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Abstract
This paper aims to assess the impact of Artificial Intelligence (AI) in the Human Resource Man-
agement (HRM) process, particularly in recruitment, retention of employees, and measurement
of organizational performance in organizations operating in Multinational Establishments in
Europe and listed in the Fortune Global 500. The goals of the study are to explore four propo-
sitions: AI-based HRM practices and organizational outcomes, AI-based performance metrics
and organizational outcomes, the moderation effect of artificial intelligence on HRM practices
and performance metrics on organizational outcomes, and the mediating effect of artificial
intelligence as a mediator between HRM practices and performance metrics on organizational
outcomes. The research shows that 72% of organizations have sought to implement AI tools for
HR operations, which has cut processing time by 40% and boosted employee retention by 18%.
Performance metrics linked to artificial intelligence thereby increased productivity by 21.4%,
completion rates of projects by 20%, and overall employee engagement by 30.8%. Multinational
enterprises can leverage AI-driven recruitment, retention, and performance metrics to boost
productivity, reduce employee turnover, and align workforce strategies with organizational
goals, fostering sustainable growth and competitive advantage in rapidly evolving business
environments.

Keywords
AI tools adoption, correlation, human resources, performance metrics, structural equation
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Introduction

The rapid digital transformation in European Multi-
national Enterprises, such as Volkswagen, Shell, and
BP, listed in the Fortune Global 500, involves the
accelerated adoption of advanced technologies, includ-
ing artificial intelligence (AI), big data analytics, and
the Industrial Internet of Things (IIoT). In Human
Resource Management (HRM), this transformation is
evidenced by AI-driven automation of recruitment pro-
cesses, reducing resume processing time by 40%, pre-
dictive analytics for workforce planning that lowers em-
ployee turnover by 10%, and real-time KPI dashboards
that enhance decision-making efficiency by 25%. Sup-
ported by Europe’s economic growth and digitalization
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initiatives, these advancements enable organizations to
optimize operations, boost employee engagement, and
align workforce strategies with strategic objectives in
a competitive global market (Pan & Froese, 2023).

Mallik (2023), after studying the future of
technology-based manufacturing in the European
Union, decided that the manufacturing sector always
seeks to develop in order to meet the needs of consumer-
focused goods. The Industrial Internet of Things (IIoT)
is boosting production speed overall, decreasing labor
costs, and decreasing equipment downtime. Machine
Learning (ML) is a new technical trend subset of Artifi-
cial Intelligence (AI). It employs computer algorithms
based on data that is available and may make decisions
or improvements automatically based on experience
without requiring programming instructions.

Traditional Human Resource Management (HRM)
practices that involve manual recruitment, perfor-
mance evaluations, and employee management are
being transformed through AI-driven automation and
predictive analytics (Kanungo et al., 2024). AI tech-
nologies are enhancing recruitment processes by en-
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abling faster and more accurate candidate screen-
ing, improving employee retention strategies through
predictive analytics, and optimizing training and
development through personalized learning systems
(Madanchian et al., 2024; Shao et al., 2022).

Performance metrics, such as Key Performance
Indicators (KPIs) and 360-degree feedback mecha-
nisms, are essential for tracking organizational and
employee success. These metrics become even more
powerful when augmented with AI technologies,
offering real-time insights and enabling data-driven
decision-making (Davenport & Ronanki, 2018). For
instance, AI can analyze employee performance
data to identify trends, predict future performance,
and tailor interventions accordingly, improving
overall organizational outcomes (Basole et al., 2024).
Additionally, AI-enhanced performance metrics allow
organizations to set precise, measurable goals and
provide continuous feedback, ensuring alignment be-
tween employee performance and strategic objectives
(Aguinis et al., 2024; Crusoe et al., 2024).

By examining the intersection of AI, HRM, and
performance metrics, this research will contribute to
a deeper understanding of how digital transformation
can drive sustained organizational success, particularly
in regions like Europe, where technology adoption is
rapidly reshaping the business landscape.

Literature review

Traditional HRM practices are critical to organi-
zational success by managing employee relations, re-
cruitment, training, and development. Performance
metrics are vital for identifying skill gaps, fostering
professional development, and aligning individual con-
tributions with organizational goals [8] (Bourne, 2008).

As business environments have become more com-
plex, performance metrics have evolved to reflect these
changes. KPIs, for instance, are essential for tracking
employee progress toward specific goals, allowing man-
agers to make informed decisions about promotions,
training, and resource allocation (Abril-Jiménez et
al., 2024). Similarly, 360-degree feedback systems offer
a holistic view of an employee’s performance by gather-
ing insights from peers, supervisors, and subordinates
(Karkoulian et al., 2016).

The human resource strategy (HRS) derives from
managers’ economic, social, and political decisions
about the management and development of workers
and work systems (Malik et al., 2023). Recognizing
the intrinsic conflicts in these decisions and their in-
terrelation, it is posited that managers must reconcile

the conflicting demands of attaining corporate pro-
ductivity objectives while enhancing employee-centric
results. To reconcile these conflicting needs, managers
and leaders must progressively devise HR strategies
using artificial intelligence (AI) (Budhwar et al., 2022).
Recent studies have emphasized the incorporation of
bots and intelligent digital assistants as collaborators
in a company’s human resource management strat-
egy to achieve organizational and employee outcomes
(Duggan et al., 2020). It is essential to assert that
organizations must oversee the digitization of human
resource management to mitigate environmental haz-
ards and prosper in the fourth industrial revolution
(Snell & Morris, 2021).

To understand HRM’s contribution to performance,
the Resource-Based View (RBV) is particularly in-
sightful. RBV suggests that firms gain a competitive
advantage using unique resources, including human
capital (Barney, 1991). Organizations with strong dy-
namic capabilities can integrate, build, and reconfigure
internal competencies, such as HRM practices, to re-
spond to market demands (Ren & Jackson, 2020).

In Europe, where rapid economic growth and digi-
tal transformation initiatives are reshaping the corpo-
rate landscape, performance metrics are essential for
ensuring that employees contribute to national and
organizational goals (Duarte & de Oliveira Carvalho,
2024; Khasanov et al., 2020a).

AI technologies streamline recruitment, evaluation,
training, and workforce management, resulting in more
efficient operations and better decision-making (Ka-
plan, 2012). AI-driven tools like predictive analytics,
natural language processing, and machine learning are
particularly impactful (Tursunbayeva & Gal, 2024).

One of AI’s most significant contributions to HRM
is recruitment. AI algorithms can analyze thousands of
resumes in seconds, identifying top candidates based
on predefined criteria. This drastically reduces the
time and effort required for manual screening and min-
imizes bias by ensuring objective evaluations. Chatbots
also enhance the candidate experience by providing
timely responses and updates throughout the hiring
process (Jiang et al., 2022). Predictive analytics fur-
ther strengthens HR decision-making by forecasting
employee success and turnover rates, allowing com-
panies to adjust recruitment and retention strategies
accordingly (Ravesangar & Narayanan, 2024).

AI also plays a transformative role in performance
evaluation. AI systems continuously monitor perfor-
mance data, such as work output, project completion
rates, and feedback from peers and supervisors, pro-
viding real-time insights for more accurate evaluations
(Davenport & Ronanki, 2018). AI-powered learning
management systems can tailor training programs to
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individual needs, improving employee engagement and
skill development (Basole et al., 2024).

Davenport’s AI in Business Model helps categorize
AI applications in HRM into three areas: process au-
tomation, cognitive insights, and cognitive engagement
(Davenport & Ronanki, 2018). The Multinational Es-
tablishments in Europe listed in the Fortune Global
500 promote the use of AI in various sectors, including
HRM, to increase productivity, efficiency, and em-
ployee satisfaction (Shao et al., 2022). Accordingly,
Multinational Establishments in Europe, included in
the Fortune Global 500 ranking (Fortune, 2025a), are
Volkswagen, Shell, TotalEnergies, Clencore, BP, etc.
Theories like the Dynamic Capabilities Framework
and Davenport’s AI in Business Model highlight how
organizations that integrate AI into HRM and perfor-
mance metrics better adapt, innovate, and improve
operational efficiency (Davenport & Ronanki, 2018).

AI’s ability to analyze vast amounts of data allows
HR managers to monitor employee performance in
real-time, identify trends, and make informed deci-
sions. AI-powered dashboards track KPIs related to
productivity, engagement, and satisfaction, enabling
continuous feedback and helping employees align their
performance with organizational goals (Kaplan &
Haenlein, 2019). This integration creates a feedback
loop where AI not only measures performance but
also drives improvements by providing actionable
insights (Kumar et al., 2024).

Moreover, AI-driven predictive analytics enable orga-
nizations to anticipate workforce needs and implement
proactive talent management strategies (Bogoslov et
al., 2024). Predictive models can flag employees at
risk of leaving and recommend interventions such as
targeted training or promotions to improve retention
rates (Madazimova & Mambetalina, 2024; Scarpi &
Pantano, 2024). These insights align with the Resource-
Based View and Dynamic Capabilities Framework,
which emphasize leveraging human capital as a strate-
gic resource and adapting to changing environments
(Barney, 1991; Khasanov et al., 2020b).

Multinational Establishments in Europe, included
in the Fortune Global 500 list, increasingly adopt
AI-driven HR practices to optimize recruitment,
training, and performance evaluation, aligning with
broader economic and digital transformation goals
(Crusoe et al., 2024).

The first research objective of this study is to es-
tablish how the adoption of AI in HRM practices and
the use of performance measures improve organiza-
tional performance in Multinational Establishments
in Europe, which are included in the Fortune Global
500 list. The research aims to establish an understand-
ing of the application of the various AI technologies

within recruitment, performance appraisal, and the
development of employees by balancing the organi-
zational goals. The main objectives are to identify
how far AI is implemented in the different sectors of
Multinational Establishments in Europe listed in the
Fortune Global 500 HRM organizations; to identify
the effects of AI-based HRM management practices
toward the improvement of recruitment, performance
measurement and control, and retention; to determine
how AI over performance measurements like KPIs will
facilitate organizational real-time decision making and
flexibility; to determine the relationship between the
extent of implementation of AI in the area of HRM and
the overall performance of the organization in terms
of organizational performance, including productivity
and employee satisfaction.

Materials & Methods

This study employs a quantitative research design
to examine the impact of AI integration, HRM prac-
tices, and performance metrics on organizational per-
formance in Multinational Establishments included in
the Fortune Global 500 list of companies operating
in Europe (Fortune, 2025b). A survey methodology
was chosen as the most suitable method for gathering
a large dataset across diverse sectors, capturing the
experiences and insights of HR professionals and se-
nior executives involved in organizational performance
management.

The study employs Structural Equation Modeling
(SEM) to analyze the intricate relationships between
AI integration, HRM practices, performance metrics,
and organizational outcomes. SEM, a robust multi-
variate analysis technique, is well-suited for evaluating
latent and observable variables simultaneously, provid-
ing insights into both direct and indirect effects. The
research utilizes AMOS software for model construc-
tion, ensuring precision in testing hypotheses.

The SEM process begins with a measurement model
to validate the constructs of HRM, AI adoption, per-
formance metrics, and organizational performance, as-
sessing reliability through Cronbach’s alpha and com-
posite reliability. Following this, the structural model
examines hypothesized relationships, such as AI’s im-
pact on HRM effectiveness and performance metrics,
and their subsequent effect on organizational perfor-
mance. Fit indices, including RMSEA (< 0.06) and
CFI/TLI (> 0.95), confirm the model’s suitability.
Results demonstrate significant positive path coeffi-
cients, validating the strong interconnectedness of the
studied constructs, and offering actionable insights for
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organizations embracing AI in HRM.
The survey questions were designed to capture HRM

practices, AI adoption, and the use of performance
metrics in evaluating organizational performance. To
ensure the reliability and validity of the findings, the
survey follows a structured approach with defined ques-
tions targeting specific aspects of HRM, AI, and per-
formance management practices. Drawing inspiration
from past research, this methodology provides a robust
foundation for analyzing these variables’ relationships.

The study’s target population includes HR man-
agers and senior executives from 137 small, medium,
and large-sized organizations across various sectors
in the Multinational Establishments in Europe
included in the Fortune Global 500 list, such as
finance, manufacturing, energy, retail, construction,
and petroleum technologies. Given that mid- and
senior-level professionals are most likely to have
experience in integrating AI into HRM practices
and tracking organizational performance, they were
selected as the key informants for this study.

A random sampling approach was used to identify
1000 potential participants, ensuring diversity in or-
ganizational roles, industries, and company sizes. The
participants were recruited through professional net-
works, online business platforms, and HR industry
associations. Invitations to participate in the survey
were sent by email, accompanied by a link to the online
survey platform. Participants were allotted a fortnight
to finish the study, with reminders sent at a one-week
interval to promote a robust response rate. The selec-
tion of 1000 potential survey participants was based
on a random sampling approach to ensure diverse rep-
resentation across various industries, organizational
roles, and company sizes within the target population
of HR managers and senior executives in Europe, in-
cluding Multinational Establishments on the Fortune
Global 500 list. This sample size was chosen to enhance
the study’s statistical power, reliability, and generaliz-
ability by capturing a wide range of experiences and
practices related to AI integration and HRM.

After two weeks, 600 valid responses were re-
ceived, yielding a response rate of 60%. The 40% non-
participation rate can be attributed to several factors:
time constraints faced by potential participants in se-
nior roles, a lack of interest or perceived relevance
of the study, concerns about confidentiality, or lim-
ited familiarity with the research topic. Despite these
challenges, the 60% response rate achieved represents
a robust dataset, providing meaningful insights into
the integration of AI in HRM and organizational per-
formance, aligning with typical response rates for sur-
veys targeting high-level professionals. Responses were
considered valid if the participants fully completed

the survey, met the inclusion criteria, and worked in
relevant managerial roles within the Multinational Es-
tablishments in Europe included in the Fortune Global
500 list. Participants who did not meet these criteria
were excluded from the final dataset.

The survey consists of five main sections, each de-
signed to capture specific variables of interest:
1. Demographic Information. This section gathers ba-

sic information about the respondents, including
their industry, years of experience, position within
the organization, and the size of the company they
work for. This information helps contextualize the
findings and assess whether differences in organi-
zational size or industry affect the relationships
between the variables.

2. HRM Practices. This section includes questions on
modern HRM practices such as talent acquisition,
employee development, workforce planning, and
performance management. The questions focus on
how HRM strategies are implemented and whether
AI technologies have been integrated into these
practices. Example questions include: “To what
extent are AI tools used in your organization’s
recruitment process?” and “How frequently are AI-
powered analytics used for employee performance
evaluations?”

3. AI Adoption. This section explores the extent to
which AI is used in HRM functions. Questions focus
on the type of AI technologies implemented (e.g.,
machine learning, chatbots, predictive analytics)
and how these technologies are used to automate
tasks or enhance decision-making. Respondents
rate statements such as “AI is extensively used in
automating administrative HR tasks” and “AI tools
improve decision-making in workforce planning.”

4. Performance Metrics. In this section, participants
assess how performance metrics, such as Key Per-
formance Indicators (KPI), Employee Retention
Rates, Employee Development and Training, and
Employee Satisfaction and Engagement, are used
to track organizational and employee performance.
Key Performance Indicators are essential tools
for tracking and evaluating the performance of
employees and overall organizational effectiveness.
In the context of this study, AI-driven KPIs
play a crucial role in modern Human Resource
Management (HRM). Integrating AI technologies
into HRM allows for real-time monitoring and mea-
surement of specific employee outputs, which align
with broader strategic organizational goals. One
of the most critical metrics analyzed in the study
is Employee Retention Rates. AI plays a trans-
formative role in predicting turnover, identifying
high-risk employees, and developing personalized
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retention strategies. Through predictive analytics,
AI systems can analyze various employee data,
such as performance history, engagement levels,
and feedback, to flag potential turnover risks.
Employee Development and Training are key
components of HRM that significantly influence
organizational success. In the context of this study,
AI-driven learning management systems (LMS) are
revolutionizing employee development by offering
personalized training programs tailored to the
needs of individual employees. Employee Satisfac-
tion and Engagement are fundamental for fostering
a productive workforce. The study highlights that
AI-enhanced HRM systems significantly contribute
to improving employee satisfaction and engagement
through several mechanisms, including continuous
feedback, personalized career development paths,
and real-time performance evaluations.
The survey asks respondents to rate how effectively
these metrics are aligned with the organization’s
strategic goals, such as: “To what extent are
performance metrics integrated with AI tools in
tracking employee progress?”

5. Organizational Performance. The final section
measures the perceived impact of HRM practices,
AI integration, and performance metrics on
organizational performance. Questions focus
on outcomes such as employee productivity,
organizational agility, and overall financial
performance. Respondents rate statements like
“Our organization has seen improved operational
efficiency due to AI integration in HRM” and
“The use of performance metrics has led to higher
employee satisfaction and retention.”

Participants are requested to evaluate their degree of
agreement with each statement using a 5-point Likert
scale, from 1 (strongly disagree) to 5 (strongly agree).

This scale is commonly used in HRM and organiza-
tional studies, as it allows for the capture of nuanced
perceptions and experiences.

To analyze the data and test the relationships be-
tween HRM practices, AI adoption, performance met-
rics, and organizational performance, the study em-
ploys Structural Equation Modeling (SEM). SEM is
a powerful multivariate analysis technique that allows
researchers to assess complex relationships between ob-
served and latent variables. This approach is suitable
for testing hypotheses about the interaction between
HRM, AI, and performance metrics. The analysis fol-
lows these steps (Figure 1).

The data collected from surveys is first cleaned and
checked for missing values or outliers, with descrip-
tive statistics such as means, standard deviations, and
frequencies calculated to summarize the sample. A the-

Fig. 1. Flowchart of analysis

oretical model is then developed to explore the relation-
ships between Modern HRM (L), Performance Metrics
(PM), AI Integration (AI), and Organizational Perfor-
mance (OP), hypothesizing that HRM, AI integration,
and performance metrics positively influence organi-
zational performance. Each construct is represented
by multiple indicators drawn from survey responses.
The SEM analysis starts with a measurement model,
evaluating the relationships between observed vari-
ables and their latent constructs, with reliability and
validity assessed through Cronbach’s alpha, compos-
ite reliability, and Average Variance Extracted (AVE).
Once validated, the structural model tests the hypoth-
esized relationships and calculates path coefficients to
gauge the significance of direct and indirect effects on
organizational performance.

To evaluate the Structural Equation Modeling
(SEM) framework, several statistical indicators were
used to assess model fit.

The Chi-square statistic (χ2) tests the null hypothe-
sis that the observed covariance matrix (S) equals the
expected covariance matrix (Σ(Θ)), with:

χ2 = (n− 1)× trace[(S − Σ (Θ))Σ−1(Θ)] (1)

where n – is the sample size. A lower χ2 indicates
a better fit, though this statistic is sensitive to large
sample sizes, often leading to significant results even
for minor deviations.
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The Root Mean Error of Approximation (RMSEA)
measures the fit per degree of freedom, calculated as:

RMSEA =

√√√√√ χ2

df
− 1

n− 1
(2)

where df represents degrees of freedom. Values of RM-
SEA < 0.06 are considered a good fit.

The Comparative Fit Index (CFI) evaluates the
improvement of the tested model over a baseline model
(typically assuming no correlation among variables)
and is defined as:

CFI = 1−
max(χ2

model − dfmodel,0)

max(χ2
baseline − dfbaseline,0)

(3)

Values of CFI > 0.95 suggest an excellent model fit.
The Tucker–Lewis Index (TLI), an alternative to

CFI that adjusts for model complexity, is given by:

TLI = 1− χ2
model/dfmodel

χ2
baseline/dfbaseline

(4)

Values of TLI > 0.95 also indicate a good fit.
These indicators collectively ensure that the model

strikes a balance between simplicity and explanatory
power. By meeting thresholds for RMSEA < 0.06,
CFI > 0.95, and TLI > 0.95, the SEM analysis demon-
strates strong construct validity and reliability, sup-
porting the hypothesized relationships.

Results

Table 1 provides a summary of the demographic
characteristics of the respondents, including industry,
years of experience, position, and organization size.
These characteristics help contextualize the study re-
sults and provide a comprehensive view of the diversity
within the sample.

Table 1 highlights the demographic diversity of the
respondents, with most holding senior-level positions
(80%) and working in medium to large organizations
(85%), making them well-positioned to provide insights
into AI-driven HRM practices. The broad industry rep-
resentation, including finance (20%), manufacturing
(18%), and energy (15%), reflects sectors where AI
adoption is critical, aligning with findings on improved
productivity (21.4%) and retention rates (18%). The
significant experience distribution, with 60% having
over ten years in the field, further enhances the depth
of the analysis, particularly in evaluating the longitudi-
nal impacts of AI integration. The dominance of larger

Table 1
Demographic characteristics

Demographic
characteristic Direction %

Industry Finance 20

Manufacturing 18

Energy 15

Retail 12

Construction 10

Petroleum Technologies 8

Others 17

Years of
Experience < 5 years 12

5–10 years 35

11–15 years 25

More than 15 years 28

Position Manager 45

Senior Manager 35

Director 12

Executive 8

Organization
Size

Small, less than 1000
employees 15

Medium, 1000–5000
employees 45

Large, More than 5000
employees 40

organizations correlates with advanced utilization of
AI tools, such as KPI dashboards, which contributed
to an 88% alignment of employee goals with strategic
objectives and a 25% improvement in decision-making.
This demographic diversity underscores the study’s
generalizability across sectors and its insights into the
transformative role of AI in optimizing HRM practices
and organizational performance.

The key constructs of the study – HRM practices,
AI tools adoption, and performance metrics were mea-
sured using multiple items on a 5-point Likert scale.
Table 2 summarizes the means and standard devia-
tions for each construct, providing an overview of how
these constructs are perceived across the sample.

The results indicate a high level of adoption and pos-
itive perceptions of AI tools, modern HRM practices,
and performance metrics among the Multinational
Establishments in Europe included in the Fortune
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Table 2
Mean and standard deviation

Construct Mean Standard Deviation

HRM Practices 4.15 0.70

AI Tools Adoption 4.05 0.75

Performance Metrics 4.20 0.68

Global 500 list. Most participants reported that their
companies have successfully integrated AI into HR
functions and that performance metrics are aligned
with organizational strategies.

Table 3 presents the fit indices for the SEM model.
The results show that the model fits the data well,
as indicated by the fit indices, which meet the recom-
mended thresholds for good model fit.

Table 3
The fit indices for the SEM model

Chi-square (χ2) RMSEA CFI TLI

245.32 (p < 0.001) 0.048 0.96 0.95

Although the Chi-square value is significant, which
is common in large samples, the RMSEA, compara-
tive fit index (CFI), and Tucker–Lewis index (TLI)
values indicate that the model has a good fit with the
observed data.

The SEM model tested the hypothesized relation-
ships between the three main constructs – AI tools
adoption, HRM practices, and performance metrics,
and their effect on organizational performance. The
standardized path coefficients, standard errors, and
p-values for each relationship are presented in Table 4.

All path coefficients are statistically significant, in-
dicating strong relationships between the variables.
Specifically, AI tools have a significant positive effect
on both HRM effectiveness (β = 0.72) and the use of
performance metrics (β = 0.68). Additionally, both
HRM effectiveness (β = 0.80) and well-aligned perfor-
mance metrics (β = 0.78) contribute significantly to
improved organizational performance.

Figure 2 below illustrates the relationships between
AI tools, HRM practices, performance metrics, and
organizational performance, as revealed by the SEM
analysis.

The highest correlation is observed between HRM
Practices and Organizational Performance (r = 0.80),
underscoring the critical role of effective HRM prac-
tices in achieving organizational goals. Similarly, Per-
formance Metrics show a strong positive correlation

Table 4
The standardized path coefficients, standard errors, and

p-values

Path Standardized
Coefficient (β) SE p-value

AI Tools →
HRM

Effectiveness
0.72 0.08 < 0.001

AI Tools →
Performance

Metrics
0.68 0.07 < 0.001

HRM
Effectiveness →
Organizational
Performance

0.80 0.06 < 0.001

Performance
Metrics →

Organizational
Performance

0.78 0.05 < 0.001

Fig. 2. SEM-diagram

with Organizational Performance (r = 0.78), empha-
sizing how well-aligned and AI-enhanced metrics con-
tribute to improved outcomes.

The relationship between AI Tools and HRM Prac-
tices (r = 0.72) indicates that the integration of AI
significantly enhances HR functions, such as recruit-
ment and performance evaluations. The correlation
between AI Tools and Performance Metrics (r = 0.68)
further supports the role of AI in improving the preci-
sion and alignment of key performance indicators.

Comparatively, the correlation between AI Tools and
Organizational Performance (r = 0.65) is slightly lower
but still notable, reflecting that while AI adoption di-
rectly influences performance, its effects are largely medi-
ated through enhanced HRM practices and metrics. This
cascading effect is crucial, as it demonstrates that orga-
nizations achieve optimal results when AI is integrated
cohesively into HR processes and metrics systems.
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Table 5
The correlations between these key constructs

Construct AI
Tools

HRM
Practices

Performance
Metrics

Organizational
Performance

AI Tools 1.00 0.72 0.68 0.65
HRM Practices 0.72 1.00 0.78 0.80
Performance

Metrics 0.68 0.78 1.00 0.78

Organizational
Performance 0.65 0.80 0.78 1.00

To clarify the relationships between AI, HRM prac-
tices, performance metrics, and organizational perfor-
mance, Table 5 summarizes the correlations between
these key constructs.

Table 5 shows moderate to strong correlations be-
tween AI tools, HRM practices, performance metrics,
and organizational performance, supporting the results
of the SEM analysis.

The results of this study demonstrate that AI tools
significantly enhance HRM effectiveness and stream-
line the use of performance metrics in Multinational
Establishments in Europe, which are included on the
Fortune Global 500 list. Both AI integration and the
effective use of performance metrics contribute to
improved organizational performance, particularly
in terms of operational efficiency and employee
satisfaction. The SEM analysis confirms the strong
relationships between these constructs, providing
valuable insights for organizations looking to optimize
their HR functions through AI and data-driven
performance management systems.

The AI-powered KPI dashboards utilized by
organizations enable managers to continuously track
employee performance across various dimensions
such as productivity, project completion rates, and
adherence to deadlines. These metrics are essential
for identifying areas where employees excel and
where improvement is needed. For instance, the study
revealed that AI-driven KPIs contributed to a signif-
icant improvement in organizational performance by
allowing HR professionals to make informed decisions
based on data-driven insights (Figure 3).

As seen in Table 6, organizations that integrated AI-
enhanced KPIs experienced significant improvements
in productivity and goal alignment, with an overall
boost in decision-making effectiveness. This real-time
data enables HR teams to adjust strategies, improving
operational efficiency continuously.

The study found that organizations using AI tools in
HRM had a noticeable reduction in employee turnover
rates (Figure 4). This reduction was achieved by of-

Fig. 3. Impact of AI-driven KPIs on organizational perfor-
mance

fering tailored retention strategies, such as targeted
training or promotions, based on predictive analytics.
Furthermore, AI systems enabled continuous monitor-
ing of employee sentiment, engagement, and career pro-
gression, which in turn contributed to higher retention.

Fig. 4. Impact of AI on employee retention rates

As shown in Figure 4, organizations that incorpo-
rated AI into their retention strategies saw notable
improvements in employee retention, particularly in
larger organizations. This demonstrates the value of
using AI in HRM to predict turnover and implement
proactive solutions to improve workforce stability.
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AI can analyze an employee’s current skill set, past
performance, and future potential to recommend train-
ing modules that will most effectively address skill gaps.
Additionally, these systems track employee progress
in real time, offering continuous feedback and adjust-
ments to the training plan based on learning outcomes.
The study found that organizations that utilized AI
in employee development reported higher levels of em-
ployee skill acquisition and overall engagement with
the training programs (Figure 5).

Fig. 5. AI-enhanced employee training and development

Figure 5 illustrates the dramatic improvements in
training outcomes when AI is used. AI-driven personal-
ized learning ensures that training is efficient, targeted,
and engaging, which leads to more effective skill ac-
quisition and higher job readiness among employees.

AI tools such as chatbots and AI-driven employee
sentiment analysis allow HR departments to moni-
tor employee satisfaction levels continuously (Figure
6). Furthermore, these systems provide personalized
career development suggestions based on employee
performance and feedback, contributing to higher en-
gagement rates. The study’s results indicate that orga-
nizations that integrated AI-driven feedback systems
and satisfaction tracking tools saw a significant boost
in employee satisfaction and overall engagement.

Figure 6 shows the improvement in employee satis-
faction and engagement, with AI-driven systems play-
ing a crucial role in enabling personalized and respon-
sive employee experiences. These improvements are
particularly important in retaining talent and ensuring
that employees feel aligned with organizational goals.

AI integration into HRM practices greatly enhances
key performance metrics such as KPIs, retention rates,
training, and employee satisfaction. AI’s ability to
continuously monitor performance, predict outcomes,
and provide personalized feedback leads to more
efficient HR operations and better alignment with
organizational strategies. This study underscores

Fig. 6. AI’s Impact on employee satisfaction and engage-
ment

the synergistic benefits of integrating AI with
performance metrics to drive sustained improvements
in organizational outcomes.

As presented in Figure 7, AI-driven HRM tools sig-
nificantly improve performance across key HR metrics.
The ability to track KPIs, optimize retention strate-
gies, and enhance training and engagement is essential
for organizations seeking to align their human capital
with broader strategic goals. The study demonstrates
that integrating AI into HRM systems can offer tan-
gible benefits in terms of operational efficiency and
employee satisfaction.

Fig. 7. Summary of AI’s impact on key HR metrics

The results of this study provide compelling evi-
dence for the adoption of AI in HRM, where digital
transformation is a priority. Organizations that lever-
age AI in HR processes are better equipped to enhance
their operational performance, improve employee en-
gagement, and ultimately achieve strategic success.
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Discussion

It is known that rapid digital transformation based
on AI Technologies is taking place in European Union
Organizations (Mihai et al., 2023). The integration of
artificial intelligence (AI) into Human Resource Man-
agement (HRM) has emerged as a crucial factor in
enhancing organizational efficiency and overall per-
formance. This study highlights that AI significantly
improves HRM practices within Multinational Estab-
lishments in Europe listed in the Fortune Global 500 by
enabling predictive analytics that enhance employee re-
cruitment, retention strategies, and performance man-
agement. AI tools streamline HR functions, allowing
for data-driven decisions that contribute to more pre-
cise and proactive human capital management (Chowd-
hury et al., 2023). By leveraging machine learning al-
gorithms, AI systems can predict employee turnover,
identify high-performing candidates, and develop cus-
tomized retention strategies, thus enhancing HRM’s
operational effectiveness (Brougham & Haar, 2018).

The authors’ results are in line with recent
scientific studies that emphasize the growing role
of AI in optimizing HRM practices and improving
organizational performance. For example, Tsiskaridze
et al. (2023) found that AI-driven recruitment tools
significantly improve candidate selection processes
and reduce biases. In a similar vein, Nyathani
(2023) demonstrated that AI-powered performance
management systems provide real-time feedback,
enhancing employee productivity and engagement.
Additionally, Basnet (2024) reported that AI-based
predictive analytics tools are effective in forecasting
employee turnover, allowing organizations to adopt
more proactive retention strategies. These findings
further support the positive impact of AI on HRM
effectiveness and overall organizational performance.

A key finding is the pivotal role of AI-enabled per-
formance metrics, such as Key Performance Indica-
tor (KPI) dashboards and AI-driven 360-degree feed-
back systems. These metrics are essential in main-
taining high organizational performance by enabling
real-time tracking of employee progress and aligning
performance management systems with strategic or-
ganizational objectives (Karkoulian et al., 2016). AI
integration into performance metrics supports more
dynamic and responsive employee evaluations, which
can lead to better-targeted interventions to improve
productivity and engagement (Davenport & Ronanki,
2018). This is particularly beneficial in large organi-
zations where manual performance tracking can be
resource-intensive (Huang & Rust, 2018).

It is known that leadership plays a critical role in
the successful integration of AI technologies into HRM
practices. Effective leadership ensures that AI tools
are aligned with HRM strategies, fostering a culture
supportive of digital transformation. Leaders engaged
in the digital transformation process can strategically
deploy AI to optimize HR functions and meet broader
organizational goals (Zhang et al., 2024). Studies em-
phasize that leadership can mitigate challenges and
create a collaborative environment conducive to AI
adoption (Crusoe et al., 2024). Furthermore, ethical
AI use and employee comfort with the technology are
essential to reduce resistance and facilitate integration
into daily HR practices (Saeed et al., 2024).

For Multinational Establishments included in the
Fortune Global 500 list, which are positioning them-
selves as leaders in AI adoption, these findings suggest
that AI can significantly enhance HRM processes
and performance metrics (Table 6). AI-powered HR
analytics can help organizations address skill gaps
and align workforce planning with strategic goals
(Alabdali et al., 2024).

Based on these findings, several practical recommen-
dations for Multinational Establishments in Europe
included in the Fortune Global 500 list are:
1. Organizations should adopt a phased approach to

AI implementation, beginning with pilot projects
in specific HR functions such as recruitment and
evaluations. This gradual integration allows for
adaptation to AI technologies while maintaining
human oversight (Caiza et al., 2024).

2. Investment in upskilling HR professionals is essential
to equip them with the skills necessary to manage
AI-driven tools. Training programs should enhance
digital literacy and data analytics capabilities to
fully leverage AI’s potential (Koman et al., 2024).

3. Prioritizing AI-enhanced, real-time tracking sys-
tems for employee performance metrics is recom-
mended. AI integration in performance manage-
ment facilitates continuous feedback, leading to
higher engagement and accurate assessments of
employee contributions (Rožman et al, 2023).

This study provides robust evidence that the inte-
gration of AI into HRM practices and performance
metrics significantly enhances organizational perfor-
mance in Multinational Establishments operating in
Europe and listed in the Fortune Global 500. Leader-
ship is crucial in aligning AI tools with strategic HR
goals to lead in AI, which offers unique opportunities
for organizations.

Results of Chrysler-Fox and Roodt (2014), Iwu et
al. (2016), and our results have some inclusiveness in
ways that concern the alignment of HR metrics and
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Table 6
AI Integration in HRM practices

Aspect Current Study Brougham and
Haar (2018)

Davenport and
Ronanki (2018)

Huang and Rust
(2018)

AI Tools in
Recruitment

Predictive analytics
for candidate

selection

AI in recruitment
and employee
management

Data-driven
performance metrics

AI applications in
large-scale

organizations

Employee Retention
Strategies

Tailored retention
strategies via AI

Algorithms to
identify retention

factors

Customized retention
strategies

AI in managing large
workforce dynamics

Performance
Management

KPI dashboards,
AI-driven 360-degree

feedback

Performance metrics
driven by AI
algorithms

Real-time
performance metrics

AI-driven
performance tracking

Leadership Role in
AI Integration

Critical for alignment
and adoption

Leadership in
implementing AI

practices

Effective leadership
in AI integration

Role of leadership in
large-scale AI

adoption

Ethical
Considerations

Ensuring ethical AI
use and reducing

resistance

Addressing ethical
concerns in AI use

Ethical
considerations in

AI-driven decisions

Managing AI ethics
in large organizations

organizational outcomes, while differing in methods
used and areas of concentration. Chrysler-Fox and
Roodt (2014) therefore post that the type of HR mea-
surements to use should be carefully chosen so that
there are linkages between business strategy and mea-
surements. The purpose of the approach is to generate
systemic value amongst the organizational subsystems.

Iwu et al. (2016) then bring a logical reasoning
perspective to the claim that organizational HR
attitudes like staff satisfaction and engagement
correlate with organizational performance results such
as profitability and customer satisfaction. Accordingly,
this research concludes that these metrics should
be regarded as a system where interrelationships
matter. The authors’ results discuss the effectiveness
of using artificial intelligence in handling Human
Resource metrics, focusing on the use of AI in
recruitment, employee retention, and organizational
success. The research also claims that the adoption
and implementation of AI will enhance employee
productivity and keenness. The way all of them
connect to the subject of HR metrics is different; at
the same time, the authors’ results become an example
of how AI can emerge as a fundamental component
of enhancing HRM practices and performance results.

Conclusions

The main objective of the present research was
to analyze the moderating role of AI, new trends
in HRM, and performance indicators within the

context of enhancing the performance of Multinational
Establishments in Europe from the Fortune Global
500 list. The goals and objectives of this study were
to assess the level of AI implementation in the context
of human resource management practice, its moder-
ating effect on recruitment and retention processes,
and the benefits of AI performance indicators on
organizational performance.

The survey revealed that currently, 72% of the Multi-
national Establishments in Europe listed in the For-
tune Global 500 have integrated AI for automating
functions such as recruitment and management of em-
ployees. Of all the uses of AI, 65% said they employed
the technology for predictive analytics in workforce
planning, while 58% launched AI-powered chatbots
to facilitate employee interaction. Automated recruit-
ment systems threatened manual sifting and sorting by
cutting it by 40%, a fact that saw companies moving
an average of 500 resumes in an hour. Further, the use
of predictive analytics enhanced employee retention,
where organizations narrowed the turnover rates from
25% to only 15% through the use of AI-based retention.
This type of retention resulted in a specific increase
in retention rates for large organizations (with more
than 500 people) by up to 20%. The metrics perfor-
mance through Artificial Intelligence were as follows:
a) A boost in Key Performance Indicators to enhance
employees’ productivity of 21.4% b) A rise in the rate
for project completion of 20%. AI use in performance
assessment increased the percentage of top managers
perceiving alignment of employees’ goals with organi-
zational strategies to 88%, while in the organizations
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without proper impacts of AI, this figure was only at
73%. Further, companies that incorporated AI into
feedback had increased engagement and effective feed-
back by 30.8%. In detail, through the SEM, it was
revealed that while the HRM effectiveness impacted
the performance measures β = 0.80, the effect of AI in
enhancing the former exhibited a β = 0.72. The orga-
nizations adopting AI showed a 25% improvement in
decision-making efficiency and 27.9% in achievement
of organizational goals, according to the survey.

Subsequent research studies will concentrate on ex-
ploring the impact of AI on training outcomes in terms
of skill enhancement, with the identification of an im-
provement ratio of 25% and 30% for employee engage-
ment in AI-based learning systems. Further, the field
research work will also emphasize the exploration of the
ethical considerations of the use of AI in HRM, such as
the degree of automation to be offered by the system
without compromising human interference. Future re-
search will also look into the part played by leadership,
as per the survey, where 85% of the firms stressed
effective leadership in implementing the change, and
more to the point, acceptance of the AI system.
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