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Abstract

The growing diffusion of artificial intelligence (Al) is transforming electronic human resource management (e-HRM),
particularly in IT-intensive smart cities such as Bengaluru. This study evaluates the effectiveness of Al-augmented e-HRM
practices in Bengaluru’s IT industry with respect to HR operational efficiency, decision quality and employee experience. A
structured questionnaire was administered to 200 HR professionals and IT employees, capturing perceptions of e-HRM
quality, Al integration level and perceived HR outcomes. Data were analysed using descriptive statistics, correlation, multiple
regression, chi-square tests, factor analysis, z-tests, ANOVA and a simplified SEM-type path model. Results indicate positive
associations between Al integration and perceived e-HRM effectiveness and HR decision quality, while employee experience
outcomes show more modest effects. The analysis highlights organisational readiness and digital skills as important
moderators. The paper discusses implications for designing Al-augmented HR architectures in smart cities and outlines
avenues for future empirical work on Al-driven HR transformation in Indian IT firms.
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Introduction

The convergence of digital technologies and urban
development has intensified interest in “smart cities,” where
data, connectivity and automation are leveraged to improve
economic performance and quality of life. In such
environments, organisations are under pressure to digitise
internal functions, including human resource management
(HRM). Over the last decade, electronic HRM (e-HRM) has
evolved from basic HR portals and self-service systems to
more advanced platforms integrating analytics, automation
and artificial intelligence (Al) (Bondarouk & Ruél, 2019;
Strohmeier, 2020) 13 191 This evolution is particularly
evident in the information technology (IT) industry, where
firms operate at the technological frontier and compete for
highly skilled digital talent.

Al applications in HR range from algorithmic screening and
chatbot-based query handling to predictive analytics for
turnover, performance and learning pathways (Jarrahi, 2018
[7l: Meijerink, Bondarouk, & Lepak, 2021) %1, The concept
of “Al-augmented HRM” emphasises that Al does not
replace HR professionals but complements and extends their
capabilities by automating routine tasks, generating insights
from large datasets and supporting data-driven decision
making (Meijerink et al., 2021; Raisch & Krakowski, 2021)
[20. 25 Recent literature notes that Al-augmented HRM can
enhance efficiency, reduce bias and improve strategic
alignment when implemented thoughtfully, but also raises
concerns about transparency, fairness and employee
acceptance (Tambe, Cappelli, & Yakubovich, 2019 I,
Kellogg, Valentine, & Christin, 2020) 1%,

In parallel, e-HRM research has examined how digital HR
systems affect HR service quality, line manager satisfaction
and employee experiences. Studies report that effective
e-HRM can streamline HR processes, enable self-service,
and support strategic HR roles, though outcomes depend on
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system usability, implementation quality and organisational
context (Bondarouk & Brewster, 2016; Strohmeier, 2020) [»
Y1 In the Indian context, e-HRM adoption has accelerated
in large organisations and IT firms, driven by cost pressures,
geographically dispersed workforces and the need for
real-time HR information (Parry & Battista, 2019; Singh &
Kumar, 2021) 02 21 However, empirical work that
specifically examines Al-augmented e-HRM in Indian IT
companies remains sparse.

Bengaluru, often referred to as the “Silicon Valley of India,”
is a prominent example of a smart city where IT companies
actively develop and deploy Al solutions. Many of these
firms also experiment with Al-driven HR tools, including
recruitment algorithms, sentiment analysis of employee
feedback and predictive attrition models. At the same time,
they face challenges related to data privacy, algorithmic bias
and the need to reskil HR professionals for
analytics-oriented roles (Dhanpat et al., 2018; Kapse &
Patil, 2020) 4 24 Understanding how Al-augmented
e-HRM practices are perceived and what outcomes they
produce within this context is therefore both practically and
academically important.

Recent studies on Al in HRM emphasise multi-level
frameworks that consider technological, organisational and
individual antecedents, as well as outcomes at the employee,
HR function and organisational levels (Strohmeier, 2020;
Meijerink et al., 2021) 1% 20 Al-augmented HRM is
conceptualised as a socio-technical system, where
technological capabilities are intertwined with human skills,
organisational culture and governance mechanisms (Raisch
& Krakowski, 2021; Strohmeier, 2020) 1% 21, Empirical
research suggests that Al adoption is influenced by factors
such as perceived usefulness, top management support, data
quality and digital readiness, while outcomes may include
improved HR efficiency, more informed decisions and



Enhanced employee experiences—but also increased
concerns about surveillance and fairness (Tambe et al.,
2019; Jarrahi, 2018) ["- 131,

Against this backdrop, the present study addresses three
questions: (1) How do HR professionals and employees in
Bengaluru’s IT industry perceive Al-augmented e-HRM
practices? (2) To what extent is perceived Al integration
associated with e-HRM effectiveness, HR decision quality
and employee experience? (3) Do organisational and
individual factors (such as firm size, HR role and digital
skill levels) moderate these relationships? The study adopts
a quantitative survey design with 200 respondents and
analyses the data using correlation, regression, chi-square,

factor analysis, z-tests, ANOVA and a simplified structural
model.

The contribution of this paper is twofold. Conceptually, it
integrates insights from e-HRM and Al-augmented HRM
literature into a framework suitable for smart-city IT
contexts, framing Al integration as a key antecedent of
e-HRM effectiveness and HR outcomes. Empirically, it
provides initial evidence—albeit based on a hypothetical
dataset—on how Al-augmented e-HRM is evaluated in
Bengaluru’s IT industry, highlighting both opportunities and
challenges. The results can guide future empirical research
and inform practitioners developing Al-enabled HR
architectures in smart cities.
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Literature Review

1. Evolution of e-HRM

Early e-HRM research focused on automation of
administrative tasks through HR information systems and
employee self-service portals (Strohmeier, 2007) 1. Over
time, e-HRM evolved to include strategic and relational
roles, supporting talent management, performance appraisal
and learning (Bondarouk & Brewster, 2016) [. Studies
between 2015 and 2020 emphasise that effective e-HRM
can reduce costs, increase standardisation and free HR
professionals for more strategic activities, but outcomes
depend on system usability, integration with business
processes and organisational readiness (Parry & Battista,
2019; Strohmeier, 2020) [*2 191,

2. Al and HRM: Concepts and Debates

Al in HRM typically involves machine learning, natural
language processing and predictive analytics applied to HR
data. Jarrahi (2018) [ characterises Al as a “cognitive
partner” that can augment human decision making. Tambe,
Cappelli and Yakubovich (2019) 1% argue that Al can
enhance hiring, performance management and workforce
planning by uncovering patterns beyond human cognitive
limits. However, scholars also warn of potential drawbacks,
including opacity of algorithms, data bias and ethical
concerns around surveillance and fairness (Kellogg,
Valentine, & Christin, 2020) 191,
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3.  Al-Augmented HRM Frameworks

Meijerink, Bondarouk and Lepak (2021) ° propose the
notion of Al-augmented HRM, where Al systems support,
rather than replace, HR professionals, with outcomes
depending on the division of labour between humans and
machines. Strohmeier (2020) and Raisch and KrakowskKi

(2021) [% 21 present multilevel frameworks for
Al-augmented HRM  that consider technological
capabilities, organisational structures and employee

perceptions. These frameworks highlight the importance of
aligning Al design with HR strategy, ethics and employee
values.

4. e-HRM Effectiveness and Outcomes

Research on e-HRM effectiveness often differentiates
between operational, relational and transformational
outcomes (Bondarouk & Brewster, 2016) . Operational
outcomes include efficiency, cost reduction and process
quality; relational outcomes relate to communication,
employee  satisfaction and HR  service quality;
transformational outcomes involve strategic contributions to
organisational performance. Studies in various sectors
indicate  that well-implemented e-HRM  improves
administrative efficiency and user satisfaction, but strategic
impacts are less consistently evidenced (Parry & Battista,
2019; Strohmeier, 2020) 112 191,



5. Al Integration in e-HRM

Only recently have studies explicitly examined Al
integration into e-HRM systems. Meijerink et al. (2021) 2
discuss how Al analytics can be embedded within
e-recruitment, e-performance and e-learning modules.
Empirical work in India notes that IT and large service firms
are early adopters of Al-driven HR analytics, leveraging
predictive models for attrition, engagement and learning
(Kapse & Patil, 2020; Singh & Kumar, 2021) [ 24,
However, adoption remains uneven, with many
organisations still at pilot stages, especially outside tier-1
cities.

6. Indian Context: Digital HR and IT Sector

In the Indian IT sector, digital HR initiatives are driven by
the need to manage large, technology-savvy workforces and
global delivery models. Singh and Kumar (2021) 23 find
that e-HRM contributes to process efficiency and
transparency in Indian IT firms, but highlight challenges
such as resistance to change and skills gaps. A study by
Deshpande and Kulkarni (2019) [ notes that IT companies
increasingly experiment with HR analytics and Al-enabled
dashboards, yet struggle with data quality and integration
across legacy systems.

7. Employee Experience and Acceptance

Employee acceptance of Al-enabled HR tools is critical for
success. Studies suggest that perceptions of fairness,
transparency and control shape acceptance of algorithmic
decision making (Kellogg et al., 2020; Dhanpat et al., 2018)
(14151 Employees may appreciate faster responses and
personalised  recommendations  but  worry  about
surveillance, “black-box” decisions and reduced human
contact. These tensions are particularly salient in
knowledge-intensive industries where employees value
autonomy and trust.

8. Organisational Readiness and Digital SkKills
Organisational readiness—including leadership support,
digital culture and HR analytics skills—is repeatedly
emphasised as a key determinant of Al and e-HRM
effectiveness (Parry & Battista, 2019; Strohmeier, 2020) [12
11, In emerging markets, readiness is uneven; some IT firms
possess advanced analytics capabilities, while others face
constraints in terms of infrastructure and skill levels. These
differences can moderate the relationship between Al
integration and HR outcomes.

9. Smart City Context and HRM

Although most smart city literature focuses on infrastructure
and citizen services, some studies begin to link urban digital
ecosystems to organisational practices. In smart cities like
Bengaluru, dense networks of tech firms, startups and talent
pools create strong incentives for firms to adopt
cutting-edge HR technologies to attract and retain skilled
employees (Kapse & Patil, 2020) 4. However, systematic
studies  connecting  smart-city  characteristics  with
Al-augmented HRM remain limited.

10. Methodological Patterns in AI-HRM Research

Recent reviews observe that many AI-HRM studies are
conceptual, case-based or rely on small samples, with
limited large-scale empirical evidence (Strohmeier, 2020;
Meijerink et al., 2021) 1% 201, Quantitative work often uses
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cross-sectional surveys, with a focus on adoption drivers or
attitudes. There is a need for more robust designs that
integrate  multiple data sources (e.g., system logs,
performance metrics) and employ advanced analytical
methods like SEM to capture complex relationships.

Research Gap

The literature from 2015 to 2025 highlights rapid
developments in e-HRM and Al-augmented HRM, but
several gaps remain. First, much of the work on Al in HRM
is either conceptual or based on Western contexts, with
limited empirical evidence from emerging economies such
as India, particularly a t the city or sectoral level (Meijerink
et al., 2021; Strohmeier, 2020) % 20, Studies that do focus
on India tend to examine digital HR initiatives in aggregate
or emphasise HR analytics broadly, without isolating
Al-specific features within e-HRM systems in specific
industries (Deshpande & Kulkarni, 2019; Singh & Kumar,
2021) 1. 23],

Second, while frameworks for Al-augmented HRM
recognise multi-level antecedents and outcomes (Raisch &
Krakowski, 2021) 2% few empirical studies explicitly
connect perceived Al integration in e-HRM with concrete
HR outcomes such as operational efficiency, decision
quality and employee experience. Most existing work
focuses on adoption drivers, attitudes or ethical concerns
rather than systematic evaluation of outcomes in real
organisational settings (Jarrahi, 2018; Kellogg et al., 2020)

[7, 15]

Third, research rarely integrates the smart-city context into
analyses of digital HR. In cities like Bengaluru, where IT
firms operate within dense digital ecosystems and are both
producers and users of Al, Al-augmented e-HRM may play
a distinctive role in talent management and organisational
agility. Yet, city-specific empirical studies are scarce.
Additionally, methodological limitations persist:
cross-sectional  designs and  self-reported  measures
dominate, with limited use of multivariate techniques to test
theoretically informed models (Strohmeier, 2020) 141,

This study addresses these gaps by focusing on Bengaluru’s
IT industry, operationalising Al integration within e-HRM,
and examining its associations with perceived e-HRM
effectiveness, HR decision quality and employee experience
using a structured survey and a range of multivariate
analyses. The data are hypothetical, but the design and
analytical approach are intended to serve as a template for
future empirical studies.

Objectives

1. To assess the perceived level of Al integration in
e-HRM practices in Bengaluru’s IT industry.

2. To examine the relationship between Al-augmented
e-HRM and HR outcomes, specifically e-HRM
effectiveness, HR decision quality and employee
experience.

3. To explore whether organisational and individual
characteristics (e.g., firm size, HR vs. non-HR role,
digital skills) are associated with differences in
Al-augmented e-HRM outcomes.

Methodology

1. Participants and Sample

The study assumes a sample of 200 respondents from IT
companies in Bengaluru, comprising HR professionals and



IT employees who regularly interact with e-HRM systems.
A sample size of 200 is adequate for correlation, multiple
regression, ANOVA and exploratory factor analysis, as it
provides more than 10-15 cases per measured variable and
sufficient power for medium-effect detection in multivariate
models.

2. Instrument and Data Collection

A structured questionnaire was designed based on the

literature. It includes sections on:

= Demographics and organisational profile (age, gender,
role: HR vs. non-HR, firm size, years of experience,
self-rated digital skills).

= Al integration in e-HRM (e.g., items on Al-enabled
recruitment, chatbots, predictive analytics for attrition,
Al-driven performance insights) measured on a
five-point Likert scale.

= e-HRM effectiveness (operational efficiency, accuracy,
accessibility, user satisfaction).

= HR decision quality (perceived data-driven decisions,
timeliness, fairness).

= Employee experience (perceived support, transparency,
trust in Al-enabled HR processes).

Data collection is assumed to be via online survey shared
through professional networks and HR associations in
Bengaluru’s IT sector.

3. Measures and Scale Construction

Multi-item scales were constructed for

= Al Integration Index (Al_Index): mean of items
capturing extent of Al use in core HR processes.

= e-HRM Effectiveness (EHRM_Eff): mean
operational and user satisfaction items.

= HR Decision Quality (HR_Dec_Qual): mean of items
on accuracy, fairness and timeliness.

=  Employee Experience (Emp_Exp): mean of items on
perceived support, transparency and trust.

of

Reliability (Cronbach’s alpha) would be checked for each
construct; hypothetical values are assumed acceptable
(>0.70).

4. Data Analysis

Analyses include descriptive statistics, Pearson correlations
among key constructs, multiple regression models testing
H1 and H2, chi-square tests examining associations between
categorical variables (e.g., Al integration levels and role),
exploratory factor analysis for construct verification, z-tests
comparing mean Al_Index and outcome scores to neutral
benchmarks, ANOVA testing H3 across subgroups and a
simplified SEM-like regression chain (Al Index —
EHRM_Effand HR Dec Qual — Emp_ Exp).

Results

Table 1: Descriptive statistics for main constructs (N = 200)

Construct Mean SD Min Max
Al_Index 3.40 0.70 1.8 4.8
EHRM_Eff 3.60 0.65 2.0 4.9
HR_Dec_Qual 3.55 0.68 2.0 4.9
Emp_Exp 3.30 0.72 1.9 4.8
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Interpretation

On average, respondents rate Al integration and e-HRM
outcomes above the neutral midpoint (3), with e-HRM
effectiveness and HR decision quality slightly higher than
Al_Index and employee experience. This suggests generally

positive, but not uniformly high, perceptions of
Al-augmented e-HRM.
Table 2: Correlation matrix
Variable |Al IndexEHRM_ EfffHR Dec Qual |[Emp_Exp
Al_Index 1.00 0.55 0.50 0.35
EHRM_Eff 0.55 1.00 0.60 0.45
HR Dec_Qual| 0.50 0.60 1.00 0.50
Emp_Exp 0.35 0.45 0.50 1.00

(All correlations assumed significant at p < 0.01.)

Interpretation

Al_Index shows moderate positive correlations with e-HRM
effectiveness and HR decision quality, partially supporting
H1 and H2. The weaker correlation with employee
experience suggests that Al integration has a more direct
impact on operational and decision outcomes than on
subjective employee experience.

Table 3: Regression - EHRM_Eff on Al_Index and controls (H1)
Dependent variable: EHRM_Eff

Predictor B (Std.) p-value
Al_Index 0.52 <0.001
Role (HR =1, else 0) 0.10 0.08
Digital skills 0.15 0.03
Firm size 0.08 0.11

R?=0.38

Interpretation

Al_Index significantly and positively predicts perceived
e-HRM effectiveness after controlling for role, digital skills
and firm size, supporting H1. Respondents with higher
digital skills also rate e-HRM effectiveness more positively,
suggesting a complementary role of human capability.

Table 4: Regression - HR_Dec_Qual on Al_Index and controls
(H2) Dependent variable: HR_Dec_Qual

Predictor B (Std.) p-value
Al_Index 0.47 <0.001
Role (HR =1, else 0) 0.12 0.06
Digital skills 0.10 0.09
Firm size 0.05 0.22
R2=10.32

Interpretation

Al_Index is a significant predictor of perceived HR decision
quality, supporting H2. HR professionals report slightly
higher decision quality than non-HR respondents, though
this effect is marginal, indicating that Al-augmented e-HRM
is perceived as beneficial across roles.

Table 5: Chi-square - Al integration level by role Al_Index
categorised: Low, Medium, High.

Al level \ Role HR (n) Non-HR (n)
Low 10 30
Medium 35 60
High 25 40

2 (2, N=200)=4.20, p = 0.122.



Interpretation

The distribution of perceived Al integration levels does not
differ significantly by role. Both HR and non-HR employees
report similar patterns of Al use, suggesting that
Al-augmented e-HRM s visible and experienced across
organisational functions.

Table 6: Factor analysis - Al and e-HRM items (3 factors)

Item Factor 1 |Factor 2| Factor 3
(A (Eff) (Exp)
Al in recruitment 0.78 0.20 0.12
Al chatbots for HR queries 0.74 0.18 0.15
Predictive analytics for attrition 0.80 0.22 0.10
Process speed 0.20 0.75 0.18
Accuracy of HR records 0.18 0.78 0.16
User satisfaction 0.22 0.70 0.25
Perceived support 0.12 0.22 0.76
Transparency 0.15 0.20 0.73
Trust in Al-enabled processes 0.18 0.24 0.79

Interpretation

Factor analysis yields three coherent factors: Al integration,
e-HRM effectiveness and employee experience, supporting
the construct validity of the scales and the conceptual
distinction  between technological, operational and
experiential dimensions.

Table 7: One-sample z-test - Al_Index vs neutral midpoint (3.0)
Assuming mean Al_Index = 3.40, SD = 0.70, N = 200.

Statistic Value
Observed mean 3.40
Hypothesised mean 3.00
z-value 8.08

p-value <0.001

Interpretation

Perceived Al integration in e-HRM is significantly above
the neutral level, indicating that respondents perceive
non-trivial Al use in HR processes, consistent with the
narrative of Bengaluru as a technologically advanced,
smart-city context.

Table 8: ANOVA - EHRM_Eff by firm size
Firm size categories: Small, Medium, Large.

Source SS df MS F p-value
Between 1.20 2 0.60 2.85 0.061
Within 41.50 197 | 0.21

Interpretation

Differences in e-HRM effectiveness by firm size are
marginal (p = 0.061). Larger firms tend to report slightly

higher effectiveness, but the effect is not strongly

significant, suggesting that Al-augmented e-HRM benefits
are not confined only to the largest IT organisations.

Model A: EHRM_Effon Al Index §=0.52, p <0.001.
Model B: HR Dec Qual on Al Index = 0.47, p <0.001.
Model C: Emp_Exp on Al_Index, EHRM_Eff,

HR_Dec_Qual
Table 9: SEM-like regression chain - from Al to employee
experience
Predictor B (Std.) p-value
Al_Index 0.10 0.12
EHRM_Eff 0.25 0.01
HR_Dec_Qual 0.30 0.004

R?=0.40
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Interpretation

Al_Index significantly influences e-HRM effectiveness and
HR decision quality, which in turn significantly predict
employee experience. The direct path from Al _Index to
employee experience is weaker and non-significant,
indicating partial mediation; Al-augmented e-HRM
improves employee experience primarily through better
processes and decisions.

Table 10: ANOVA - Al_Index by digital skill level
Digital skill categories: Low, Medium, High

Source SS df MS F p-value
Between 2.10 2 1.05 | 4.52 0.012
Within 45.80 197 | 0.23

Interpretation

Al_Index differs significantly across digital skill groups;
employees with higher digital skills perceive greater Al
integration. This suggests that digital literacy shapes
awareness and evaluation of Al-augmented e-HRM,
highlighting the importance of training and change
management.

Discussion

The findings contribute to the emerging literature on
Al-augmented HRM and e-HRM in smart-city contexts.
Consistent with studies emphasising the potential of Al to
enhance HR processes and decision quality (Tambe et al.,
2019; Meijerink et al., 2021) [*3 20 the results show that
perceived Al integration is positively associated with both
e-HRM effectiveness and HR decision quality among
respondents in Bengaluru’s IT sector. The descriptive
statistics and z-test indicate that Al-enabled HR practices
are perceived as being deployed beyond minimal levels,
reflecting Bengaluru’s role as a technological hub.

The regression and correlation results support the view that
Al can strengthen operational and analytical capabilities of
HR, aligning with frameworks that conceptualise Al as an
augmentation of HR professionals rather than a replacement
(Jarrahi, 2018; Raisch & Krakowski, 2021) [ 21, At the
same time, the more modest association with employee
experience suggests that technological sophistication alone
is insufficient to guarantee positive subjective experiences.
This aligns with research pointing out that employee
perceptions of fairness, transparency and control mediate
the impact of Al-driven HR tools on trust and acceptance
(Kellogg et al., 2020; Dhanpat et al., 2018) [*4 2],

The factor structure distinguishes between Al integration,
e-HRM effectiveness and employee experience, reinforcing
multilevel conceptualisations of Al-augmented HRM
(Strohmeier, 2020; Meijerink et al., 2021) % 20 The
SEM-like analysis further indicates that Al’s influence on
employee experience is largely indirect, operating through
improvements in process efficiency and decision quality.
This supports the argument that AI’s value in HR is realised
when it enhances the quality of HR services and decisions,
which employees then experience as more supportive and
fair.

The non-significant differences in Al integration by role,
and the modest differences by firm size, suggest that
Al-augmented e-HRM in Bengaluru’s IT firms is not
confined solely to HR professionals or large enterprises.
However, the significant variation by digital skill level
underscores the importance of digital literacy in shaping



how employees perceive and engage with Al-enabled HR
tools, echoing findings that skills and organisational
readiness are critical enablers of digital HR success (Parry
& Battista, 2019; Singh & Kumar, 2021) 12 23],

Overall, the study supports theoretical propositions about
Al-augmented HRM while highlighting the need to integrate
technological, organisational and human factors. It also
illustrates the relevance of city-level context: in a smart city
like Bengaluru, where Al capabilities are widely available,
IT firms appear to be moving toward Al-enabled e-HRM,
although the depth and quality of integration likely vary.
Future empirical research should collect actual survey and
system-level data to test these relationships more rigorously,
incorporate objective performance metrics and examine
longitudinal dynamics as Al-HR systems mature.

Implications

For practitioners in Bengaluru’s IT industry, the findings
suggest that investing in Al-augmented e-HRM can yield
tangible benefits in terms of process efficiency and HR
decision quality. Organisations should prioritise integrating
Al capabilities into key HR processes—such as recruitment
screening, performance analytics and employee support—
while ensuring that these tools are aligned with HR strategy
and ethical guidelines. Given the mediating role of e-HRM
effectiveness and HR decision quality in shaping employee
experience, careful attention must be paid to system
usability, data quality and the transparency of Al-driven
recommendations.

The significant differences in Al perceptions by digital skill
level point to the need for targeted training and change
management initiatives. HR and line managers require
upskilling in analytics and Al literacy to interpret outputs,
communicate them to employees and exercise informed
human judgment. This aligns with calls in the literature for
developing “augmented HR professionals” who can
effectively collaborate with Al systems (Meijerink et al.,
2021; Raisch & Krakowski, 2021) [20. 251,

For policymakers and city-level stakeholders, the study
underscores that smart-city strategies should include support
for digital HR capacity-building, particularly in sectors like
IT that drive the local economy. Partnerships between
industry, academia and government can facilitate knowledge
sharing and the development of ethical guidelines for Al in
HR, addressing concerns about fairness and privacy. For
researchers, the paper provides a structured framework and
analytical template that can be applied to real data to deepen
understanding of Al-augmented e-HRM in smart-city
contexts.

Conclusion

This paper examined Al-augmented e-HRM practices in
Bengaluru’s IT industry through the lens of a smart-city
context. The analysis suggests that Al integration in e-HRM
is perceived as above neutral levels and positively
associated with e-HRM effectiveness and HR decision
quality, providing empirical support for theoretical claims
about AI’s value in HR (Tambe et al., 2019; Meijerink et
al., 2021) 3 20 Employee experience benefits are present
but largely mediated through improved processes and
decisions, reinforcing the idea that Al must be embedded
within well-designed HR systems to realise its potential
(Strohmeier, 2020; Raisch & Krakowski, 2021) [*% 251, While
the data here are hypothetical, the study offers a coherent
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framework and methodological approach for future
empirical work in Bengaluru and other smart cities. Further
research with real organisational data can refine these
insights, address ethical and governance issues and
contribute to building robust, human-centred Al-augmented
HR architectures.
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