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Abstract

Background: The integration of Artificial Intelligence (Al) into Human Resource Management (HRM) practices represents a
significant transformation in how organisations recruit, develop, and manage human capital. However, Al-HRM adoption is
uneven and fraught with ethical, legal, and workforce management challenges.

Objective: This study investigates the key enablers and barriers of AI-HRM adoption, examines adoption levels across
industry sectors and organisation sizes, and identifies the perceived organisational outcomes of AI-HRM implementation.
Method: A quantitative survey was conducted with 280 HR professionals and line managers across manufacturing, financial
services, information technology, and healthcare sectors, selected through purposive sampling. Data were analysed using
descriptive statistics and one-way ANOVA in SPSS v29. This study uses a simulated dataset created for academic training
purposes.

Key Results: Operational efficiency gains (M = 4.31) and data-driven decision-making (M = 4.18) were the highest-ranked
enablers. Algorithmic bias and fairness concerns (M = 4.09) and data privacy risks (M = 3.98) constituted the most significant
barriers. AI-HRM adoption was highest in the IT sector (58% high adoption) and lowest in healthcare (18%). Large
organisations demonstrated significantly higher adoption rates than small firms.

Conclusion: Al offers transformative potential for HRM but requires robust ethical governance frameworks, Al literacy
investment, and context-sensitive implementation strategies to realise its benefits equitably across sector and size contexts.
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Introduction

The application of Artificial Intelligence (Al) to Human
Resource Management represents one of the most
consequential and contested domains of organisational
digitalisation ™. AI-HRM encompasses a spectrum of
technologies — from machine learning-based applicant
tracking systems and natural language processing-enabled
chatbots to algorithmic performance management and
predictive attrition modelling — each of which promises to
enhance the efficiency, objectivity, and strategic value of
people management functions [ 31,

The global HR technology market was valued at over USD
35 billion in 2024 and is projected to reach USD 81 billion
by 2030, driven principally by Al integration ™. Leading
multinational corporations in the technology, finance, and
professional services sectors have been early adopters,
deploying Al for candidate screening, competency
assessment, sentiment analysis, and workforce planning at
scale 1. Amazon, Unilever, and IBM represent widely cited
cases of large-scale Al-HRM deployment, with reported
efficiency gains in time-to-hire and predictive accuracy in
talent assessment 1,

Yet the adoption of Al in HRM has not been without
controversy. The high-profile failure of Amazon's Al
recruitment tool — found to systematically discriminate
against female candidates by virtue of training data biases
reflecting historical hiring patterns — crystallised concerns
about algorithmic fairness, transparency, and accountability
that now occupy central positions in the academic and
policy discourse on Al ethics . The European Union's

Artificial Intelligence Act (2024) explicitly classifies Al
systems used in employment and HR management as "high-
risk," mandating stringent requirements for transparency,
human oversight, and bias auditing (1.

Despite the growing scholarly attention to AI-HRM,
empirical comparative analyses examining adoption
patterns, perceived enablers and barriers, and sector-level
heterogeneity in a single study design remain limited [ I,
This study addresses that gap by surveying 280 HR
professionals across four industry sectors and three
organisation-size  categories, producing a systematic
evidence base on the current landscape of AI-HRM
adoption and its perceived outcomes.

Literature Review
1. Theoretical Framework: Technology Acceptance
Model and Institutional Theory

The Technology Acceptance Model (TAM), originally
proposed by Davis [*Y and extended by Venkatesh and Bala
112 provides the primary theoretical lens for understanding
Al-HRM adoption. TAM posits that perceived usefulness
and perceived ease of use are the two principal determinants
of technology adoption intention. In the HRM context,
perceived usefulness maps to expected operational
efficiency, decision quality improvement, and strategic HR
value creation 23],

Institutional theory supplements TAM by explaining the
isomorphic pressures — coercive (regulatory mandates),
mimetic (imitation of successful competitors), and
normative (professional norms) — that drive organisations



toward technology adoption independent of purely rational
cost-benefit calculus [*4l. Sectors subject to strong regulatory
oversight (e.g., financial services) may adopt Al-HRM
partly in response to coercive pressures for compliance and
audit trail management.

2. Enablers of AI-HRM Adoption

The principal enablers documented in the literature include:
(i) efficiency in routine HR processes — Al-powered
applicant tracking and onboarding chatbots have been
shown to reduce time-to-hire by 40-60% and administrative
processing costs by 30% [°1; (ii) enhanced predictive
analytics for talent management — machine learning
models applied to workforce data enable more accurate
predictions of attrition risk, performance trajectories, and
skill gaps [, and (iii) de-biasing potential — structured
algorithmic scoring of candidates based on job-relevant
criteria theoretically eliminates unconscious human bias in
early screening stages [*71.

3. Barriers to AI-HRM Adoption

Algorithmic bias is the most widely cited ethical concern in
Al-HRM [ 81 Training data reflecting historical human
decision patterns can encode and perpetuate existing biases
along gender, racial, and socioeconomic lines, producing
systematically discriminatory outputs that violate principles
of equality and non-discrimination [8. Explicability and
transparency of Al decision-making — the so-called "black
box" problem — further complicates accountability in HR
contexts where decisions have direct individual career
consequences 19,

Data privacy concerns, especially in the context of the EU's
General Data Protection Regulation (GDPR) and the Al Act
B create significant legal compliance burdens for
organisations collecting and processing employee and
candidate data through Al systems. Workforce displacement
fears — the perception that Al will eliminate HR and line
management roles — constitute an organisational change
management barrier 201,

4. Research Gap

While individual aspects of Al-HRM adoption have been
studied, systematic comparative analyses across multiple
sectors and organisation sizes that simultaneously assess

both enablers and barriers within a single study are rare [,
This study fills that gap.

Methodology

1. Research Design and Sample

A quantitative cross-sectional survey design was employed.
The target population comprised HR managers and line
managers with decision-making authority over HR
technology adoption in their organisations. Purposive
sampling was used to recruit 280 respondents across four
sectors (manufacturing, financial services, IT, healthcare)
and three organisation-size categories. This study uses a
simulated dataset created for academic training purposes.

2. Data Collection Instrument

A structured questionnaire was developed drawing on
established Al adoption scales ™2 and HR digitalisation
literature (%1, The instrument comprised: (i) respondent and
organisational profiling (8 items); (ii) Al-HRM adoption
level (single categorical item: high/moderate/low/none); (iii)
enablers of AI-HRM adoption (10 items, 5-point Likert
scale: 1 = Strongly Disagree, 5 = Strongly Agree); and (iv)
barriers to AI-HRM adoption (10 items, same scale).
Cronbach's alpha for the enablers scale was .88 and for the
barriers scale .86, indicating strong internal consistency.

3. Statistical Analysis

Descriptive statistics (means, standard deviations, frequency
distributions) were computed for all variables. One-way
ANOVA was used to test for statistically significant
differences in adoption levels across sectors and
organisation sizes. Post-hoc Tukey's HSD tests identified
specific between-group differences. All analyses were
conducted in IBM SPSS Statistics v29.0, with significance
setatp <.05.

Results and Discussion

1. Respondent Profile

Table 10 presents the profile of the 280 respondents. The
sample was distributed across manufacturing (30%),
financial services (25%), IT (25%), and healthcare (20%).
Organisation sizes were distributed between small (30%),
medium (40%), and large (30%) firms. Most respondents
had 5-10 years of HR experience (40%).

Table 1: Respondent Profile: HR and Line Managers (N = 280)

Characteristic Category Frequency (n) Percentage (%)
Sector Manufacturing 84 30.0
Financial Services 70 25.0
Information Technology 70 25.0
Healthcare 56 20.0
Organisation Size Small (< 50 employees) 84 30.0
Medium (50-249) 112 40.0
Large (250+) 84 30.0
Exﬁle:e;ce <5 years 98 35.0
5-10 years 112 40.0
> 10 years 70 25.0

Source: Simulated dataset for academic training purposes, 2026

1. AI-HRM Enablers and Barriers

Table 11 presents mean scores and rankings for the key Al-
HRM enablers and barriers. Operational efficiency gains (M
= 4.31, SD = 0.61) was ranked as the primary enabler,
reflecting the widely documented time and cost savings

from Al-assisted recruitment, onboarding, and performance
tracking processes [*°l. Data-driven decision making (M =
4.18) was the second-ranked enabler, consistent with the
strategic HRM literature's emphasis on evidence-based
talent management 1161,



Table 2: Mean Scores and Rankings for AI-HRM Adoption Enablers and Barriers (N = 280)

Factor Mean SD Rank Direction
Operational Efficiency Gains 431 0.61 1 Enabler
Data-Driven Decision Making 4.18 0.69 2 Enabler
Bias Reduction in Recruitment 3.94 0.74 3 Enabler
Employee Experience Enhancement 3.87 0.78 4 Enabler
Algorithmic Bias and Fairness Concerns 4.09 0.72 1 Barrier
Data Privacy and GDPR Compliance 3.98 0.76 2 Barrier
Workforce Displacement Fears 3.82 0.81 3 Barrier
Lack of Al Literacy Among HR Staff 3.71 0.83 4 Barrier

Likert scale: 1 = Strongly Disagree; 5 = Strongly Agree. Source: Simulated dataset for academic training purposes, 2026

Among barriers, algorithmic bias and fairness concerns
were ranked highest (M = 4.09), indicating that HR
professionals are acutely aware of the discriminatory
potential of Al systems — a finding consistent with the

post-Amazon recruitment tool controversy discourse [,
Data privacy and GDPR compliance concerns (M = 3.98)
ranked second, reflecting the regulatory burden created by
increasingly stringent data protection legislation I,
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Source: Simulated dataset for academic training purposes, 2026

Fig 1: Diverging Bar Chart: Mean Scores of AI-HRM Enablers (Right, Green) and Barriers (Left, Red)

1. Adoption by Sector and Organisation Size

Table 12 presents AI-HRM adoption levels disaggregated
by sector and organisation size, revealing substantial
heterogeneity across industry verticals. The IT sector
demonstrated by far the highest rate of high adoption (58%),
a finding that is consistent with its technology-native
culture,  well-established Al infrastructure, and
comparatively high levels of Al literacy among both HR

practitioners and technical staff. Organisations within this
sector typically possess in-house data science and
engineering capabilities, pre-existing digital workflows, and
leadership teams that are generally more receptive to
algorithmic decision-making tools, all of which lower the
barriers to integrating Al into human resource functions
such as recruitment screening, performance analytics, and
workforce planning.

Table 3: AI-HRM Adoption Levels by Sector and Organisation Size

Category High Adoption (%) Moderate Adoption (%) Low Adoption (%) No Adoption (%)
Manufacturing 22 38 28 12
Financial Services 41 34 18 7
Information Technology 58 29 11 2
Healthcare 18 31 33 18
Small Organisations 12 24 38 26
Medium Organisations 31 38 24 7
Large Organisations 54 31 12 3

Source: Simulated dataset for academic training purposes, 2026

Table 12 presents Al-HRM adoption levels disaggregated by sector and organisation size, revealing substantial heterogeneity
across industry verticals. The IT sector demonstrated by far the highest rate of high adoption (58%), consistent with its
technology-native culture, well-established Al infrastructure, comparatively high Al literacy among HR and technical staff, in-
house data science capabilities, pre-existing digital workflows, and leadership teams more receptive to algorithmic decision-
making tools—collectively lowering barriers to integrating Al into recruitment screening, performance analytics, and

workforce planning functions (141,
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Fig 2: Stacked Bar Chart: AI-HRM Adoption Level Distribution (%) by Industry Sector
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Fig 3: Conceptual Framework: Antecedents, Moderators, and Outcomes of AI-HRM Adoption

Conclusion

This study examined the enablers, barriers, and sector-level
adoption patterns of Al in Human Resource Management
among 280 HR professionals across four industries. The
findings reveal that while the operational and decision-
quality benefits of AI-HRM are widely acknowledged,
ethical concerns — particularly algorithmic bias and data
privacy — constitute significant adoption barriers that are
not yet adequately addressed by most organisations.

The substantial variation in adoption across sectors (IT at
58% high adoption vs. healthcare at 18%) and organisation
sizes (large at 54% vs. small at 12%) underscores the
context-dependent nature of AI-HRM adoption, suggesting
that one-size-fits-all implementation frameworks are

inadequate. Policy implications are clear: regulatory bodies
should develop sector-specific Al governance standards;
organisations should invest in Al literacy training for HR
staff; and AI-HRM vendors should incorporate explain
ability, bias auditing, and privacy-by-design principles as
core product requirements rather than optional add-ons.

This study is limited by its cross-sectional design, simulated
data, and self-report methodology, which may introduce
social desirability bias. Future research should employ
longitudinal designs and objective organisational outcome
data (e.g., turnover rates, time-to-hire, discrimination
complaint rates) to assess the long-term causal impacts of
Al-HRM adoption on both organisational and employee
outcomes.
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