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ABSTRACT As artificial intelligence (AI) transforms human resource management (HRM), understanding
the research landscape becomes crucial for both academics and practitioners. While existing studies examine
isolated aspects of AI in HRM, a comprehensive analysis of collaboration patterns and emerging themes
remains lacking. This research employs social network analysis (SNA) to examine the co-authorship network
within AI applications in HRM research, providing insights into collaboration dynamics and identifying
key research directions. Through analysis of centrality measures and application of the TOPSIS method,
the study identifies influential authors, institutions, and emerging research themes. Analysis of 102,296
authors and 287,799 collaborations reveals distinct communities focusing on specific aspects of AI-HRM
across regions. The findings identify four primary research themes: AI for System Identification and Control,
focusing on workforce planning and adaptive management; HR Analytics and Performance Management,
emphasizing data-driven decision making; Machine Learning for Classification and Prediction, addressing
talent acquisition and retention; and AI-Driven HR Decision-Making, exploring strategic planning and
unbiased evaluation systems. The country co-authorship network analysis uncovers three main communities:
Global HRApplications, HRM in theMiddle East and Asia, and Global Integration of AI in HRM, reflecting
shared regional challenges. Institutional collaboration patterns indicate five distinct communities, from
established Asian AI research centers to emerging research hubs in developing economies. These findings
provide valuable insights for researchers exploring collaboration opportunities, practitioners implementing
AI solutions, and policymakers developing strategic frameworks for AI adoption in HRM. This research
contributes to understanding the evolving landscape of AI-HRM research and offers practical guidelines for
leveraging AI in HR practices.

INDEX TERMS Artificial intelligence (AI), human resource management (HRM), social network analysis
(SNA), co-authorship network, research collaboration.

I. INTRODUCTION
The human resources (HR) function is undergoing a profound
transformation, driven by emerging economic, political,
social, and technological trends. Increasingly, HR is shifting
from a primarily administrative role to that of a strategic busi-
ness partner, essential for achieving organizational excellence
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and maintaining competitive advantage [1], [2]. Strategic
human resource management (SHRM) involves aligning HR
practices and policies with organizational goals to enhance
long-term success. It entails HR’s role in business strategy
by concentrating on enhancing human capital, organizational
culture, leadership, and employee engagement to drive per-
formance and innovation [3]. While traditional HR practices
have focused on recruitment, selection, performance man-
agement, and retention, there is now a broader emphasis
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on strategic responsibilities, including fostering interpersonal
interactions within organizations [4].

Artificial Intelligence (AI) has become a pivotal technol-
ogy in this transformation, automating routine administrative
tasks and significantly enhancing HR operations. By facili-
tating knowledge sharing and collaboration, AI is improving
employee experiences and increasing HR effectiveness [5],
[6]. However, to fully leverage AI’s transformative potential,
it is crucial to identify and develop the capabilities and com-
petencies required for managers to successfully implement
and oversee AI-driven HR initiatives [7].

Despite growing interest in AI within HR research, a sub-
stantial gap remains in the literature regarding comprehensive
analyses of AI’s impact on Human Resource Manage-
ment(HRM) [8], [9]. Although AI’s potential to revolutionize
HRM is well-recognized, particularly in decision-making
through data-driven algorithms, there is a pressing need for
deeper insight into how AI can be integrated into HR sub-
functions [10], [11]. Additionally, research has yet to fully
explore how AI-enabled HRM functions can be aligned with
other operational tasks to enhance overall employee out-
comes [7], [12].

Recent studies have begun to examine AI applications in
HRM, yet there remains a scarcity of research that provides
a thorough overview of trends in this field [13], [14]. This
paper aims to address this gap by offering a comprehensive
analysis of AI’s role in HRM through a novel methodology—
social network analysis (SNA). Unlike previous studies that
relied on bibliometric analysis, this research employs SNA
to uncover the complex relationships within AI applications
in HRM. By analyzing co-authorship networks, this study
reveals overlooked connections among authors, institutions,
keywords, and countries, identifying emerging topics and
potential knowledge hubs previously missed in the literature.
Social Network Analysis is particularly valuable as it allows
for an in-depth examination of the interactions and collabora-
tions within social networks. By identifying key figures and
influential entities, SNA helps to understand how network
connections influence behavior, beliefs, and performance
among groups and individuals [15], [16]. In the context of
AI in HRM, SNA provides insights into the dynamics of
author collaborations, highlighting influential contributors
and their roles in advancing research. Furthermore, by map-
ping contributions from notable institutions and countries,
this study fosters global cooperation in AI-driven HRM
research.

This study provides a unique contribution to the AI-HRM
research landscape by combining Social Network Analysis
(SNA) and TOPSIS to map research collaboration patterns
and emerging themes. Unlike previous studies, which have
often focused on isolated aspects of AI in HRM, this research
offers a comprehensive approach that identifies key authors,
institutions, and research hubs globally. The novelty lies in
the integration of network analysis with decision-making
models, uncovering previously overlooked patterns in collab-
oration. The study not only advances theoretical knowledge

but also offers actionable insights for practitioners, policy-
makers, and academics involved in AI-driven HR practices.

This research seeks to answer the following key questions
to enhance the understanding of AI’s impact on HRM:

1. Who are the most influential authors in the HRM and
AI co-authoring network?

2. Is the collaboration between countries in co-authorship
driven by shared challenges, and what underpins scien-
tific collaboration among universities and institutions
in HRM and AI?

3. What underpins scientific collaboration among univer-
sities and institutions in HRM and AI?

4. Does the analysis of keyword networks in HRM and AI
research reveal distinct and coherent patterns?

The structure of this paper is organized as follows. Chap-
ter 2 reviews the literature. Chapter 3 outlines the research
methodology. Chapter 4 presents the research findings. Chap-
ter 5 discusses the results, providing explicit answers to the
research questions, managerial implications, and limitations,
and future research directions. Finally, Chapter 6 concludes
the study.

II. LITERATURE REVIEW
This section reviews the literature on AI implementation
within HRM and the use of SNA in researching collaboration.
The review centers on the impact of AI on HR practices
and the application of SNA to understand the nature of co-
authorship networks. Synthesizing existing knowledge in this
regard, this section intends to provide a good understanding
of the role AI plays in modern HR practices and the nature of
research collaboration in this field.

A. APPLICATION OF AI IN HRM
The integration of AI into HRM necessitates a comprehen-
sive understanding of its capabilities and applications within
the HR function [17]. AI, a field simulating human intel-
ligence in machines, encompasses a range of technologies
including machine learning, natural language processing, and
predictive analytics [9]. When applied to HRM, AI auto-
mates processes, informs decision-making, and enhances
employee experiences [18]. By analyzing vast datasets,
AI algorithms generate insights, predictions, and recommen-
dations to improve efficiency, reduce bias, and personalize
HR interactions [19]. This integration marks a transformative
shift, enabling data-driven decision-making, increased pro-
ductivity, and improved employee satisfaction [17]. While
AI offers significant advantages, challenges such as ethical
considerations, data privacy, and the need for ongoing human
expertisemust be carefully addressed to ensure its responsible
implementation and maximize its benefits [20]. AI is funda-
mentally transforming HRM practices [17]. AI-driven tools
are reshaping talent acquisition by streamlining processes
and enhancing candidate selection [21]. Automated systems
are employed to efficiently filter and assess large appli-
cant pools, identifying candidates aligned with organizational
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needs [22]. Moreover, predictive analytics, leveraging histor-
ical data, forecasting candidate performance, and optimizing
the hiring process [23]. In the realm of employee learning
and development, AI-powered platforms offer personalized
training experiences, adapting content to individual learning
styles and knowledge levels [24].
AI also revolutionizes performance management by

enabling continuous feedback, predictive analytics, and
data-driven performance evaluations [22]. Additionally, AI-
powered chatbots and sentiment analysis tools facilitate
employee engagement by fostering instant communication
and monitoring workplace morale [18]. Predictive analytics,
driven by AI, offer valuable insights for talent retention,
workforce planning, and succession management, enabling
HR to proactively address organizational needs [25]. These
AI applications transform HRM by fostering agility, strategic
foresight, and a strong focus on employee well-being, thereby
positioning organizations to thrive in the dynamic workforce
landscape [26].
Strategic Human Resource Management (SHRM) tradi-

tionally encompasses six core functions: business admin-
istration, workforce planning, human capital development,
compensation, labor relations, and risk management [27].
These domains are essential for achieving organizational
objectives [19]. AI has the potential to enhance these HRM
functions significantly [23]. For instance, in recruitment,
AI supports HR managers by automating tasks such as filter-
ing and preselection, thereby identifying candidates who best
meet job requirements [19], [28]. Figure 1 illustrates the types
and extent of AI applications in key HRM areas: Acquisition,
Development, and Retention [29].

FIGURE 1. AI and strategic HRM practice choice menus [30].

AI can also significantly improve HR efficiency and qual-
ity through the use of chatbots, a common AI application in
HR today [31], [32]. Table 1 outlines the potential impacts of
AI on HRM in public sector organizations, both currently and
in the future [33].

TABLE 1. HRM and AI.

AI is emerging as a transformative force within HRM, with
its applications extending across various HR functions [17].
For example, AI-powered tools are enhancing talent acqui-
sition by automating candidate identification and evaluation
processes [34]. Advanced algorithms analyze resumes and
social media profiles to match candidates with appropriate
roles, while applicant tracking systems (ATS) streamline
administrative tasks, boosting efficiency [35], [36]. Job
aggregators and career platforms use AI to consolidate job
openings and identify potential talent pools [26], [37].

Beyond recruitment, AI is reshaping employee develop-
ment by supplementing traditional training methods with
AI-driven learning platforms [38]. These platforms offer per-
sonalized, data-driven learning experiences by analyzing vast
datasets to identify training needs, measure learning out-
comes, and optimize training programs [18], [26].

Analyzing co-authorship networks through Social Net-
work Analysis (SNA) is vital for understanding academic
collaborations, trends, and influential experts. SNA quan-
tifies collaborative intensity, identifies central figures, and
visualizes connectivity within research networks. Introduced
in the mid-1900s and popularized by ‘‘small world’’ exper-
iments, SNA is crucial for comprehending complex social
phenomena, assessing network characteristics, and map-
ping collaboration landscapes in various industries, including
research [39].

B. RELATED WORKS
The Related Works section focuses specifically on reviewing
papers that have conducted comprehensive and systematic
analyses of AI applications in HRM research. Rather than
examining all individual papers exploring various aspects of
AI in HRM, this section analyzes those studies that, similar
to the present research, have undertaken collective reviews
of AI-HRM literature. This approach provides a meta-level
understanding of how researchers have systematically ana-
lyzed and synthesized knowledge in this field. The selected
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papers represent significant contributions in systematically
reviewing and analyzing multiple studies, rather than individ-
ual implementations or specific applications of AI in HRM.

Research on AI applications in HRM has rapidly increased
in recent years, enhancing HR functions and organizational
outcomes. Reference [21] identified a significant lack of in-
depth, organized research on HRM (AI) in current studies,
particularly in the development of a multilevel framework
that could serve as a foundation for future research by
scholars. To address this disparity, they suggest a compre-
hensive framework that provides a foundation for upcoming
researchers to establish connections between various vari-
ables, beginning at the contextual level and leading to HRM
and organizational outcomes that ultimately improve the
operational and financial performance of organizations.

AI and AI-based applications are increasingly used in
HRM in both local and global organizations, leading to new
research on topics like the social presence of AI, its effects
on outcomes, and evaluating practices. Further research is
needed for a comprehensive understanding and future direc-
tions. Reference [30] present a systematic review of the theme
of this special issue and offer a nuanced understating of what
is known, yet to be known, and future research directions to
frame a future research agenda for international HRM.

Research on AI in HRM has gained attention, but few
studies address the trends and competencies needed for its
adoption. Reference [24] have a systematic review and biblio-
metric analysis identifiedmanagerial capabilities required for
AI adoption in HRM, using the Dynamic Capabilities View.
Recruitment and selection are common areas for AI use.
Managerial cognitive, human, and social capital are important
for AI adoption. Multiple methods were used to explore AI
adoption in HRM.

Next research examines how AI has revolutionized HR
functions, from talent acquisition to performance manage-
ment. The study utilizes a bibliometric approach to analyze
research trends between 2013 and 2022, focusing on iden-
tifying key research clusters and geographical patterns.

By employing VOS viewer, the authors mapped out the intel-
lectual structure of the field, revealing India as a leading
contributor and highlighting areas such as machine learning
for resource management, AI for recruitment, and AI-driven
training as emerging research frontiers [40].

HRM is changing its focus from traditional methods like
recruitment, training, and development to more advanced
techniques like automation, AI integration, and augmented
intelligence. Reference [41] explore the application of AI
in different activities associated with HRM. The research
identifies the particular AI technologies utilized in HRM,
investigates the advantages and difficulties of incorporating
AI in HR, and the strategies applied to address these hurdles.
The incorporation of AI in HRM is a new trend and only a
small number of businesses have successfully adopted it in
every HR process.

By systematically reviewing existing literature, the
research explores how AI and automation are reshaping
Human Resource Development (HRD) practices. The study
identified keyHRD processes impacted by these technologies
and analyzed their influence on overall HRD outcomes.
Findings offer insights into the challenges and opportunities
presented by AI and automation, contributing to the ongoing
discourse on the future of HRD [42].
This research employs Gephi, a specialized social net-

work analysis tool, for analyzing co-authorship networks.
While various software packages exist for network analy-
sis, Gephi offers distinctive analytical capabilities crucial
for this study. The software provides robust computation of
multiple centrality metrics (degree, betweenness, closeness,
and eigenvector centrality) to identify key actors in com-
plex networks. Its advanced community detection algorithms,
combined with unique filtering features, enable detailed anal-
ysis of specific communities and their network metrics - a
capability particularly valuable for understanding research
group dynamics.

These specialized features facilitate comprehensive exam-
ination of scholarly collaboration in the AI-HRM domain.

TABLE 2. Summary of the past research.
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Through co-authorship pattern analysis, the research identi-
fies key contributors within specific research communities,
reveals knowledge flow patterns, andmaps emerging research
clusters. The ability to filter and analyze specific communi-
ties while computing their distinct network metrics provides
deeper insights into collaboration patterns. By examining
author relationships, institutional connections, and collabora-
tion dynamics, this analysis offers a thorough understanding
of the field’s structure and evolution. Table 2 provides a
summary of the topic, method, and results of past research.

C. INNOVATIONS IN METHODOLOGY COMPARED TO
EXISTING RESEARCH
This study introduces several key innovations in the analysis
of AI in HRM, which set it apart from previous works in the
field:

1) INTEGRATION OF SOCIAL NETWORK ANALYSIS (SNA)
WITH TOPSIS FOR RESEARCH COLLABORATION MAPPING
Previous studies have largely relied on bibliometric methods
to analyze the AI-HRM research landscape. This study inno-
vatively combines Social Network Analysis (SNA) with the
TOPSIS decision-making method, providing a dual approach
that not only identifies the structural patterns in research
collaborations but also ranks institutions and authors based
on their research influence. This combination allows for a
deeper, more nuanced understanding of research dynamics
compared to traditional bibliometric methods.

2) GLOBAL MAPPING OF AI-HRM RESEARCH NETWORKS
While many studies examine AI in HRM from a regional or
thematic perspective, this research offers a global mapping of
research collaborations. By analyzing the co-authorship net-
works across different regions and countries, the study reveals
global research hubs and trends that have not been fully
explored in the existing literature. This global perspective is
a significant methodological advancement, offering insights
into international cooperation in AI-driven HRM research.

3) IDENTIFICATION OF KEY RESEARCH THEMES USING SNA
Another methodological innovation is the use of Social Net-
work Analysis to identify emerging research themes. While
traditional methods focus on literature reviews and thematic
analysis, this study applies SNA to uncover hidden patterns in
the research community, identifying themes based on collab-
oration networks rather than just keywords or citations. This
approach reveals four primary themes of AI in HRM, offering
a comprehensive view of the field’s evolution and potential
future directions.

4) ENHANCED QUANTITATIVE ANALYSIS WITH MULTIPLE
CENTRALITY MEASURES
Unlike previous studies that typically focus on one or two
centrality metrics, this research employs multiple centrality
measures (degree, betweenness, closeness, and eigenvector)
to assess the influence of authors and institutions. This

approach provides amore comprehensive and granular under-
standing of the research landscape, offering insights into not
only who the most influential authors are but also how they
contribute to shaping the field.

5) COMPREHENSIVE DATASET AND CROSS-METHOD
INTEGRATION
By integrating a large dataset of over 100,000 authors and
287,000 collaborations, and combining quantitative methods
like SNA with decision-making tools such as TOPSIS, this
study offers a unique methodological framework. It enables
a more accurate and holistic analysis of AI-HRM research
trends than previous studies that have focused on smaller
datasets or singular methods.

In summary, the methodological innovations introduced in
this study—such as the integration of SNA with TOPSIS,
the global mapping of research networks, the identifica-
tion of emerging research themes using SNA, and the use
of multiple centrality measures—mark significant advances
in the field. These innovations provide a deeper and more
nuanced understanding of the AI-HRM research landscape
compared to previous works that primarily relied on biblio-
metric approaches or were limited in scope. The combination
of these methods enables a more comprehensive, multi-
dimensional analysis of research collaborations, offering
valuable insights into the evolution and future directions of
AI applications in HRM.

III. METHODOLOGY
This scholarly article investigates the phenomenon of
co-authorship within the intersection of AI and HRM. The
research commenced by systematically gathering articles
related to ‘‘AI applications in HRM’’ using a carefully curated
set of keywords specific to AI and HRM [17]. The selection
process involved the use of two distinct groups of keywords:
one set focusing on AI-related terms and another on HRM-
related terms, ensuring a comprehensive search across both
domains [43]. These keywords are detailed in Figure 4 of the
manuscript.

A strategic decision was made to utilize the Web of Sci-
ence (WOS) as the primary database for this study. WOS
was chosen due to its extensive coverage of high-quality,
peer-reviewed research across disciplines such as business,
computer science, and management [44]. The rigorous inclu-
sion criteria, extensive citation indexing, and global reach
of WOS provide a robust foundation for analyzing the com-
plex relationships between AI and HRM [37]. By employing
WOS, the research accesses a rich dataset that facilitates
detailed analysis and the identification of significant trends
and patterns within the field [17]. Many researchers have uti-
lized this source for examining and analyzing co-authorship
networks, as evidenced by studies such as [45], [46], [47],
[48], and [49].
Furthermore, the study predominantly relies on the Web of

Science Core Collection, a prestigious resource recognized
for cataloging significant scientific inquiries and widely
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FIGURE 2. Methodological framework.

respected in academic circles for its reliability and depth [50].
The research methodology, including the procedural steps
for data collection and analysis, is thoroughly outlined in
Figure 2 of the manuscript, ensuring transparency and repli-
cability.

In the realm of data preprocessing, a dataset is formulated
to facilitate the examination of the co-authorship network
involving authors, universities, countries, and keywords. The
process of dataset creation is illustrated in Figure 3 show-
casing the establishment of links between authors when they
collaborate on an article, with the weight of these links esca-
lating as authors collaborate on multiple articles.

A. SOCIAL NETWORK ANALYSIS (SNA)
Analyzing co-authorship networks is now a crucial method
for examining how scholars collaborate with each other.
Through the utilization of Social Network Analysis (SNA)
methods, scholars can acquire more profound understandings
of the formation and evolution of academic collaborations.
This method is especially important in the current research
environment, where it is vital to grasp new trends, rec-
ognize influential experts, and forecast upcoming research
directions [52]. These insights are critical for grasping how
knowledge is disseminated, how research communities form,
and for pinpointing potential collaborators [53].
SNA further allows for the quantification of collaborative

intensity, identification of central figures, and evaluation of
overall connectivity within a research network. Visualization
of these networks provides a comprehensive view of the

FIGURE 3. Network formation rules [51].

research landscape, helping scholars to identify new trends
and potential opportunities for collaboration [54], [55].

Social Network Analysis, first created in the mid-1900s,
grew in popularity thanks to Stanley Milgram’s ‘‘small
world’’ experiments. Since gaining popularity through the
‘‘Six Degrees of Kevin Bacon’’ game, social network analysis
(SNA) has developed into a flexible approach applied in
various industries including healthcare, marketing, national
security, political science, and particularly, research collabo-
ration studies [56]. Essentially, SNA focuses on examining
the connections between elements, depicted as nodes and
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edges in a network graph. This method enables researchers
to discover important figures, reveal obscured connections,
and analyze the distribution of resources or information in
a system. SNA is a valuable method for comprehending
intricate social occurrences, from illness spread to corporate
conduct [57], [58].

Besides recognizing network elements, social network
analysis provides numerical measurements to assess network
characteristics. Indicators like density, clustering coefficient,
and centrality offer important information about the unity,
interconnection, and importance of nodes in a network [59].
Thesemetrics enable researchers to compare networks, detect
structural differences, and draw meaningful conclusions
about the systems under investigation. In research collabora-
tion, SNA helps map the co-authorship landscape, revealing
key scholars, emerging research topics, and potential collab-
orators. Moreover, SNA is instrumental in uncovering hidden
knowledge networks and fostering interdisciplinary collabo-
ration [60].

Additional metrics such as community detection, density,
and clustering coefficient provide further clarity into the
overall characteristics of a network [61]. These metrics help
in identifying cohesive subgroups, assessing overall connect-
edness, and understanding the distribution of collaboration
patterns within the field of research. By applying these SNA
techniques, researchers can better understand collaboration
dynamics, pinpoint emerging trends, and develop strategies
for knowledge dissemination and impact [62].

Social Network Analysis (SNA) plays a pivotal role in
examining network structures through a wide array of metrics
designed to quantify relationships between entities, evaluate
the centrality of key actors, and identify cohesive subgroups
within the network [63]. The following metrics are integral
for researchers seeking to understand network dynamics and
inform subsequent analyses [64], [65]:

• Degree: The number of connections a node has is
referred to as its degree, representing the size of node
iii’s neighborhood. A high degree of centrality is typ-
ically observed in active individuals who maintain
numerous connections with other nodes within the net-
work. This reflects a node’s influence and centrality
within the system [66], [67].

• Closeness:Closeness centrality measures a node’s prox-
imity to other nodes in the network by calculating the
average distance to every other node [68]. A node with
high closeness centrality is positioned near other nodes
with shorter paths, indicating its capacity to quickly
access or disseminate information across the network.
In a literary context, authors with higher closeness
centrality tend to be more closely connected to other
authors, signaling higher visibility and influence within
the scholarly community [69].

• Betweenness Centrality: Betweenness centrality quan-
tifies the frequencywithwhich a node lies on the shortest
path between any two nodes in the network [70], [71].

Nodes with high betweenness centrality often act as crit-
ical intermediaries or bridges, playing a pivotal role in
controlling the flow of information and content through-
out the network.

• Eigenvector Centrality: Research suggests that the top
eigenvector of an adjacency matrix can be an effective
indicator of network centrality [51]. Unlike degree cen-
trality, eigenvector centrality assigns varying weights
to nodes based on their connections, emphasizing the
importance of influential neighbors. Eigenvector cen-
trality provides a weighted combination of direct and
indirect links, capturing the influence of both short and
long-range connections within the network [72].

• Density: The density of a network with nnn nodes is
determined by the ratio of the actual number of edges
(mmm) connecting these nodes to the maximum poten-
tial number of edges in the network. This measure
reflects the proportion of possible connections that are
currently realized, offering insights into the network’s
overall connectivity [73], [74].

• Community Detection: Identifying communities is a
key aspect of Social Network Analysis (SNA), facili-
tating an understanding of the structure and behavior
of networks. A community is a structural element that
showcases the relationship between nodes, with the
detection process beginning by forecasting connections
between nodes to identify more densely connected clus-
ters. This process helps researchers better understand the
underlying structure and dynamics of the network, aid-
ing in the identification of cohesive groups that exhibit
strong internal ties while maintaining weaker connec-
tions with other groups [75], [76].

• Size: number of the network’s nodes [77].

One of the most common ways to analyze a network is to
look at the centrality of various nodes to identify key play-
ers, information hubs, and gatekeepers across the network.
There are three types of centralities, each corresponding
to a different aspect of connectivity and centrality. Degree,
Betweenness, and Closeness Centrality are measures of
a node’s importance. Table 3 delineates several centrality
indicators, including Degree, Closeness, and Betweenness
centralities [78].

The objective of the network formation phase is to estab-
lish a co-authorship network spanning authors, universities,
countries, and keywords. Utilizing the datasets generated in
the preceding phase, Gephi software is employed to generate
and visualize the networks.Widely recognized as a prominent
tool for social network analysis and visualization, the Gephi
0.9.7 software version prepares us for the subsequent scrutiny
of the networks.

The fourth phase involves the examination of the developed
networks. This examination encompasses the application of
centrality metrics such as Eigenvector, Degree, Closeness,
and Betweenness, alongside the employment of community
detection techniques.
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TABLE 3. SNA measures.

B. TOPSIS
Amethod utilized to identify the optimal choices by consider-
ing various factors is referred to as multiple-criteria decision-
making (MCDM). This strategy is also known as multiple-
attribute decision-making (MADM) and multiple-objective
decision-making (MODM), as introduced by Hwang and
Yoon in 1981 [79]. TOPSIS was selected for this study
due to its ability to efficiently handle multi-dimensional
data and offer a comprehensive ranking framework. Unlike
traditional bibliometric methods, which rely on basic met-
rics like citation counts or co-authorship, TOPSIS pro-
vides a multi-criteria approach for ranking the influence of
authors. By integrating multiple centrality measures (such as
degree, betweenness, closeness, and eigenvector centrality),
it enables a more nuanced evaluation of authors based on both
their quantity of collaborations and their strategic position
within the research network. The procedural components of
the TOPSIS technique consist of the following steps:
Step 1: create a decision matrix (Dij)p×q with p rows as

options (nodes) and q columns as criteria.
Step 2: The dimensionless matrix L=(lij)p×q is created by

normalizing the decision matrix:

lij =
Dij√∑p
i=1D

2
ij

Step 3: Each criterion’s relative importance is shown by a
weighted matrix T.

Calculate T as follows:

T = (tij)p×q = (wjlij)p×q ∀i,j

Step 4: The worst solution t−j and the best solution t+j are
defined as follows:

t+j =
{(
Maxtij | i= 1, 2, . . . .p.∀j∈J+

)
,(

Mintij | i= 1, 2, . . . .p.∀j∈J−
)}

t−j =
{(
Maxtij | i= 1, 2, . . . .p.∀j∈J−

)
,(

Mintij | i= 1, 2, . . . .p.∀j∈J+
)}

J+ represents the set of benefit criteria and J− represents
the set of cost criteria. A set of criteria, J+, is aimed to be
greater, while a set of criteria, J−, is aimed to be less.

Step 5: Distance all alternatives (options) and the best
solution t+j is calculated as follows:

S+

i =

√∑q

i=1

(
tij − t+j

)2
, i= 1, 2, . . . ,p

Also, the distance between the whole alternatives and the
worst-defined solution t−j is calculated as follows:

S−

i =

√∑q

i=1

(
tij − t−j

)2
, i= 1, 2, . . . ,p

Step 6: Defining the comparative closeness to the best
solution as follows:

Ci =
S−

i

S−

i + S+

i

Step 7: Alternatives are ranked according to Ci

IV. RESULT
A. DATA GATHERING
The investigation collected a significant amount of infor-
mation on the role of AI in HRM studies. To specifically
identify articles related to ‘‘AI in HRM,’’ the search was
initiated using a carefully selected set of keyword search
terms, as illustrated in Figure 4. These terms cover topics
pertinent to HRM alongside those relevant to AI. The choice
of theWeb of Science (WOS) databasewas based on its exten-
sive coverage and advanced search capabilities, which are
particularly well-suited for academic research. WOS enables
the application of search filters to specific fields such as
the title, abstract, and keywords. This functionality is crucial
for refining search results and minimizing the inclusion of
irrelevant articles, thereby improving the focus and relevance
of the retrieved articles. Many researchers have extensively
utilized WOS in their studies, highlighting its value in aca-
demic investigations across various disciplines [47], [48],
[51], [80]. The detailed keyword strategy and the types of
extracted documents are depicted in Figure 4.

The initial exploration resulted in 32,103 publications
based on the selected keywords. Subsequently, the team of
researchers scrutinized the distribution of these publications
based on their respective publication years and illustrated the
outcomes in Figure 5. The data indicates a steady rise in the
quantity of publications over time, reflecting a heightened
interest in the subject among scholars. The complete dataset
is accessible via the link provided.1

B. AUTHORS NETWORK
Recognizing the important participants in the co-authorship
network is essential for understanding their notable role in
scientific productivity and research cooperation within the
network. According to [78], these individuals are instrumen-
tal in the network’s general research efforts. Figure 6 provides
a visual representation of the co-authorship network, where
the darker, denser central area highlights the core group of

1https://zaya.io/AIinHRM
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FIGURE 4. Search strategy and results.

FIGURE 5. Year of publication.

researchers with the most connections. The lighter, sparser
outer areas show fewer connected nodes, possibly belonging
to different clusters or communities within the network. This
graph represents a social network to a biological network
depending on the field of AI in HRM.

Table 4 provides a detailed overview of the co-authorship
network in the field of AI in HRM. This network analysis
offers valuable insights into the structure and dynamics of
collaboration within this domain.

Figure 6 consists of 102,296 individual entities (nodes),
each representing an author in the AI in HRM field. With
287,799 edges, there are nearly three times as many con-
nections as there are nodes. This high ratio of edges to
nodes indicates significant collaboration among researchers
in this domain. The average degree of 5.627 suggests that
each author typically collaborates with about 5 or 6 others,
pointing to a tendency for small to medium-sized research
groups in this field.

FIGURE 6. AI in HRM co-authorship network.

The network diameter of 25 indicates that the furthest
two authors are separated by 25 steps or connections. This
considerable diameter may reflect the existence of multiple
specialized sub-domains within AI in HRM that might have
limited interaction. The graph density of 0.0001 shows a
very sparse network, meaning many potential connections
between authors in this field do not exist. This sparsity
could indicate opportunities for increased collaboration in the
future.
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The presence of 14,211 connected components suggests
the network comprises many small, isolated clusters of
authors. This structure could indicate specialization in var-
ious sub-areas of AI in HRM. The high average clustering
coefficient of 0.956 further supports this interpretation, indi-
cating that authors tend to form tightly-knit groups or
communities. This suggests strong collaboration within spe-
cific research teams in the AI in HRM domain.

The dense black center of Figure 6 likely represents a
highly connected core where leading and prolific authors in
AI in HRM are closely linked to one another. This central
group of researchers potentially plays a key role in advancing
the field and bridging different research communities.

TABLE 4. Details the co-authorship network.

The collaborative practices of individual authors in the
field of AI in HRM were assessed using centrality measures
to identify those with the highest popularity, centrality, and
prominence in the co-authorship network. The authors with
the most connections to other authors in the network were
identified using centrality degree, and Table 5 suggests amal-
gamating centrality metrics using TOPSIS, a technique for
multi-attribute decision-making [78] and the authors with the
highest centrality in AI in HRM. This can be utilized to mea-
sure the extent of trust and the level of collaboration among
authors. Pedrycz Witold and Chen, C.L. Philip, had the most
robust connections, suggesting that they collaborated most
often on these publications.

Pedrycz Witold has been identified as the author who col-
laborated the most with others in the field of AI in HRM, with
Chen, C.L. Philip, and Herrera Francisco following closely
behind. These writers were seen as the most powerful and
involved partners in the network, having the greatest number
of connections to other authors in the AI in HRM field due to
their high degree.

Authors with a high betweenness centrality are seen as
vital in linking various author groups, as per social network
analysis. This promotes interaction and cooperation among
typically unconnected groups. Pedrycz Witold had the top
betweenness centrality in the AI in HRM co-authorship net-
work, functioning as an intermediary or connector. Chang,
Wb possessed the greatest closeness centrality, demonstrat-
ing substantial impact within the network. Writers such as
Chen, C.L. Phillip, and Wang, Wei played significant roles
in the network as well. When new AI subjects or uses are

introduced, they are often imitated by other authors such as
Chang, Kia-Yi, and Juang, Jg.

Pedrycz Witold served as a facilitator in the collaboration
network of AI in HRM. His ties to the other writers were
restricted.

In Table 6, Pedrycz Witold showed the highest eigenvector
centrality, indicating he is the most influential person in the
network and likely collaborated with other important individ-
uals.

Selecting the crucial and influential nodes poses a chal-
lenge due to the abundance of metrics and outcomes to
consider.

Following the identification of the top 20 authors using
TOPSIS, we explored the areas of expertise of these authors
which are shown in Table 6, and found that they work in data
analysis, with a particular interest in HR, a trend that has been
growing in recent years. This enabled us to determine the top
authors’ majors and areas of study.

Out of the nine countries listed in the table of the top
20 most central researchers and their countries, China is rep-
resented by five authors. England boasts four authors, Spain
has three, while Canada and the United States each have two,
with countries such as India, Singapore, the Netherlands, and
Australia having just one representative each Table 7 offers
a thorough compilation of each country and the number of
writers represented. This table displays the top countries of
the most successful authors within the AI and HR field.

Studying the scientific connections established between
various countries is a useful and intriguing analysis in the
co-authorship network. The visual representation of these
publications is shown in Figure 7 illustrating the country co-
authorship network.

Research on the intersection of AI and HRM has been
conducted by scholars worldwide. A network analysis reveals
collaborations among 127 countries through 1524 links.
China and the United States are prominent collaborators, fol-
lowed by Canada and China, then the United States. Leading
nations in collaborations include China, the United States,
Australia, England, and India. Community detection in the
network shows close collaborations among countries in the
field of AI in HRM research.

The green population is the largest. The green community
consisted of 69 countries, with England, France, and Spain
being the top three in AI in HRM research. However, the most
efficient country (USA, China, Canada) is part of the Pink
Community, which comprises 32 countries.

Table 8 analyzes the country’s co-authorship network and
includes three Communities.

In the expansive world of global HR, three distinct
communities have emerged, bringing diverse viewpoints
and valuable insights on effectively incorporating AI into
HR operations. As companies adjust to the constantly
changing HR environment, these communities serve as
centers for creativity, collaborating to shape the future
of managing employees by incorporating advanced AI
technologies.
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TABLE 5. Most central authors.

These three communities set themselves apart by focusing
on different aspects:

• The Global HR Applications: This community empha-
sizes the influence of European countries such as
England, Spain, France, Germany, and Italy in the field
of Global HR. The joint efforts of participants from these
countries show a common commitment to incorporat-
ing AI into HR. The participation of these European
nations showcases the broad global representation in the
community, aiding in a comprehensive evaluation of the
impact of AI on HR practices globally. As key members
of the European Union, these countries influence EU
decisions concerning AI and HRM, impacting the global
stage with their actions.

• HRM in The Middle East and Asia: This section
focuses on the leading role ofMalaysia, Pakistan, Egypt,

the United Arab Emirates, and Jordan in implementing
innovative HR practices within emerging markets. Writ-
ers from these economies are playing a significant role in
influencing HR strategies, especially with the increasing
presence of AI and the demand for creative HR adminis-
tration. These nations need further study because of their
expanding economies, with HR practices being shaped
by both government rules and societal beliefs. Of great
geopolitical importance, they are essential for trade and
economic interactions in nearby areas. By investing in
infrastructure and prioritizing skill development, these
countries are leveraging their young workforce and AI
to improve global business practices by evolving HR
strategies.

• Global Integration of AI in HRM: In countries such
as China, the USA, Australia, India, Canada, Iran,
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TABLE 6. 20 effective authors.
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TABLE 7. Country of 20 effective authors.

FIGURE 7. Co-authorship network of countries.

Poland, Japan, Singapore, Vietnam, South Korea, and
Taiwan, it is essential to have international cooperation
for AI-powered workforce management. Writers from
technologically advanced countries are collaborating to
improve AI-based workforce management. This col-
laboration showcases the worldwide significance of AI
in influencing contemporary workplace tactics and HR
protocols. These nations give importance to diversity
and inclusion in the work environment to foster inclusive
atmospheres. They have crucial functions in the world-
wide economy, trade, business, politics, and diplomacy.
The incorporation of AI in businesses, particularly in HR
management, has transformed the operational processes,
enabling the creation of a diverse and inclusive work-
place.

C. UNIVERSITIES NETWORK
The analysis of organizational collaboration provides valu-
able insights into the most efficient and influential institu-
tions [81]. The involvement of organizations in the fields of
HRM and AI has laid the foundation for an institutional co-
authorship network. This network, consisting of 4,036 nodes
and 24,655 links, highlights collaborative efforts in publica-
tions related to HRMandAI. The size of each node represents
the total number of connections among institutions, with each

node signifying a distinct institution. Research partnerships
are more likely to occur when there is a stronger connection
between institutions. Numerous organizations have collec-
tively contributed to papers in the fields of HRM and AI.

This institutional co-authorship network has been estab-
lished through a collective effort of numerous organizations,
each contributing to the advancement of knowledge in the
fields of HRM and AI. The network’s density and connectiv-
ity suggest that these organizations have formed meaningful
relationships, collaborating on research projects and sharing
knowledge and expertise. This increased collaboration has
led to a significant body of research that has shed light on
the impact of AI on HRM practices and the implications for
organizations.

The various colors in Figure 8 represent different com-
munities of institutions. In the graph, inter-institutional
co-authorship is indicated by ‘‘edges,’’ while each institution
is represented by a ‘‘node.’’ The thickness of the edges illus-
trates the level of scientific collaboration between two nodes,
with thicker edges indicating stronger cooperation. A detailed
overview of the five communities is presented in Table 9.

Different approaches can be used to categorize universi-
ties and scientific institutions within the AI sector, taking
into account factors such as cultural and social contexts, the
developmental stage of countries, and the presence of major
research hubs like those in the U.S. Based on these criteria,
institutions were classified and segmented into communities,
with each community named according to its classification
method.

1) AI RESEARCH CENTERS ARE DOMINANT IN ASIA
AI Research Centers that are Dominant in Asia: Asia has
emerged as a notable contributor to AI research, with the
Chinese Academy of Sciences taking the lead in estab-
lishing partnerships with different research institutions in
China, Hong Kong, and Singapore. The goal of this joint
initiative is to further research on AI in the area [82].
Moreover, Chinese enterprises such as Lenovo, Formosa
Plastics, Haier, and Huawei Technology have effectively
implemented Western HRM, granting them a competitive
advantage in the market [83]. The incorporation of these
methods equipped them with the essential skills and knowl-
edge for contemporaryHRMpractices [84]. These companies
encountered difficulties in choosing and advancing staff
through personal relationships with leaders, which led to
the necessity of implementing competency-based selection
and performance-driven incentive systems from Western
HRM [85]. As Figure 9 illustrates, the adoption of these
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TABLE 8. Communities of country co-authorship network.

Western HRM practices has significantly impacted the per-
formance of these Chinese companies. To remain competitive
and ensure long-term growth, Chinese companies need to
keep incorporating leading global AI research and HRM
practices as they navigate the changing business environ-
ment [86].

FIGURE 8. AI in HRM institutional co-authorship network.

2) AI IN LEADING UNIVERSITIES IN THE UNITED STATES
American universities are part of the vibrant orange com-
munity, which consists of esteemed institutions and systems
in the United States. This network partnership involves a
mutual emphasis on the importance of AI in higher education
and research in the country [87]. The University of Florida,
the University of Texas, and the University of California are
prominent participants in this energetic community. These
groups collaborate closely in the realms of AI and HRM [17].

The United States is experiencing distinct obstacles as a
result of its economic success, which is causing a lack of
workers. Creative hiring techniques are being implemented
with a focus on varied backgrounds. HR professionals are

TABLE 9. Details of five communities.

FIGURE 9. AI research centers dominant in Asia.

acknowledging the necessity of effectively managing virtual
teams [9]. HR professionals need to acquire technological
skills to adjust to the evolving dynamics of the workplace.
HR is transforming into a valuable partner, aligning its efforts
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FIGURE 10. AI in leading universities in the United States.

with the objectives of the organization. Companies can gain
a competitive advantage by implementing high-performance
work systems, offering effective incentives, and maintaining
a positive employer brand image to attract and retain talented
employees. This strategic method plays a key role in the
organization’s overall achievement [88], [89].
American colleges are currently dealing with the task of

integrating advancements in AI with HRM growth, with the
orange group emerging as a hub of creativity driving progress
in academia, research, and staff supervision [90]. Figure 10
demonstrates the rapid growth of AI adoption within the
orange group universities. The competitive positioning of
these institutions and businesses is made possible through the
integration of AI technologies and strategic HR practices.

3) LEADERS IN AI RESEARCH IN EUROPE
Within the Pink community, a cluster of prominent Euro-
pean universities has emerged as leaders in cutting-edge AI
research. The London University, Edinburgh University, and
KU Leuven are among the premier institutions that feature
prominently in Figure 11. The unique characteristics of each
institution have converged to create a vibrant research ecosys-
tem, where AI research is being pushed forward by talented
researchers and scholars. HRM practices in Europe differ
from those in the United States by being more informal.
[17] states that European traditions consist of more relaxed
grading systems and organizational structures. Workers in
Europe favor a hierarchical management approach, whereas
the U.S. offices typically rely on a system of organizing and
reporting to oversee task completion.

A key difference between HRM in Europe and the United
States lies in the management approach. European offices
typically employ a hierarchical management structure, where
decisions are made through a clear chain of command. In con-

FIGURE 11. Leaders in AI research in Europe.

trast, US offices often rely on a more decentralized system,
where employees are given greater autonomy to complete
tasks and projects, with regular reporting and feedback from
their supervisors.

These differences in HRM practices have significant
implications for AI research in Europe. The more relaxed
and collaborative culture has fostered a sense of commu-
nity and cooperation, allowing researchers to share knowl-
edge and expertise, and to collaborate on projects that might
not have been possible in a more formal environment. Addi-
tionally, the hierarchical management approach in European
offices has enabled researchers to focus on specific areas of
AI research, and to allocate resources effectively, rather than
being bogged down in bureaucracy.

4) AI IN HIGHER EDUCATION ON A GLOBAL SCALE
The lively green community which is shown in Figure 12
made up mostly of Iran, Egypt, and Malaysia, is actively
promoting collaboration and exchanging ideas on integrating
AI into academic environments. Universities from different
countries unite in this diverse group to showcase a worldwide
outlook on the significance of AI in higher education [17].

A recent study has emphasized the importance of HRM
practices in achieving organizational success. Utilizing HRM
functions effectively can serve as a strategic advantage for
companies to attain success [91]. Effectively utilizing HRM
functions can serve as a strategic advantage for companies
seeking to attain success. The research highlights the inter-
connectedness of culture and HRM, with a specific focus
on Islamic HRM methods in nations like Iran, Egypt, and
Malaysia. Islamic principles play a crucial role in guiding
conduct, but the lack of well-defined principles can create
challenges when attempting to apply Islamic HRM tech-
niques in Muslim nations. The study identifies eight essential
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FIGURE 12. AI in higher education on a global scale.

elements of Islamic HRM and proposes that incorporating
these principles can be beneficial for both companies and
their staff members. Furthermore, exploring international
perspectives on AI in academia involves examining cultural
variations in HRM tactics, acknowledging the importance of
context-dependent HRM practices [25].

FIGURE 13. Newly established centers dedicated to AI research.

5) NEWLY ESTABLISHED CENTERS DEDICATED TO AI
RESEARCH
Figure 13 illustrates a cluster of universities and research
institutions, forming a diverse group that combines develop-
ing and progressing economies. This partnership embodies a
unified effort to promote progress in AI research within these
fields, highlighting the potential impact of AI on the broader

international AI environment. The collaboration within this
group is poised to have a profound effect on the growth
and advancement of AI globally, as seen in the emergence
of international efforts such as the Sino-European Labora-
tory of Informatics, Automation and Applied Mathematics
(LIAMA) [92]. Originally established to encourage Chinese
colleagues to publish in international journals, LIAMA has
evolved into a collaborative partnership on the global stage,
marked by equal contributions from stakeholders. This is a
testament to the power of international cooperation in AI
research, as well as the potential for knowledge sharing and
innovation. Moreover, these centers are not only advancing
AI but also addressing pressing global challenges, aligning
their workwith theUnitedNations’ Sustainable Development
Goals (SDGs) [93]. The AI for Social Good movement, for
instance, focuses on leveraging AI to drive positive change
and address pressing societal issues, such as poverty, inequal-
ity, and environmental degradation. This strategic alignment
enables researchers to tackle complex problems, while also
promoting sustainable development and human welfare [94].

D. KEYWORDS NETWORK
The presence of specific words within a set of articles on a
given topic can reveal the primary subjects addressed in those
articles. The key concepts of an article are often reflected
in its keywords. Words that cluster together in documents
typically relate to closely connected themes. Each cluster
encompasses a different set of subject-specific keywords.
By analyzing these keywords, one can discern the relation-
ships and proximity between various topics [95].
In the context of AI & HRM research, keywords can

be organized into four distinct communities, as shown in
Figure 14. According to [96], keyword search analysis is a
valuable method for predicting emerging scientific trends.

FIGURE 14. Keywords network.
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The AI & HRM articles’ keywords can be categorized
into four Communities according to the results of community
detection. Keyword search analysis is identified by [96] as an
effective strategy for forecasting upcoming scientific trends.

A network of keywords is studied, with 176894 links and
39363 nodes. The number of nodes representing each key-
word shows how often it appears in the record. Keywords are
crucial terms that aid readers in finding and understanding the
concepts and information presented in research papers.

A closer examination of the data within communities may
lead to a clearer understanding of how words are allocated
to different communities and the relationships between these
communities of words. Identification of four keyword com-
munities was achieved through community detection in the
indexed corpus keywords. Table 10 provides in-depth data on
the number of edges and nodes.

TABLE 10. Details of keywords community.

The keyword network is divided by the use and thematic
function of keywords in HR. An example would be AI for
system identification and reasoning control, which holds a
significant position within the green cluster of AI keywords.
The next steps include adaptive control and system identifi-
cation, which are crucial uses of AI. Therefore, naming the
clusters involves studying the impact of keywords on HR and
the interaction of the biggest nodes [14], [97].

1) AI FOR SYSTEM IDENTIFICATION AND CONTROL
The eco-friendly community, depicted in Figure 15, consti-
tutes a collective of researchers and experts who share a
passion for exploring novel applications of AI in HR. The
community’s focus on neural networks, adaptive control, and
system identification underscores the significance of these
areas in implementing AI in HR management. By exploring

FIGURE 15. Green keywords community.

FIGURE 16. Purple keywords community.

the potential of these techniques, the community is seeking
to uncover innovative solutions that can revolutionize HR
processes. One of the primary areas of interest within this
community is the development of neural networks, which can
be used to model complex HR datasets and make predictions
about employee behavior and performance. By leveraging
adaptive control systems, HR professionals can adjust and
refine their strategies in real-time, ensuring that HR processes
are dynamic and responsive to changing organizational needs.
System identification, another key area of focus, involves
analyzing and understanding HR systems and processes to
identify areas for improvement. By applying AI-powered
analytics and machine learning algorithms to HR data, the
community is working to develop more accurate and effective
solutions for HR management. The community’s emphasis
on stability and resilience also highlights the importance of
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creating HR systems that are robust and able to withstand
the complexities and uncertainties of modern organizations.
By developing AI-powered HR systems that are designed to
be stable and resilient, HR professionals can ensure that
HR processes are efficient, effective, and able to adapt to
changing circumstances.

Overall, the eco-friendly community’s research and devel-
opment efforts aim to create a new generation of AI-powered
HR management systems that are more efficient, effec-
tive, and responsive to the needs of modern organizations.
By exploring the potential of neural networks, adaptive con-
trol, and system identification, the community is working to
redefine the future of HR management and create a more
sustainable, equitable, and prosperous work environment for
all [98].

2) HR ANALYTICS AND PERFORMANCE MANAGEMENT
The purple group Figure 16 has identified key areas of focus
in HR, prioritizing performance, innovation, sustainability,
knowledge management, and corporate social responsibility.
Within these areas, HR Analytics and Performance Man-
agement play a crucial role. By leveraging HR analytics,
organizations can make data-driven decisions, optimize HR
processes, and drive business outcomes. Meanwhile, perfor-
mance management is essential for setting goals, measuring
progress, and ensuring accountability. By aligning these
areas, HR professionals can create a more effective, efficient,
and strategic HR function that supports the organization’s
overall objectives.

The purple group’s focus on small and medium-sized
enterprises (SMEs) is particularly noteworthy, as it high-
lights the importance of utilizing AI to enhance and simplify
HR processes in companies of all sizes. By leveraging AI-
powered HR solutions, SMEs can streamline tasks, reduce
administrative burdens, and make more informed decisions.
Moreover, AI can help SMEs to stay competitive in the mar-
ketplace, attract and retain top talent, and improve employee
engagement. By focusing on these key areas, the purple group
is poised to make a significant impact on the HR industry,
driving innovation, and shaping the future of HRmanagement
for years to come [99].

3) MACHINE LEARNING FOR CLASSIFICATION AND
PREDICTION
The orange community focuses in Figure 17 is dedicated to
exploring the applications of machine learning techniques
in various domains, including classification, regression, and
ensemble learning. These methods have far-reaching impli-
cations in HR management, enabling organizations to make
informed decisions, identify trends, and predict outcomes.
For instance, classification techniques can be used to iden-
tify high-potential staff, while regression methods can help
predict employee turnover. Ensemble learning approaches,
which combine multiple models, can enhance the accuracy
and reliability of predictions.

FIGURE 17. Orange keywords community.

FIGURE 18. Red keywords community.

The orange community’s focus on skewed data and class
imbalance is particularly noteworthy, as it highlights the
challenges and opportunities that arise when dealing with
imbalanced datasets. In HR management, skewed data can
occur when there are more instances of one class (e.g.,
employees who have left the company) compared to another
class (e.g., employees who are still with the company).
By developing techniques to address skewed data and class
imbalance, the orange community can create more effec-
tive machine learning models that accurately predict HR
outcomes. The potential benefits of this research are vast,
including improved staff retention, enhanced talent acquisi-
tion, and more informed HR decision-making [100].

4) AI AND HR IN DECISION-MAKING
Figure 18 depicts a network of interconnected concepts
related to AI, machine learning, and big data. Key elements
like AI, Machine Learning, and Big Data are prominently
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featured. Each of these elements is crucial for harnessing the
power of data and extracting insights that can inform business
decisions. The presence of subjects like Human Resource
Management (HRM), intellectual capital, and interpretability
further highlights the group’s focus on applying AI to support
HR tasks.

The group’s emphasis on HRM and intellectual capital
suggests a keen interest in leveraging AI to streamline HR
processes and unlock the full potential of intellectual cap-
ital within organizations. By harnessing the power of AI,
HR professionals can gain strategic insights that inform talent
management, employee engagement, and overall business
performance. The incorporation of interpretability also indi-
cates a desire to ensure that AI-driven insights are transparent,
explainable, and actionable, enabling HR professionals to
make informed decisions that drive business outcomes. Over-
all, Figure 18 provides a compelling glimpse into the group’s
ambition to harness the power of AI to revolutionize HR
practices and drive business success. [17].

V. DISCUSSION
This study examined the co-authorship network within AI
applications in HRM research using social network analysis.
The findings provide insights into the key players, collabora-
tion patterns, and emerging themes in this rapidly evolving
field. Here we discuss the results in relation to the four
research questions posed:

Q1)Who are themost influential authors in theHRMand
AI co-authoring network?

The analysis identified several highly influential authors
based on centrality measures, with Pedrycz Witold, Chen
C.L. Philip, and Wang Wei emerging as the top three most
central authors. These researchers demonstrate strong col-
laborative ties and play pivotal roles in connecting different
research communities within the AI-HRM domain. Their
prominence suggests they are driving much of the innovative
work bridging AI and HRM.

Interestingly, while these top authors come from diverse
geographical backgrounds (Canada, China, and the USA
respectively), there is a notable concentration of influential
researchers fromChina and other Asian countries. This aligns
with the rapid growth of AI research and implementation in
these regions. The diversity of top authors’ expertise - ranging
from computational intelligence to data mining and strategic
management - highlights the interdisciplinary nature of AI
applications in HRM.

Q2) Is the collaboration between countries in co-
authorship driven by shared challenges, and what
underpins scientific collaboration among universities and
institutions in HRM and AI?

The analysis revealed distinct collaboration communities
among countries, suggesting that shared regional challenges
and research priorities do influence co-authorship patterns.
For instance, the ‘‘Global HR Applications’’ community cen-

tered around European countries indicates a common focus
on integrating AI into HR practices within the EU regulatory
framework. Similarly, the ‘‘HRM in the Middle East and
Asia’’ community reflects shared interests in leveraging AI
for HR in emerging economies.

Institutional collaboration appears to be driven by several
factors:

- Geographic proximity, as seen in the clustering of Asian
research centers

- Shared research interests, exemplified by the community
focused on AI in higher education

- Access to resources and expertise, with leading AI
research institutions forming collaborative networks

These collaboration patterns suggest that while global coop-
eration exists, there are still regional and institutional clusters
that may benefit from increased cross-pollination of ideas.

Q3) What underpins scientific collaboration among uni-
versities and institutions in HRM and AI?

The analysis identified five main communities in the
institutional co-authorship network, each with distinct
characteristics:

- AI Research Centers Dominant in Asia: Focused on
adapting Western HRM practices and integrating AI

- AI in Leading US Universities: Addressing labor short-
ages and virtual team management

- Leaders in AI Research in Europe: Emphasizing more
informal, culturally-aligned HRM practices

- AI in Higher Education on a Global Scale: Exploring
cultural variations in AI-driven HRM

- Newly Established AI Research Centers: Representing a
mix of developing and progressing economies

These communities reflect different priorities and approaches
to AI in HRM, influenced by factors such as cultural context,
economic development stage, and specific organizational
challenges. The diversity of these communities underscores
the need for contextualized approaches to AI implementation
in HRM across different global regions.

Q4) Does the analysis of keyword networks in HRM and
AI research reveal distinct and coherent patterns?

The keyword network analysis revealed four distinct com-
munities, each representing a coherent research theme:

1. AI for System Identification and Control: Focusing on
neural networks and adaptive control in HR processes

2. HR Analytics and Performance Management: Empha-
sizing the use of AI for enhancing HR processes,
particularly in SMEs

3. Machine Learning for Classification and Prediction:
Exploring applications like identifying high-potential
staff or predicting turnover

4. AI and HR in Decision-Making: Concentrating on the
integration of AI, machine learning, and big data for
HR decision support
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These themes provide a clear roadmap of the current
focus areas in AI-HRM research. They suggest that
the field is progressing from basic implementation of
AI tools to more sophisticated applications that can
potentially transform HR decision-making and strategic
planning.

The emergence of these distinct yet interrelated themes
indicates that AI in HRM is a multifaceted field, with
researchers exploring various aspects from technical imple-
mentation to strategic impact. This diversity of research focus
areas suggests a rich and evolving landscape of AI applica-
tions inHRM,with ample opportunities for further innovation
and cross-pollination of ideas across these thematic commu-
nities.

A. MANAGERIAL INSIGHTS AND IMPLICATION
The findings from this social network analysis of AI applica-
tions in HRM research offer valuable insights for managers
and practitioners seeking to leverage AI technologies in
their HR practices. These insights can guide implementation
strategies and help organizations navigate the complex land-
scape of AI-driven HRM.

1) STRATEGIC COLLABORATION AND KNOWLEDGE
SHARING
The identification of key influential authors and institutions
provides a roadmap for managers looking to stay at the fore-
front of AI-HRM innovations. Managers should:

- Actively seek collaborations or partnerships with lead-
ing institutions and researchers in the field.

- Encourage their HR teams to engage with academic
research, perhaps through industry-academia partner-
ships or sponsored research programs.

- Implement knowledge-sharing mechanisms within their
organizations to disseminate insights from cutting-edge
research.

2) REGIONAL ADAPTATION OF AI-HRM PRACTICES
The analysis revealed distinct regional patterns in AI-HRM
research, suggesting that one-size-fits-all approachesmay not
be optimal. Managers should:

- Tailor AI-HRM implementations to local contexts, con-
sidering cultural nuances, regulatory environments, and
regional challenges.

- Look to region-specific research clusters for insights that
may be most relevant to their operational context.

- Balance global best practices with localized approaches,
especially in multinational corporations.

3) FOCUS ON EMERGING THEMES
The keyword analysis highlighted four main themes in AI-
HRM research. Managers can use these to prioritize their AI
initiatives:

a: AI FOR SYSTEM IDENTIFICATION AND CONTROL
This theme focuses on leveraging AI technologies for sys-
tematic workforce management and organizational control
mechanisms:

• Workforce Planning Systems: Advanced AI algorithms
analyze historical data, market trends, and organiza-
tional requirements to optimize resource allocation
and workforce distribution. These systems can predict
staffing needs across departments and projects with
greater accuracy.

• Adaptive Performance Management: Implementation of
real-time monitoring and feedback systems that auto-
matically adjust performance metrics based on changing
business conditions. This includes dynamic goal-setting
and performance evaluation frameworks that evolve
with organizational needs.

• Competency Gap Analysis: AI-powered systems that
continuously assess employee skills against evolving
job requirements, identifying training needs and devel-
opment opportunities proactively. These systems can
predict future skill requirements and suggest targeted
learning interventions.

b: HR ANALYTICS AND PERFORMANCE MANAGEMENT
This theme encompasses the integration of advanced analyt-
ics into core HR functions:

• Data Infrastructure Development: Implementation of
robust data collection and storage systems capable of
handling diverse HR data types, from performance met-
rics to employee feedback. This includes establishing
data governance frameworks and ensuring data quality.

• Real-time Performance Analytics: Development of
sophisticated dashboards that provide instant insights
into employee performance, team dynamics, and organi-
zational health metrics. These systems enable proactive
intervention and continuous improvement.

• Personalized Development Tracking: AI-driven plat-
forms that create and monitor individualized employee
development plans, tracking progress and automatically
adjusting learning paths based on performance data and
career aspirations.

c: MACHINE LEARNING FOR CLASSIFICATION AND
PREDICTION
This theme focuses on applying ML algorithms to enhance
HR decision-making processes:

• Advanced Talent Acquisition: Implementation of
sophisticated ML models that analyze candidate pro-
files, job requirements, and organizational culture to
predict job fit and success probability. These systems
consider both technical skills and soft competencies.

• Retention Risk Analytics: Development of predictive
models that identify flight risks by analyzing pat-
terns in employee behavior, engagement levels, and
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external market conditions. These systems enable proac-
tive retention strategies.

• High-potential Identification: ML algorithms that ana-
lyze multiple data points (performance history, lead-
ership qualities, learning agility) to identify and track
high-potential employees for succession planning.

d: AI AND HR DECISION-MAKING
This theme explores the integration of AI into strategic HR
decision processes:

• Strategic Planning Support: Implementation of AI sys-
tems that analyze workforce trends, market conditions,
and organizational data to support strategic HR planning
and policy development. These systems help identify
long-term workforce needs and challenges.

• Advanced Sentiment Analysis: Development of sophis-
ticated NLP systems that analyze employee feedback,
communication patterns, and social interactions to
gauge organizational climate and employee satisfaction
levels.

• Objective Decision Frameworks: Implementation of
AI-powered decision support systems that reduce bias
in HR processes by standardizing evaluation criteria and
providing data-driven recommendations for promotions,
compensation, and career advancement.

4) INTERDISCIPLINARY APPROACH
The diversity of backgrounds among top researchers suggests
that effective AI-HRM implementation requires an interdis-
ciplinary approach. Managers should:

- Form cross-functional teams that include HR profes-
sionals, data scientists, and IT specialists.

- Invest in upskilling HR staff in data literacy and basic
AI concepts.

- Foster a culture of continuous learning and adaptation to
keep pace with AI advancements.

5) BRIDGING ACADEMIA AND INDUSTRY
The strong presence of academic institutions in the network
suggests a wealth of theoretical knowledge that may not yet
be fully translated into practice. Managers should:

- Establish partnerships with universities for applied
research in AI-HRM.

- Offer internships or collaborative projects to bridge the
gap between academic research and practical implemen-
tation.

- Contribute to academic research by sharing real-world
implementation challenges and successes.

the successful implementation of AI in HRM requires
a strategic, multifaceted approach. By leveraging insights
from the research landscape, fostering collaborations, and
maintaining a balance between innovation and ethical con-
siderations, managers can position their organizations to fully
harness the potential of AI in HRM. The key lies in viewing
AI not as a replacement for human judgment, but as a power-

ful tool to augment and enhance HR capabilities, ultimately
leading to more data-driven, efficient, and employee-centric
HR practices.

B. LIMITATIONS AND FUTURE RESEARCH
Despite the valuable insights provided by this study, there
are several limitations to consider. First, the analysis relies
primarily on co-authorship networks and citation data from
the Web of Science database, which may not fully capture
the breadth of research activities, particularly from grey liter-
ature or non-English publications. Additionally, the study’s
focus on quantitative metrics such as centrality measures
and TOPSIS may overlook qualitative aspects of collabora-
tion dynamics, such as the depth of research partnerships
or the nature of interdisciplinary work. Finally, the dataset,
while extensive, may have limitations in terms of representing
emerging trends in AI-HRM research, as newer works may
not yet be fully captured in citation data.

Future research could address the limitations of this
study by incorporating alternative sources of data, such as
patents, conference proceedings, or industry reports, to pro-
vide a more comprehensive view of AI applications in
HRM. Furthermore, qualitative studies exploring the nature
of collaboration, including interviews with key authors and
institutions, could provide deeper insights into the mecha-
nisms of research partnerships. In addition, expanding the
focus to include the practical applications of AI in HRM
within organizations and its impact on workforce outcomes
would enrich the understanding of AI’s role in HRM. Longi-
tudinal studies tracking the evolution of AI-HRM integration
over time would also be valuable to capture the dynamic
changes in the field and their implications for HR practices.

VI. CONCLUSION
This study provides a comprehensive analysis of the
research landscape in AI-HRMusing social network analysis.
By examining co-authorship networks, institutional collabo-
rations, and keyword patterns, this research offers valuable
insights into the structure and dynamics of this rapidly evolv-
ing field.

The analysis reveals a complex and interconnected
research ecosystem, with several key findings:

• Influential Authors: The study identifies a core group
of highly influential researchers, led by Pedrycz Witold,
Chen C.L. Philip, and Wang Wei, who play pivotal
roles in shaping the field. These authors, from diverse
geographical and academic backgrounds, demonstrate
the interdisciplinary nature of AI-HRM research and
highlight the global reach of this emerging field.

• Global Collaboration Patterns:The research uncov-
ers distinct collaboration communities among countries,
reflecting shared regional challenges and research pri-
orities. The identification of three main communities -
Global HR Applications, HRM in the Middle East and
Asia, and Global Integration of AI in HRM - illustrates
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the diverse approaches to AI-HRM across different
global regions and emphasizes the importance of con-
textual factors in shaping research agendas.

• Institutional Networks:The analysis of institutional
co-authorship reveals five distinct communities, each
with unique characteristics and focus areas. This finding
underscores the varied approaches to AI-HRM research
across different academic and cultural contexts, from
the adaptation of Western HRM practices in Asia to the
exploration of AI in higher education globally.

• Emerging Research Themes:The keyword network
analysis identifies four primary research themes: AI
for System Identification and Control, HR Analyt-
ics and Performance Management, Machine Learning
for Classification and Prediction, and AI and HR in
Decision-Making. These themes provide a roadmap for
future research and highlight the multifaceted nature of
AI applications in HRM.

The study’s findings have significant implications for both
academia and industry:

- For researchers,this study provides a comprehensive
overview of the current state of AI-HRM research,
identifying key players, collaboration opportunities, and
emerging themes. This can guide future research direc-
tions and foster more targeted collaborations across
institutions and regions.

- For practitioners, the identified research themes offer
insights into the most promising areas for AI application
in HRM. This can help organizations prioritize their AI
investments and implementation efforts, aligning their
initiatives with cutting-edge research.

- For policymakers, This study offers valuable insights
for policymakers by elucidating the impact of AI-driven
human resource management (HRM) practices on
organizational efficiency and workforce management.
By mapping the emerging trends and collaboration pat-
terns in AI-HRM research, policymakers can gain a
clearer understanding of the potential benefits and chal-
lenges associated with integrating AI in HRM practices.
These insights can guide the development of regula-
tory frameworks and public policies that support the
responsible and effective adoption of AI technologies,
ensuring that AI integration in HRM aligns with national
workforce development goals, improves productivity,
and mitigates potential risks such as job displacement
or skill gaps.

In conclusion, this study offers a thorough and insight-
ful mapping of the AI-HRM research landscape, shedding
light on the prevailing trends, influential contributors, and
emerging directions in the field. As artificial intelligence pro-
gressively reshapes human resource management practices,
this research serves as a crucial resource for scholars, prac-
titioners, and policymakers. For policymakers, the findings
guide the formulation of strategies that foster international
collaboration by pinpointing key research hubs and partner-

ships. Furthermore, the study identifies critical areas where
AI implementation in HRM necessitates careful consider-
ation of ethical and regulatory issues. It underscores the
importance of ensuring responsible deployment of AI tech-
nologies, promoting innovation while addressing challenges
related to bias, fairness, and privacy. Ultimately, this study
lays the groundwork for navigating the dynamic intersec-
tion of AI and HRM, encouraging global collaboration and
responsible AI integration in HR practices. Future research
should expand on these findings, delving into the qualita-
tive aspects of AI-HRM implementation, exploring ethical
dilemmas, and evaluating the long-term implications of AI
on workforce dynamics and organizational performance.
Additionally, longitudinal studies are essential to track the
evolution of this field, providing a deeper understanding of
how AI-HRM research and practice continue to shape the
future of work.
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