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ARTICLE INFO ABSTRACT

Keywords: The research using artificial intelligence (AI) applications in HRM functional areas has gained much traction and
Artificial intelligence a steep surge over the last three years. The extant literature observes that contemporary Al applications have
HRM

augmented HR functionalities. AI-Augmented HRM HRM®D has assumed strategic importance for achieving
HRM domain-level outcomes and organisational outcomes for a sustainable competitive advantage. Moreover,
there is increasing evidence of literature reviews pertaining to the use of Al applications in different management
disciplines (i.e., marketing, supply chain, accounting, hospitality, and education). There is a considerable gap in
existing studies regarding a focused, systematic literature review on HRM®D, specifically for a multilevel
framework that can offer research scholars a platform to conduct potential future research. To address this gap,
the authors present a systematic literature review (SLR) of 56 articles published in 35 peer-reviewed academic
journals from October 1990 to December 2021. The purpose is to analyse the context (i.e., chronological dis-
tribution, geographic spread, sector-wise distribution, theories, and methods used) and the theoretical content
(key themes) of HRMP research and identify gaps to present a robust multilevel framework for future research.
Based upon this SLR, the authors identify noticeable research gaps, mainly stemming from - unequal distribution
of previous HRM™D research in terms of the smaller number of sector/country-specific studies, absence of sound
theoretical base/frameworks, more research on routine HR functions(i.e. recruitment and selection) and
significantly less empirical research. We also found minimal research evidence that links HRM“P and
organisational-level outcomes. To overcome this gap, we propose a multilevel framework that offers a platform
for future researchers to draw linkage among diverse variables starting from the contextual level to HRM and
organisational level outcomes that eventually enhance operational and financial organisational performance.

Al-Augmented HRM
Literature review
Al applications in HRM

1. Introduction

The adoption of structured and unstructured data analysis tech-
niques employing advanced artificial intelligence (AI) tools and tech-
niques has seen an emergence of Al applications for human resource
management (HRM) with significant implications for the HRM function
(Saukkonen et al., 2019; Malik et al., 2021; Pereira et al., 2021; Vrontis
et al.,, 2021). Al refers to a broad range of technologies that allow
computers to perform tasks that would conventionally require human
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cognition and decision-making (Tambe et al., 2019). Recently, the
Covid-19 pandemic situation created unprecedented challenges for
human resource managers (i.e., recruitment, onboarding, and training)
that have expedited Al application’s adoption in HRM. There is a strong
indication that the next normal in HRM practices will be characterized
by high digitalization and increased virtualization aided by AI tech-
nologies for attaining sustainable competitive advantage based on su-
perior human capital and HRM practices that embrace industry 4.0
(Mefi and Asoba, 2021), and increase in employees’ experience and job
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satisfaction (Nguyen and Malik, 2022a; Malik et al., 2022a,b).

Al-augmented HRM is the capacity of the HRM function to integrate
Al techniques within existing business intelligence systems in an orga-
nisation to ingest, process, and analyse data to aid problem-solving and
decision-making for positive HRM-specific operational, relational and
transformational consequences (Prikshat et al., 2023). Precisely, it
connotes the combination of AI and intelligent automation (IA) and
implies that Al can be useful for HRM from an IA perspective. It plays an
assistive role by leveraging the latest techniques to enhance human in-
telligence in HRM functions and knowledge sharing through these tools
(Malik et al., 2022¢; Nguyen and Malik, 2022b). Al augmentation does
not necessarily mean having the latest Al technologies to deliver func-
tions of HRM. It is mostly about utilizing the latest Al techniques’ un-
tapped potential in HRM functions that enhance human-machine
symbiosis to achieve higher HRM domain-specific outcomes, including
enhancing the CXO’s decision-making (Kondapaka et al., 2023).

An extensive review of state-of-the-art literature concerning Al-
augmented HRM research (from now on referred to as HRM(AD) sug-
gests that such research started in the early 1990s (Lawler and Elliot,
1996) and has gained much traction over the last couple of years (Jain
et al., 2018; Meijerink et al., 2018; Buxmann et al., 2019; Alfes et al.,
2020; Budhwar et al., 2022; Kaplan and Haenlein, 2020; Malik et al.,
2023). However, despite this recent surge, HRM®D research is still un-
derdeveloped, and there is limited evidence of extensive review of
literature on HRM®P that systematically conceptualises the context and
content of HRM®™D research. While contextual research covers the
chronological distribution, geographic spread, distribution of the
research by industry/sector, theoretical perspectives, and research
methodology/approaches, on the other hand, content analysis focuses
on identifying research themes within a particular research domain (see
Danese et al., 2018; Nolan and Garavan, 2016). Conceptualising the
contextual and content-specific boundaries of previous HRM®P research
assumes importance as it provides much-needed information concerning
what previous researchers have done. Further, identifying and classi-
fying research themes based on content analysis will help advance future
research in this domain.

This systematic literature review (SLR from here on) reviews the
extant literature within the context and content of HRM“D research and
proposes a framework for future research. We start with capturing the
context of extant HRM®D research (i.e., distribution, theoretical un-
derpinnings, and research methodology/approaches used), followed by
conducting a content analysis to identify and classify the emerging
HRM®YD research themes. Based on context and content analysis, we
identify the knowledge gaps in the existing literature and then present a
multilevel framework for further development of HRM“P to help
practitioners and practitioners organise, conceptualise, and conduct
research in HRM“? domain soon. The contribution of this research
stems from context and content analysis of extant HRM“D research,
identification of knowledge gaps in the existing HRMP research and
presenting a framework by synthesising past knowledge and gaps
identification. This SLR attempts to present a basic framework for un-
derstanding how AI can be integrated into HRM based on extensive
content and context analysis and identifying research gaps. The pro-
posed multilevel framework can help researchers and industry experts
understand the critical factors that can help them tread the trans-
formation path to HRM®D.

We begin this paper by summarising the research methodology and
providing details of our literature search strategy, analysis, and assess-
ment of the quality of the literature reviewed. We then report our
context and content analysis findings. Following this, we identify the
key research gaps in existing HRMD research and suggest a multilevel
research framework for further developing HRMP, The final section
presents the managerial implications as well as concluding remarks.
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2. Research methodology - a systematic literature review

We developed a comprehensive review protocol in line with estab-
lished research methodologies described by Denyer et al. (2008) and
Macpherson and Jones (2010), that has been termed ‘systematic litera-
ture review’, and this method is known to have numerous advantages
compared with traditional unstructured reviews (Danese et al., 2018;
Wang and Chugh, 2014). The adopted methodology for our SLR follows
a replicable, scientific, and transparent process that minimises bias and
errors (Tranfield et al., 2003), improves the quality of the review process
and its validity by transparently following the exact steps, synthesises
and organises the literature (Wang and Chugh, 2014) and further pro-
vides a platform for conceptualising frameworks that extend academic
research (Kunisch et al., 2015).

In line with Danese et al. (2018), Nolan and Garavan (2016), and
Wang and Chugh (2014), we adopted a structured and systematic
literature review process as per the sequence of the stages described in
Fig. 1. In line with the established practice of an SLR, multiple databases
(eight) were searched for relevant articles. These include Scopus, Web of
Science, Science Direct, Pro Quest, Google Scholar, EBSCO host, IEEE
Xplore, and Emerald. This SLR analysed 56 published studies in the press
from January 1990 to December 2021 in 35 ranked journals (see Ap-
pendix 1). This list comprised 49 articles from ranked journals listed in
the Chartered Association of Business Schools (CABS) and Australian
Business Deans Council (ABDC), in addition to some journals which have
a practitioner slant addressing aspects of HRM and are widely recog-
nised (such as MIT Sloan Management Review; Harvard Business Re-
view) (see Table 1 for details). Four research articles published in
unranked journals were included for the SLR based on their assumed
importance for meeting the study’s focus. These four articles, despite
being unranked, contribute to the rigour of our SLR as unlike ABS/
ABDC-listed articles, the unranked literature often a more neutral
(Ndemewah and Hiebl, 2022) and sometimes novel perspective in
exploring and/or examining the use of Al applications in HRM which
further enriches our understanding of the latest developments in the
field of HRM®P, For example, the paper by Cesta et al. (2014) proposes a
new learning environment system called PANDORA, which uses Al to
help train crisis decision-makers, whereas the paper by Claus (2019)
provides a theoretical perspective on the inclusion of new concepts and
techniques like design thinking, agile management, behavioural ana-
lytics to develop a new breed of talent management (TM) practitioners
which contribute to TM sustainability. Accordingly, due to the limited
number of unpublished works in this field and the value addition they
bring to our research theme, we have decided to include them in this
paper.

2.1. Conceptual boundaries

As mentioned, we conceptualised this HRM“P SLR around contex-
tual and content domains. The underlying rationale is that HRM(AI)
research is somewhat fragmented and insufficiently defined, and
exploring SLR along contextual and content domains will help stream-
line future research more comprehensively. More specifically, the
context domain covered; (i) fuzzy logic, decision support systems and for
listing the appropriate data for context and chronological distribution
and geographic spread, (ii) distribution of the articles by industry/
sector, (iii) theoretical perspectives, and (iv) research methodology/
approaches used in the previous research. On the other hand, for content
analysis, we explored the previous HRM®P research implementing Al in
various HRM functions to identify common features among articles and
further classify them into distinct research themes. Given the broader
nature of Al techniques and applications used in HRM? literature (i.e.,
algorithm, expert systems, content analysis), we used three sets of
keywords in our search. The first group of keywords comprised
descriptive items combining Al and HRM (e.g., Al and HRM, Al in HRM,
Expert system and HRM, Algorithm and HRM, Fuzzy logic and HR). The
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HRM“”SLR : Research objectives
¢ To capture the context and context of of extant HRM"’research
e To detect knowledge-gaps in extant research

e To propose a multilevel framework for future research

(AD)

Conceptual boundaries for HRM™ SLR
HRM functions in which AI-HRM has been conducted
Key themes and sub-themes of Al research within HRM functions
Theoretical frameworks adopted by published research
Research approaches/methodologies used in extant research

Inclusion criteria for HRM“’SLR

l v N4

Search boundaries: Search terms: Cover period:

¢ ABS rankedjourna]s Al and HRM Alin HRM functions Alapplicaliil:):lz;chmiqum
e ABDC ran.ked jour.n_als Al and HRM Al and rejcruilment &  Neural language programming
. Ji)urnals with practitioner g Nﬁ(‘:‘:f‘;’;‘im i M:;::;"l‘;jﬁ‘lgaa";g;’;m " Jan 1990 - Dec 2021
. ;itr;tcsles within unranked E’ST e N%:%E%me Fui;;vfég%zng:pmmm Ghyes)

journals Wlth hl gh JaMngdo:g&n Al :J:rd;‘ :vrréeloyee Vlrat:glm;)gmnd training

relevance to the SLR ks Hmihw,  Ndviedg

v

Exlusion criteria for HRM“” SLR

e  Articles with a high technical perspective, non-scholarly work, books, book
chapters, dissertation & thesis, trade journals, conferences and working papers
were excluded

e The articles that did not primarily concern Al in context of HRM or more
generic management articles were excluded

YV
Validation of search results

g ey

Researcher A Researcher B Researcher C Researcher D Researcher E Researcher F

(Independent > (Independent < ;([udepeudem & (Independent £-3 (IndependemE E(Independem
data coding) data coding) data coding) data coding) data coding) data coding)

e T——

Data validation of coding

e Cross-comparison
¢ Revisiting articles for re-coding
¢ Ensuring inter-rater reliability

Fig. 1. A summary of the SLR process.
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Table 1
Publications by journals.
Journals CABS ABDC Number of
ranking ranking articles

Australasian Marketing Journal (AMJ) 1 A 1

Business Horizons (BH) 2 B 3

Business Research Quarterly (BRQ) - B 1

California Management Review (CMR) 3 A 3

Career Development International 1 B 1
(CDD)

Computers in Human Behavior (CHB) 3 A 2

Computers and Industrial Engineering 2 A 4
(CIE)

Expert System with Applications (ESA) 3 C 5

Harvard Business Review (HBR) 3 A 7

Human-Computer Interaction (HCI) 1 A 1

Human Resource Management Journal 4 A 1

Human Resource Management Review 3 A 1
(HRMR)

Information Resources Management 1 C 1
Journal (IRMJ)

Information System Frontiers (ISF) 3 A 1

International Journal of Emerging - - 1
Trends in Engineering Research

International Journal of Information 2 - 1
Management (IJIM)

International Journal of Organizational - B 1
Analysis (IJOA)

International Journal of Manpower 2 A 1
(IJM)

International Studies of Management 2 B 1
and Organisation (ISMO)

Journal of Applied Psychology (JAP) 4+ A* 1

Journal of Business Ethics (JBE) 3 A 1

Journal of Information Technology- 1 - 1
Teaching Case (JITTC)

Journal of Labor Research (JLR) 2 B 1

Journal of Management (JM) 4% A* 1

Journal of Management Development 1 C 1
(JMD)

Knowledge-Based Systems (KBS) - A 1

Management Decisions (MD) 2 B 1

Management Research Review 1 C 1

MIT-Sloan Management Review 3 A 1
(MSMR)

The International Journal of Human 3 A 4
Resource Management (IJHRM)

Technology in Society (TIS) - C 1

Tourism Management (TM) 4 A* 1

Arkansas Law Review(ALR) - - 1

Strategic HR Review(SHR) - - 1

Advanced Trends in Computer Science ~ — - 1
and Engineering(ATCS)

Total: 56

second group of keywords included Al concerning different HRM func-
tions (e.g., Al and recruitment & selection, Al and training and devel-
opment, and Al and performance management). The last set of keywords
encompassed specific Al techniques/applications within different HR
functions (e.g., neural language programming and contract manage-
ment, machine learning and training and development, fuzzy logic, and
performance management) (see sample search terms section in Fig. 1).

2.2. Inclusion and exclusion criteria

To build a comprehensive HRM®P research database, the authors
applied inclusion/exclusion criteria to ensure that the research articles
are relevant and stay within the research foci boundaries (Kitchenham,
2004). As shared above, the aim was to identify peer-reviewed journals
on different topics relating to HRM®“Y, AI concerning different HRM
functions, and Al techniques within the scope of different HR functions.
The main reason for choosing the 1990s as a starting point was the
growing evidence of research starting in this domain in the early 1990s
(Lawler and Elliot, 1996). The search parameters were set to focus on

Technological Forecasting & Social Change 193 (2023) 122645

peer-reviewed academic journal articles listed in the lists mentioned
above (Harvey et al., 2010) and articles from unranked journals
considered necessary to meet the study’s research objectives. The arti-
cles that were not available in full, book chapters, discussion notes,
editorials and reports, highly technical articles, and duplicated articles
were excluded from the review.

2.3. Articles selection and retention process

To further ensure the completeness of the research, we additionally
conducted manual research by adopting the backward and forward
approach (Webster and Watson, 2002). In this approach, we first traced
the relevant citations from identified articles to trace additional refer-
ences, and then, the collected references were further used to identify
relevant articles. The research study identified 217 articles relevant to
the focus of the research. The data was recorded into Microsoft Excel
files, and the other cautious process was followed to ensure the accuracy
and reliability of the data collected (Wang and Chugh, 2014; Nolan and
Garavan, 2016). Each co-author went through each paper and collected
and codified data manually in their database. The databases were
compared, and we discussed the differences to find a shared attribution
(Danese et al., 2018). Finally, the authors validated the coded data
where the articles were first cross-compared to remove any potential
duplication. Second, we revisited the articles and re-coded them to
improve the accuracy of the coding process and to improve its rigour and
authenticity. Subsequently, our objective was also to improve the inter-
rater reliability given the multiple coders involved and to ensure con-
sistency and clarity at the screening and coding stages (Belur et al.,
2021).

We further examined the title and abstract of each article, and based
on this analysis, some articles that were found to be inadequate in the
context of HRM™D research were excluded from the SLR (Thorpe et al.,
2005). Thus, 108 articles were excluded in the first step, reducing the
number of articles to 109. Further, based on examining these articles’
introductions and conclusions, the final list was refined to 56 articles.
Fig. 2 shows the processual articles selection and retention process.

3. Context analysis

This section presents the context of HRM®D research. It covers
chronological distribution, geographic spread, distribution of the arti-
cles by industry/sector, theoretical perspectives, and research method-
ology/approaches used in extant HRM®P literature.

3.1. Chronological distribution and geographic spread

Capturing the scope of what HRM®D comprises is quite broad.
Analysis of the chronological distribution of extant research across the
year of publication, journals, and geographic region is critical for un-
derstanding how the HRMY research is picking up, which journals are
pursuing the Al agenda in HRM, and as well as to emphasise the need for
diversification of future HRM“D research into geographic regions that
need more scholarly attention. This approach has been previously used
in the context of business intelligence system adoption reviews and
emerging market multinational enterprises (MNEs) (Luo and Zhang,
2016; Ain et al., 2019). Though the research on HRM®D started in 1990,
the most relevant research articles in line with this study’s focus were
published between 1995 and 2021. In particular, HRM(AI) research
witnessed increasing growth, specifically after 2018. A steep rise in
research articles on HRM®P was noted in the 2018-2020 period. For
example, 2019 alone accounted for the maximum number of articles
(22); ten were published in 2018 and 2020, and three were published in
2021. In total, 21 articles were published before 2018; all were pub-
lished in top-class journals. These 21 research articles account for 100 %
of the total publications from 1995 to 2017. This review demonstrates
that HRM™P did capture top-class scholarly journals’ attention since the
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‘

Retrieval &
Scanned

217 articles relevant to HRMAD
domain

109 articles retrieved

56 articles explicitly related to
HRMAD
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108 articles are excluded due to:

(AT)

53 articles were further excluded due to:

e  Highly technical articles or prototype
developments

e Duplicated content

e Introduction and conclusion not relevant

Fig. 2. Articles selection and retention process.

mid of 1990s; however, these research articles failed to provoke much
interest or follow-up research until the call of special issues in top
journals.

The analysis suggests that 87.50 % of the relevant research articles in
the HRM®P domain are published in top-ranked journals. Only 12.50 %
of the articles are published in non-ranked journals (see Table 1 for more
details). Harvard Business Review - HBR (n = 7) leads the way as most of
the articles in HBR are critical reviews and make a case for the use of Al
in HRM and other issues (e.g., ethics, legal, biases). However, most other
articles are in computer journals (i.e., Expert System with Applications,
Computer and Industrial Engineering, Computers in Human Behaviour),
mainly observing trends and using AI applications and techniques in
HRM. Noticeably, HRM®? research evidence is now more visible in
typically high-ranked HRM journals (for example, IJHRM and HRMR).

We further examined the number of articles for geographical distri-
bution based on each author and the author’s country. The analysis
reveals that the 56 research articles selected for this SLR covered 18
countries. The findings suggest that the number of research articles from
the United States of America was relatively high, with 26 articles. India’s
contribution was second with (6 articles), followed by China (5 articles),
Turkey (3 articles), the UK (2 articles), Germany (2 articles), Canada (2
articles), and Taiwan (2 articles), respectively. Besides, among the
developed economies, the US (25 articles), UK (2 articles), Taiwan (2
articles), Greece, Canada, Switzerland, Italy, Belgium, Australia, Hong-
kong, and Japan each had 1 article. The main reason for the high number
of studies in the US, China, and India can be attributed to the fact that
these countries have an extremely well-developed and highly skilled
labour pool comprising academics, research institutions, and organisa-
tions that continue to push the boundaries of what is capable with Al
techniques and applications (Walch, 2020). In summary, most research
on Al-driven HRM was conducted in the USA, India, China, Turkey, the
UK, and Taiwan.

3.2. Distribution of the studies by sector

Out of the total 56 articles reviewed for this SLR, only seventeen
articles were sector-specific (30.36 %), and the remaining 39 articles
(70 %) were not explored in the context of any particular sector. It was
found that the education, banking, manufacturing, human resource, and
information technology sectors are the key industries in which HRM®P
research has been conducted (two articles each), followed by a single
article for semiconductor, telecommunication, hospitality, and oil and
gas sectors.

3.3. Theoretical perspectives

This section explores the theoretical foundations of the articles listed
in the SLR. The theory is a building block for answers to questions about
what, why, who, when, and how (Sutton and Staw, 1995). We identified
the theoretical perspectives in HRM“D research in line with the
approach followed by Nolan and Garavan (2016) and Danese et al.
(2018). Of 56 studies, twenty-one articles utilised existing theories,
models, and frameworks to examine HRM™D research. Out of 21
theoretical-based studies, most of the studies used psycho-social theories
(n = 6), such as behavioural decision theory, social exchange theory, and
social information processing theory, to examine the influence of Al in
HR functions of recruitment and selection (Suen et al., 2019; Van Esch
et al., 2020), performance management (Abubakar et al., 2019; Robert
et al., 2020), training and development (Cesta et al., 2014), and job
evaluation (Lawler and Elliot, 1996) (see Table 2 for more details).

Four of the studies used fuzzy set theory using fuzzy approaches and
many-valued logic (Gottwald, 1999) to investigate the influence of Al on
decision-making and decision support for recruitment and selection
(Polychroniou and Giannikos, 2009), employee turnover risk manage-
ment (Wang et al., 2011), AI for biased free performance appraisal
(Manoharan et al., 2011), and talent management (Karatop et al., 2015).
Data mining theories were employed in three of the studies to examine
the advent of Al in HR functions of recruitment and selection and
retention (Chien and Chen, 2008), employee turnover (Fan et al., 2012),
and performance management (Strohmeier and Piazza, 2013). Surpris-
ingly, there was less onus on innovation diffusion theory (only two
studies - Coeurderoy et al., 2014 and Brock and Von Wangenheim, 2019)
as the adoption of Al in different management disciplines is usually
discussed in innovation diffusion theories. These two studies explored
the assistance of Al in HR functions of training & development and
performance management. While two studies by Cascante et al. (2002)
and Khosla et al. (2009) used expert systems theories to explore the
diffusion of Al in performance management and recruitment and se-
lection, Golec and Kahya (2007) embraced the theory of constructing
hierarchies for competency-based evaluation and selection of job ap-
plicants in the recruitment and selection process. More recently, Pan
etal. (2021) and Jaiswal et al. (2021) used the technology-organization-
environment framework (TOE) and job replacement theory, respec-
tively, to examine the contextual factors’ influence on AI adoption in
recruitment and selection and to explicate employees’ upskilling.

3.4. Research methodologies used in previous HRM“P research

This section synthesises the findings related to methodology in terms
of research methodology/approaches used in extant HRMV research.
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Table 2
Theoretical perspective in previous HRMP research.
Theoretical perspectives Authors/years HR functions

—

. Psycho-social theories
Behavioural decision
theory
Psycho-physiological
experiment
Psychological ownership
and social exchange
theory
Social information
processing theory/Media
richness theory
Organisational justice
theory
Subjective intention
theory

. Fuzzy set theory
Fuzzy approach

N

Fuzzy approach

Fuzzy approach

Decision support Theory

. Data mining theories
A data mining framework
for personnel selection
Clustering analysis and
data mining methodology
Domain-driven data
mining framework

w

4. Innovation diffusion theory
A unified theory of
acceptance and the use of
technology
Innovation-adoption-
implementation theory
TOE framework/
Transaction cost theory
. Expert system theories
Performance, user
satisfaction and learning
Expert system model
Miscellaneous theories
Theory of constructing
hierarchies
Artificial intelligence-
based Design platform
(AID)
Neo-human capital/Al job
replacement theory

w

o e .

Lawler and Elliot
(1996)
Cesta et al. (2014)

Abubakar et al.
(2019)

Suen et al. (2019)

Robert et al. (2020)

Van Esch et al.
(2020)

Polychroniou and
Giannikos (2009)
Manoharan et al.
(2011)

Karatop et al.
(2015)

Wang et al. (2011)

Chien and Chen
(2008)
Fan et al. (2012)

Strohmeier and
Piazza (2013)

Coeurderoy et al.
(2014)

Brock and Von
Wangenheim
(2019)

Pan et al. (2021)

Cascante et al.
(2002)
Khosla et al. (2009)

Golec and Kahya
(2007)

Lee and Ahn (2020)
Jaiswal et al.
(2021)

Job evaluation
Training & development

Performance management

Recruitment and selection

Performance management

Recruitment and selection

Recruitment and selection
Performance management
Talent management
Employee turnover
Recruitment and selection/
retention

Employee turnover
Recruitment and selection/
performance management/
employee turnover
Training and development

Performance management
Recruitment and selection

Performance management
Recruitment and selection
Recruitment and selection

Recruitment and selection
Upskilling/development

The review highlighted the adoption of several research methodologies,
including critical reviews, experimental design qualitative and quanti-
tative methodology, the analytical hierarchy process, and mixed-
research methodology in HRMP, The distribution of research types,
namely critical reviews, qualitative, quantitative, experimental design,
the analytical hierarchy process, and mixed methods (quantitative +
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qualitative), is presented in Fig. 3. The majority of the research studies
used a critical review approach comprising 24 articles, 46.15 % of the
total research studies reviewed. In comparison, 15 articles used a
quantitative/empirical approach (28.84 % of the total), and five used
experimental design (9.61 %); the remaining 11.52 % of the articles used
qualitative, mixed methodology, and the analytical hierarchy approach.
Moreover, 26.41 % of the articles used the survey, 9.43 % used an
experimental design, 3.77 % of articles used interviews, and the
remaining 5.75 % of articles used the analytical hierarchy and both
survey and interviews.

4. Content analysis

Previous scholarly work in HRM®D is diverse and heterogeneous and
explores many issues in different contexts. The content analysis aims to
identify common features among articles to classify them into distinct
research themes based on the unit of analysis. To do so, we focused on Al
research in different functions of HRM and the key Al themes within
these functions. Building upon the results of the content analysis of 56
selected articles, we classified four major research themes covered in the
extant HRMD research in line with the application of AI techniques
across different functions of HRM, as shown in Table 3. Following is a
detailed discussion about HRM®D research efforts in these classified
themes.

4.1. Theme 1: application of Al techniques in HRM

Al has been observed as a multifarious computer domain, and often
Al techniques are heterogeneous and are not appropriately categorised
(Kahraman et al., 2010). This might be the reasoning behind why extant
literature on HRM“Y has mostly indulged in a heterogeneous set of
suggestions as to how specific Al techniques could be applied for specific
HRM functions (Strohmeier and Piazza, 2015). Most of the HRMAD
research that has dealt with Al applications in HRM has Al techniques of
data mining, expert systems, fuzzy logic, and algorithm techniques for
their suitability in distinct HRM functions. For example, the data mining
technique has been examined to improve selection, and performance
management, reduce employee turnover and enhance human capital
(Chien and Chen, 2008; Strohmeier and Piazza, 2013). While expert
systems have been perused in the context of the selection and job
evaluation process (Lawler and Elliot, 1996; Mehrabad and Brojeny,
2007), fuzzy logic has been explored to examine whether it enhances
reward management and talent management (Karatop et al., 2015;
Escolar-Jimenez et al., 2019). Similarly, the applications of Al algo-
rithms have been explored in the context of recruitment and selection
and training and development functions (Danieli et al., 2016; Cheng and
Hackett, 2019; Van Esch and Black, 2019). The extant HRM®D literature
also reports on other Al techniques (i.e. benchmarking, AID framework)
for further highlighting the application of generic Al in the context of
other important functions of HRM such as job design, employee
engagement and retention (Burnett and Lisk, 2019; Huang et al., 2019;
Jaiswal et al., 2021).

Critical review I 46.15%
Quantitative (Survey) I ) 3. 84%

Experimental design IS 9.61%

Qualitative (Interviews) N 5.76%
Mixed (Interview+ Survey) HEEE 3.84%
The Analytic Hierarchy Process ml 1.92%
0.00% 10.00%

20.00%

30.00% 40.00% 50.00% 60.00%

Fig. 3. Distribution of research methods.
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Table 3
HRM®P themes in previous literature.
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Al in HRM
(Classified themes)

HRM function

Key AI themes

Authors

Recruitment and
selection

1. Application of Al
techniques in HRM

Training and
development

Performance
Management
Talent management

Expert system for the selection process
Data mining to improve personnel selection

Benchmarking system in Al-based recruitment

Artificial Intelligent Design (AID) framework for the selection
Algorithm for recruitment and selection

Training software ‘Pandora’ for crisis decision making

HRM algorithm decision-making in training

AT’s assistance in re-skilling and upskilling

Applicability of data mining in performance management

Designing fair Al for performance management

Fuzzy logic for gap reduction between the desired level of capabilities and the
existing capabilities of HR professionals

Digital transformation of talent management

Fuzzy logic/artificial neural network for employees’ reward management

HR analytics is beneficial for training and development

Knowledge hiding behaviour and performance management

L]
e Talent analytics for talent management
e Data mining for enhancing human capital.
e Employee turnover e Al techniques for employee turnover prediction
e Applicability of data mining in employee turnover
e Al for employee turnover risk
e Reward management e
e Job design o Al for job design
e Job evaluation e Al as an expert system for the job evaluation system
e Employee e Al and digital engagement
engagement
e Retention e Employees upskilling and the future of work.
2. HRM®P outcomes e Training and .
development e AT's use in personalized training
o Performance .
management e HR decision-making for workplace monitoring
e Talent management .

L]
L]
L]
3. Ethical concerns in the use e Recruitment and .
of HRM®D selection .
L]
e Performance .
management

Talent management
Recruitment and
selection

4. Challenges and adoption
of HRM“P

Fuzzy logic for gap reduction between the desired level of capabilities and the
existing capabilities of HR professionals

People analytics for talent management

Talent analytics for organisational performance

Impact of Al techniques on talent management

Eliminating unconscious human bias in recruitment

Al for job applicants’ fairness perceptions

Al’s role in eliminating unconscious human bias

Al for biased free performance appraisal

Ethical Al for talent management

e Challenges of blockchain technology for recruitment

Drivers, barriers, and social considerations for Al adoption

Mehrabad and Brojeny (2007)
Chien and Chen (2008), Strohmeier
and Piazza (2013)?

Lee and Ahn (2020); Khosla et al.
(2009)

Kuncel et al. (2014)

Danieli et al. (2016); Van Esch and
Black (2019)

Cesta et al. (2014)

Cheng and Hackett (2019)*
Gratton (2019)

Strohmeier and Piazza (2013)*
Robert et al. (2020)

Karatop et al. (2015)?

Guinan et al. (2019)

Sivathanu and Pillai (2019)*
Chien and Chen (2008)?

Fan et al. (2012); Li et al. (2019)
Strohmeier and Piazza (2013)?
Wang et al. (2017)
Escolar-Jimenez et al. (2019)
Huang et al. (2019)

Lawler and Elliot (1996)

Burnett and Lisk (2019)

Jaiswal et al. (2021)
Davenport (2019)

Maity (2019)

Abubakar et al. (2019)
Leicht-Deobald et al. (2019)
Karatop et al. (2015)?

Leonardi and Contractor (2018)
Sivathanu and Pillai (2019)?
Claus (2019)

Cheng and Hackett (2019)*
Suen et al. (2019)

Polli (2019)

Manoharan et al. (2011)

Chamorro-Premuzic et al. (2019)
Michailidis (2018)
Cubric (2020)

2 Denotes the author’s contributions across different HRM functions.

4.2. Theme 2: HRM™YP outcomes

Given that most recent research has reported that managing the in-
terdependencies of human and artificial intelligence will become a key
strategy of an organisation’s digital transformation initiative in the
future (Lichtenthaler, 2020), understanding the benefits and outcomes
of AI techniques in HRM becomes crucial. Surprisingly, very little
research has been conducted highlighting the outcomes and benefits
associated with the application of Al in different HRM functions. While
Davenport (2019) and Maity (2019) underline the benefits of the use of
Al in training and development, some researchers have focused on how
Al helps in detecting knowledge-hiding behaviour (Abubakar et al.,
2019) and enhancing HR decision-making for performance management
functions (Leicht-Deobald et al., 2019). Similarly, studies by Claus
(2019), Leonardi and Contractor (2018), and Sivathanu and Pillai
(2019) discuss the impact of Al-assisted talent management analytics for
enhancing organisational performance. Thus, much groundwork needs
to be covered in this research domain. Without a clear understanding of
outcomes and benefits associated with the use of Al in HRM, it is not
easy to impress upon the organisation stakeholders to fully reap the
substantial benefits through investment in AI in HRM.

4.3. Theme 3: ethical concerns in the use of HRM“P

Despite the great prospects presented by implementing Al applica-
tions in distinct HRM functions, many ethical concerns are associated
with using AI in HRM, constituting a darker side of AI (Arslan et al.,
2021; Prikshat et al., 2023; Varma et al., 2022). Although some of the
previous research (Chamorro-Premuzic et al., 2019; Cheng and Hackett,
2019; Polli, 2019; Manoharan et al., 2011) has focused on ethical issues
regarding the use of Al in functions of recruitment and selection, per-
formance management, and talent management, the specific under-
standing of various ethical issues that need to be addressed concerning
the advent of AI in distinct functions of HRM is limited. Previous
research has suggested numerous ethical principles in the generic HRM
domain; however, there is a serious issue of extending these principles
further in the domain of HRM®*D, Thus, it becomes essential to underline
the various ethical concerns associated with the use of Al in different
functions of HRM as well as how to address those concerns.

4.4. Theme 4: challenges and adoption of HRM™P

Despite the ever-increasing evidence of an upsurge in HRM®D

research regarding the use of AI applications for different HRM
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functions, a detailed understanding of challenges and the adoption
process of diverse Al applications is somewhat missing. We could only
find two specific studies (Cubric, 2020; Michailidis, 2018) focused on
challenges, drivers, barriers, and social considerations for Al adoption in
the function of HRM. The necessity of understanding the challenges and
the adoption process of Al techniques in different HRM functions gains
much traction as recent research has also observed this void and urged
for underlining the challenges as well as highlighting the drivers and
barriers for their smooth adoption (Kiron and Schrage, 2019; Fountaine
et al., 2019). In essence, a detailed understanding of challenges faced by
organisations and HR professionals and comprehensive adoption pro-
cesses or frameworks has the potential to understand the prerequisites
for using Al applications and provide a platform to scholars for future
research efforts and best practice recommendations.

5. SLR results and key research gaps

The extensive HRM®D research context analysis suggests that most
previous research corresponds to generic sectors (70 %) and is not
country-specific. Even though few country-specific studies (30 %), the
previous research lacks a cross-country comparison focus. Moreover,
very few studies (37.50 %) relied on theoretical models and frameworks,
and the use of theory-building and extension approaches was limited. It
was pretty surprising to note that there was little reliance on technology
adoption theories, given that HRM®P can be categorised as radical
innovation primarily related to technology adoption and must be linked
with technical innovation literature. Further, most previous studies have
used critical review methodology (46 %), implying the lack of empirical
evidence due to a few studies using qualitative, qualitative, or mixed
methods approaches.

On the other hand, the HRM“D research content analysis depicted
that previous research has primarily indulged in heterogeneous Al
techniques used in the context of varied HRM functions. The research on
using specific Al techniques (i.e. data mining, expert systems, fuzzy
logic, and algorithms) has been conducted in the context of distinct HRM
functions. For example, most of the applicability of these Al techniques
have been undertaken in recruitment and selection training and devel-
opment and very sparingly for other functions. This leaves a massive
vacuum in the previous A-HRM research on whether all these techniques
are not applicable or can assist other HRM functions. Similarly, suppose
we want to capture all the prevalent Al techniques that can assist
business functions. In that case, the obvious question is whether they are
useful for diverse HRM functions. This conveys that much ground needs
to be covered where future researchers have to systematically identify
all the Al techniques and then decide whether they can be applied to
distinct HRM functions. Moreover, the SLR suggests limited research on
the outcomes associated with the use of HRM®D. There is a huge gap in
the previous research concerning the analysis of the linkage of the
perceived HRM outcomes based on the implementation of HRM*P and
their connection with organisational outcomes as a whole.

Another notable concern is that previous research scholars working
in HRM“Y have not suggested a robust ethical framework that clearly
explains the role and responsibilities of the different stakeholders. There
have been sparse efforts to raise awareness or impact of various ethical
concerns in recruitment and selection, performance management, and
talent management. Still, there is the absence of a holistic approach
comprising principles or dimensions where the ethical issues presented
by Al in different HRM functions can be wholly captured. Last but not
least, given that HRMV is based on technology innovation, Al adoption
or assimilation process within HRM assumes much significance. As
observed through this SLR, very few systematic research efforts exist in
this domain.

Given that every Al technique may offer different propositions and
an altogether unique set of challenges for diverse functions of HRM, it
becomes necessary to understand the challenges organisations and HRM
professionals face to develop a comprehensive understanding of the Al
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adoption or assimilation process. Table 4 captures the main gaps and
supporting data based on the context and content analysis of SLR. We
will further use the proposed multilevel framework for developing
HRM®YP to provide research ideas that can help fulfill these notices gaps
in previous literature.

6. A multilevel framework for the development of HRM®?

In light of the above-highlighted gaps in previous themes pursued in
HRM®D literature, the question arises of how AI can be suitably
implemented and verified in human resource management. Given that
every organisation might have different characteristics and somewhat
dissimilar HRM goals and objectives, the desired AI augmentation of
HRM departments or functions might have to map the areas of strategy,
culture, technology facilitators, and reconfiguration challenges. To
streamline these challenges, we propose a multilevel framework for
developing the HRM™P field that can inform change managers about the
basic Al augmentation approach that will help them develop a trans-
formation roadmap for successful HRM™P endeavours. This multilevel
framework serves to fill in the gaps in the existing HRM“D research and,
at the same time, provides a platform for future researchers to examine
the interplay of different factors in prescribed levels to extend the
research further in this domain. We will elaborate on the multilevel
framework for the development of HRM®*P next. The significant factors
within prescribed levels will be discussed using the attributes used to
categorise and review the literature. The details of the multilevel
framework comprising different factors are displayed in Fig. 4.

6.1. Contextual level

Researching the domain of HRM“P does not necessarily mean
covering only the use of Al techniques in HRM. While doing meaningful
research, choosing the appropriate research methodology and support-
ing theories is a must. While conducting research, the significant
consideration is to borrow theories originating from reference disci-
plines and use them appropriately to contribute something additive back
to the reference disciplines from which we borrow (Truex et al., 2006).
Similarly, the choice of research method and the various research de-
signs are used to ensure that the research is being carried out within the
established frameworks and following existing guidelines (Williams,
2007). Keeping this in mind, the first level of our framework discusses
the gap in existing HRM®Y literature in terms of theories and research
methodologies used. It provides future directions for using different
theories and research methods. We also delve into the gaps in previous
HRM®D research concerning the selection of samples (i.e., in terms of
countries and industries) and prescribe future research to fill this gap.

6.1.1. Prescribed theories for HRMAY research

We go beyond the existing HRM literature and look into theories
from technical innovation and social psychology literature to prescribe
future HRM®P research theories. For example, the ‘Technology Accep-
tance Model’ (TAM) by Davis (1989) can help assess the perceived ease
of use and usefulness of the latest Al technologies in different HRM
functions from the perspective of HR professionals. On the other hand,
using the theoretical lens of the ‘Theory of reasoned action (TRA)’
(Ajzen, 1991) can help research scholars to determine the human
behavioural patterns in the decision-making strategy to utilise Al tech-
niques in HRM. Similarly, ‘Theory of planned behaviour (TPB)’ (Ajzen,
1991) and ‘Unified Theory of Acceptance and Use of Technology
(UTAUT)’ (Venkatesh et al., 2003) can help scholars to examine
behaviour intentions for AI adoption based on an HR professional’s
attitude and intentions towards innovative behaviour by examining HR
professionals’ behaviour, subjective norms, and perceived behavioural
control.

Information management theories such as ‘Technology-Organiza-
tion-Environment (TOE)’ (Tornatzky et al., 1990), ‘Technological,
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Table 4

Main gaps and supporting data based on the context and content analysis of SLR.
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Previous Reference variable Main gaps Supporting data

HRMAD

research

Context Sectors e A small number of sector-specific studies e Only 30 % of studies (n = 17) are sector-specific. The remaining 70
e Very few studies in the service sector % (n = 39) are not sector specific.

e The key focused sector in this research was the IT sector, followed

by education, banking, and human resource services.
Country/ies of the research e A small number of country-specific studies e Seventy per cent of studies (n = 39) are not country-specific.
e Lack of cross-country comparisons e Most of the studies have a single-country narrative.
Theoretical perspectives e Lack of theoretical frameworks e Only 37.50 % (n = 21) used theories, models, or frameworks.
e Use of a few theories building and theory extension e Only 8.93 % (n = 5) of studies used the primary method of the
approaches. theory construction process, 23.21 % (n = 13) studies used the
e Lack of technology adoption theories theory-testing process, while only 5.35 % (n = 3) used the theory
extension process.

o HRM™P can be categorised as radical innovation primarily related
to technology adoption and must be linked with technical
innovation literature.

Research methodology/ e A small number of studies used a qualitative, e About 46 % (n = 24) of the total research articles used a critical
approaches qualitative, or mixed-methods approach, implying review approach
the lack of empirical evidence
Content Limited research in the context e Only Al techniques of data mining, expert systems, e There is no systematic knowledge of whether all these Al techniques

of Al techniques
HRM“Presearch in different
HRM functions

Significantly less research
concerning adoption and
challenges

Linkage with HRM level and
organisational outcomes
Absence of ethical frameworks

fuzzy logic, and algorithms

assimilation processes

Unequal distribution of HRM®P research
concerning all the functions of HRM.
There is an absence of prescribed adoption or

Limited research on the outcomes associated with
the use and implementation of HRM
No prescribed ethical frameworks regarding the e The absence of a robust ethical framework explaining the role and
application of Al in distinct HRM functions

(AD

can be used for all HRM functions

Most of the HRM(AI) research is in recruitment & selection and
training & development.

Lack of knowledge of challenges faced in developing a
comprehensive understanding of Al adoption or assimilation
process

No synthesis among HRM level and organisational level outcomes
based on HRM“? implementation

3

responsibilities of the different stakeholders clearly

Organisational or People framework (TOP)’ (Bondarouk et al., 2017)
and ‘Decision Maker-Technology-Organisation-Environment (DTOE)’
(Thong, 1999) theories can help future research scholars to explain
contextual factors relating to organisation’s people, top management
and technological environment for influencing AI's adoption in HRM.
The ‘Innovation Diffusion Theory (IDT)* (Rogers, 1995) can assist re-
searchers in understanding how, why and at what rate innovative Al
technologies can spread in the social fabric of the HRM department. In
addition, the more recent ‘Theory of Assimilation Innovation (TAI)’
(Zhu et al., 2006) can help organisations to understand the process and
contexts of technology diffusion through an integrative model to
examine three assimilation stages, namely, initiation, adoption, and
routinisation of Al techniques in HRM functions.

Further, given that researchers have also investigated the relation-
ships between ‘Social Exchange’ and ‘Social Identity’ theories with
technology adoption intentions (Chu and Chen, 2016), future HRM®P
research can use these theories to elucidate motivational factors for
knowledge sharing concerning various Al applications and techniques
and Al adoption in different HRM functions.

6.1.2. Prescribed research methods for HRM®D research

The research methods that have been employed so far in previous
HRM®D research are mostly critical reviews (46.15 %), followed by
quantitative research methodology (28.84 %) and experimental design
(9.61 %) (see Table 3). Qualitative and mixed-method studies are
limited in number. We believe this is a significant omission in the cur-
rent literature as qualitative exploratory research and mixed-method
research can play an essential role in better understanding the impact
of AI on HRM, given that HR practices and systems vary significantly
from one country and industry to another (Wijesinghe, 2011; Lee, 2016).
We strongly recommend further research using more qualitative
exploratory research and mixed-method research.

6.1.3. Selection of samples
Based on this SLR, we found out that the existing HRM®? research
body is minimal in terms of the countries covered and the included

industries. Second, most HRM®" research has been conducted in
developed countries. There is an almost total absence of studies from
developing countries, particularly from Asia and Africa. Some research
studies are from China, India, Turkey, and the UK, but most previous
research concerning HRM™Y has its roots in the US. It seems justifiable
enough, given that the US tops the Al readiness index (AI Readiness
Index Report, 2020). However, it is also disconcerting that despite the
high AI readiness index in four Western European nations (the UK,
Finland, Germany, and Sweden), significantly less HRM®D research is
reported in these countries. Moreover, there is a shortage of cross-
country comparisons regarding the implementation and adoption of Al
in different HRM functions.

Moreover, the SLR demonstrates that 70 % of HRM®D studies are not
sector specific. The absence of sector-specific research leaves gaps in
contextual knowledge and a holistic perspective regarding using Al in
HRM. Given the increasing influence of Al in financial, healthcare, ed-
ucation, digital governance, retail, manufacturing, and smart city op-
erations worldwide (Deloitte, 2019; McKinsey, 2020), we assume that
there might be a much broader impact on HR departments of the
mentioned sectors, which need to be reported. We argue that this is a
significant limitation as sector and country-specific studies are crucial in
responding to such a massive change in HRM and firms (e.g., filling the
gaps in the employee’s existing skillset, redesigning sector-specific jobs
and training, hiring new talent for sector-specific needs). Unless existing
research addresses AI's impact on different sectors, research in this
domain will not progress further. Organisations will not develop
distinct, sector-specific responses to tackle Al implementation issues.

6.2. Organisational level

Using Al techniques in HRM is not only based on the discretion of the
HRM department. It is mostly about aligning Al augmentation of HRM
with the organisation’s strategic objectives to realise the untapped po-
tential of the HRM function as a whole. In addition to an HRM®D
strategy that is firmly aligned with the organisation’s strategic vision,
there has to be present an Al-oriented culture and support in the form of
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Fig. 4. A multilevel framework for the development of HRM“P,

technological enablers. Thus, this level encompasses three areas: AI-
HRM strategy, Al-oriented culture, and organisational facilitators. At the AI-
HRM strategic level, we prescribe two types of integration between or-
ganisations’ strategy and HRM®D strategy (Henderson and Venkatra-
man, 1999). The first, termed strategic alignment, is the link between
business strategy and HRMD strategy that helps explain how HRMP
helps shape and support business strategy. The second, termed opera-
tional integration, should have the capacity to explain the linkage be-
tween HRM®D infrastructure (i.e., HRM data hubs or marts) and how it
flows into the organisational business intelligence infrastructure (i.e.,
cloud data lake or warehouse).

The second organisational factor - Al-oriented culture - refers to em-
ployees, managers, and leaders’ attitudes towards implementing Al
techniques and can be a strong determining factor for adopting Al in an
organisation. Previous research has highlighted the importance of
organisation culture in accepting and adopting innovative information
system techniques (Twati and Gammack, 2006). Thus, to understand the
dynamics of HRM™D, the current organisational culture and how the
organisation culture can be improved or transformed into an Al-oriented
culture needs to be examined in more detail. Culture has been recog-
nised as one of the most influential factors responsible for technology
acceptance in organisations (Duan et al., 2019). For example, a study by
Dora et al. (2021) found that organisational culture played a vital role in
Al adoption in the food supply chain. Further, research in information
systems focusing on technology adoption indicates that individual
adoption of technology and the latest innovations also depends upon
organisation facilitators within the folds of the organisations. These fa-
cilitators are often provided through Al leadership and top-level man-
agement through diverse policies and actions for the smooth
implementation of technological innovations (Schillewaert et al., 2005).
The leaders have to actively endorse and root for the organisation’s Al
projects and continuously communicate the status and progress of Al
activities across internal and external stakeholders (Brock and Von
Wangenheim, 2019). Similarly, the present status of technological
infrastructure, technology enablers (i.e., user training, technical user
support, top management support), project management system and
human-technology relationship are some of the organisational level
factors that need to be studied in detail in the context of HRM®D,

6.3. HRM reconfiguration level

HRM configuration level is prescribed to understand better the
operational enablers of using HRM®P at the HRM domain level. An
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analysis of Al techniques augmenting different HRM functions, the Al
assimilation process in HRM functions, and the ethical principles that as-
sume importance in HRM®P, AT technique identification within the HRM
reconfiguration level involves identifying AI techniques applied in
distinct HRM functions. The previous literature provides a heteroge-
neous set of Al techniques (i.e., data mining, fuzzy logic, expert systems)
that have been employed in a range of HRM functions (Strohmeier and
Piazza, 2015). Thus, for HRM(AD, diverse and detailed insights into the
potential of various Al techniques for individual HRM tasks need to be
analysed. For a system capable of reconfiguring the HRM functions in an
organisation, we strongly suggest that there has to be a mix of Al tech-
niques that can be employed across different HRM functions instead of
using or focusing on one technique or a particular function of HRM. For
example, how to use the data mining technique in employee selection,
intelligent agent technique in career development or information
extraction technique in employee recruitment (Strohmeier and Piazza,
2015). Such a variety of Al techniques are crucial for HRM in efficiently
and effectively executing its broad range of functions and tasks and thus
are valuable.

Further, given that migration from initial adoption to the diffusion of
Al techniques might be complex and may involve additional steps of
diffusion, routinization, and extension of assimilation (Prikshat et al.,
2023), thus understanding the processual assimilation mechanism
comprising these stages is warranted for further development of
HRM“D, Understanding such a mechanism will ensure a deeper inte-
gration of Al techniques and lay down a foundation process for incul-
cating Al techniques in various HRM functions. Moreover, identifying Al
techniques for specific HRM functions and their assimilation would
arguably add a new set of role demands, professional challenges, and
management expectations for organisations and HRM professionals,
necessitating critical analysis of these challenges’ ethical implications
(Leikas et al., 2019). The new HRM®D scenario may present challenges
varying from data privacy issues, security, ethical/moral judgment and
decision-making, goal alignment between Al and human beings, and
ethical problems related to agency and fairness of AI (Du and Xie, 2021).
All these mentioned exemplary risks and challenges highlight the need
for detailed ethical principles that should cover the challenge posed by
different AI techniques in the context of distinct HRM functions and
clear responsibilities of stakeholders associated with those employing
these techniques to enhance HRM decision-making.
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6.4. HRM consequences level

Previous research has conceptualised macro-level consequences of
technology-driven HRM into operational, relational, and trans-
formational consequences (Obeidat, 2016; Parry and Tyson, 2011). We
further suggest examining the consequences of Al assimilation in HRM
along with these domains. For operational consequences, we recommend
investigating the impact of HRM“? on HR efficiency, HRM system
strength, and HR service quality. The rationale for this is based on the
fact that previous studies have observed a positive influence of
technology-assisted HRM on HRM system strength (Bondarouk et al.,
2017), HR efficiency (Bissola and Imperatori, 2020), and HR service
quality (Bondarouk and Ruel, 2009). In fact, as per Malik et al. (2023),
HRM“D has been shown to improve productivity gains, cost reduction,
safety improvements and other operational efficiencies like accuracy,
speed and resource employment in a wide range of industry sectors.
Hence, the operational consequences of HRMD emphasise efficiency
and overall performance outcomes (Vrontis et al., 2021). We further
pitch HR empowerment, trust in the HR department, and an internal
relational social capital as relational consequences that need to be
examined in much detail to observe the impact of HRM®D. While
implementing Al techniques in HRM can improve the relationship be-
tween HR and line managers and result in empowering individual em-
ployees, line managers, and senior managers to perform HR tasks
themselves, thus reducing response time and improving service levels
(Parry and Tyson, 2011), on the other hand, the relational factor of trust
can be enhanced by Al implementation in HRM, to help employees
perceive activities and criteria underlining HR policies that strengthen
their trust in the HR department, thus legitimating their role and cred-
ibility (Bissola and Imperatori, 2020). Based on the assumption that
advanced Al technologies have the potential to change the basic nature
of HRM’s fundamental nature from a ‘descriptive and diagnostic’ to a
‘prescriptive and predictive’ nature (Di Claudio, 2019), that can help
strengthen relational coordination among employees and enhance in-
ternal relational social capital.

Transformational consequences refer to improvements in the business
support and strategic orientation of HRM via the implementation of Al
techniques transforming HRM into a more strategic function (Stroh-
meier and Piazza, 2015). We propose enhanced human resource ana-
lytics capability (Enhanced HRAC), strategic involvement, and HR
global orientation as transformational consequences of HRM®D,
Through the implementation of Al techniques in HRM, an organisation
can enhance their ‘Big data analytical capabilities’ (see Wang et al.,
2016), serving as capacity building mechanism that helps in absorbing
large amounts of the data (volume), maintaining structural heteroge-
neity (variety), enhancing the speed of data generation (velocity),
ensuring data quality (veracity), and reaping economic benefits (value)
of big data (Arunachalam et al., 2018). Further, implementing Al tech-
niques in HRM may relieve HR professionals from essential adminis-
trative functions and empower them to portray a stellar role in the
strategic matters of the organisation, thus contributing to HR strategic
involvement. We also include HR global orientation - the stand-
ardisation of HR functions across units or departments within an orga-
nisation (Parry and Tyson, 2011) as one of the transformational
consequences, as previous research has observed that technology-driven
HRM can improve the global orientation of an organisation through
standardisation of HR processes across units or departments. Al tech-
niques can help managers standardise HRM practices across different
organisational units and subsequently help managers improve the
management process, resulting in a strategic contribution towards the
organisation (Parry and Tyson, 2011).

6.5. Organisation-level outcomes impacting organisational performance

This level focuses on the organisation-level outcomes linked to the
HRM outcomes level of HRMAY, Based on Jiang et al. (2012), we
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categorise organisational outcomes into three factors, namely human
capital (the composition of employee skills, knowledge, and abilities),
employee motivation (reflected through collective job satisfaction,
organisational commitment, organisational climate, perceived organ-
isational support, and organisational citizenship behaviour) and reten-
tion (percentage of employees who tend to stay for longer-term). This
categorisation is primarily based upon the ability-motivation-
opportunity model of HRM, which divides HR outcomes into human
capital, motivation, and opportunity to contribute (Guest, 1997). We
anticipate that the HRM-level outcomes (i.e., operational, relational and
transformational) will positively impact these organisation-level factors.
There will be a resultant impact on the operational performance (pro-
ductivity, quality, service, innovation, and overall operational perfor-
mance) and financial performance (return on assets, return on equity,
market return, sale growth, and overall financial performance) of the
organisation. We also anticipate that interplay of human capital,
employee motivation, and retention might have varying levels of impact
on the operational and financial performance of the organisation that
can be analysed through the interplay of these factors through mediating
mechanisms. For instance, human capital is the organisation’s most
important resource as it consists of the workforce’s collective knowl-
edge, attributes, skills, experience, and health.

On the other hand, employee motivation drives the quality of work
and boosts performance in an organisation. When organisations keep
their employees motivated, they enable their workforce to become
highly productive, and the workflow becomes more efficient. Finally,
employee retention is important for an organisation’s growth as it helps
prevent burnout and can save an organisation from productivity losses.
Hence, we assume that human capital, motivation, and retention
interplay will impact HRM-level outcomes.

7. Theoretical implications

The main objective of this SLR was to conduct context and content
analysis within the domain of HRM®D to identify gaps and develop a
framework for future research. The SLR based on context and content
analysis of 56 journal articles highlighted that there is a scarcity of sector
and country-specific studies within the domain of HRMP research, and
there is a lack of robust theoretical framework for the development of
HRM®Y as a distinct field within the ambit of HRM. The findings that
extant research around HRM®P displays an absence of underpinning
theoretical frameworks and use of a few theories building and theory
extension approaches, we recommend researchers/scholars use pre-
scribed theories for future HRMP research in Section 6.1.1. Applying
the recommended tested techno-innovation theories such as TAM,
UTAUT, IDT, DTOE, and TOP can overcome this conspicuous gap and
can further provide a robust platform for examining diverse research
themes in HRM®P research. Further, the assimilation of Al into HRM
functions of an organisation involves complex processes and challenges,
and there is a lack of a framework that systematically identifies and links
diverse contextual and organisational level variables with organisa-
tional operational and financial performance. This SLR presents a robust
framework that links diverse variables at different organisational levels
to understand AI’s assimilation into HRM. The multilevel framework
provides a platform for researchers to conduct further empirical
research to test the relationships among proposed variables.

The novel approach of presenting organisation-level factors (i.e. Al-
HRM strategy, organisational facilitators, Al-oriented culture) and how
it helps reconfigure the existing HRM department provides a base for
exploring multiple empirical research themes that have the potential to
help understand the assimilation of Al into HRM. Similarly, the linkage
proposed between reconfigured HRM department and domain-level
HRM consequences provides a platform to further conduct research
regarding outcomes of HRM®D. Last but not least, the underlying
rationale for proposing the linkage between HRM consequences level
and organisational outcomes and further organisational performance
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presents a novel proposition for HRMD researchers to explore future
research avenues.

8. Managerial implications

We also point out some important managerial implications based on
this SLR. First, this research proposes a detailed framework that clearly
outlines the organisational-level factors that can help top management
and managers reconfigure their HRM to be Al-ready. The top manage-
ment can delve into re-strategizing their approach to inculcate Al-
oriented culture with the help of organisational facilitators to recon-
figure their HRM department. The top managers need to re-evaluate
their strategic analysis and formulation and strategy implementation
to engage internally and external stakeholders in advancing Al-related
gains in HRM. The newly formulated strategy should aim at under-
standing the requisite transformed culture and the environment needed
to adapt to the Al-driven changes in the HRM department. We posit that
the approach should be putting in place organisation-level facilitators (i.
e. top management support, user training, technical user support), based
upon a thorough analysis of the current state of the level of automation
in different departments of the organisations. Top management support
comprising vision sharing (or impressing HRM staff to understand the
strategic benefits of HRM®D), ensuring apt resource provision (e.g.,
funds, latest Al software, and HR staff with data science and analytical
acumen) and change management (interventions related to HRM®P
acceptance) can go a long way for ensuring understanding of the core
objectives and ideals for HRM®D assimilation (Dong et al., 2009).
Additionally, robust user training and constant technical support
comprising collaborative efforts between HRM and IT professionals in
an organisations to conduct workshop and coaching sessions and also
provision of continuous training support from Al experts who specialise
in HRM®YP applications can ensure smooth HRM®*? assimilation in the
HRM department. Knowledge building communities/repositories, cre-
ation of IT department and HRM professionals dyads, implementation
guides, smart toolkits, hot lines, and standard operating procedures for
implementing different HRMD applications can lay a solid platform for
assimilating HRM™D in an organisation (Prikshat, 2022).These organ-
isational facilitators will help the workforce to enhance their awareness
of the functioning of Al applications, their usefulness and their fit with
the job.

Developing an understanding of optimal HRMD applications that
can be utilised for diverse functions of HRM, the assimilation process of
these applications, and ethical concerns regarding the use of different Al
techniques can enhance the knowledge and awareness of managers to
use Al in HRM to realise their full potential without any adverse impacts.
We will like to highlight the less researched domain of significance of
business analysts in plugging the client-developer gap for ensuring
smooth assimilation of HRM®" in an organisation. The recruitment of
competent business analysts who can translate the needs of diverse HR
functions to Al experts can help in designing HRM®D applications that
can be customed-fit into specific HR tasks. Moreover, business analysts
can actually liaise among top management, HRM professionals and Al
experts to check the most suitable HRM“D applications for HRM
department or can explain to the experts to design specific applications
to suit strategic HR needs. Further, previous research has observed
numerous challenges (i.e., issues of data privacy, security, ethical/moral
judgment goal alignment between AI and human beings) that raises
ethical concerns related to assimilation of HRMP (Prikshat et al.,
2022). An organisation’s managers must identify the likely ethical issues
arising from the use of HRM“D applications in each HR function and
develop robust standard operating procedures and mechanisms to
eliminate or minimize the adverse effects and dark side issues of
HRM™D, The willingness of senior management to actively engage with
ethical issues and responsibly addressing them can reduce its adverse
impact and ensure smooth assimilation of HRM®P, Policy level initia-
tives, such as guidance mechanisms that can help steer HR policies to
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develop ethical HRM™P practices, and implementation of the principles
of ethical corporate governance for HRM™D practices can go a long way
to ensure ethical use of HRM®P in organisations (Stahl et al., 2022).

Understanding the potential of different Al-enabled smart database
management for various levels and functions of the HRM department
may help managers offer isolated and end-to-end intelligence HRM
services within the organisation. Similarly, understanding the HRM
assimilation process (i.e. initiation, adoption, routinization and exten-
sion) will help the managers to achieve HR domain-level operational,
relational and transforaminal consequences. Last but not least, the
linkage of operational, relational, and transformation consequences
with organisational-level outcomes (i.e., operational and financial per-
formance) provides managers with an understanding of how HRM®D
translates in terms of achieving the desired operational and financial
performance.

9. Limitations & future directions

This SLR has not captured new research that falls outside of the re-
view and provided a higher level overview of the literature. Particularly
coverage of content that must be included, should represent a broader
spectrum of industries, sectors and geographical locations. Moreover,
the presence of a rigid criteria for paper selection might have also led to
the exclusion of some relevant studies. Further, though our research
presents a multilevel framework for the development of HRM®P, we
could not focus in depth on the specific outcomes of transformation,
operational and relational consequences of assimilation of HRM“P in an
organisation. Future qualitative research comprising specific and much
more precise outcomes, such as HR manager’s experiences of using
HRM®D, performance enhancement and inter-connected impact of
HRM®P on other functions of the organisation. Regarding research av-
enues for exploring future research, we recommend HR domain-specific
research and that researchers/scholars build upon prescribed technol-
ogy adoption theories borrowed from technical innovation literature
that is uniquely applicable to the HRM“P context. For examining the
composite impact of HRM®P, more empirical investigations are needed
in less studied functions of HRM, such as compensation and benefits and
learning and development. In the absence of such research, we might not
be aware of the limited capability of HRM®D applications in assisting
only some of the HR functions. Future empirical studies capturing the
essence and applicability of HRM®P applications for each of HRM
functions will help widen the understanding of composite impact of
HRM™D. Moreover, this will also serve as a catalyst for Al application
developers to concentrate on HRM“Y applications that are cater to the
less neglected HR functions.

In regard to the proposed multilevel framework, more research on
different layers and components can help develop the domain of
HRM™D. Specific research on AI-HRM strategy nexus (such as factors for
facilitating strategic technological alignment between business strategy
and HRM department, mechanism to develop linkage of HRM®D with
organisational business intelligence infrastructure), research to see the
impact of mentioned organisational facilitators or investigating more
facilitators for assimilation of HRM®P with in HRM department, and
research related to establishing a culture of AI leadership, conscience
and responsibility can contribute a lot to take the organisational level
components understanding further. Another important area of future
research might be pertaining to Al techniques identification, where we
see important role of development of business analysts who can un-
derstand the needs of HRM professionals and at the same time have the
ability to convey to the Al experts to develop suitable HRM®P appli-
cations. More precise research on how organisations explore different
HRM™P applications or various gaps in terms of identifying the exact
HRM™D software would add great value to research in this domain.
Though, Prikshat et al. (2023) have advanced a conceptual framework
for assimilating AI in HRM, further quantitative research is needed to
test the propositions advanced. Similarly, a preliminary ethical
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framework proposed by Prikshat et al. (2022) can be tested with
empirical research. Finally, the future researchers can include new as-
pects that have operational, relational and transformational conse-
quences of HRM™D and translate in enhanced operational and financial
performance.

10. Conclusion

This SLR presents a gist of HRM®P research through a rigorous
content and context analysis. Based on the findings of this SLR, our
multilevel research framework serves as a platform to fully explore
multilevel empirical research themes in HRMP, The extensive SLR
highlights and captures the progress towards understanding influence,
diverse themes, and gaps in the existing HRM*? literature. The SLR il-
lustrates the diversity of HRMD research foci in the extant research and
based on the gaps noted in this SLR, we recommend a balanced coverage
of HRM™P pertaining to all the functions of HRM, selecting from a vast
but related bundle of theories/frameworks for undertaking empirical
research on the linkage between HRM®*P, and HRM domain-level and
organisational consequences. Such research can enhance the validity
and viability of HRM®Y research.
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Appendix A
Appendix 1
A summary of AI-HR publications.
SL Authors/Year Title Country Journal  CABSRank  Theoretical Research HR function Key theme
no concepts/ methodology/
frameworks approaches
1 Abubakar Applying artificial Turkey UIM 3 Psychological Quantitative Performance Knowledge hiding
et al. (2019) intelligence technique to ownership and (Survey) Management behaviour impact on
predict knowledge social exchange performance
hiding behaviour theory management
2 Bell et al. Current issues and USA IJHRM 3 No Theory Critical Review  Training and Simulation-based
(2008) future directions in Development training on skill
simulation-based development.
training in North
America
3 Black and van Al-enabled recruiting: USA BH 3 No Theory Critical Review  Recruitment and  Al-enabled
Esch (2020) What is it, and how Selection recruitment
should a manager use it? necessity and key
strategic steps
4 Brock and Von  Demystifying Al: What USA CMR 3 Innovation- Quantitative Performance Human intelligence,
Wangenheim digital transformation adoption- (Survey) Management skilled staff,
(2019) leaders can teach you implementation employee
about realistic artificial theory engagement
intelligence
5 Burnett and The future of employee USA ISMO 2 No Theory Critical Review ~ Employee Employee
Lisk (2019) engagement: Real-time Engagement engagement with
monitoring and digital digital tools
tools for engaging a
workforce
6 Cascante et al. The impact of expert USA IRMJ 1 Expert system(ES) Experimental Performance Knowledge,
(2002) decision support theory - design Management expertise,
systems on the Performance, user performance, and
performance of new satisfaction and satisfaction
employees learning
7 Cesta et al. Training for crisis Italy KBS - Psycho- Experimental Training and Training for crisis
(2014) decision making-An physiological design Development decision making
experiment
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SL Authors/Year Title Country Journal ~ CABSRank  Theoretical Research HR function Key theme
no concepts/ methodology/
frameworks approaches
approach based on plan
adaptation
8 Chamorro- Building ethical Al for USA HBR 3 No Theory Critical Review  Talent Al-based talent
Premuzic et al.  talent management Management management
(2019) practices
9 Cheng and A critical review of Canada HRMR 3 No Theory Critical Review  Recruitment, Eliminating
Hackett algorithms in HRM: Training & unconscious human
(2019) Definition, theory, and Development, bias in recruitment,
practice Compensation HRM algorithms for
decision-making in
training, Flexible
adjustments to
compensation
packages
10 Chien and Data mining to improve Taiwan ESA 3 A data mining Quantitative Recruitment and  Association between
Chen (2008) personnel selection and framework for (Survey) Selection & personnel
enhance human capital: personnel Retention characteristics and
A case study in the high- selection work behaviours &
technology industry retention
11 Claus (2019) HR disruption—Time USA BRQ - No Theory Critical Review  Talent Impact of Al
already to reinvent Management techniques on talent
talent management management
12 Coeurderoy Explaining factors Belgium MD 2 A fuzzy model for Quantitative Training and Role of Al in self-
et al. (2014) affecting technological competency-based (Survey) Development efficacy and
change adoption: A employee supervisor influence
survival analysis of an evaluation and
information system selection
implementation
13 Cubric (2020) Drivers, barriers, and UK TS - No Theory Critical Review  Training and Implications of AI-
social considerations for (SLR) Development adoption on
Al adoption in business development
and management
14 Danieli et al. How to hire with USA HBR 3 No Theory Critical Review  Recruitment and  Algorithm for
(2016) algorithms Selection recruitment and
selection
15 Dattner et al. The legal and ethical USA HBR 3 No Theory Critical Review  Recruitment and ~ Al-based
(2019) implications of using Al Selection recruitment and
in hiring employees privacy
concern
16 Davenport Is HR the most-analytics =~ USA HBR 3 No Theory Quantitative Training and HR analytics is
(2019) driven function (Survey) Development beneficial for
training and
development.
17 Deobald et al. The challenges of Switzerland ~ JBE 3 No Theory Critical Review  Performance Algorithm-based HR
(2019) algorithm-based HR Management Decision-Making for
decision-making for Workplace
personal integrity monitoring
18 Escolar- Data-Driven Decisions in Japan IJETER - No Theory Quantitative Reward The usefulness of
Jimenez et al. Employee (Survey) Management fuzzy logic and
(2019) Compensation utilizing artificial neural
a Neuro-Fuzzy Inference network in designing
System employees’ reward
19 Fan et al. Using hybrid data Taiwan ESA 3 Clustering analysis ~ Quantitative Employee Hybrid data mining,
(2012) mining and machine data mining (Survey) Turnover machine learning
learning clustering methodology clustering- analysis
analysis to predict the for employee
turnover rate for turnover prediction.
technology
professionals
20 Golec and A fuzzy model for Turkey CIE 3 Theory of The Analytic Recruitment and ~ Employee
Kahya (2007) competency-based constructing Hierarchy Selection evaluation and
employee evaluation hierarchies Process (AHP) selection
and selection
21 Gratton New frontiers in re- UK MSMR 3 No Theory Critical Review  Training and AT’s assistance in re-
(2019) skilling and upskilling Development skilling and
upskilling
22 Guinan et al. Creating an innovative USA BH 3 No Theory Critical Review  Talent Digital
(2019) digital project team: Management transformation of
Levers to enable digital talent management
transformation
23 Gupta et al. Automation in India JITTC 1 No Theory Quantitative Recruitment and  Al-enabled
(2018) recruitment: a new (Survey) Selection recruitment

frontier
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SL Authors/Year Title Country Journal ~ CABSRank  Theoretical Research HR function Key theme

no concepts/ methodology/
frameworks approaches
24 Huang et al. The feeling economy: USA CMR 3 No Theory Critical Review  Change in job Job design at the
(2019) managing in the next design in wake feeling economy will
generation of artificial of Al be based on
intelligence (AI) intelligence skills
instead of analytical
and thinking skills

25 Jaiswal et al. Rebooting employees: India IJHRM 3 Dynamic skill, Qualitative Upskilling/ Upskilling in wake of

(2021) upskilling for artificial neo-human capital Development Al in MNCs
intelligence in
multinational
corporations.

26 Karatop et al. Talent management ina  Turkey CIE 3 Fuzzy Set Theory Critical Review  Talent Fuzzy for putting
(2015) manufacturing system Management right people with

using fuzzy logic proper talents to the
approach right positions

27 Khosla et al. Separating the wheat Australia ESA 3 Expert system Mixed Recruitment and  Al-based
(2009) from the chaff: An model Methods Selection recruitment and

intelligent sales benchmarking
recruitment and system
benchmarking system

28 Kuncel et al. In hiring, algorithms USA HBR 3 No Theory Critical Review  Recruitment and  Artificial Intelligent
(2014) beat instinct Selection Design (AID)

framework for
selection

29 Lawler and Artificial intelligence in USA JM 4% Behavioural Experimental Job Design Al as an expert
Elliot (1996) HRM: an experimental Decision Theory design system for the job

study of an expert evaluation system
system

30 Lee and Ahn Industrial Human South CIE 3 Artificial Quantitative Recruitment and  Al-based
(2020) Resource Management Korea Intelligence based (Survey) Selection recruitment and

Optimization based on Design platform benchmarking
Skills and (AID) system
Characteristics

31 Leonardi and Better people analytics USA HBR 3 No Theory Critical Review  Talent People analytics for
Contractor Management talent management
(2018)

32 Leicht- The challenges of Switzerland ~ JBE 3 No Theory Critical Review  Performance Algorithm-based HR
Deobald et al. algorithm-based HR Management Decision-Making for
(2019) decision-making for Workplace

personal integrity monitoring
33 Liebowitz Knowledge USA ESA 3 No Theory Critical Review  Training and Future of knowledge
(2001) management and its link Development management with AI
to artificial intelligence for organisation and
leadership
development
34 Lietal. (2019)  Hotel employee’s China ™ 4 No Theory Quantitative Employee Al for predicting
artificial intelligence (Survey) Turnover employee’s turnover
and robotics awareness
and its impact on
turnover intention: The
moderating roles of
perceived
organizational support
and competitive
psychological climate
35 Maity (2019) Identifying India JMD 1 No Theory Qualitative Training and Al’s use in
opportunities for (Interviews) Development personalised
artificial intelligence in training
the evolution of training
and development
practices

36 Manoharan An integrated fuzzy India IJHRM 3 Fuzzy Set Theory Mixed Performance Al for biased free

et al. (2011) multi-attribute decision- Methods Management performance
making model for appraisal.
employees’ performance
appraisal

37 Martinsons Human resource Hongkong JIM 2 No theory Critical Review  Training and Knowledge based

(1997) management Development systems for training
applications of & development
knowledge-based
systems
38 Mehrabad and The development of an Iran CIE 3 No theory Critical Review  Recruitment and  Expert system for

Brojeny
(2007)

expert system for
effective selection and
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SL Authors/Year Title Country Journal ~ CABSRank  Theoretical Research HR function Key theme
no concepts/ methodology/
frameworks approaches
appointment of the jobs and appointment
applicants in human process
resource management.
39 Michailidis The Challenges of ATand  Cyprus TIS - No theory Critical Review  Recruitment and  Blockchain
(2018) Blockchain on HR Selection technology in
Recruiting Practices recruitment
40 Pan et al. The adoption of China IJHRM 3 TOE framework Quantitative Recruitment and Al adoption
(2021) artificial intelligence in and transaction (Survey) Selection
employee recruitment: cost theory
The influence of
contextual factors.
41 Polli (2019) Using Al to Eliminate USA HBR 3 No theory Critical Review Recruitment and AT’s role in
Bias from Hiring Selection eliminating-
unconscious human
bias
42 Polychroniou A fuzzy multicriteria Greece CDI 1 Fuzzy Set Theory Experimental Recruitment and Al technique for
and Giannikos decision-making design Selection sound decision-
(2009) methodology for making in selection
selection of human
resources in a Greek
private bank
43 Raub (2018) Bots, bias and big data: USA ALR - No Theory Critical Review  Recruitment and Benefits of Al to
artificial intelligence, Selection increase hiring
algorithmic bias and efficiency
disparate impact
liability in hiring
practices
44 Robert et al. Designing fair Al for USA HCI 1 Organisational Critical Review  Performance Designing fair AI for
(2020) managing employees in Justice Theory Management managing
organizations: a review, employees
critique, and design
agenda
45 Sajjadiani Using machine learning USA JAP 4* No theory Quantitative Recruitment and Al technique for
et al. (2019) to translate applicant (Survey) Selection improving the
work history into quality of selection
predictors of process
performance and
turnover
46 Singh and Finn  The effects of USA JLR 2 No theory Critical Review  Recruitment and  Impact of Al on
(2003) information technology Selection recruitment
on recruitment
47 Sivathanu and Technology and talent India 1JOA 1 No Theory Qualitative Talent Talent analytics for
Pillai (2019) analytics for talent (Interviews) Management talent management
management-a game-
changer for
organizational
performance
48 Strohmeier Domain-driven data Germany ESA 3 Domain driven Critical Review  Recruitment and  Applicability of data
and Piazza mining in human data mining Selection, mining for HR
(2013) resource management: framework Performance functions
A review of current Management,
research Employee
Turnover
49 Suen et al. Does the use of China CHB 3 Media richness Experimental Recruitment and Job applicants’
(2019) synchrony and artificial theory and social design Selection fairness perception
intelligence in video interface theory between the AVI
interviews affect setting and the AVI
interview ratings and setting using an Al
applicant attitudes decision agent (AVI-
AI)
50 Tambe et al. Artificial intelligence in USA CMR 3 No theory Critical Review  Generic HRM Challenges of Al in
(2019) human resources HRM
management:
Challenges and a path
forward.
51 Upadhyay and  Applying artificial India SHR - No theory Critical Review  Recruitment and  Al-enabled
Khandelwal intelligence: Selection recruitment
(2018) implications for
recruitment.
52 Van Esch et al. ~ Marketing Al USA CHB 3 No theory Quantitative Recruitment and  Al-enabled
(2019) recruitment: The next (Survey) Selection recruitment

phase in the job
application and
selection
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SL Authors/Year Title Country Journal ~ CABSRank  Theoretical Research HR function Key theme
no concepts/ methodology/
frameworks approaches
53 Van Esch and Factors that influence USA BH 3 No Theory Quantitative Recruitment and  Algorithm for
Black (2019) new-generation (Survey) Selection recruitment and
candidates to engage selection
with and complete
digital, Al-enabled
recruiting
54 Van Esch et al.  Al-enabled biometricsin ~ USA AIM 2 Subjective Quantitative Recruitment and  Al-enabled
(2020) recruiting: Insights from intention theory (Survey) Selection biometrics for
marketers for managers attracting
candidates
55 Wang et al. Constructing a decision China I™ B Decision Support Critical Review  Employee Decision support
(2011) support system for Theory Turnover system for employee
management of turnover risk
employee turnover risk management
56 Wang et al. Developing an employee  China ISF 3 No theory Critical Review ~ Employee Al for employee
(2017) turnover risk evaluation Turnover turnover risk
model using case-based
reasoning
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