics (Black & van Esch, 2020;
LinkedIn, 2022).

Al also plays a crucial role in onboarding by delivering personalized learning experiences, automating
administrative tasks, and facilitating early engagement (Kaur, 2021; Deloitte, 2019). Intelligent onboarding
platforms use natural language processing (NLP) and Al agents to guide new employees through company
policies, job expectations, and team dynamics (Chamorro-Premuzic, Akhtar, Winsborough, & Sherman, 2017).
Such systems significantly reduce manual workload on HR departments and enable faster acclimatization of new
hires (Laker & Powell, 2011; Jaramillo & Mulki, 2020).

Despite the evident benefits, Al implementation in HR is not without challenges. Concerns around data
privacy, algorithmic transparency and ethical governance remain pressing issues (Raghavan, Barocas, Kleinberg,
& Levy, 2020; Binns, Veale, Van Kleek, & Shadbolt, 2018). The human touch in recruitment and onboarding
which contributes to cultural alignment and emotional engagement may be compromised if not strategically
balanced with Al integration (Meijerink, Bondarouk, & Lepak, 2020).

In this paper, we barkingly analysis the double-edged effect of Al on recruitment efficiency and
onboarding effectiveness. It investigates how Al technologies support these HR functionalities and the views of
primary agents and the morality of their application. By summarizing current literature and empirical findings,
this study seeks to fill this gap and contribute to the discursive construction of Al in the field of talent acquisition
and integration.

Il.  Literature Review

Evolution Of Recruitment Practices

Involve the use of trainees for the purposes of recruiting individuals, which has been a primarily intuitive
process that relies heavily on newspapers, walk-ins and a virtually non-existent internal referral system (Barber,
1998; Breaugh, 2008). Time-Consuming: The traditional methods, customized as they were, were time-
consuming and quite often not very effective (Newell, 2005). This digitization process of recruitment started with
job boards like Monster and Naukri in the 1990s and extended to the development of Applicant Tracking Systems
(ATS) in 2000s (Lee, 2005; Cappelli, 2001). These early systems collected resumes and searched for keyword
matches, but did not have decision support (Chapman & Webster, 2003).

Predictive hiring technology was enabled by the rise of data analytics and early versions of algorithmic
screening (Bersin, 2017; Chamorro-Premuzic et al., 2016). Questioning of candidate experience, and hiring
biases, lingered, indicative of when rule-based systems fall short (VVan Esch et al., 2019). The next generation of
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recruitment platforms uses tools and technology to solve these challenges such as utilizing artificial intelligence
to computerize decision-making (Tambe, Cappelli, & Yakubovich, 2019).

Artificial Intelligence In Recruitment

Al has transformed the process of selection by enabling machines to search, sort and test the job
candidates based on a complex computational measurement (Upadhyay& Khandelwal, 2018). For instance, Al-
driven chatbots are deployed for early-stage screening, responding to FAQs, and scheduling interviews (Black
& van Esch, 2020; IBM, 2021). The algorithms scores the decisions of each candidate on the basis of skills, job-
fit and predictive success factors, in reference to the machine learning algorithms (Huang & Rust, 2021; Bogen
& Rieke, 2018). Al models also enable scoring and ranking based on past patterns of success (Chatterjee et al.,
2021).

Al mitigates human biases as it helps in identifying patterns present in the data, rather than the opinions
and judgements (Raghavan et al., 2020; Binns et al., 2018). Resume parsing accuracy and matching get better
due to NLP from contextual comprehension (Dastin, 2018; Goel et al., 2020). Firms such as HireVue, Pymetrics
and XOPA Al have introduced Al-assisted video interviews that consider facial expressions, tone and diction
(Ajunwa, 2020; Harwell, 2019).

The use of Al in hiring has been charged with supporting the continued existence of latent biases in the
training data (Crawford 2021; Obermeyer et al. Similarly, it is now a critical design consideration to design
algorithms that are explainable and fair (Mittelstadt et al., 2016).

Recruitment Efficiency

Recruitment efficiency is a measure of the speed, accuracy and cost in which the recruitment process
can be completed. Performance metrics are time-to-fill, cost -per-hire, and quality-of-hire (Cascio &
Montealegre, 2016). Al enhances these measures by taking over some of the daily tasks, e.g., job posting and
interview invitation scheduling, as resume screening (Sikka, 2020; Deloitte, 2019). Predictive models shorten
time-to-hire by pre-screening high-probability candidates before they ever apply (Lepak & Snell, 2002).

Research indicates that Al adoption in recruitment can reduce hiring time by up to 30% and increase
selection accuracy by 25% (LinkedIn, 2022; Ernst & Young, 2020). Chatbots like Mya and Olivia handle initial
queries, improving responsiveness and candidate satisfaction (Van Esch & Black, 2019).Al tools can scan passive
candidate databases expanding the talent pipeline (Verhoeven & Williams, 2021).

Despite these benefits, some researchers caution that over-reliance on automation could lead to loss of
nuanced judgment, especially for complex roles (Colbert, Yee, & George, 2016). A hybrid model blending human
oversight with Al tools is recommended (Tursunbayeva et al., 2018).

Al-Driven Onboarding Systems

New Employee Onboarding is a critically important phase with impact on new employee engagement
and retention (Bauer, 2010). Rather than the time-consuming process it once was — where applicants would often
be left waiting for paperwork to process, meetings about onboarding and HR to coordinate — it’s now a digital-
driven, quick-fire, machine gun tactic event. Al informed onboarding tools automate document verification and
customized learning paths (Kaur, 2021; Jain & Sharma, 2020) as well as facilitate delivery of just-in-time
contents. Products like Enboarder and Talmundo use Al to assess how employees feel about their prospects as
an employee and customize onboarding programs to make them feel welcome (Mercer, 2020).

Chat-bots and virtual assistants will also guide you through policies and FAQs when you are new to the
company: lessening the burden on your HR and making you day one prepared and responsive (Sundar & Turner,
2020). Al can also perform socialization mapping, matching new employees with the right mentors or peer
groups by analysing communication patterns (Bersin & Chamorro-Premuzic, 2019). For virtual or hybrid
onboarding, Al-driven onboarding becomes more important as the remote actions in the remote engaging learners
to decreasing distance (Wang et al., 2020). There are ethical issues around Al observing the on-boarding
processes secretly from employees, especially if this is done at a distance (Zuboff, 2019). For trust to be
established, such systems must be transparent and guarantee data privacy (Tambe et al., 2019).

Onboarding Effectiveness

Better onboarding results in greater engagement among employees, quicker ramp-up time, and lower
turnover (Klein & Polin, 2012). Al enables proactive monitoring with dashboards and analytics for interventions
as appropriate (Jaramillo & Mulki, 2020). Customised marketing onboarding paths also depending on the role,
learning style and department can speed knowledge retention and absorbtion (Laker & Powell, 2011; Garg &
Saini, 2019).
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Businesses that use Al-driven onboarding see a 50% higher employee satisfaction score, and a 30%
increase in first-year retention (Gallup, 2021). Such findings suggest that Al may serve to align that which
individual employees expect with an organization’s culture (Luthans et al., 2008).

The efficacy of onboarding can not only be rooted in technology, but involves empathy, emotional
encouragement and relationship-building, which to this day remains beyond the realm of capability of Al systems
(Meijerink, Bondarouk, & Lepak, 2020). Thus, Al should complement, rather than replace, human-centric
onboarding methods (Saks & Gruman, 2018).

Stakeholder Perceptions And Ethical Implications

The use of Al in HR creates ethical concerns related to fairness, accountability and transparency (Floridi
etal. HR pros have hope, but worry about Al created by HRM.AI’s skilled coders in artificial intelligence believe
this approachable Al can help reduce noise and scattered conversations, enhance organizational understanding
and decision-making and gain deeper insights about internal conversations compared to one-off surveys and
“suggestion” boxes by both employees and managers (HRM. Workers looking for jobs have similarly ambivalent
reactions, since some like the speed, while others feel like they're being processed through an impersonal machine
(Langer et al., 2019).

Legislation such as the EU’s GDPR and the forthcoming AI Act highlights the necessity for
transparency and auditability of Al systems (Brkan, 2021). Scholars advocate for the deployment of explainable
Al (XAI) models in hiring to ensure accountability to this end (Arrieta et al., 2020). Responsible Al design
requires fairness-aware algorithms, methods for privacy-preserving model training and ongoing bias diagnosis
(Zliobaite, 2017; Binns, 2018).

Input Process QOutput Model Of Ai’s Impact On Recruitment And Onboarding

Inputs Processes Outputs Moderators /
(Al Technologies) (HR Functions) (Outcomes) Feedadar Factors
Machine L Resume Reduced Stakeholder
Learning Screening Time-to-Hire Perception
Natural Candidate Higher Ethical
Language i | Shortlistzing Recruitment Governance
Processing Accuracy
Interview Data
Chatbots& 1 Scheduling —»  Faster > privacy Laws
Virtual Onboarding
Assistants Completion
Fit &Potential Organizational
i > Assessment > Culture
Predictive Improved
Analytics Retention &
Al-Guided Satisfaction Technology
K Integration > Maturity
Enhanced
> HR
Efficiency
Chart:1

The chart illustrates how Al technologies like machine learning and NLP are applied to HR processes
such as resume screening and interview scheduling. These applications lead to outputs like reduced time-to-hire
and improved retention. The effectiveness of these outcomes is moderated by factors like stakeholder perception,
ethical governance, and data privacy laws. The diagram shows a system where Al inputs transform HR functions,
resulting in specific outcomes that are influenced by various moderating factors.
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Comparison: Traditional vs. Al-Based Recruitment & Onboarding Models

Aspect / Metric

Traditional Model

Al-Based Model

Result / Outcome

Time-to-Hire

30-45 days (manual resume
sorting, scheduling delays)

10-20 days (automated
screening & scheduling)

50-65% faster
recruitment cycle

Cost-per-Hire

%40,000-%70,000 (multiple
touchpoints, HR effort-
intensive)

%15,000-%35,000 (reduced
human hours, ATS
optimization)

40-60% cost savings

Candidate Screening

Subjective, bias-prone,

Data-driven, skill-based,

25-40% improvement in

Accuracy inconsistent predictive scoring quality-of-hire
Scalability of Hiring Limited (HR bandwidth High (parallel processing of Mass hiring becomes
constraints) 1000+ applicants) feasible
Onboarding Speed 1-3 weeks (manual 3-5 days (Al-driven Up to 70% faster
documentation & training automation & personalized onboarding

schedules)

LMS)

Employee Engagement

Generic welcome process

Personalized Al-assisted
onboarding experience

Strong early-stage
engagement

Candidate Experience

Inconsistent communication,

24/7 chatbot support, status

30-50% improvement in

low transparency tracking candidate satisfaction
Bias in Decision-Making High (influenced by Lower (if using fair, trained Reduced bias — but
subjective judgment and first Al models) requires auditability

impressions)

Data Utilization

Minimal historical learning

Continuous learning from HR
metrics and applicant data

Predictive insights over
time

Compliance &
Documentation

Manual, error-prone
recordkeeping

Automated record trails,
prefilled digital forms

Legal and audit readiness

Table:1

This comparison, quite visibly proves Al recruitment and onboarding to have considerably superior
speed, economies of scale, and the ability to scale. Al improves accuracy of candidate screening, automates
onboarding workflows and optimizes both candidate and employee experiences. But while Al can eliminate bias
and optimize data utilization, it also introduces additional ethical considerations that demand regulation. HR’s
Al OPPORTUNITY Al has the potential to be transformational for HR but its deployment should have its
accountability in hand, and be delivered in a people-centred way.

I11.  Theoretical Background

5 Artificial Intelligence and HRM There are several theoretical constructs which seek to justify the use
Al in HRM, its impact and its ethical aspect. This perception of usefulness and ease of use as affecting the
adoption of Al tools in the recruitment and onboarding process is related to a model such as the TAM (Davis,
1989) or the UTAUT (Venkatesh et al., 2003). According to the Resource-Based View (Barney, 1991), Al
technologies are strategic resources and foster organizational effectiveness and competitive advantage. Al
enabled onboarding and hiring increases the likelihood of hiring and developing relevant skills from employees
in support of Human Capital Theory (Becker, 1964). Downloaded from vi (Breaugh 2008; Bauer 2010) -check
impact of Al on traditional processes of HR that control and include the employee. More broadly, ethical Al
(e.g., European Commission, 2019) and fairness considerations in algorithms (Barocas et al., 2017) underscore a
need for transparency, accountability and adherence to laws when using Al in humancentered applications. Taken
together, these theories present a strong basis for an evidence-based inquiry into (i) the development, (ii) impacts,
(iii) efficacy and (iv) ethical aspects of Al in the recruitment and onboarding process.

Gap Of The Study

Notwithstanding all the growing literature on the use of Artificial Intelligence (Al) in human resource
processes, scholars still know little about how Al can be used effectively to improve both recruitment efficiency
and quality of onboarding in one overarching analytical framework. Studies focus on the technical capabilities
exhibited by the Al deployed (e.g., automation, predictive analytics, natural language processing) rather than the
broader ranging effects that these technol- ogies have on all phases of the talent acquisition and integration
process. Furthermore, the literature mainly considers recruitment and onboarding as separate domains, with
fragmented contents reported. Although operational benefits from Al like faster hiring processes and better
screening accuracy are commonly cited, little evidence is available on stakeholder perceptions, particularly of
measures of fairness, emotional resonance, or organizational culture enabled (or impeded) by Al. In addition,
while ethical issues related to algorithmic bias, data privacy, and accountability are recognized, there is a lack of
evidence-based frameworks to inform the operationalization of explainable, responsible, and human-centered Al
in the recruitment and onboarding processes. Finally, we note that many of the studies analysed in the existing
literature fail to consider robust theoretical underpinnings, and make limited use of theoretical frameworks such
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as the Technology Acceptance Model, Human Capital Theory, or fairness-aware Al principles, thus pointing to
an emerging need for studies that connect breakthroughs in technical knowledge on Al-powered HRM to
strategic; ethical; and experiential dimensions of HRM with Al.

Scope Of The Study

This paper specially focused on the Al in recruitment and selection of the HRM. It is a wide examination
of scholarly works and business literature and theoretical constructs with the objective of understanding how Al
enhances the speed, accuracy, and cost-effectiveness of, and employee onboarding a.) Orienting employees b.)
Integrating employees, and c.) Retaining employees, during the hiring process. Rather, the study uses secondary
sources and it is not essentially empirical and instead adopts a thematic concept map type review. A structured
comparison-based analysis is conducted on the adoption of Al technologies machine learning algorithm, natural
language processing, predictive analytics, etc and the onboarding of automation platforms in this work. The latter
also discusses the stakeholder viewpoints, and the ethical, regulatory and organisational aspects of HR process
Al adoption in the analysis. This is limited to work published in the last twenty years, with the most general
search provided to get an impression of the most recent image. This review thus aims to integrate inconsistent
observations, pinpoint theoretical lacunae and propose future avenues of research focusing on the viewpoint of
Al and HRM practices.

Objectives Of The Study

1.To systematically review the evolution of Al technologies in the context of recruitment and onboarding
functions.

2. To critically analyse existing literature on the impact of Al on recruitment efficiency, with emphasis on speed,
accuracy, and cost-effectiveness.

3. To evaluate scholarly insights regarding Al-enhanced onboarding practices and their effectiveness in employee
integration and engagement.

4.To synthesize reported ethical, legal, and organizational challenges associated with the deployment of Al in
HR processes.

IV.  Research Methodology

By employing the structured thematic literature review methodology, this research investigates the
influence of Al on the efficiency of recruitment and the effectiveness of onboarding in the HRM literature.
Underpinned by a conceptual analysis, the study only relies on secondary sources of data: peer-reviewed articles;
industry whitepapers and authoritative institutional documents published between 2000 and 2024. A systematic
search was performed in academic databases such as Scopus, Web of Science, JSTOR, ScienceDirect and Google
Scholar with a range of search terms such as “Al in recruitment,” “Al onboarding systems,” “machine learning
in HR” and “ethical challenges in Al adoption.” In accordance with the selection criteria, we deliberately favor
English-language papers with high academic quality and obvious relevance to the HR and Al intersection.
Review methods adhered to the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-analyses)
statement to guarantee methodological transparency and topic areas were systematically searched via title,
abstract, and full text. Approximately 50 academic resources in total were identified as relevant and thematically
analysed, using qualitative coding methods to content purge- extract insights pertaining to four very broad themes:
Al in HR and the recruitment evolution, efficiency metrics associated with recruitment and on-boarding impact
on organisational goals and ethical-legal considerations. The approach was interpretative and comparative, the
aim to synthesise conceptually rather than to measure empirically. This approach offers a solid base for
comprehending the transformative nature of Al on HR practices and also focuses on the main holes and the
directions for the future empirical research.

PRISMA Flow Diagram

Figure:1
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The literature search process for this review paper is presented in the PRISMA (Preferred Reporting
Items for Systematic reviews and Meta-Analyses) diagram below. A total of 512 records were found via academic
databases; Scopus, Web of Science, JSTOR and Google Scholar, with additional 48 records from institutional
and industry reports. After omitting duplicates, 490 records were presented and subjected to relevancy screening.
Among them, we excluded 390 articles after screening the titles and abstracts, and evaluated 100 full text articles
for eligibility. An additional 50 articles screened were also excluded because of irrelevance, methodological
limitations, or duplication. Fifty studies met the inclusion criteria for the final synthesis. This procedure
guaranteed the comprehensiveness, methodological robustness and currency of the review to the most relevant
academic and professional literature on Al in recruitment and onboarding processes.

V.  Limitations

Although we provide useful knowledge about how Al can be used throughout the recruitment and
onboarding process, our capabilities are not without limitations. This study is limited in that it is based on
secondary data sources and therefore empirical validation of the study suffers. Implications Not including
original data collection may limit generalisability to other types of organisations. The second limitation was the
review period (2000-2024) and we did not limit latest findings or thoughts on researches beyond 2025. Thirdly,
the approach is translated to the level of across- to within-industry forgetting that there was industry-specific
madness in its deployment and in the attitude to it. The review is restricted to the English literature, as a
consequence, there may be language bias with respect to the studies and non-English literature. Finally, thematic
synthesis rather than quantification is elected by the method, but more empirical testing through field studies is
needed.

VI.  Future Research Direction

Further studies are required to develop Al at the initial stage of recruitment and onboarding, as well as
theoretical explanation by empirical evidences. Again, longitudinal studies are necessary to explore the long term
effects of these mechanisms — and father down the effect on employee performance, satisfaction and
organizational outcomes ascribed to Al in recruitment- and onboarding. This type of research is perhaps crucial
if we are to better predict the long-term efficacy and risks associated with the introduction of Al in HR. Second,
future studies on Al Narula andMacCormack technology adoption need to consider the cross domain comparison
of technology adoption behavior, and compare the Al Narula and MacCormack technology adoption in domain
specific context such as technology, health, education, manufacturing, etc. The third, mixed method, has the
advantage of potentially being the best of both worlds, quantifying the performance of a context and benefiting
from the value added by the presence of qualitative information by stakeholders Allow the possibility of acquiring
more well-rounded context knowledge. The emotional and psychological impact of the Al intervention on the
job hiring and onboarding should also be further scrutinized, both for the job applicant and for the newcomer.
Finally, as the need for policy-driven research for the law, Al ethics governance and the delineation of industry-
grade fair and responsible Al usage in HRM grows. These perspectives will shape a more informed, equitable
and higher-impact next chapter in the evolution of Al and HRM.

VIl.  Findings

A strong positive impact of Al on recruitment effectiveness and onboarding success in HRM is revealed
in the SLR. The research also showed that Al technologies such as those used for predictive analytics, natural
language processing and chatbots have slashed time-to-hire and cost-per-hire, all the while improving the
accuracy of targeted candidate sourcing. These are the technologies that get used to help process vast amounts of
data, and aid in parsing CVs and ranking candidates, and cut some of the painful administrative parts out of a
hiring flow.” For onboarding, 16% of Al applications were supporting companies in providing personalized
learning paths, 7% were automating the document checking phase in onboarding and 5% were detecting or
influencing early stage engagement in employees for faster speed to competence or lower turnover. Related: Al
platforms can feed back to you in real time, analyse sentiment, and personalize what gets trained based on what
your workers need and your business needs. Results also suggest substantial ethical and practical implications,
such as ethical and privacy concerns of customer data, lack of transparency of decisions derived from algorithms,
and the potential dehumanization of HR interactions. Stakeholder views reveal a ‘guarded optimism there are
possibilities, but also challenges, in particular the risks of unfairness, lack of transparency and loss of human
empathy in Al.

VIII.  Suggestions
Based on the find-ings, several actionable suggestions are provided to promote ethi-cal and efficient
using of Al in human resource management. Companies have to think about these practices as part of a hybrid
model of recruiting, really combining the horsepower of Al and the judgment of humans, and that empathy and

DOI: 10.9790/7439-0203012633 www.iosrjournals.org 31| Page



The Impact Of Artificial Intelligence On Recruitment Efficiency And Onboarding Effectiveness

context are not that far from good decision-making. Regular Al tool audit can be mandated to mitigate algorithmic
biases, while fairness-aware design frameworks may be incorporated to promote fairness and inclusivity. In the
onboarding process, HR will need to figure out how to incorporate the technology’s Al (artificial intelligence)
capabilities to automate routine tasks that can open up room for human engagement, mentorship, and cultural
acclimation. HR needs to be coached to be digital literate, read Al results and have insight in the processes and
be able to manage it in order to successfully implement Al. we need internal feedback loops to assess Al interface
usage and moderate the future. These actions will lead to a more transparent, inclusive, and human-centric
utilization of Al in HR functions.

IX.  Conclusion

This research critically evaluated the impact of Artificial Intelligence (Al) on recruitment speed and ease,
as well as on optimal onboarding and was followed by a thorough literature and theoretical development. The
results confirm Al has truly revolutionized traditional HR processes by speeding up the process, increasing
quality, and scaling talent transfer in a human-like scale. Using solutions like machine learning algorithms, Al
chatbots and intelligent onboarding systems, businesses can optimize workflow, maximize cost-savings and
enhance the candidate and employee experience. The study also calls for efforts to combat ethical problems such
as data privacy, algorithmic bias and decline of human-centered values. The research highlights the need for a
human-first perspective, with Al working in tandem with humans in HR, rather than taking over the decision-
making process. In the sense that the technological landscape changes, it is necessary for organizations,
policymakers, and researchers to develop together frameworks that guarantee transparency, accountability and
inclusivity in the application of Al in recruitment and onboarding. In the end, the successfulness of Al in HRM
will be determined not only by its technical effectiveness but also by its embeddedness in ethical considerations
and human values.
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