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Abstract

This research examines the impact of Artificial Intelligence (Al), on development practices of talent management, with particular respect
to engagement, retention and organizational commitment. Organizations face pressure to not only retain talented employees but have
improved HR efficiency. Al provides a new approach to talent management through predictive analytics, personalized engagement, and
data-informed retention. The current study builds on available literature in talent management, as we conceptualize Al as both
moderating and mediating within traditional HR roles. We employed a cross-sectional design, as we accessed employees from the IT,
health care and education sectors. Once we gathered the data, we analyzed it using SPSS and Hayes Process to measure relationships
among variables. Our findings indicate that Al provides a stronger link between engagement and organizational commitment, as well as
improving the chances of turnover intention through proactive retention practices. We contribute to both theory and practice and advance
the argument Al provides modernity to HR practices. We suggest future directions that can expand our understanding within other
sectors and determine Al's enduring effect in development of competencies.

Keywords: Artificial Intelligence, Enhancing Talent, Management Practices, Engagement Retention, and Organizational Commitment.

INTRODUCTION

In today’s changing business world, the effective handling of
talent is now seen as a factor, for a company’s achievement. The
usual ways of managing talent. Like hiring employees, growing
their skills and commitment and keeping them in the organization.
Are not enough anymore to cope with the challenges of today’s
market. By incorporating Artificial Intelligence (Al hereafter) into
Human Resources (HR hereafter) practices there is potential for
transformation. Al can handle tasks automatically improve
decision making accuracy and customize employee experiences to
boost productivity (Tarique & Schuler 2010). Incorporating Al
driven tools such as analytics and chatbots, alongside machine
learning algorithms can greatly improve talent management by
boosting employee involvement and strengthening loyalty. The
new study expands on the groundwork laid out by Antony and
colleagues (2023) who delved into talent management aspects,
within education institutions but missed considering the impact of
technological advancements, on talent management practices
adequately addressed in their research work. This investigation
seeks to bridge this gap by delving into how Al powered strategies
can enhance talent management practices across sectors. The
inclusion of Al in talent management practices is a rapid area of
interest yet remains under explored in academic literature. By
addressing how Al influences core talent management outcomes
such as engagement, retention, and organizational commitment,
this study aligns with current industry trends and provides
actionable insights for HR professionals. The novelty lies in
investigating Al’s role as both an enabler and moderator in the
relationships between these constructs, a dimension not addressed
in the base study. This study holds importance as it merges HR
concepts with Al tools effectively. It presents a structure for
examining how Al can address issues in talent management like
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turnover cases, lack of employee engagement and inadequate
synchronization with company objectives. In this way the research
adds value to both knowledge and practical application by
introducing viewpoints, for academic discourse and practical
tactics for corporate implementation.
Talent management is crucial for the success of an organization,
but it still encounters major obstacles such as employee disinterest,
frequent exits, and mismatch between employee dreams and
company objectives (Antony et al., 2023). Al presents an
opportunity to tackle these issues through the provision of
retention analytics tools, targeted engagement strategies, and
predictive talent acquisition methods. However, it remains unclear
to what extent Al-powered solutions can enhance talent
management outcomes, specifically in boosting organizational
dedication and reducing turnover intent. While Antony et al.
(2023) study centered on talent management elements such as
recruitment, involvement, and staff retention, it did not consider
the impact of technological advancements on various companies.
This study aims to bridge this gap by examining how Al can help
maximize these elements and overcome existing challenges.
This research seeks to answer the following questions:
1. How does Al integration influence talent engagement and
retention in diverse sectors?
2. What role does Al play in strengthening the relationship
between talent engagement and organizational commitment?
3. To what extent can Al mitigate turnover intentions through
predictive and personalized interventions?
4. How does Al usage vary in its impact across industries (e.g.,
education, healthcare, IT)?
To explore the role of Al in enhancing talent management
practices, with a specific focus on improving talent engagement,
retention, and organizational commitment across diverse
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industries

1. To recognize the particular Al tools and technologies
employed in talent management such as chatbots, predictive
analytics, and machine learning algorithms.

2. To investigate how Al impacts the connection between talent
engagement and organizational commitment.

3. To evaluate how Al can reduce employees' desire to leave by
providing individualized predictions and interventions.

4. To assess how Al affects talent management practices
differently in various industries, including education, IT, and
healthcare.

5. To offer practical suggestions for companies implementing
Al-powered tactics for effective talent management.

LITERATURE REVIEW
Existing literature extensively discusses traditional talent
management practices but has limited insights into AI’s potential
in this domain. For example, recent studies on Al in HRM focus
on operational efficiency rather than its strategic impact on
employee outcomes (Tarique & Schuler, 2010; Sparrow &
Makram, 2015). This research bridges the gap by integrating Al
into the talent management framework, thereby offering a
modernized perspective. It also builds on the limitations of the
base paper, which was geographically restricted to India and
sector- specific to higher education. The study suggests using a
framework that combines Al as a new moderator that can influence
all the wvariables, also strengthens the relation between talent
engagement and organizational commitment. So, this is a new
variable that I would like to add in the framework although I have
also added talent retention to better understand Antony’s
framework (Sparrow & Makram, 2015).
Al-driven platforms, such as personalized learning systems and
feedback systems, increase employee engagement by tailoring
experiences to individual needs (Tarique & Schuler, 2010). Al can
analyze employee data to predict turnover risks, enabling
organizations to take proactive retention actions (Hustled, 2018).
Al-driven interventions can strengthen employees' emotional
connection to the organization by aligning work with their
personal preferences and career aspirations (Jiang et al., 2012). Al
systems can assess patterns that lead to turnover, helping managers
mitigate risks by offering personalized solutions (Booth &
Thomas, 2021). The theory suggests that Al impacts each of these
aspects and also plays a role in the connections between talent
engagement, retention, and organizational commitment. Al is seen
as a facilitator that enhances the impact of talent engagement on
organizational loyalty, as Al interventions provide customized
engagement opportunities that increase the employee's connection
to the organization.

This research aims to address these gaps in research by producing

a modern framework that incorporates Al into the talent

management process, across sectors, in diverse industries, chiefly

in the South Asian setting.

While traditional recruitment strategies focus on finding suitable

candidates, Al can optimize this process and ensure better job-

person fit, which is expected to increase early-stage talent
engagement (Tarique & Schuler, 2010). The relationship between

Al-driven recruitment and engagement is under-explored,

especially in industries outside of IT and business, creating a gap
in literature. Several studies have established the link between
employee engagement and organizational commitment (Jiang et
al., 2012), but the role of Al in strengthening this relationship is
still emerging. By customizing engagement experiences, Al has
the potential to enhance commitment more effectively than
traditional methods, but this remains an area that needs further
exploration. While Al has been widely researched in recruitment
and engagement, its moderating role in strengthening the link
between engagement and organizational commitment has not been
fully investigated. This study proposes examining how Al
interventions (like personalized feedback and career development
tools) might amplify the effects of engagement on organizational
commitment. Another gap exists in understanding how Al-driven
talent management strategies vary across sectors. Studies in the
base paper and others have focused primarily on traditional sectors
(e.g., higher education and IT), with little focus on how AI might
function in industries like healthcare, manufacturing, or public
service. This study will fill this gap by evaluating AI’s
effectiveness in different contexts.

H1: Al-enhanced talent recruitment strategies are positively
related to organizational commitment. Al tools that facilitate the
selection of candidates who match the organization's values,
culture, and goals will lead to higher commitment levels.

H2: Al tools that optimize the recruitment process (e.g., predictive
analytics) are positively related to talent engagement. By offering
personalized and efficient recruitment experience, Al will increase
the engagement levels of new employees.

H3: Al-driven talent engagement initiatives positively predict
organizational commitment.

Al's ability to provide tailored experiences and real-time feedback
will strengthen employees' commitment to their organization.

H4: Al engagement mediates the relationship between Al-
enhanced talent recruitment strategies and organizational
commitment. Through Al tools, higher engagement levels will
directly lead to stronger organizational commitment.

HS5: Al-driven talent retention strategies will be negatively related
to turnover intention. Al algorithms will help identify and address
factors that contribute to employee turnover, leading to a more
stable workforce.

Heé: Al will moderate the relationship between talent engagement
and organizational commitment, such that Al-enhanced talent
engagement strategies will have a stronger effect on organizational
commitment than traditional engagement methods.

H7: The impact of AI on talent management outcomes
(engagement, retention, commitment) will vary across different
sectors (e.g., education, healthcare, IT). These hypotheses provide
a clear framework for examining the impact of Al on various
aspects of talent management, building upon and extending the
findings from the base paper.

Theoretical Foundation

This research is anchored in two primary theories. Resource-Based
View (RBV) (Barney, 1991) talented employees are a key internal
resource that provides a competitive advantage. When supported
by Al, organizations can enhance their ability to attract, engage,
and retain these valuable resources. Social Exchange Theory
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(SET) (Blau, 1964) according to SET, employees build stronger
commitment when they experience mutual respect and support. Al
tools provide personalized engagement, career support, and
recognition — strengthening the psychological contract between
employees and the organization. Al technologies provide greater
accuracy and efficiency leading to greater comprehend and
streamline hiring workflows. Predictive analytics provide
decreased bias, identifying the strongest candidates while

increasing employee retention (Upadhyay & Khandelwal, 2022).

Several tools that are designed to improve candidate-job fit such

as Al chatbots, automated interviews, and resume screening are

becoming popular (Van Esch et al., 2021). The potential for Al
technology in improving employee engagement is huge.

Personalized learning platforms, virtual feedback assistants, and

Al-enabled performance monitoring tools help personalize the

workers’ experiences (Jarrahi et al., 2022). When workers feel

involved, backed, and directed toward the organization's goals,

engagement is strengthened (Bersin, 2021).

Predicting employee turnover is one of the most effective Al

applications. Algorithms based on machine learning can examine

behavior, feedback, and performance data and isolate early
indications of disengagement as key signals. Organizations can
then take specific actions through a return to stability with role
shifts, adjustments, rewards, mentorship, or other methods to
retain the worker talent (Chatterjee et al.,2022; Min, 2021). Al
promotes organizational commitment by providing personalized
career development, continuous learning, and prompt recognition.
These practices create a sense of value and commitment to a
company's future for employees and help build emotional
attachment (Alshurideh et al., 2020). Al tools can mitigate
turnover intention by resolving common causes of dissatisfaction,
such as lack of awareness of the path to growth or lack of
recognition. With AI addressing issues such as suggesting tailored
development plans and work-life improvements employees feel
satisfied and are less inclined to consider leaving their jobs

(Sivathanu & Pillai, 2020; Huang & Rust, 2021). Flexible Al

adoption differs by industry. Information technology (IT)

companies lead the way for frontline user HR adoption (and usage)
of Al tools followed by the healthcare and education industries.

However, as many of the studies in the past have focused primarily

on one industry, it limits the ability for generalization across

industries. Hence the necessity for cross-industry studies (Dwivedi
et al., 2021). Though there is an increasing interest in Al and HR
related research, there remain several research gaps:

e Very little research examines Al as a moderator between
engagement and organizational commitment, for example.

e Some studies look into how Al affects talent retention, but
overall, there is a lack of research that specifically investigates
how Al impacts talent retention.

e Existing literature has largely lacked cross-sector analysis.

Most studies examine developed economies, and emerging

economies are largely absent.

THEORETICAL FRAMEWORK
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RESEARCH METHODOLOGY

The study will utilize descriptive and exploratory research. The
research seeks to investigate and depict how Al influences talent
management results (engagement, retention, organizational
commitment, and turnover intention). As the emphasis is on
grasping the connection between Al- based strategies and results
in talent management, this method will offer a full understanding
of Al's impact in various sectors. To describe the current state of
Al adoption in talent management across various sectors and its
impact on employee outcomes. To investigate under-explored
areas such as AI’s moderating role in talent engagement and its
sectoral variations, providing a basis for future studies. The target
population for this study will consist of employees working in
organizations across three industries including IT, healthcare, and
education. These sectors have different levels of Al adoption and
talent management practices, making them ideal for examining
variations in Al's impact. A total of 600 employees will be
surveyed (200 from each industry). A minimum of 200
respondents per industry will provide sufficient statistical power
to detect significant effects and ensure robust data. A stratified
random sampling method will be used to ensure representation
from each industry. Within each industry, participants will be
randomly selected from HR databases or company directories to
minimize selection bias. Stratification will be based on roles (e.g.,
HR professionals, managers, and employees) to capture varying
perspectives on Al in talent management. Stratified Sampling:
This method ensures the sample reflects key subgroups (by
industry and role) and enhances the precision of results. The
primary data collection method will be online surveys distributed
via email or HR platforms. The survey will be designed to capture
data on: Questions on Al tools used in recruitment, engagement,
retention, and turnover prediction. Items assessing engagement,
organizational commitment, and turnover intention, based on
established scales (Jiang et al., 2012; Hustled, 2018). Information
on industry, role, and experience to provide context for data
analysis. The survey will use a Likert scale (1-5) to assess
agreement with statements related to Al and its impact on
employee experience. Structural Equation Modeling (SEM) will
be used to test the relationships between Al, talent management
outcomes, and employee behaviors. SEM allows for the
examination of direct and indirect effects, as well as the
moderating role of Al. Hayes’s PROCESS macro will be used to
analyze Al as a moderator between talent engagement and
organizational commitment, testing hypotheses H6 and H7. To
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provide an overview of Al adoption in the different industries and
the demographic characteristics of the respondents. SPSS and
AMOS will be used for data analysis, ensuring the reliability and
validity of results. The research will adopt a cross-sectional design,
collecting data at a single point in time.

Since the data will be collected from surveys, there is a potential
risk of CMB. To mitigate this, Harman’s single-factor test will be
conducted to check for common method variance (Podsakoffet al.,
2003). Although stratified sampling helps reduce selection bias,
the study may still be limited by the self-selection of respondents,
especially if participants opt in based on their experience with Al.
The study will focus on three specific sectors (IT, healthcare, and
education). While these industries offer valuable insights, the
findings may not be directly applicable to other sectors, limiting
the generalizability of the results. Respondents may provide
socially desirable answers regarding their engagement with Al
tools. To address this, questions will be designed to focus on
objective outcomes, such as Al tool usage frequency and concrete
examples of Al interventions.

DATA ANALYSIS

High Internal Consistency: Cronbach’s Alpha =.923 (for 4 items),
indicating excellent reliability (o > .9). The scale measuring these
variables (T Reten, Recruit, Og Comit, T Eng) is highly
consistent.

Table 1: Descriptive analysis

Variable N Mini Max M SD
1 Talent Retention 205 1 5 3.67 0.84
2 Talent Recruitment 205 1 5 3.45 0.82
3 Organizational 205 1 5 3.61 0.8
Commitment
4 Talent Engagement 205 1 5 3.67 0.76

Note. M =Mean; SD = Standard Deviation. All variables measured

on a 1-5 scale
All variables are measured on a 1-5 scale (Likert-type). Highest
Mean T _Eng (Employee Engagement, Mean = 3.67) and T Reten
(Retention, Mean = 3.67) are slightly above mid-scale, suggesting
moderate-to-high levels. T Recruit (Recruitment Time, Mean =
3.45) is marginally lower but still neutral-positive. Similar
standard deviations (~0.76—0.84) show comparable spread across

responses.
Table 2: Correlation Analysis
Variable 1 2 3 4
1 Talent Retention 1
2 Talent Recruitment 679%* 1
3 Organizational Commitment .778**  741%%* 1
4 Talent Engagement JI86%*F .699**  834** ]
All variables (T Reten, T Recut, Og Comit, T Eng) are

significantly correlated (p<.01) with each other, indicating strong
linear associations. T_Eng <> Og_Comit: Highest correlation (r =
.834), suggesting employee engagement (T _Eng) and
organizational commitment (Og_Comit) are closely linked.
T Reten <> T Eng (r = .786) and T Reten < Og Comit (r =
.776): Retention (T _Reten) is strongly tied to both engagement and
commitment. T Recut <> Og Comit (r = .741): Recruitment time
(T _Recut) also relates strongly to commitment. Engagement (T
Eng) is a central variable, closely tied to both retention and
commitment. Recruitment and retention strategies should consider

their joint impact on engagement and commitment.
Table 3: Model 4 (Outcome T Eng)

R R-sq MSE F dfl df2 p
.6990 4886 2997 193.9651 1.0000 203.0000 .0000
Model coeff se t p LLCI ULCI
constant  1.4223  .1660  8.5703 .0000  1.0951 1.7495
T Recrut .6519 .0468 13.9271  .0000 5596 7442
Table 4: Model 4 (Og_Comit)
R R-sq MSE F dfl df2 p
.8625 7439 1639 293.4496 2.0000 202.0000 .0000
Model coeff se t p LLCI ULCI
constant  0.2076  0.1432 14498  0.1487 -0.0747 0.4899
T Recrut 0.3007 0.0484 6.2131 0.0000 0.2053 0.3961
T Eng  0.6436  0.0519 12.4018 0.0000 0.5413 0.7459
Table 5: Direct and Indirect Effects of X on Y
Direct Effect
Effect SE T- p-value LLCI ULCI
value
0.3007  0.0484  6.2131 0.000 0.2053 0.3961
Indirect effect(s) of Xon'Y
Effect BootSE  BootLLCI  BootULCI
T Eng 4196 .0586 3141 5416

T Recrut — Og_Comit significant positive effect (B =-0.3007, p
<.001). For every 1-unit increase in recruitment time (T _Recrut),
organizational commitment (Og_Comit) decreases by 0.30 units,
holding other factors constant. T Recrut — T Eng — Og_Comit:
Significant mediation via employee engagement (T Eng). The
indirect effect (f =0.4196, 95% CI [0.3141, 0.5416]) suggests that
recruitment time also positively influences commitment by
improving engagement. The direct (negative) and indirect
(positive) effects oppose each other, indicating competitive
mediation. The net effect depends on which path dominates.
Strong predictive power for both steps as the value of R =.49, p
<.001 in case of T_Eng and value of R? =.74, p <.001 in case of
Og_Comit. Recruitment time has dual effects on commitment: a
direct negative impact but an indirect positive effect via
engagement. The significant mediation suggests engagement is a
key mechanism. The negative direct effect coefficient (-0.3007)
contradicts typical expectations; verify variable coding or theory.

CONCLUSION

This study aims to investigate how Artificial Intelligence can
improve talent management practices in different industries. The
study offers both theoretical contributions and practical
implications by analyzing how Al affects talent engagement,
retention, organizational commitment, and turnover intention. The
framework of the study incorporates the Resource-Based View
(RBV) and Social Exchange Theory (SET) and applies them to the
contemporary, Al-driven work environment. The suggested
hypotheses, which consider Al's moderating and mediating
functions, present new perspectives on how Al could transform
HR practices. The study will add to the expanding knowledge base
on Al in HR by filling in gaps in current research, specifically
related to how Al can influence the impact of talent engagement
on organizational commitment. Moreover, the research will
provide a holistic understanding of how Al is effective in various
settings by analyzing differences across sectors. In the end, the
results will offer HR professionals and leaders of organizations
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with data-driven tactics to improve Al integration for talent
management, resulting in better organizational results and
employee contentment.
While the study will provide valuable insights into the role of Al
in talent management, several limitations must be acknowledged.
The research will focus on three industries: IT, healthcare, and
education. Although these sectors provide useful comparisons, the
results may not be generalizable to all sectors. Industries like
manufacturing, retail, or government may adopt Al differently,
leading to variations not captured in this study. Since data will be
collected through surveys, responses may be subject to biases such
as social desirability bias or response bias. Respondents may
overstate their engagement with Al tools or provide responses they
believe are expected. This will be mitigated through the careful
design of the survey and statistical techniques like Harman’s
single-factor test to check for common method bias. Al tools vary
widely in their implementation across industries. The study
assumes that organizations use Al tools for talent management, but
the types and sophistication of these tools may vary. This variation
may impact the consistency and comparability of the data. As the
study is cross-sectional, it only captures a snapshot of AI’s impact
at a single point in time. Longitudinal studies would be needed to
assess the long-term effects of Al integration in talent
management. While the research will include a cross-industry
focus, it will still be limited by the geographic locations of the
organizations sampled. Al adoption in talent management may
differ based on geographical context (e.g., countries with varying
technological infrastructure or HR maturity levels).
While this study contributes valuable insights into the role of
Artificial Intelligence (Al) in talent management, several areas
remain open for further exploration. Future research should adopt
a longitudinal design to assess the long-term impact of Al
interventions on employee engagement, retention, and
organizational commitment over time. This study focused on IT,
healthcare, and education. Future studies should explore AI’s role
in industries such as manufacturing, public sector organizations,
and retail to enhance generalizability. Cross-country comparative
studies can examine how cultural and infrastructural differences
affect Al adoption in HR practices, especially in under-researched
regions like South Asia, the Middle East, or Africa. Alongside Al,
future research could consider other digital tools such as
blockchain, virtual reality (VR), or natural language processing
(NLP) in transforming HR processes. Additional work is needed
to understand how employees perceive Al’s presence in HR,
particularly regarding transparency, fairness, and data privacy
concerns. Further research should investigate how biases in Al
systems affect recruitment or retention decisions, and what ethical
safeguards are required for responsible Al usage in HR.
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