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The technological capabilities of Human Resource Analytics (HRA), enhanced by recent innovations in Machine
Learning (ML), offer exciting opportunities. However, organisations often fail to realise these potentials because
of a limited understanding of why individuals choose to adopt or disregard respective tools. Prior research on
innovation adoption offers preliminary insights but fails to aggregate the determinants of individual adoption
into actionable suggestions for decisions in the ML adoption process. Our study applies focused interviews to
examine non-ML experts' reasoning for using a specific tool tailored to a public sector organisation, which
corresponds to the usual end-user perspective of ML-based HRA adoption. By drawing from the HRA adoption
framework, provided by Vargas et al. (2018), we contribute to the literature by identifying relevant beliefs and
experiences influencing one's intention to adopt ML-based HRA and by qualitatively linking these beliefs to ML
characteristics such as transparency, automation and fairness. For practitioners, we provide actionable guidance
emphasising the need to ensure fairness proactively, as interviewees do not consider this aspect when deciding to

adopt ML-based HRA.

1. Introduction

The diffusion of analytics into Human Resources Management
(HRM) processes, including talent management, performance evalua-
tion and workforce planning, presents a promising opportunity. Human
Resources Analytics (HRA), as it is referred to in this context, is classified
as diffusing innovation and describes “a practice enabled by information
technology that uses descriptive, visual, and statistical analyses of data
related to Human Resources (HR) processes, human capital, organisa-
tional performance, and external economic benchmarks to establish
business impact and enable data-driven decision-making” (Marler and
Boudreau, 2017, p. 15). Modern-day technological advances help HR
professionals asserting their value when defending against possible
displacement by finance or data science departments (Angrave et al.,
2016), and they provide support for a wide range of different HR
functions (Prikshat et al., 2023a). In recruitment, for example, HRA can
be used to streamline processes and achieve greater speed and efficiency
(Hunkenschroer and Luetge, 2022), whilst in HR development, it helps
to identify the link between employee engagement and performance
metrics — and thus positively influences them (Davenport et al., 2010).
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Although traditional HRA encompasses several statistical approaches
and methodologies, Machine Learning (ML), such as deep-learning al-
gorithms and Artificial Intelligence, is expected to drive the greatest
change in HRM practice. For example, online work platforms such as
Uber, Upwork and Deliveroo automate extensive core business pro-
cesses, ranging from HRM decision-making to execution in the form of
selection, compensation and task assignment — all of which is done
through ML (Meijerink et al., 2021). In addition, ML-based HRA tools for
predicting voluntary employee turnover allow companies to derive
retention strategies that not only reduce costly replacements in the short
term, but also retain expertise within the organisation, thereby securing
a competitive advantage (Chowdhury et al., 2022).

Prior research identifies individual resistance to ML-based HRA
which could hinder its success in corporate practice. In contrast to other
HRA technologies, sophisticated ML algorithms, for instance, have the
disadvantage of being too complex to interpret easily, which subse-
quently leads to opacity (Kellogg et al., 2020; Langer and Konig, 2021).
As more data and multifaceted algorithms become available, a computer
learns more complex patterns and “consequently builds its own repre-
sentation of a classification decision, [which it does] without regard for
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human comprehension* (Burrell, 2016, p. 10). Therefore, algorithms
exceed human abilities to understand the system and can generate se-
vere trust issues (Arrieta et al., 2020). Furthermore, prior research ob-
serves attempts to manipulate and exploit these advanced ML-based
systems, known as “algoactivism” (Kellogg et al., 2020; Meijerink and
Bondarouk, 2023), and a more general aversion to advanced algorithms,
called “algorithm aversion” (Mahmud and Islam, 2022). Consequently,
the successful leverage of the described potential of ML-based HRA
critically depends on the ability to convince the individuals of an
organisation to use these systems (Vaio, 2022).

However, as most academic HR literature aims to understand the
factors determining the adoption of HRA on an organisation-wide level
(e.g., Margherita, 2022), and irrespective of the specific tool (e.g.,
Vargas et al., 2018), there is very little knowledge on the successful
individual adoption of HRA - and especially ML-based HRA. Coming
from the apparent need for a better understanding of the individual
adoption process for ML-based HRA, as well as the ambiguous effect of
ML characteristics, we ask the following two research questions:

RQ1: What beliefs and experiences influence the individual's inten-
tion to adopt ML-based HRA?

RQ2: How do the characteristics of ML engender these behavioural
beliefs?

To answer these research questions, we examine the individual
opinions and thoughts of employees of a public sector organisation
about a specific ML-based HRA tool for predicting voluntary turnover,
the implementation of which the organisation is currently evaluating.
Drawing from the focused interviews method provided by Merton and
Kendall (1946), we discuss the performance of the predictive HRA tool,
as well as several explanatory figures, with employees in interviews and
analyse their personal perspectives, experiences and spontaneous re-
actions to these different approaches. Following Vargas et al. (2018), we
then interpret our empirical results with the help of a conceptual
framework derived from the Theory of Planned Behaviour (TPB) by Ajzen
(1991). On the one hand, our results show that the perceived (self-)
efficacy of interviewees also highly depends on the design of the HRA
tool and the entered dataset, in addition to perceived skills and com-
petencies. On the other hand, the attitude of the interviewed employees
is not only formed by their personal enjoyment or concerns in terms of
working with the tool, but also by the way in which they perceive it
assists them in their daily work. We additionally identify that several ML
characteristics (perceived self-learning capabilities, degree of automa-
tion, transparency and trialability) influence behavioural beliefs and in
turn effect the adoption of the tool in HRM processes.

Our study makes three main contributions to the literature. First, it
contributes to the ongoing debate about the relevant factors driving the
decision to adopt HRA (Coolen et al., 2023). By examining this decision
from an individual instead of an organisation-wide perspective, we
provide deeper insights into the different behavioural beliefs deter-
mining the decision to adopt ML-based HRA. Based on our findings, we
propose several ML-related extensions and adjustments to the more
general adoption framework of Vargas et al. (2018). Second, our study
contributes to the current literature on ML design approaches and their
effect on HRA adoption (Marler and Boudreau, 2017; Langer and Konig,
2021; Haque et al., 2023), and third, it contributes to research on ML
transparency, suggesting that appropriate visualisation influences end-
user adoption (Haque et al., 2023). However, in contrast with Haque
et al., 2023, our results demonstrate a lack of ethical reflection, as
fairness plays no role in individual decisions to adopt ML-based HRA,
albeit protected group differences were made apparent in the
interviews.

The paper is organised as follows. The second section reviews the
literature on the (individual) adoption of HRA, highlights the related
limitations and derives the conceptual framework of our study. The third
section summarises the research method, empirical environment as well
as the research object and data analysis process. The fourth section
presents the results. A refined model at the end of this section
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summarises the factors that influence individual intentions to adopt ML-
based HRA and the impact of ML characteristics. Finally, in the fifth
section, the results are discussed and propositions made before a
conclusion is drawn.

2. Related research and theoretical framework

In the following section, a conceptual framework for the present
study is derived by summarising and discussing the state of knowledge
on the (individual) adoption of HRA.

2.1. Prior research regarding the adoption of HR analytics

The factors that drive or hinder the adoption of HRA have been
almost exclusively explored from an organisation-wide perspective (e.g.,
Margherita, 2022; Bohmer and Schinnenburg, 2023; Coolen et al.,
2023). Prior research draws from the TOE framework (e.g., Pumplun
et al., 2019; Chatterjee et al., 2021; Neumann et al., 2022), with the
underlying idea that the adoption of HRA from an organisation-wide
perspective is mainly driven by technological, organisational and envi-
ronmental contexts. Technological contexts include, for example, the
existing IT infrastructure of an organisation (Neumann et al., 2022),
while the environmental contexts can be, for example, competitive
pressure or customer readiness (Neumann et al., 2022). The organisa-
tional context includes cultural aspects (such as the culture of innova-
tion or change management) as well as resources (e.g., budgets or
human capital) (Neumann et al., 2022). Prior research concludes that
the employees themselves — aligned with their skills and knowledge —
play a major role in the adoption of HRA in corporations (Coolen et al.,
2023; Vaio, 2022). Furthermore, work ethics (Basu et al., 2023) or su-
pervisor support (Prikshat et al., 2023b) have been identified as addi-
tional major drivers for organisation-wide adoption.

To the best of the authors' knowledge, only Vargas et al. (2018) have
examined the individual adoption of HRA and proposed a comprehen-
sive framework in this regard. Drawing from the Theory of Planned
Behaviour by Ajzen (1991) and the Innovation Diffusion Theory posited by
Rogers (2003), the authors explain the actual level of adoption of HRA
through an individual's perceived self-efficacy, attitude and social in-
fluence regarding its use as well as trialability. Self-efficacy represents
an individual's beliefs about their abilities to reach a behavioural goal
(Bandura, 1977), which translates to their evaluation of the technolog-
ical and quantitative skills they deem necessary to adopt HRA. One's
attitude towards a specific behaviour is derived from the expected
consequences of this behaviour (Fishbein and Ajzen, 2010). As the
perceived consequences of using HRA partly depend on an individual's
self-efficacy regarding the use HRA, the latter will influence their atti-
tude, among several other beliefs for the given context. Social influence
represents the perceived norms in favour of or against HRA, and trial-
ability encompasses beliefs about the degree to which HRA can be tested
before adoption. Vargas et al. (2018) distinguish the three different
decision-making steps of knowledge-gathering, persuasion and decision,
whereby perceived self-efficacy is formed during the knowledge-
gathering step, and attitude, social influence and trialability are
derived during the persuasion step. The conducted survey empirically
supports the proposed causal relationships as well as the effect of
technology self-efficacy.

2.2. Limitations of the HR analytics conceptual framework

While the derived conceptual framework provided by Vargas et al.
(2018) extends the fundamental understanding of individual HRA
adoption, it does have some limitations. First, it only includes trialability
as a potential technological factor to distinguish between different HRA
technologies. The proliferation of ML questions the reality, as the
framework does not distinguish between the different characteristics of
the HRA tool. Furthermore, as HRA includes many different algorithms,
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systems and methods (Meijerink et al., 2021), and prior research in in-
formation systems finds significant effects of an IT systems's design on its
subsequent use (Haque et al., 2023), there is clearly the need to further
characterise and differentiate the proposed model from this perspective.
Especially in the context of ML, research has emerged in the HR (Langer
and Konig, 2021), management (Glikson and Woolley, 2020) and in-
formation systems (Arrieta et al., 2020) literature arguing that trans-
parency must be another fundamental determinant of individual ML
adoption. In contrast to traditional statistical methods in HRA, trans-
parency is not always present in ML, because (a) predictors are not
understandable, (b) relationships between predictors and predictions
are hidden and (c) no explanation for a specific prediction is given
(Arrieta et al., 2020; Burrell, 2016; Langer and Konig, 2021). This is
problematic, because a prediction without clear explanations, or at least
justification for the rationale behind the prediction, can lead to trust
issues (Glikson and Woolley, 2020; Langer and Konig, 2021). Park et al.
(2021), for instance, illustrate that only with sufficient transparency can
various user burdens (emotional, mental, biases, etc.) be overcome
during ML adoption. Transparency is also closely related to another
fundamental determinant of HRA adoption, namely fairness (e.g., no
discrimination against minorities), which can only be tested when pro-
fessionals use their expertise and experience to determine the level of
fairness of individual ML predictions through intuitive thinking
(Chowdhury et al.,, 2022). To achieve sufficient ML transparency,
Explainable Artificial Intelligence (XAI) offers a rapidly evolving inter-
disciplinary research area with multiple technical solutions (Arrieta
et al., 2020). Finally, the ability to automate decisions fully is an ML
characteristic that represents a major shift for traditional HRA tech-
nologies (Meijerink et al., 2021). When algorithms are used for auto-
mated scenarios, they must also be accountable for the decisions they
make (Busuioc, 2021). In summary, and in line with Lee and Cha (2023),
we suggest that transparency, fairness and accountability (in terms of
automated use) determine the adoption of ML-based HRA. Besides
technical ML characteristics, decisions made during roll-out also affect
the adoption of ML. In this regard, some studies have found that the
ability to try (=trialability) has a positive impact on adoption (Omrani
et al., 2022). However, research is still inconclusive in terms of exactly
how these ML characteristics influence an individual's adoption of HRA.

Second, the notion of self-efficacy and attitude in the proposed
framework of Vargas et al. (2018) is relatively narrow, and it might
exclude potentially relevant beliefs. Compared to assumed self-efficacy,
the perceived behavioural control (PBC) factor from the original TPB is a
wider concept that includes beliefs about factors beyond one's individual
control (Ajzen, 1991). It can be defined as the perceived ease or diffi-
culty of performing a behaviour (Ajzen, 2002). For instance, the indi-
vidual adoption of an HRA tool likely depends on the tool's suitability for
a task and not only on one's perceived skills to use it. Furthermore,
Vargas et al. (2018) examine self-efficacy regarding technology and
mathematics in general, which are sufficient to estimate the average
intention to adopt HRA but fall short when comparing the adoption of
different HRA systems. However, the TPB is built upon the principle of
compatibility, which states that the underlying factors must always refer
to the underlying behaviour (Fishbein and Ajzen, 2010). For the given
context, one would therefore expect a notion of self-efficacy that is more
directly connected to the individual adoption of a specific HRA tool or
system. Furthermore, the attitude of a survey participant is derived from
four beliefs solely centred around the personal enjoyment of using HRA
(Vargas et al., 2018). This notion contrasts with the Technology Accep-
tance Model that connects the attitude towards a technology to the be-
liefs about the perceived usefulness and perceived ease of use of a
technology (Davis, 1989) and the Unified Theory of Acceptance and Use of
Technology that connects the respective attitude to a performance and
effort expectancy (Ajzen, 2002; Venkatesh et al., 2003).
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2.3. Underlying conceptual framework

Due to the limitations of the conceptual framework of Vargas et al.
(2018) described herein, we aim to scrutinise the framework and extend
it to ML-based HRA tools. Our further analyses are based on the as-
sumptions described above, which are founded on the current state of
knowledge. We also distinguish between the process steps of knowledge,
persuasion and decision (Rogers, 2003) in an ML-based HRA tool's
adoption process. In the knowledge step, personal beliefs are evaluated
regarding the ability to utilise an ML-based HRA tool for a given task and
form an expectation about the PBC. In the persuasion phase, personal
beliefs are evaluated regarding the consequences of using the provided
HRA tool and form a tool and task-specific attitude. In addition, personal
beliefs are evaluated regarding the opinions of others regarding the use
of the provided HRA tool and form an expectation about the relevant
social norm (corporate or national culture). In the decision step, per-
sonal beliefs are evaluated regarding the PBC, attitude as well as
perceived norm and help decide whether to adopt the provided HRA
tool. Furthermore, we expect PBC and attitudes to be influenced by the
technical characteristics of the provided ML-based HRA tool, in which
case we distinguish between the known characteristics of trialability,
transparency, degree of automation and fairness and potential unknown
characteristics.

3. Research approach
3.1. Method

To fill the derived conceptual framework for individual adoption
with salient beliefs, it is necessary to dive deep into the line of reasoning
employed by end-users. We aim to explore these beliefs by applying the
“focused ethnographic interview” methodology proposed by Merton and
Kendall (1946). We opted for a qualitative research approach because it
can provide new insights into individual adoption in an explanatory
manner. In addition, the open-ended nature of the interview questions
allows for the collection of a wide range of information, including per-
sonal perspectives and experiences. The interview procedure was semi-
structured around several pieces of information and nudges, used as
potential triggers for spontaneous reactions. During the interview,
detailed discussions were held on hypothetical but realistic imple-
mentation scenarios for the specific HRA tool. Particular attention was
paid to employees' understanding of the presented tool, their ideas about
its future use in HRM processes and their perceptions of the risks and
benefits of using it in various HR applications throughout the organi-
sation. In addition, the interviews provided information about the
overall intentions of the interviewees as well as any changes in their
intention to adopt the HRA tool when providing various information and
explanations. This approach follows the interpretive tradition of
explorative methods, in that it seeks a deep understanding of human
experience rather than rigid explanations of cause and effect — as in
positivist epistemology (Einola and Khoreva, 2023).

3.2. Empirical environment

This study examines a German federal agency from the social in-
surance industry with about 20,000 employees in the period between
2022 and 2023. The in-depth public sector study approach provides a
context in which high legal requirements for the individual adoption of
HRA can be investigated and commercial secrecy is not a concern
(Desouza et al., 2020; Busuioc, 2021). While the organisation frequently
uses descriptive analytics based on advanced dashboarding tools, as well
as sporadic diagnostic regression-based analytics, this project is the first
to incorporate complex ML models to implement predictive analytics use
cases within HR.

Our main objective in selecting the interview population was to
obtain a diverse sample of HRA users in terms of personal characteristics
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(age and gender), seniority and statistical background in order to
represent the diverse workforce of the organisation as well as the
different usage objectives in the different personas. Table 1 provides an
overview of the 12 interviewees. Team leaders supervising one to 21
employees, and heads of departments with 21 to 50 employees, from HR
and operational departments, are the main users of the HRA tool. Half of
the employees interviewed would work with the HRA tool in the near
future, and half of those interviewed were potential recipients for
further applications. Each interview lasted between 58 and 98 min.

3.3. Research object

The specific ML-based HRA tool investigated herein predicts indi-
vidual voluntary turnover (excluding age-related reasons and termina-
tion on the part of the employer) probabilities within the next 6 months
for each employee, using the random forest algorithm (Breiman, 2001).
The tool is trained on a fully anonymised dataset with monthly data over
a three-year time horizon and includes 30 predictors originating from
the same federal agency in which the interviews were conducted. Work-
related predictors include commuting distance, sick days, salary, salary
increases in recent years, seniority and others. Demographic data such as
gender, age, number of children and education level are also included.
The ML predictions are evaluated in an out-of-sample test dataset.
Instead of treating the ML model as a black box, post-hoc XAI explana-
tions at the local (employee-specific) and global (organisation-wide)
levels are used to extract the effects of the predictors. The confusion
matrix used to assess predictive accuracy, as well as some visualisations
of the XAl results at the local and global level, were used as nudges
during the interviews (see Fig. 1). The visualisation of organisation-wide
explanations shown in Fig. 1 describes how a single predictor influences
the employee turnover prediction (strength, positive/negative contri-
bution) on average, considering all employees in that local interval

Table 1
Interview population of future HR Analytics users.
# Organisational Department Position Sex  Seniority
section )
n Corporate Employer Team lead w 20 to 25
development branding &
image
12 Internal Management Team lead m 15 to 20
corporate of future
consultancy vacancies
13 Insurance claim Operational Department w 30+
processing workforce administration
management
14 Insurance claim Operational Head of m 30+
processing workforce department
management
15 Human Organisation Organisational m 30+
Resources design consulting
16 Human Organisation Team lead m 0to5
Resources design
17 Human Organisation Department w 25 to 30
Resources design administration
I8 Human Personell Associate m 10to 15
Resources planning &
controlling
19 Human Personell Project lead m 15to 20
Resources planning &
controlling
110 Human Recruiting, Team lead w 30+
Resources development &
diversity
111 Human Strategic Senior data w Oto5
Resources workforce analyst
planning
112  Human Strategic Analyst m 20 to 25
Resources workforce
planning
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(Apley and Zhu, 2020). Additionally, the visualisation of employee-
specific explanations breaks down the probability of voluntary turn-
over for each employee and quantifies it in terms of increasing or
decreasing effects. The mean value represents the average employee
turnover risk of all employees predicted in the model.

3.4. Data analysis

Given the inductive nature of the study, we coded the transcripts
manually, following the methodology proposed by Gioia et al. (2013),
which has demonstrated its validity in numerous renowned publications
over the last decade (e.g., Friedman and Ormiston, 2022; Schuessler
et al., 2023; Mula et al., 2024). All interview transcripts were coded
independently by the first and second authors using MAXQDA' soft-
ware. A total of 392 codes resulted. In the initial coding phase, we
strictly adhered to the terms, phrases and descriptions of the in-
terviewees, so that many first-order categories emerged. After eight in-
terviews, both authors re-checked their coding to improve the reliability
of the process and increase its rigour and authenticity. After coding all
transcripts, first-order categories were compared against each other.
Disagreements regarding interpretation, and thus coding, if any, were
resolved through discussion. In the next step, for the second coding
(axial coding), the first and second authors looked for similarities be-
tween and differences among the many first-order categories, in order to
summarise and condense them. To this end, we went through each
interview transcript as well as the first-order categories again. Subse-
quently, we discussed each passage and then reconciled different in-
terpretations and conclusions to generate suitable second-order
categories (Gioia et al., 2013).

Based on the TPB (Ajzen, 1991), each of the second-order categories
was independently assigned to PBC, attitude or norm (aggregated di-
mensions) by the first and second author (as determinants of an indi-
vidual intention to adopt HRA) and then discussed. Subsequently, all
second-order categories were critically reflected in correspondence
with the framework provided by Vargas et al. (2018). The third author,
who participated directly in project meetings and reviewed relevant
project documents, critically reflected on the results in the final analysis
step. Additionally, the coding of the entire interview material was
repeated to verify validity. The re-coding of the first author, 11 months
after the first coding, resulted in an overlap of 90.4 % (intra-coder
reliability). Coding by a person not previously involved in the research
process resulted in an appropriate accordance of 79.0 % (inter-coder
reliability) (Miles and Huberman, 1994).

The second-order categories and the aggregated dimensions formed
the basis for the framework developed for the present study, and the
first- and second-order categories, as well as the aggregate dimensions,
became the basis for building the data structure (see Fig. 3).

4. Results

4.1. Factors influencing the individual intention to adopt ML-based HR
analytics

The results regarding the beliefs and experiences that influence in-
dividuals' intention to adopt ML-based HRA (RQ1) are presented below.
First, the findings on PBC are illustrated (see Table 2), following which,
after describing attitudes towards the adoption of the tool (see Table 3),
the perceived norms (see Table 4) of the interviewees are presented.

4.1.1. PBC

Algorithm-based efficacy describes all the capabilities and charac-
teristics that interviewees attribute to and expect from an ML-based HRA
tool, which allows them to utilise it in their daily work. Prediction

1 https://www.maxqda.com/
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1 Predictive accuracy (compared to reality) 2

= Counting right and false predictions for exemplary -
month for all employees

= The right column: 186 employees leave the
organisation; this corresponds to about 1% of the
employees. 100 cases were predicted by the model,
86 were not predicted correctly =

mean value

respective predictor
= The bottom row: The model identified 567
employees who could leave the organisation. Of

-
2
these 567 employees, 100 employees leave the =]
organisation in reality 2
=
Men =
Reality (next 6 month) Women <
All
N Turnover
Turnover
- No 18.515 86
é Turnover (96,60%) (0,45%)
2 | Turnover 467 100 S
= (2,43%) (0,54%)

Organisation-wide explanations 3
Sixteen plots, one for each important predictor -
= Y-axis (vertical axis): Mean difference of -

predicted turnover probability compared to the

X-axis (horizontal axis): Expression of the

Age

Length of service in
months

Employee-specific explanations
Anonymous employee specific (two examples)
Y-axis: Predictor description with respective value

= X-axis: The turnover probability corresponds to
the sum of all predictor contributions

Increasing contribution
[0 Decreasing contribution

Example 1
Part-time working employee, due to semi-
retirement

Part-time in % =27
Commuting distance in km = 14
Gross working days =9
Net working days = 0
Quota early retirement = 50
Salary today in EUR = 3,781
Salary increase % 5 years = 0,12
Number of children = 0

Civil servant status = No D

Fig. 1. Information provided as nudges during the interviews: Predictive accuracy report, predictor effect explanations on the organisation-wide and employee-

specific level.

quality captures the prediction accuracy of the tool, whereby the in-
terviewees seem to require a sufficient level of prediction accuracy to
view it as applicable. For our model, prediction accuracy is rated
differently by I1 and I11. Another key factor for algorithm-based effi-
cacy is traceability. The lines of reasoning by I10 reveal that the HRA
tool's feasibility stems from explanations of the ML model and how this
helps to optimise the organisational retention of top performers at the
individual level. 112 points towards the XAl visualisations provided as
an important distinction compared to popular Generative Artificial In-
telligence models such as ChatGPT. While scepticism towards these
technologies is generally high, trust-building and achieving actionable
insights can partially be attributed to traceability. The third driving
factor for algorithm-based efficacy is applicability in practice. Among
other things, the interviewees consider the extent to which the tool is
mature and ready for use, its susceptibility to errors and the basic
functions (e.g., the selection of different prediction periods) that it
offers.

In addition, data-based efficacy plays an important role when
forming the PBC. In our case, the opinions of the interviewees regarding
the composition of the dataset differed widely. Some interviewees, like
12, identified missing and crucial predictors of voluntary turnover from
their point of view, which had a critical impact on their evaluation of the
tool. Others, like 19, were very satisfied with the included predictors. If
they identified turnover predictors in the data, which they might
consider important, data-based efficiency was considered high. Simi-
larly, if the contribution and importance of the predictors in the XAI
visualisations are as expected, then data-based efficiency seems to in-
crease. Additionally, we find that dataset reliability plays an important
role in the intention to adopt the HRA tool. For instance, 110 directly
attributed the reliability of the department responsible for managing the
database to the tool. Others, like 111, questioned the timeliness and
quality of the data, its realism or rapid changes in the included turnover
predictors.

In our study, competence-based self-efficacy reflects the beliefs an
individual holds regarding their ability to use the ML-based HRA tool
successfully in their daily work. Some interviewees, like 16, quickly
understood the nudges shown, were interested in them and interpreted
the information in detail. In their daily work, these people mostly take
on analytical tasks and often have a background in statistics, which

indicates that they have more pronounced quantitative skills. Others,
like I8, were overwhelmed with the interpretation and had no deep in-
terest in the information provided to them. In addition, the interviewees
considered it necessary to have a certain level of HR knowledge, to be
able to apply the results of the tool in practice and to derive potential
application scenarios. The findings on our interviewees' PBC-related
adoption of ML-based HRA tools, which are presented in Table 2,
match interview insights into the dimensions related to the Theory of
Planned Behaviour.

4.1.2. Attitude

The interviewees' attitude towards the adoption of HRA was influ-
enced, among other things, by its perceived compatibility. The assess-
ment of the task technology fit was very different (see I3 and 17), with
the added value and the concrete integrability of the ML-based HRA tool
in everyday work being questioned and analysed. The interviewees' at-
titudes also seemed to be influenced by whether the results of the HRA
tool revealed novel HR insights. Like 19, almost all interviewees stated
that the tool could help identify at least some novel factors for employee
voluntary turnover — and thus provide a basis for the development of
personnel measures. It is notable that the consistency of the tools' pre-
dictions with personal intuition is an important determinant of attitude.
Provided that the results matched the intuition, this manifested in an
improved attitude, and vice versa.

In addition, considerations related to the improvement achieved by
the tool seemed to have an impact on attitude. In our study, the extent to
which implementation effort and technological innovation were
perceived as impactful by the interviewees was important in this context
(see Table 2). Some, like 14, felt that the innovative nature of the HRA
tool enables new approaches to old challenges (such as demographic
challenges) and improves previous processes (e.g., the quality of work-
force planning). Essentially, innovation brings new perspectives and
approaches. Others, like I11, critically questioned implementation ef-
forts in terms of a cost-benefit trade-off.

A few interviewees questioned the personal consequences of adopt-
ing the HRA tool and evaluated them accordingly. 19 and I11 were
particularly afraid that superiors use the HRA tool inappropriately (e.g.,
findings led to monitoring by the superior or mobbing), that false pre-
dictions led to negative effects (e.g., in the allocation of tasks) or that
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Table 2
Interviewees' PBC related to the adoption of ML-based HRA tools.

Example Insights

1st-order
Categories

2nd-order
Categories

Aggegate
Dimension

“... actually, quite impressive
prediction quality.” (11, 34)

“... if you look at the absolute
numbers, 467 and 100,
prediction accuracy doesn't
look so great.” (111, 102)

“I understood that the higher
the absenteeism due to
illness, the higher the
probability that these people
will leave the organisation,
which would allow me as a
personnel manager to
conclude: How high is my
sickness rate? [...]
Unfortunately, my
department has a very high
sickness rate, and it would
be exciting for me to see
whether this has led to
increased turnover — that the
sick days were perhaps even
the criterion.” (110, 104)

“I do not know how to
calculate the predictions. I
do not know how the
database must be prepared,
how the model must be fed
and so on. But if I look
specifically at the XAI
visualisations, I can already
work with that. [...] You
first must deal with it [like a
new software program] to be
able to use it. [...] A little bit
of scepticism is quite
healthy, but ChatGPT has
now increased our trust
somewhat.” (112, 171)

“I would need 5 or 10 years
and not the individual level
of an employee, but I would
have to look at the entire
department, and I would
have to look at certain levels,
e.g., professional groups.”
(111, 162)

“All these flexible working time
models with remote working
etc. are not integrated into
the model. After all, these
affect 50 % of our
employees.” (12, 108)

“These are very important
predictors that I could then
use for the future. So that
would be very helpful, very
helpful.” (19, 92)

“So you certainly calculated
this from the data collected
by Mr. [...], I assume? From
there, the data basis is safe
for me — and from there I
also trust in the numbers.”
(110, 242)

“So, for example, the economic
situation, the issue of
security, the issue of a
personal family situation.
The factors change. I hire
someone who does not have
any children, and then I
know, well, maybe in 5 years

Prediction
quality

Traceability

Applicability

Composition of
the dataset

Reliability

Algorithm-
based efficacy

Data-based
efficacy

PBC
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Table 2 (continued)

2nd-order
Categories

1st-order
Categories

Example Insights Aggegate

Dimension

there will be children. That
means I cannot exert any
influence. Likewise, what
about changing health
situations?” (111, 128)
“I understood the figures Quantitative
shown.” (16, 85) skills

Competency-
based self-
efficacy

“But at the moment, it slays me
and everything — honestly.”
(18, 249)

“I cannot say anything about
that [how to adopt the tool
specifically]. My colleagues
in the HR department are
more closely involved in this
issue. I cannot assess the
potential.” (112, 167)

HR knowledge

misunderstandings occurred. Findings relating to the interviewees'
attitude to the adoption of ML-based HRA tools are presented in Table 2.

4.1.3. Norm

The adoption of (ML-based) HRA tools is also limited by the ‘legal
framework’. The interviewees stated that possible applications of the
tool were severely limited or not possible due to legal conditions and the
strict interpretation of data protection regulations in the public sector.
Interestingly, some interviewees mentioned experiences with — from
their point of view — overly strict data protection rules for historical
organisational initiatives. For example, I8 stated that sensitive personal
data should also be included in the tool and used for individual decision-
making. Organisational councils have far-reaching co-determination
rights that go beyond the law and enable employee representatives to
object to various decisions affecting the entire organisation, thus
obstructing adaptation. The interviewees perceived that initiatives
based on employee data were — in principle — prevented. Among other
things, organisational councils receive evaluations of all HR reports
requested in the IT system, and they strictly ensure that each employee
processes only the amount of information needed to complete tasks.

Culture is an important factor in the adoption of HRA (Vargas et al.,
2018), where we distinguish between the social norm and organisational
culture. During our interviews, some interviewees critically evaluated
their social norm's compliance with the adoption and use of the HRA
tool. For example, in terms of the individual employee's privacy, they
questioned whether the analysis of personal data was acceptable from
their point of view, or with whom the responsibility for ensuring
appropriate use lay. Others, like I11, saw no threat to (personal) privacy.
From the interviewees' responses, we were also able to find indications
of the anchored organisational culture, which in our case tends to have a
hindering effect on the HRA tool. The interviewees stated that there
were many people with reservations and sceptics who viewed changes to
previous processes or systems as negative; in addition, decision-making
processes within the authority were often perceived as not rational and
were very time-consuming. Moreover, the adoption of the HRA tool was
a complicated undertaking because employees had difficulty dealing
with predictions and uncertain expectations. Interview insights on
subjective norms regarding adoption of ML-based HRA tools are pre-
sented in Table 4.

4.2. Impact of ML characteristics

The results for how the characteristics of ML affect behavioural be-
liefs (RQ2) are presented below. Our findings are successively illustrated
in terms of trialability, transparency, automation, self-learning capa-
bilities and fairness, as well as their effect on beliefs and experiences.
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Table 3 Table 4
Interviewees' attitude to the adoption of ML-based HRA tools. Interviewees' subjective norms regarding the adoption of ML-based HRA tools.
Example Insights 1st-order 2nd-order Aggegate Example Insights 1st-order Categories 2nd-order Aggegate
Categories Categories Dimension Categories Dimension
“I just wanted to add, Task technology Compatibility Attitude “Data protection is a very Data use/protection Legal Norm
because I think that our fit important topic in our framework
organisation is so big, that organisation. [...] Because
you do not have to look at we run analyses here that
individual employees. I can be evaluated on a
cannot use that method at personal basis, and
all.” (13, 109) conclusions can be drawn
“Through the tool, about a person” (16, 180)
managers are encouraged “This is very sensitive data
to be active in their role.” with which the tool works —
(17, 362) highly explosive in terms of
“Then I can look at thisand ~ Novel HR insights data protection. Therefore,
analyse the most it cannot be implemented in
important factors that this form.” (17, 326)
influence why this “And when it comes to data
employee is leaving and protection [...] I think [it]
use this to initiate tends to protect those who
optimisation.” (19, 120) have something to hide
“Of course, this creates trust ~ Consistency with rather than benefit others.
when you see that even intuition [...] Instead of excluding
without algorithms.” (I3, variables, you might have
64) to take other variables in
“No, there must be a addition.” (I8, 351-359)
mistake. It says that the “The problem is: The Co-determination
probability of turnover is implementation of tools rights of
higher for civil servants.” like this in-house must be organisational
(15, 115) approved by the councils
“I see this as a great support, ~ Technological Improvement organisational councils.
and it goes much further innovation through From my work as an
than what we could do in innovation organisational consultant,
the past. [...] You can I also know that software
draw insights from the like this is not simply
data that give the approved” (15, 169)
organisation a positive “That would just be too much ~ Social norm Culture
kick in any case.” (14, intrusion into my personal
283) life for my supervisor to
“I think it is great that such have that information to
an approach has been hand.” (19, 258)
found at all.” (16, 160) “My boss has all my data at
“It is always nice to try Implementation his disposal. He knows how
something out, but of effort many children I have, and
course, the question is he also knows where I live.
then always cost and He also knows when I'm
benefit. Does it bring us sick and how much I earn.”
anything?” (111, 162) (111, 214)
“I am afraid of the Anxiety Personal “We have many doubters — Organisational
surveillance now that the concerns there is not only the culture

supervisor monitors me
like this: do I go or not?”
(111, 206)

“On the negative side, my
responsible tasks could be
taken away from me,
because there would be a
risk that I would leave the
organisation.” (19, 212)

4.2.1. Trialability has an impact on attitude

Overall, we observe a positive effect of trialability on the intention to
adopt the provided HRA tool. Similar to the findings of Vargas et al.
(2018), our interviewees believe that it is important to try out the ML
model before it is implemented in the organisation, in order to gain
experience of using it. They argue that a high level of trial and error
makes it easier to assess the accompanying consequences of actually
applying the ML model, which in turn could lead to an increase or a
decrease in one's attitude regarding the tool. On the one hand, trial-
ability helps to assess whether the ML model provides a presumed
improvement through innovation (technological innovation):

“I like to try something like this out in practice [...]. ML does not really
help here yet. I think we always have to make our own experiences with
applications. [...] They have to prove themselves in practice somewhere. And

political thing in the
house.” (17, 366)

“The management always
tries to be supportive, of
course, but decisions are
not made as quickly as in
the private sector.” (19,
240)

if they do not, then I have to analyse that. Where is the problem, or where does
it not bring the benefit that I had hoped for? And, if necessary, I have to adapt
it.” (14, 283).

On the other hand, trialability helps to mitigate any potential per-
sonal concerns of employees:

“For matters that are more critical, it is wise to first try things out, test
them, see where adjustments can be made, involve the people and initially test
it in a small area to then see how it is received [...] But having these sceptics
around all the time makes everything a bit more difficult.” (111, 222).

4.2.2. ML transparency has an impact on both attitude and PBC

We observe positive and negative effects of transparency on the
intention to adopt the provided tool. At the beginning of the interviews,
we asked the interviewees about their intention to adopt the employee
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turnover predictions in their daily work. Interestingly, most initially saw
little to no application in the tool's predictions when it came to pure
predictive accuracy without understanding the effects of the predictors:

“Unfortunately, I am not able to determine the value added because I have
not performed any [proving] calculations [...]. Therefore, I could honestly
plan better for the future based on historical data.” (19, 98).

However, the more transparency provided by the presentation of
multiple predictor effects, the more diverse and extensive the applica-
tions identified by the interviewees (in their areas of responsibility),
improving their attitude via the perception of compatibility of the tool
and especially the personal task-technology fit. Besides reflecting on
how the predictions could be used (e.g., for workforce planning and
identifying future staff shortages), the interviewees also recognised that
the tool provides explanations for turnover. Thus, it offers opportunities
to either mitigate turnover at an individual level or derive strategic and
organisation-wide initiatives that address employee wellbeing (e.g.,
increasing remote working opportunities) and employer attractiveness
(e.g., increasing childcare offerings). The discussions in all interviewees
about possible applications of the tool in other HRM processes, made
possible by transparency, indicate a higher algorithm-based efficacy.

In addition, providing more transparency can have a positive or a
negative effect on one's attitude when the derived predictor effects
contradict personal intuition (compatibility). On the one hand, our in-
terviewees found contradicting evidence useful in questioning their
personal intuition:

“But it definitely brings insights that straighten out the picture and
probably bring it closer to reality. Yes, I would use it if I had to decide for my
hotdog stand.” (11, 135).

On the other hand, a few interviewees questioned the functionality of
the provided tool when identifying evidence that contradicted their own
intuition (conformity with intuition, Table 3). Furthermore, our results
suggest that these interviewees demanded a high degree of traceability
to help them understand the underlying calculations of the ML model
(algorithm-based efficacy):

“I [...] want to understand what is happening behind the system, [...] In
Excel, you can see how the calculation is done and what the result will be.
With machine learning, you probably won't be able to see it that way. The
machine learns based on the data and then outputs something. So, I always
need a certain level of traceability for each step.” (19, 294).

To summarise, we find that transparency influences attitudes via the
perception of compatibility in two ways (personal task-technology fit
and conformity with intuition), as well as PBC via algorithm-based ef-
ficacy, also in two ways (applicability and traceability).

4.2.3. Degree of automation through ML decision-making influences
attitude and PBC

We mostly observe a negative effect of the degree of automation on
the intention to adopt the provided ML model. All interviewees agreed
that decisions should only be augmented with the help of the tool and
that a fully automated decision-making process should not be imple-
mented. Several reasons regarding attitude, especially personal con-
cerns, were given for this, such as the fact that the interpersonal
component must not be lost, especially when decisions are made on an
individual basis:

“At the top level, they want numbers, and there's also the risk that when
they see those numbers, they do not want to deviate from them [...]. However,
the human factor, and the perspective and the focus on the individual em-
ployees, is simply lost as a result. The decision-makers who normally have
management responsibility, who actually manage people, have to look at the
results.” (11, 52).

14 pointed out that automation is only useful if the model does not
make a single mistake. This in turn is reflected in the expected accuracy
of the tool (algorithm-based efficacy):

“[For automation], the probability of correct predictions is not yet high
enough, not until the hundred per cent mark is reached. Until then, decisions
are up to personnel analysis by management — instead of letting the machines
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think completely.” (14, 275).

The interviewees believed that the responsibility and rational to-
wards decisions lies with humans (an ML-augmented decision process)
and questioned whether the provided ML model is suitable for drawing
the right conclusions and deriving appropriate actions from a prediction.
This translates to a low perceived applicability (algorithm-based
efficacy):

“If you were to go only by the machine: a woman has a salary of 3,000.
We will just raise it to 4,000 — but a man does not get that raise. [...] I would
see it critically in the first instance. In any case, it does not replace the
interpersonal connection. Well, I do not work together with the machine,
especially not in a subordinate relationship. Ultimately, such a decision must
be made by a manager.” (17, 402).

4.2.4. The self-learning capabilities of ML affect PBC

Unexpectedly, we identified the perceived learning capabilities of
the provided ML model as a further relevant ML characteristic influ-
encing the algorithm-based efficacy (PBC). A few interviewees associ-
ated continuous learning with ML and expected continuously increasing
accuracy due to future learning iterations with more data or feedback
loops:

“[With] ML and Artificial Intelligence work — as far as I have now
generally heard — the more you feed, let's say, the machine with information,
the better it becomes. And that's exactly the direction it should go if you use it
more often and feed it with more and more data. It will get better and better,
and that will also reduce the error rate, in my opinion.” (19, 182).

Interestingly, some of the interviewees translated the automated self-
learning characteristics they were aware of from a reinforcement
learning ML model in another context to this specific ML model, without
knowing whether these feedback loops were actually implemented:

“[ML]... is a self-learning system, and the more often I run it, the better
my predictions become. In this respect, if I have understood correctly, we are
still at the start. And the more data is fed in and compared with real things,
the more accurate the predictions will be — at least that's what I would
expect.” (12, 85).

4.2.5. (Un-)Fairness does not affect the intention to adopt

As noted in the literature review, increased ML transparency can also
affect perceptions of ML fairness. In the interviews, we specifically asked
about the fairness perception in hypothetical scenarios (e.g., What re-
quirements do you have for the model in terms of fairness or equal op-
portunity? Would you remove certain data from the dataset, for
example, for reasons of fairness or equal opportunity? From the position
of your supervisor making decisions about you, do you have any reser-
vations or concerns about using the model?). Interestingly, none of the
interviewees mentioned significant caveats regarding fairness aspects.
For example, excluding protected group variables from the dataset was
not suggested by any interviewee. We were able to ascertain this even
after providing a list of predictors used in the ML model as well as XAI
visualisations that (1) listed protected group variables such as gender or
age and other data that require extensive protection, such as health-
related information, (2) clearly documented differences between pro-
tected group variables and their impact and (3) were considered the
basis for local (employee-specific) or global (organisation-wide)
decision-making — and thus varying degrees of impact on individual
employees. Several arguments were made by the interviewees as to why
the HRA tool in its current state is fair and no adjustments are needed.
First, 19 referred to the objectivity of the data and the responsibility for
any consequences:

“You cannot influence the fact that our organisation is over 70% women,
so you cannot do anything by saying that we now have to hire only men. That
would be discriminatory. That is why I do not think it is so bad. Those are the
facts, that is the database, you cannot change that. Or that older workers are
less likely to quit. As a human being, as a decision-maker, you also have the
information, and you have to interpret it accordingly.” (19, 280).

Second, I1 made a similar argument, pointing out the possible lower
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prediction accuracy of the tool when predictors are eliminated. The
interviewee argued that differences are not unfair if they are based on
differences between protected groups that can be explained by real facts,
which he exemplified in terms of intergenerational differences:

“My father was in the same company for 30 years, my mother worked in
the same company for over 40 years. So that is the thing, for me, that would
be unthinkable. I would not exclude predictors like age or gender [...]. I can
understand that you want to leave such factors out so as not to discriminate
against anyone [...], but it would also just be out of touch with redlity. [...]. I
would claim that there are significant differences, and that tells me that it
must not be left out at all.” (I1, 151).

Overall, we found no evidence that the interviewees had changed
their intention to adopt the HRA tool due to the different treatment of
women or men, or younger and older employees. This can be explained
by the above statement that potentially unfair discriminatory decisions
should be corrected by human judgment in an augmented (non-auto-
mated) decision-making process.

4.3. Refined model: Individual intention to adopt HR analytics

The results of our study are summarised in a qualitative model, as
illustrated in Fig. 4. Vargas et al.'s (2018) framework forms the basic
structure on which the various factors influencing PBC, attitude and
norms are concretised. As a further addition, the influences of ML
characteristics emerge. Please note that ML characteristics have effects
on zero (fairness), one (self-learning capabilities) or two (transparency,
automation and trialability) constructs of behavioural beliefs.

5. Discussion and implications

Notwithstanding the asserted importance of HRA, research exam-
ining its impact on organisational performance remains underdeveloped
(Marler and Boudreau, 2017). While recent studies find evidence for the
effects of HRA and organisational performance, this link is mediated by
an organisational shift to more evidence-based management practice.
Moreover, it is argued that HRA can only provide a benefit for an
organisation when predictions and estimations are incorporated into
neutral and evidence-driven decision-making (McCartney and Fu,
2022). Evidently, a respective shift requires a congruent employee
mindset and therefore a strong intention to incorporate HRA into their
daily work. Our study contributes to this ongoing debate by extending
and contextualising current knowledge on the adoption of ML-based
HRA for a specific use case.

5.1. PBC, attitude and norms influence an individual's intention to adopt
HRA

Regarding salient beliefs and experiences, Vargas et al. (2018) find
five factors determining the individual adoption of HRA: technology
self-efficacy (PBC), quantitative self-efficacy (PBC), attitude towards
using HRA, social influence and tool trialability. Vargas (2016) in-
vestigates a larger number of possible factors influencing the user level
of adoption, whereby general self-efficacy and data availability, which
were queried in the survey with narrowly specified items, showed no
significant influence. Therefore, we investigate the personal perspec-
tives, experiences and spontaneous reactions of knowledgeable em-
ployees in a specific use case with field data. This particularly provides a
lens for a deeper understanding of the individual adoption of ML-based
HRA. For example, we find evidence that interviewees with higher
quantitative skills, as well as overall competency-based self-efficacy (e.
g., HR knowledge), were more open to incorporating the displayed HRA
tool in their work. In addition to technological aspects, the input data on
which the ML-based HRA tool is trained was highly important to the
interviewees. We therefore suggest that data-based efficacy, as an ag-
gregation of the composition and reliability of the dataset, is another
important dimension of a potential user's efficacy. The findings
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published by Omrani et al. (2022) suggest similar relationships in terms
of data, albeit their study argues that concerns about discrimination in
the use of Artificial Intelligence reduce trust. In addition, we find evi-
dence that attitudes towards the adoption of HRA are made up of a wide
variety of aspects. These can be divided into three categories, namely the
assessment of the tool's compatibility in daily work, an assessment of the
potential for improving the tool in organisational processes and personal
concerns. Venkatesh et al. (2003) find similar results in their model of
technology use. In their work, performance expectancy, as the “extent to
which an individual believes that using the system will help them
improve their job performance”, represents a relevant factor similar to
the perceived usefulness of the Technology Acceptance Model (Davis,
1989). Regarding the norm, the interview data also divides this factor
into legally established norms and (organisationally) culturally deter-
mined aspects.

Proposition For ML-based HRA, an understanding of related studies is not
1: sufficient to explain individual adoption. Instead, we propose
additional important determinants for PBC (data-based and
algorithm-based efficacy), attitude (compatibility of tools and tasks,
personal concerns, improving practices through innovation) and
norm (organisational culture and legal framework).

5.2. Most ML characteristics have an influence on behavioural beliefs

Furthermore, our results suggest that several additional ML charac-
teristics drive perceived algorithm-based efficacy as well as attitudes to
the use of the displayed ML tool. First, to make ML-based HRA useful,
predictors' diagnostic results — provided by the XAI visualisations — are
an important facilitator in terms of coalescing employee turnover pre-
dictions (Chowdhury et al., 2022). Identifying additional uses of the
HRA tool when understanding the causes of employee turnover suggests
a more evidence-based management practice, which is theorised as an
important enabler of HRA in an organisation (McCartney and Fu, 2022).
The studies by Kim et al. (2023) and Haque et al., 2023 reveal that XAI
visualisations in particular contribute to user understanding and adop-
tion, when appropriately designed. To summarise, in most cases, higher
transparency leads to a higher attitude and PBC. We thus provide an
empirical example demonstrating that with sufficient ML transparency,
the various burdens on users (emotional, mental, prejudices, etc.) (Park
et al., 2021) can be overcome when introducing ML-based HRA. How-
ever, in line with other research (Schmidt et al., 2020), we also find that
these effects can be reversed when the rational explanations of the
model and the reasoning of experts contradict each other.

Second, our interviewees were reluctant to automate an entire de-
cision, for example a promotion, by delegating it to the HRA tool, as
most of them did not expect the respective tool to possess the necessary
skills to solve the task adequately on its own. This finding is similar to
the results by Dietvorst et al. (2018), who identified a significant aver-
sion to fully automated predictive analytics tools that vanishes when
participants get at least some degree of control over the underlying
decision. Lee and Cha (2023) confirm this notion by showing that
choosing augmentation over automation is one of the two key factors in
adopting Artificial Intelligence recruitment systems.

Third, we observe a difference in the beliefs of the interviewees, who
expect the displayed HRA tool to have self-learning capabilities or not.
In sum, our empirical data indicates that interviewees are more
forgiving of an error-prone prediction in the first case, as maybe because
they expect the HRA tool to subsequently improve upon its past mistakes
and thus increase algorithm-based efficacy. Note that this finding is in
line with Reich et al. (2023) and Berger et al. (2020), both of whom
identify self-learning capabilities as an important factor in mitigating
algorithm aversion. Our study extends these interesting points by the
fact that self-learning ability may be taken for granted by using the ML
term, while such abilities (e.g., reinforcement learning) are not even
implemented.
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Fourth, as proposed by Vargas et al. (2018), our interviewees were
interested in trying out the displayed HRA tool to assess its capabilities
and then form an attitude on it. In addition, indicators of initial anxiety
about the ML-based HRA tool's capabilities were apparent (see Table 2),
which can be addressed with trialability. This finding is in line with the
Innovation Diffusion Theory (Rogers, 2003). In summary, we therefore
propose:

Proposition Several ML characteristics influence attitude and PBC in relation to
2: the intention to adopt ML-based HRA: (a) the degree of transparency
created, (b) the choice of automated usage, (c) the implementation

of self-learning capabilities and (d) the enabling of trialability.

Consistent with Neumann et al. (2022), we find no reference in the
interviews to ethical considerations regarding the adoption of the ML-
based HRA tool in our empirical setting from public sector. Our results
show that fairness and non-discrimination were not critically ques-
tioned, even when potential biases were highlighted by XAI visual-
isations and the interviewees were explicitly asked about them. This
outcome is alarming, as HRA, and especially ML, can foster discrimi-
nation and create various risks for employees and the organisation
(Tursunbayeva et al., 2022). For example, according to the General Data
Protection Regulation of the European Union, the use of an ML model
that includes protected class variables for individual decision-making
can be considered a legal case of discrimination, referred to as “dispa-
rate treatment” (Goodman and Flaxman, 2017). Lee and Cha (2023)
confirm that solving the fairness problem remains complex, even if this
complexity mitigates discovering an unfair decision basis.

Proposition Fairness does not matter for the individual deciding whether to
3: adopt ML-based HRA and must be ensured by other appropriate
measures.

5.3. Implications for practice

In practice, organisations seeking to leverage the potential of effi-
ciency gains through ML-based HRA might try to increase adoption at
the individual level. Our results reveal that various adjustable modifiers
exist during adoption, in particular the degree of automation in
algorithm-based decision-making and provided transparency. Most
importantly, technical measures (such as XAI) can positively or nega-
tively influence both PBC and attitude, because providing understand-
able visualisation allows the user to compare the included predictors, as
well as their effects with their intuition.

However, in trying to increase the intention to adopt ML-based HRA
on an individual level, organisations should be careful to avoid pitfalls.
For instance, negative examples have already demonstrated that biases
can lead to unfair decisions based on ML (e.g. Alon-Barkat and Busuioc,
2023). With the risk of resulting high social and economic damage, the
consideration of ethical challenges is necessary in HRA projects (Langer
and Konig, 2021; Edwards et al., 2022). As legislation for the responsible
use of ML comes into force soon (Al HLEG EU, 2019), organisations need
to address such potential unfairness proactively. Thus, our finding,
namely that ethical considerations and fairness of HRA in the early
adoption stages were not challenged by the interviewees, is alarming
and should therefore be paid careful attention in practice. Neumann
et al. (2022) note that specifically the early adoption phases of ML ap-
plications are characterised by (1) a focus on positive business cases, (2)
reliance on external partners, (3) change management processes to in-
crease acceptance and (4) little to no real recognition of ethical con-
siderations such as algorithm accountability and fairness. Thus, we
specifically advise organisations to ensure proactively the inclusion of
ethical considerations in the early stages of adoption and to implement
internal policies and approval procedures with the help of internal or
external expertise.

Ultimately, the responsible use of ML-based HRA can only be
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achieved when HR professionals have the knowledge necessary to
evaluate ML models critically, based on the transparency provided by
technical measures such as XAI visualisations and internal guidelines
(Langer and Konig, 2021). However, Vargas et al. (2018) note that HR
professionals have low levels of quantitative self-efficacy (fear of maths/
statistics, lack of quantitative training, low awareness of analytics, lack
of resources and organisational support to promote analytics and its
tools). Our results extend these findings, which suggest investing in
training initiatives that demonstrate the importance of achieving ML
transparency and in turn encourage the acquisition of skills specifically
to interpret performance statistics of ML algorithms or XAI
visualisations.

5.4. Limitations and further research

There are two main points that limit the findings of this study. First,
our qualitative approach is based on the manual coding of interview
transcripts; however, we took several measures to ensure the validity of
our findings during the coding process and after the final analysis (see
Fig. 2). For example, the credibility of our findings was established by
independent coding by two of the authors in three coding steps. In
addition, our results were critically reflected on the basis of existing
evidence (Vargas et al., 2018) and by the third author. The findings were
verified by inter-coder and intra-coder reliability (Miles and Huberman,
1994).

Second, while the methodological choice of a single case study has a
solid foundation in HRM, and recent studies using this method advance
the field considerably (e.g., Ellmer and Reichel, 2021; van den Broek
et al.,, 2021; Wikhamn, 2023), this methodological choice limits the
transferability of our findings (Flyvbjerg, 2006). Nonetheless, it offers
the advantages of an in-depth investigation of HRM practices with a
heterogeneous interviewee population (e.g., diverse backgrounds and
experience) and an examination of deep cause-effect relationships (from
ML characteristics to HRA adoption) that are overlooked in broader
studies. In our particular case, the results thus pave the way for future
quantitative studies that can explain the individual adoption of HRA
more holistically and further develop the previous framework by Vargas
et al. (2018), which can only explain about 35 % of the observed vari-
ance. To achieve this, the exploratory and qualitative nature of our study
leaves the following concrete possibilities for future research. First,
future studies should examine multiple organisations to further validate
the transferability of the three propositions for individual HRA adop-
tion. Second, we invite future research to formulate and quantitatively
test hypotheses based on our proposed qualitative model. Especially, the
effects of the automated usage of ML predictions and ML transparency
provide interesting opportunities in this regard, as they both affect PBC
as well as attitude. In addition, our study is not able to provide insights
into the effect strength of the assumed causal relationships between ML
characteristics and the intention to adopt. Third, we focus on the first
implementation of an ML-based HRA tool, which means that the key
beliefs and experiences identified, as well as underlying ML character-
istics, may not apply to a more mature stage of ML adoption. Therefore,
given that information systems research has found a considerable
number of factors influencing the intention to use HRA (e.g. Mahmud
and Islam, 2022), future research could investigate whether the effects
and significance of certain factors change over the course of the
implementation and utilization phase. For example, does the importance
of ML transparency decline as users of ML-based HRA gain experience
over time and learn that the system provides (in-)accurate results?
Fourth, we agree with the widespread view that HRM systems need to be
tailored to the individual case (e.g., Wikhamn, 2023), which is why we
also call for more qualitative research examining the individual adop-
tion of technological advances in ML-based HRA.
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Conclusion

In contrast to existing technological tools, ML-based HRA generates
unique challenges, most notably the potential opacity of the rationality
used by models to formulate predictions, as well as the potential to
automate HRM decision-making fully. This study provides deeper in-
sights into behavioural beliefs determining the decision to adopt ML-
based HRA from an individual perspective and sheds light on how ML
characteristics affect it. Based on the focused interview methodology,
we introduce novel propositions and an extended qualitative framework
with new constructs of important factors from the perspective of end-
users of individual HRA adoption. Investigating the lines of reasoning
also reveals that potential ML model users do not include fairness con-
siderations in their decision to neglect or adopt the tool. We hope our
findings help to guide both the interdisciplinary research on HRA and
organisations to a successful path in their mission to achieve the
responsible proliferation of ML-based HRA.

11

Declaration of generative Al in scientific writing
No usage of generative Al tools.
Declaration of interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

CRediT authorship contribution statement

Svenja M. Hiilter: Writing — original draft, Validation, Software,
Formal analysis, Data curation. Christian Ertel: Writing — original draft,
Methodology, Formal analysis, Data curation, Conceptualization. Ans-
gar Heidemann: Writing — original draft, Visualization, Resources,
Project administration, Data curation.



S.M. Hiilter et al.

Technological Forecasting & Social Change 208 (2024) 123709

ML characteristics

1. Knowledge

Competency-based
self-efficacy

Behavioural beliefs for individual intention to adopt ML-based HRA

2. Persuasion 3. Decision

Culture

S
Fairness s Data-based N
officac Legal framework
7 y
Self-learni ol Norm
cli-learning - £, Algorithm-based q
capabilities > & efficac Intention to
g y adopt
PBC
3
Ty
Transparency — S Compatibility
7
xx
; g
Automation b > Personal concerns
7
=
Trialability Lo __, Improvement through
innovation
4

Attitude

Fig. 4. Proposed qualitative model for individual intention to adopt HRA based on ML characteristics.

Data availability

The data that has been used is confidential.

References

AI HLEG EU, 2019. High-level expert group artificial intelligence (European Union) -
ethics guidelines for trustworthy Al. Available online at. https://eskillsalliancecms.
gov.mt/en/news/documents/2019/aidefinition.pdf.

Ajzen, Icek, 1991. The theory of planned behavior. In Organizational Behavior and
Human Decision Processes 50 (2), 179-211. https://doi.org/10.1016/0749-5978
(91)90020-t.

Ajzen, Icek, 2002. Perceived behavioral control, self-efficacy, locus of control, and the
theory of planned behavior. In Journal of Applied Social Psychology 32 (4),
665-683. https://doi.org/10.1111/j.1559-1816.2002.tb00236.x.

Alon-Barkat, Saar, Busuioc, Madalina, 2023. Human-AlI interactions in public sector
decision making: “automation bias” and “selective adherence” to algorithmic advice.
In Journal of Public Administration Research and Theory 33 (1), 153-169. https://
doi.org/10.1093/jopart/muac007.

Angrave, David, Charlwood, Andy, Kirkpatrick, Ian, Lawrence, Mark, Stuart, Mark, 2016.
HR and analytics: why HR is set to fail the big data challenge. In Human Resource
Management Journal 26 (1), 1-11. https://doi.org/10.1111/1748-8583.12090.

Apley, Daniel W., Zhu, Jingyu, 2020. Visualizing the effects of predictor variables in
black box supervised learning models. In Journal of the Royal Statistical Society
Series B: Statistical Methodology 82 (4), 1059-1086. https://doi.org/10.1111/
rssb.12377.

Arrieta, Alejandro B.; Diaz-Rodriguez, Natalia; Del Ser, Javier; Bennetot, Adrien et al.
(2020): Explainable artificial intelligence (XAI): concepts, taxonomies, opportunities
and challenges toward responsible Al In Information Fusion 58, pp. 82-115. DOIL:
https://doi.org/10.1016/j.inffus.2019.12.012.

Bandura, Albert, 1977. Self-efficacy: toward a unifying theory of behavioral change. In
Psychological Review 84 (2), 191-215. https://doi.org/10.1037//0033-
295x.84.2.191.

Basu, Shubhabrata, Majumdar, Bishakha, Mukherjee, Kajari, Munjal, Surender,
Palaksha, Chandan, 2023. Artificial intelligence-HRM interactions and outcomes: a
systematic review and causal configurational explanation. In Human Resource
Management Review 33 (1), 100893. https://doi.org/10.1016/j.hrmr.2022.100893.

Berger, Benedikt, Adam, Martin, Riihr, Alexander, Benlian, Alexander, 2020. Watch me
improve—algorithm aversion and demonstrating the ability to learn. In Business &
Information Systems Engineering 63 (1), 55-68. https://doi.org/10.1007/512599-
020-00678-5.

Bohmer, Nicole, Schinnenburg, Heike, 2023. Critical exploration of Al-driven HRM to
build up organizational capabilities. In Employee Relations: The International
Journal 45 (5), 1057-1082. https://doi.org/10.1108/ER-04-2022-0202.

12

Breiman, Leo, 2001. Random forests. In. Mach. Learn. 45 (1), 5-32. https://doi.org/
10.1023/A:1010933404324.

Burrell, Jenna, 2016. How the machine ‘thinks’: understanding opacity in machine
learning algorithms. In Big Data & Society 3 (1), 1-12. https://doi.org/10.1177/
2053951715622512.

Busuioc, Madalina, 2021. Accountable artificial intelligence: holding algorithms to
account. In Public Administration Review 81 (5), 825-836. https://doi.org/
10.1111/puar.13293.

Chatterjee, Sheshadri, Rana, Nripendra P., Dwivedi, Yogesh K., Baabdullah, Abdullah M.,
2021. Understanding AI adoption in manufacturing and production firms using an
integrated TAM-TOE model. In Technological Forecasting and Social Change 170,
120880. https://doi.org/10.1016/j.techfore.2021.120880.

Chowdhury, Soumyadeb; Joel-Edgar, Sian; Dey, Prasanta Kumar; Bhattacharya,
Sudeshna; Kharlamov, Alexander (2022): Embedding transparency in artificial
intelligence machine learning models: managerial implications on predicting and
explaining employee turnover. In The International Journal of Human Resource
Management 34 (14), pp. 1-32. DOLhttps://doi.org/10.1080/09585192.2022
.2066981.

Coolen, Patrick, van den Heuvel, Sjoerd, van de Voorde, Karina, Paauwe, Jaap, 2023.
Understanding the adoption and institutionalization of workforce analytics: a
systematic literature review and research agenda. In Human Resource Management
Review 33 (4), 100985. https://doi.org/10.1016/j.hrmr.2023.100985.

Davenport, Thomas H.; Harris, Jeanne; Shapiro, Jeremy (2010): Competing on talent
analytics. In Harvard Business Review 88 (10), pp. 2-6. Available online at http
s://www.researchgate.net/publication/47369355_Competing_on_talent_analytics.

Davis, Fred D., 1989. Perceived usefulness, perceived ease of use, and user acceptance of
information technology. In MIS Quarterly 13 (3), 319-340. https://doi.org/
10.2307/249008.

Desouza, Kevin C., Dawson, Gregory S., Chenok, Daniel, 2020. Designing, developing,
and deploying artificial intelligence systems: lessons from and for the public sector.
In Business Horizons 63 (2), 205-213. https://doi.org/10.1016/j.
bushor.2019.11.004.

Dietvorst, B.J., Simmons, J.P., Massey, C., 2018. Overcoming algorithm aversion: people
will use imperfect algorithms if they can (even slightly) modify them. In
Management Science 64 (3), 1155-1170. https://doi.org/10.1287/mnsc.2016.2643.

Edwards, Martin R., Charlwood, Andy, Guenole, Nigel, Marler, Janet, 2022. HR
analytics: an emerging field finding its place in the world alongside simmering
ethical challenges. In Human Resource Management Journal 34 (2), 326-336.
https://doi.org/10.1111/1748-8583.12435.

Einola, Katja, Khoreva, Violetta, 2023. Best friend or broken tool? Exploring the co-
existence of humans and artificial intelligence in the workplace ecosystem. In
Human Resource Management 62 (1), 117-135. https://doi.org/10.1002/
hrm.22147.

Ellmer, Markus, Reichel, Astrid, 2021. Staying close to business: the role of epistemic
alignment in rendering HR analytics outputs relevant to decision-makers. In The


https://eskillsalliancecms.gov.mt/en/news/documents/2019/aidefinition.pdf
https://eskillsalliancecms.gov.mt/en/news/documents/2019/aidefinition.pdf
https://doi.org/10.1016/0749-5978(91)90020-t
https://doi.org/10.1016/0749-5978(91)90020-t
https://doi.org/10.1111/j.1559-1816.2002.tb00236.x
https://doi.org/10.1093/jopart/muac007
https://doi.org/10.1093/jopart/muac007
https://doi.org/10.1111/1748-8583.12090
https://doi.org/10.1111/rssb.12377
https://doi.org/10.1111/rssb.12377
https://doi.org/10.1016/j.inffus.2019.12.012
https://doi.org/10.1037//0033-295x.84.2.191
https://doi.org/10.1037//0033-295x.84.2.191
https://doi.org/10.1016/j.hrmr.2022.100893
https://doi.org/10.1007/s12599-020-00678-5
https://doi.org/10.1007/s12599-020-00678-5
https://doi.org/10.1108/ER-04-2022-0202
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1177/2053951715622512
https://doi.org/10.1177/2053951715622512
https://doi.org/10.1111/puar.13293
https://doi.org/10.1111/puar.13293
https://doi.org/10.1016/j.techfore.2021.120880
https://doi.org/10.1080/09585192.2022.2066981
https://doi.org/10.1080/09585192.2022.2066981
https://doi.org/10.1016/j.hrmr.2023.100985
https://www.researchgate.net/publication/47369355_Competing_on_talent_analytics
https://www.researchgate.net/publication/47369355_Competing_on_talent_analytics
https://doi.org/10.2307/249008
https://doi.org/10.2307/249008
https://doi.org/10.1016/j.bushor.2019.11.004
https://doi.org/10.1016/j.bushor.2019.11.004
https://doi.org/10.1287/mnsc.2016.2643
https://doi.org/10.1111/1748-8583.12435
https://doi.org/10.1002/hrm.22147
https://doi.org/10.1002/hrm.22147

S.M. Hiilter et al.

International Journal of Human Resource Management 32 (12), 2622-2642. https://
doi.org/10.1080/09585192.2021.1886148.

Fishbein, Martin, Ajzen, Icek, 2010. Predicting and changing behavior: the reasoned
action approach. Psychology Press, New York, NY, US.

Flyvbjerg, Bent, 2006. Five misunderstandings about case-study research. In Qualitative
Inquiry 12 (2), 219-245. https://doi.org/10.1177/1077800405284363.

Friedman, Nicola, Ormiston, Jarrod, 2022. Blockchain as a sustainability-oriented
innovation?: opportunities for and resistance to Blockchain technology as a driver of
sustainability in global food supply chains. In Technological Forecasting and Social
Change 175, 121403. https://doi.org/10.1016/j.techfore.2021.121403.

Gioia, Dennis A., Corley, Kevin G., Hamilton, Aimee L., 2013. Seeking qualitative rigor in
inductive research. In Organizational Research Methods 16 (1), 15-31. https://doi.
org/10.1177/1094428112452151.

Glikson, Ella, Woolley, Anita Williams, 2020. Human trust in artificial intelligence:
review of empirical research. In Academy of Management Annals 14 (2), 627-660.
https://doi.org/10.5465/annals.2018.0057.

Goodman, Bryce, Flaxman, Seth, 2017. European Union regulations on algorithmic
decision-making and a “right to explanation”. In Al Magazine 38 (3), 50-57. https://
doi.org/10.1609/aimag.v38i3.2741.

Haque, AKM Bahalul, Islam, A. K. M. Najmul, Mikalef, Patrick (2023): Explainable
artificial intelligence (XAI) from a user perspective. A synthesis of prior literature
and problematizing avenues for future research. In Technological Forecasting and
Social Change 186, p. 122120. DOI:https://doi.org/10.1016/j.
techfore.2022.122120.

Hunkenschroer, Anna L., Luetge, Christoph, 2022. Ethics of Al-enabled recruiting and
selection: a review and research agenda. In Journal of Business Ethics 178 (3),
977-1007. https://doi.org/10.1007/510551-022-05049-6.

Kellogg, Katherine C., Valentine, Melissa A., Christin, Angéle, 2020. Algorithms at work:
the new contested terrain of control. In Academy of Management Annals 14 (1),
366-410. https://doi.org/10.5465/annals.2018.0174.

Kim, Doha, Song, Yeosol, Kim, Songyie, Lee, Sewang, et al., 2023. How should the results
of artificial intelligence be explained to users? - research on consumer preferences in
user-centered explainable artificial intelligence. In Technological Forecasting and
Social Change 188, 122343. https://doi.org/10.1016/j.techfore.2023.122343.

Langer, Markus, Konig, Cornelius J., 2021. Introducing a multi-stakeholder perspective
on opacity, transparency and strategies to reduce opacity in algorithm-based human
resource management. In Human Resource Management Review 33 (1), 100881.
https://doi.org/10.1016/j.hrmr.2021.100881.

Lee, ChangHyun, Cha, KyungJin, 2023. FAT-CAT—explainability and augmentation for
an Al system: a case study on Al recruitment-system adoption. In International
Journal of Human-Computer Studies 171, 102976. https://doi.org/10.1016/j.
ijhcs.2022.102976.

Mahmud, Hasan; Islam, A.K.M. Najmul; Ahmed, Syed Ishtiaque; Smolander, Kari (2022):
What influences algorithmic decision-making? A systematic literature review on
algorithm aversion. In Technological Forecasting and Social Change 175, p. 121390.
DOL:https://doi.org/10.1016/j.techfore.2021.121390.

Margherita, Alessandro, 2022. Human resources analytics: a systematization of research
topics and directions for future research. In Human Resource Management Review
32 (2), 100795. https://doi.org/10.1016/j.hrmr.2020.100795.

Marler, Janet H., Boudreau, John W., 2017. An evidence-based review of HR analytics. In
The International Journal of Human Resource Management 28 (1), 3-26. https://
doi.org/10.1080/09585192.2016.1244699.

McCartney, Steven, Fu, Na, 2022. Bridging the gap: why, how and when HR analytics can
impact organizational performance. In Management Decision 60 (13), 25-47.
https://doi.org/10.1108/MD-12-2020-1581.

Meijerink, Jeroen, Bondarouk, Tanya, 2023. The duality of algorithmic management:
toward a research agenda on HRM algorithms, autonomy and value creation. In
Human Resource Management Review 33 (1), 100876. https://doi.org/10.1016/j.
hrmr.2021.100876.

Meijerink, Jeroen, Boons, Mark, Keegan, Anne, Marler, Janet, 2021. Algorithmic human
resource management: synthesizing developments and cross-disciplinary insights on
digital HRM. In The International Journal of Human Resource Management 32 (12),
2545-2562. https://doi.org/10.1080/09585192.2021.1925326.

Merton, Robert K., Kendall, Patricia L., 1946. The focused interview. In American
Journal of Sociology 51 (6), 541-557. https://doi.org/10.1086,/219886.

Miles, Matthew B., Huberman, A. Michael, 1994. Qualitative data analysis, An Expanded
Sourcebook. 2. ed. [Reprint]. Sage, Thousand Oaks, California.

Mula, Claire, Zybura, Nora, Hipp, Thomas, 2024. From digitalized start-up to scale-up:
opening the black box of scaling in digitalized firms towards a scaling process
framework. In Technological Forecasting and Social Change 202, 123275. https://
doi.org/10.1016/j.techfore.2024.123275.

Neumann, Oliver, Guirguis, Katharina, Steiner, Reto, 2022. Exploring artificial
intelligence adoption in public organizations: a comparative case study. In Public
Management Review 26 (1), 114-141. https://doi.org/10.1080/
14719037.2022.2048685.

Omrani, Nessrine, Rivieccio, Giorgia, Fiore, Ugo, Schiavone, Francesco, Agreda, Sergio
Garcia, 2022. To trust or not to trust? An assessment of trust in Al-based systems:

13

Technological Forecasting & Social Change 208 (2024) 123709

concerns, ethics and contexts. In Technological Forecasting and Social Change 181,
121763. https://doi.org/10.1016/j.techfore.2022.121763.

Park, Hyanghee, Ahn, Daehwan, Hosanagar, Kartik, Lee, Joonhwan, 2021. Human-Al
interaction in human resource management: understanding why employees resist
algorithmic evaluation at workplaces and how to mitigate burdens. In:

Kitamura, Yoshifumi, Quigley, Aaron, Isbister, Katherine, Igarashi, Takeo,
Bjgrn, Pernille, Drucker, Steven (Eds.), CHI 2021 Conference on Human Factors in
Computing Systems Proceedings. ACM, New York, NY, USA, pp. 1-15.

Prikshat, Verma, Islam, Mohammad, Patel, Parth, Malik, Ashish, et al., 2023a. Al-
augmented HRM: literature review and a proposed multilevel framework for future
research. In Technological Forecasting and Social Change 193, 122645. https://doi.
org/10.1016/j.techfore.2023.122645.

Prikshat, Verma, Malik, Ashish, Budhwar, Pawan, 2023b. Al-augmented HRM:
antecedents, assimilation and multilevel consequences. In Human Resource
Management Review 33 (1), 100860. https://doi.org/10.1016/j.hrmr.2021.100860.

Pumplun, Luisa, Tauchert, Christoph, Heidt, Margareta, 2019. A new organizational
chassis for artificial intelligence - exploring organizational readiness factors. In: ECIS
2019 Proceedings. Association for Information Systems, Stockholm, Uppsala.
Available online at. https://aisel.aisnet.org/ecis2019 rp/106.

Reich, Taly, Kaju, Alex, Maglio, Sam J., 2023. How to overcome algorithm aversion:
learning from mistakes. In Journal of Consumer Psychology 33 (2), 285-302.
https://doi.org/10.1002/jcpy.1313.

Remneland Wikhamn, Bjorn; Styhre, Alexander; Wikhamn, Wajda (2023): HRM work
and open innovation: evidence from a case study. In The International Journal of
Human Resource Management 34 (10), pp. 1940-1972. DOL:https://doi.org/
10.1080/09585192.2022.2054285.

Rogers, Everett M., 2003. Diffusion of innovations, 5. ed. Free Press (Social Science),
New York, London, Toronto, Sydney. Available online at. http://www.loc.gov/
catdir/bios/simon052/2003049022.html.

Schmidt, Philipp, Biessmann, Felix, Teubner, Timm, 2020. Transparency and trust in
artificial intelligence systems. In Journal of Decision Systems 29 (4), 260-278.
https://doi.org/10.1080/12460125.2020.1819094.

Schuessler, Elke S., Lohmeyer, Nora, Ashwin, Sarah, 2023. “We can’t compete on human
rights™: creating market-protected spaces to institutionalize the emerging logic of
responsible management. In Academy of Management Journal 66 (4), 1071-1101.
https://doi.org/10.5465/am;j.2020.1614.

Tursunbayeva, Aizhan; Pagliari, Claudia; Di Lauro, Stefano; Antonelli, Gilda (2022): The
ethics of people analytics: risks, opportunities and recommendations. In Pers. Rev.
51 (3), pp. 900-921. DOL:https://doi.org/10.1108/PR-12-2019-0680.

Di Vaio, Assunta; Hassan, Rohail; Alavoine, Claude (2022): Data intelligence and
analytics: a bibliometric analysis of human-artificial intelligence in public sector
decision-making effectiveness. In Technological Forecasting and Social Change 174,
p. 121201. DOL:https://doi.org/10.1016/j.techfore.2021.121201.

van den Broek, Elmira; Sergeeva, Anastasia; Huysman Vrije, Marleen (2021): When the
machine meets the expert: an ethnography of developing Al for hiring. In MIS
Quarterly 45 (3), pp. 1557-1580. DOIL:10.25300/MISQ/2021/16559.

Vargas, Roslyn, 2016. Adoption factors impacting human resource analytics among
human resource professionals. Dissertation. ProQuest Information & Learning, US.

Vargas, Roslyn, Yurova, Yuliya V., Ruppel, Cynthia P., Tworoger, Leslie C.,
Greenwood, Regina, 2018. Individual adoption of HR analytics: a fine grained view
of the early stages leading to adoption. In The International Journal of Human
Resource Management 29 (22), 3046-3067. https://doi.org/10.1080/
09585192.2018.1446181.

Venkatesh, Viswanath, Morris, Michael G., Davis, Gordon B., Davis, Fred D., 2003. User
acceptance of information technology: toward a unified view. In MIS Quarterly 27
(3), 425-478. https://doi.org/10.2307/30036540.

Svenja M. Huelter is a PhD candidate and research associate at the Chair of Management
Accounting and Control at TU Dortmund University. Her research focuses on HR Analytics,
HR Controlling and digitalisation in HRM. Her research has been accepted for the Inter-
national Journal of Human Resource Management as well as the 1% and 2" EIASM
Workshop on People Analytics & Algorithmic Management.

Christian Ertel is a PhD candidate and research associate at the Chair of Management
Accounting and Control at TU Dortmund University and an associate member of the
interdisciplinary GRK 2193. His research interest lies at the intersection of management
accounting and business analytics. He is particularly interested in the adoption and sub-
sequent use of respective IT-tools. His research has been accepted for the EAA Annual
Meeting, the MAS Midyear Meeting, the ENEAR Research Conference, the International
Symposium of Accounting Information Systems and the 2°¢ PAAM Workshop.

Ansgar Heidemann started his PhD candidate at TU Dortmund University in 2020.
His research focuses on responsible Al, machine learning transparency, explainable Al and
algorithmic fairness from information systems and Human Resource Management per-
spectives. His research has been accepted for the International Journal of Human Resource
Management as well as 1% and 2"¢ EIASM Workshop on People Analytics & Algorithmic
Management. He works as an Expert for Data Science and Al especially in HR Analytics and
Workforce Planning.


https://doi.org/10.1080/09585192.2021.1886148
https://doi.org/10.1080/09585192.2021.1886148
http://refhub.elsevier.com/S0040-1625(24)00507-9/rf0110
http://refhub.elsevier.com/S0040-1625(24)00507-9/rf0110
https://doi.org/10.1177/1077800405284363
https://doi.org/10.1016/j.techfore.2021.121403
https://doi.org/10.1177/1094428112452151
https://doi.org/10.1177/1094428112452151
https://doi.org/10.5465/annals.2018.0057
https://doi.org/10.1609/aimag.v38i3.2741
https://doi.org/10.1609/aimag.v38i3.2741
https://doi.org/10.1007/s10551-022-05049-6
https://doi.org/10.5465/annals.2018.0174
https://doi.org/10.1016/j.techfore.2023.122343
https://doi.org/10.1016/j.hrmr.2021.100881
https://doi.org/10.1016/j.ijhcs.2022.102976
https://doi.org/10.1016/j.ijhcs.2022.102976
https://doi.org/10.1016/j.techfore.2021.121390
https://doi.org/10.1016/j.hrmr.2020.100795
https://doi.org/10.1080/09585192.2016.1244699
https://doi.org/10.1080/09585192.2016.1244699
https://doi.org/10.1108/MD-12-2020-1581
https://doi.org/10.1016/j.hrmr.2021.100876
https://doi.org/10.1016/j.hrmr.2021.100876
https://doi.org/10.1080/09585192.2021.1925326
https://doi.org/10.1086/219886
http://refhub.elsevier.com/S0040-1625(24)00507-9/rf0195
http://refhub.elsevier.com/S0040-1625(24)00507-9/rf0195
https://doi.org/10.1016/j.techfore.2024.123275
https://doi.org/10.1016/j.techfore.2024.123275
https://doi.org/10.1080/14719037.2022.2048685
https://doi.org/10.1080/14719037.2022.2048685
https://doi.org/10.1016/j.techfore.2022.121763
http://refhub.elsevier.com/S0040-1625(24)00507-9/rf0215
http://refhub.elsevier.com/S0040-1625(24)00507-9/rf0215
http://refhub.elsevier.com/S0040-1625(24)00507-9/rf0215
http://refhub.elsevier.com/S0040-1625(24)00507-9/rf0215
http://refhub.elsevier.com/S0040-1625(24)00507-9/rf0215
http://refhub.elsevier.com/S0040-1625(24)00507-9/rf0215
https://doi.org/10.1016/j.techfore.2023.122645
https://doi.org/10.1016/j.techfore.2023.122645
https://doi.org/10.1016/j.hrmr.2021.100860
https://aisel.aisnet.org/ecis2019_rp/106
https://doi.org/10.1002/jcpy.1313
https://doi.org/10.1080/09585192.2022.2054285
https://doi.org/10.1080/09585192.2022.2054285
http://www.loc.gov/catdir/bios/simon052/2003049022.html
http://www.loc.gov/catdir/bios/simon052/2003049022.html
https://doi.org/10.1080/12460125.2020.1819094
https://doi.org/10.5465/amj.2020.1614
https://doi.org/10.1108/PR-12-2019-0680
https://doi.org/10.25300/MISQ/2021/16559
http://refhub.elsevier.com/S0040-1625(24)00507-9/rf0255
http://refhub.elsevier.com/S0040-1625(24)00507-9/rf0255
https://doi.org/10.1080/09585192.2018.1446181
https://doi.org/10.1080/09585192.2018.1446181
https://doi.org/10.2307/30036540

	Exploring the individual adoption of human resource analytics: Behavioural beliefs and the role of machine learning charact ...
	1 Introduction
	2 Related research and theoretical framework
	2.1 Prior research regarding the adoption of HR analytics
	2.2 Limitations of the HR analytics conceptual framework
	2.3 Underlying conceptual framework

	3 Research approach
	3.1 Method
	3.2 Empirical environment
	3.3 Research object
	3.4 Data analysis

	4 Results
	4.1 Factors influencing the individual intention to adopt ML-based HR analytics
	4.1.1 PBC
	4.1.2 Attitude
	4.1.3 Norm

	4.2 Impact of ML characteristics
	4.2.1 Trialability has an impact on attitude
	4.2.2 ML transparency has an impact on both attitude and PBC
	4.2.3 Degree of automation through ML decision-making influences attitude and PBC
	4.2.4 The self-learning capabilities of ML affect PBC
	4.2.5 (Un-)Fairness does not affect the intention to adopt

	4.3 Refined model: Individual intention to adopt HR analytics

	5 Discussion and implications
	5.1 PBC, attitude and norms influence an individual's intention to adopt HRA
	5.2 Most ML characteristics have an influence on behavioural beliefs
	5.3 Implications for practice
	5.4 Limitations and further research

	6 Conclusion
	Declaration of generative AI in scientific writing
	Declaration of interest
	CRediT authorship contribution statement
	Data availability
	References


