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ABSTRACT

Purpose - There are no studies on the factors involved in the spread of Al
recruitment tools in Swiss HR.

Aims(s) - The aim of this paper is to understand the determinants of Al
diffusion in Swiss human resources recruitment process. In addition to the
usual factors such as relative advantage, costs, security, financial resources
or organizational size, this paper also looks at factors such as red tape or the
innovative climate of organizations.

Design/methodology/approach - This article is based on a quantitative
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method, PLS-SEM. Our database consists of 324 private and public
respondents working in Swiss HR. They were selected through a survey
based on their membership of the various regional sections of the HR Swiss
association.

Findings - The main findings of this article are that relative advantage,
compatibility, complexity, cost reduction, size of organization, technological
expertise of employees, innovative climate, and red tape are directly related
to the evaluation and adoption stages of this type of Al tool. Security, for its
part, is only linked to the evaluation of these tools. Compatibility and
technological expertise are also directly linked to the routinization of these
tools.

Limitations of the study - First, this is a longitudinal study that needs to be
replicated to offer causal explanations. There may also be a selection bias in
favor of optimistic respondents who already have HR Al in their
organization. This bias is nevertheless controlled, as few of our respondents
already use this type of tool. In the future, other predictors could be added
to our model, including environmental or individual predictors.

Practical implications - HR decision-makers now know what levers they
can use to successfully implement HR Al in their recruitment process.
Originality/value - This article makes a significant contribution to the
literature about the diffusion of nascent HR information systems in the
specific context of Switzerland and provides decision-makers with levers on
which to act to encourage the introduction of this type of Al-based
information systems within their organization. No other study has identified
the factors behind the spread of HR Al tools in the specific context of
Switzerland, as they are still in their infancy.

1 INTRODUCTION

Over the last twenty years, the number of scientific publications dealing with human resources
management information technologies has grown considerably (Bondarouk et al., 2017; Strohmeier, 2022).
Widely studied topics include web-based HRM (Ruél et al., 2004), e-HRM (Strohmeier and Kabst, 2009),
HRM cloud computing (Wang, 2016), and HR analytics (Gerber et al., 2023; Strohmeier and Piazza, 2015).
However, access to new generations of structured and unstructured HR databases now makes it possible
to take the digitalisation —sometimes called digitisation — of human resources even further by introducing
information systems based on artificial intelligence (AI) techniques (Prikshat et al., 2023; Strohmeier,
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2022).1 An increasing number of actors see this as an opportunity to improve the effectiveness or efficiency
of many HR processes? (Mohamed et al., 2022), such as recruitment (Schuetz and Venkatesh, 2020; Zu and
Wang, 2019), performance management (Jia et al., 2018, Johnson et al., 2022), career development
(Hoddinghaus et al., 2020), or skills development (Gross, 2022).

Although Neumann et al.’s (2022) case study focuses on the diffusion of certain Al tools within eight
public organizations, the reasons behind their assimilation, a fortiori in the Swiss context, are still largely
unknown. Consequently, this study’s interest is twofold: it examines the spread of Al in Swiss human
resources and, using the PLS-SEM method, quantitatively analyses questionnaire survey data on the
spread of Al-based CV (pre-)selection tools (Hair et al., 2021). The study relies on a theoretical model
adapted from Chong and Chan (2012), who unified the diffusion of innovations model formulated by
Rogers (1995) and technology-organization-environment theoretical framework (Tornatzky and Fleischer,
1990).

Our research question is as follows:

To what extent do technological and organizational factors influence the spread of Al-based CV (pre-)selection
tools within Swiss public and private organizations?

The choice of this type of tool is not insignificant. In the literature, HR Al is still widely considered an
emerging technology; that s, itis at an early stage of development in both private and public organizations
(Strohmeier, 2022: 2; Young et al., 2021). Some HR Al instruments are nevertheless more commonly used
than others, as evidenced by the scientific literature (Strohmeier, 2022) and empirical data collected in this
study (Appendix 1). To minimise any possible bias, we therefore chose to study the dissemination of one
of the most widespread types of HR Al tools in Swiss organizations. This research is in line with the
ongoing work on human resources digitisation (Malik et al., 2020), which represents a major challenge for
Swiss organizations and public administration (Emery and Giauque, 2023).

The remainder of this article is organised as follows: Section 2 details the literature review, theoretical
framework, and hypotheses. Section 3 describes the methodology, while Section 4 transcribes and
discusses the results. Finally, Section 5 concludes by explaining study limitations and proposing new
avenues to explore to advance our subject.

2 LITERATURE REVIEW, THEORETICAL FRAMEWORK, AND HYPOTHSES
2.1 A1 IN HUMAN RESOURCES

For some time, the literature aimed at managers® and scientists has emphasized the importance,
benefits, advantages, and challenges of integrating Al tools into human resources management to
automate, assist, or help with decision-making in HR function tasks (Strohmeier, 2022; Priskhat et al.,
2023). Since Lawler and Elliot’s (1993) first study of a tool based on Al, numerous academic studies have
focused on AI tools in inherent HR processes (Emery and Gonin, 2009). Examples include staff
engagement (Jantan et al.,, 2010a; Rodney et al., 2019; Strohmeier and Piazza, 2015), performance
management (Johnson et al., 2022; Palishkar et al., 2018), skills development (Gross, 2022), and career
development (Hoddinghaus et al., 2020). Studies also consider the so-called 'cross-functional' processes
(Emery and Gonin, 2009: 46), where Al uses machine learning techniques applied to textual data (Karami
etal., 2021) to predict psychosocial risks (Merhbene et al., 2022) like turnover (Kang et al., 2020) or to detect
cases of workplace harassment (Karami et al., 2021).

1 For an exhaustive list of the latter and their concrete use in the field of HR Al tools, see Strohmeier (2022). However, the details
are not the subject of this study.

2 For an exhaustive list of all HR processes that take place within an organisation, see Emery and Gonin (2009), who propose a
nomenclature. Other nomenclatures are possible; however, we chose to base our study on the latter because it is largely based on
the work of these researchers in Switzerland. Our field of investigation is limited to Switzerland.

3 According to Boltanski and Chiapello (1999: 763) scientific management research literature is not prescriptive, and its mode of
writing presupposes a critical apparatus. For these authors, scientific management research differs from literature intended for
managers, whose main objective is informing managers of the latest innovations in company and human resources management
(Boltanski and Chiapello, 1999: 100).
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Notwithstanding these scientific productions, there is nevertheless a limited understanding of what
these Al-based HRM tools, instruments, or applications are (Prikshat et al., 2023: 5). To begin, the
definition of Al is far from unanimous (Grosz et al., 2016), a fortiori in the field of human resources
management (Strohmeier, 2022). However, this does not prevent authors from venturing formulations.
For Meijerink et al. (2021), HR Al is defined as a category of software algorithms that enable an information
system to perform HRM activities that would normally require a human being’s knowledge and
intervention.* According to Strohmeier (2022), an HR Al tool is any information system that, as part of an
HR process, can not only imitate natural intelligence but can also evolve according to the data it is fed. Its
objective is then either to completely replace performance of a task previously carried out by the HR
function or to produce a result that can then be used to inform the HR function's choices. In this second
mode of action, the tool is portrayed as a decision-making aid.

This study focuses on a very specific type of HR Al system: Al-based (pre-)selection tools (Hmoud,
2021; Schuetz and Venkatesh, 2020; Zu and Wang, 2019).5 In broad terms, these tools consist of an Al
system that studies the correspondence between CVs received and recruitment criteria using one or more
suitable algorithms. If the system autonomously decides to accept or reject an application, it is an
automated tool. However, if it simply makes a recommendation about a candidate's file, it is a decision
support tool. In administering this study’s questionnaire, we took care to capture these two modes of use.

Since no one has yet taken an interest in this subject, despite calls to do so (Venkatesh, 2022), this study’s
aim is to gain a better understanding of the determinants of the spread of this type of technical system in
the staff recruitment processes of Swiss private and public organizations. Two general theoretical
frameworks — presented in sections 2.2. and 2.3. —form the basis for the study; in section 2.4., where we
present our complete research model and hypotheses, we unify these following the examples of Chong
and Chan (2012) and Neumann et al. (2023).

2.2 TECHNOLOGY DIFFUSION/ASSIMILATION PROCESS

Technology adoption does not happen overnight, particularly for technologies marked by a certain
complexity, as is the case with HR AI (Prikshat et al., 2023: 3). In fact, the scientific literature talks more
about diffusion than adoption, in the sense that integrating a new technological tool is much more of a process
than a rupture, where the latter is characterised by a before and after that are totally changed (Zhu et al.,
2006). Few organizations can claim to have encountered no obstacles in searching for the best tool for their
needs or in deploying and implementing a new tool (Prikshat et al., 2023: 5). This is because introducing
a new technological tool into an organization is far from a smooth process, as it takes the form of an
eminently contextual process. In this sense, a tool’s introduction is always preceded by an initiation stage
(Ibid.), sometimes called an evaluation stage (Chong and Chan, 2012). This can be understood as a
preliminary phase in which the actors (actor) in position (s) to initiate acquiring such an object take(s)
information and evaluate(s) the potential benefits of using it in their activities (Prikshat et al., 2023: 5). This
step thus involves assessing an instrument’s potential effectiveness in performing a task assigned to the
HR function as compared to already established processes (Strohmeier and Piazza, 2015). Once a tool’s
potential effectiveness has been demonstrated, an organization can then decide to begin acquiring it. The
second stage, adoption, then begins, during which the tool is deployed in the organization. This is followed
by a series of adjustments—changes to work routines, speeding up operations, resistance, conflicts —
which are used to assess the validity of the decision to adopt that tool (Hossain et al., 2016). Once this has
been done, the tool will either be confirmed or eliminated (Bhattacherjee et al., 2008). In the first case, a
phase of 'routinization' begins, which indicates its use has become a commonplace component of the
organization's operations (Hossain et al., 2016). The organization can then provide training and technical
support to the people who will work with the tool (Ahearne et al., 2005). These two elements reduce the

4 In its simplest sense, an algorithm is a set of instructions expressed in a particular computer language such as Java, Python, or
C++ that is used to solve a well-defined problem (Casilli, 2019). Like a recipe, it is used to produce a result based on instructions.
Depending on the data they are required to process, algorithms are divided into several fields that make up Al techniques such
as natural language processing (NLP) or machine learning (ML) (Prikshat et al., 2023: 5; Strohmeier, 2022).

5 This kind of tool is deliberately identified this way. In fact, some Al tools of this type pre-select, while others directly select
candidates. We therefore used this term in our questionnaire to group these two methods together.
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tool’s opacity and consequently, stakeholders” aversion to it, as well as the potential dangers inherent in
its use, such as data confidentiality or management problems (Prikshat et al., 2023: 7). Finally, in a fourth
and final stage known as confirmation or extension, those who use the tool in question will use it to its full
potential or even innovate.

Thus, that is the complete path, also known as diffusion or assimilation® (Prikshat et al., 2023: 2) of a
technical object or innovation until it is fully embedded within an organization. The literature is relatively
unanimous about this process, with a few variations (Basole and Nowak, 2018; Rogers, 1995; Zhu et al.,
2006). Following Chong and Chan (2012) and Neumann et al. (2022), in this study, we base the
conceptualisation of our dependent variables on the three phases of evaluation, adoption, and routinization.
That said, what governs the transition from one stage to another is still not understood. What explains, for
example, the fact that an organization positively evaluated our Al-based CV (pre-)selection tool and
consequently decided to continue the process and adopt it? To develop this understanding, we largely
base our study on the technology-organization-environment (TOE) framework (Tornatzky and Fleischer,
1990). However, we are extending its explanatory factors.

2.3 AN EXTENDED TO(E) FRAMEWORK

In the literature, the TOE model or framework is a theoretical framework commonly used to
understand why organizations adopt technological innovations (Chen et al., 2021; Chong et al., 2010;
Chong and Chan, 2012; Neumann et al., 2022; Tornatzky and Fleischer, 1990; Zhu et al., 2006). It has
already been used to explain the spread of IT tools (Chong and Ooi, 2008) like medical devices (Chong
and Chan, 2012) and human resources management information systems (HRMIS)? (Al-Dmour et al,,
2017), in both the private and public sectors (Troshani et al., 2010). However, it has never been used to
study the determinants of adopting a particular type of HR Al instrument, much less in the context of
Swiss human resources. We do so in this study to examine the factors that influence the evaluation, adoption,
and routinization phases of Al-based CV (pre)selection tools. This approach was also suggested by
Venkatesh (2022) and Prikshat et al. (2023) in their proposal for a theoretical framework relatively similar
to ours aimed at better understanding the determinants of diffusing Al-based tools in human resources.

The TOE framework predicts that diffusion of a new technology is influenced by three types of factors
or dimensions: (1) technological, (2) organizational, and (3) environmental. Although the TOE framework
is relevant in its entirety, for the purposes of this study, we focus solely on its technological and
organizational dimensions, adding two explanatory factors.

2.3.1. TECHNOLOGICAL FACTORS

From the point of view of the players in our sample, five technological factors potentially influence the
spread of our innovation within Swiss organizations: relative advantage, compatibility, complexity, cost
reduction, and security.

A tool’s relative advantage is defined as how it is perceived as being more effective or making it more
possible to increase efficiency than the current process it will enhance or completely replace, particularly
in terms of saving time or acquiring information that enables faster decision-making (Chong and Ooi,
2008; Warren, 2004). In the past, this dimension has also been referred to as 'perceived benefits' (Chong and
Chan, 2012: 8647). However, the literature more readily uses the term ‘relative advantage” (Li et al., 2010;
Neumann et al., 2023; Wang et al., 2010). As a hypothesis, then, the fact of perceiving that an instrument
can enable obtaining a relative advantage is, in our view, positively associated with the three stages of its
diffusion (Table 1. Hypotheses hla, h1b, and hlc).

Compatibility is defined as the perceived ease with which a tool is likely to fit into an organization's
pre-existing processes, operations, and infrastructures (Brown and Russell, 2007; Chong and Chan, 2012;
Prikshat et al., 2023: 7). According to Strohmeier and Piazza (2015), such a perception leads to the belief

6 In the remainder of this text, we use the terms diffusion and assimilation interchangeably for purely stylistic reasons, particularly
to avoid repetition.

7 "HRIS constitute dynamic systems that are comprised of systematic procedures and functions for acquiring, storing, manipulating, retrieving,
analysing, and disseminating pertinent information concerning an organization's human resources’ (Tannenbaum, 1990).
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that a tool is useful or even more effective than current processes and operations. This perception could
lead to its adoption and, further down the line, to its routinization by the very fact that HR function actors
will have been able to derive essential added value from it or even innovate their ways of working from
using it (Prikshat et al., 2023: 7). We therefore hypothesise that an instrument’s perceived compatibility is
positively associated with its three stages of dissemination (Table 1. Hypotheses h2a, h2b, and h2c).

Beyond compatibility with an organization, disseminating a technical object can also prove complicated
if the organization and its stakeholders feel that the implementation involves too much effort to fit it into
the IT infrastructure and/or existing processes. In the literature, this sub-dimension is referred to as
complexity (Tsai et al., 2010). Our hypothesis is that the perceived complexity of our HR Al tool is
negatively associated with the three stages of its diffusion (Table 1. Hypotheses h3a, h3b, and h3c).

The cost of technical objects, both to purchase and maintain, is often cited as the main barrier to their
adoption (Lai et al., 2005; Mehrjerdi, 2010). When an organization considers acquiring a new tool, its
expected cost is then weighed against the benefits expected from acquiring it, such as reducing time spent
on recruitment, ultimately reducing its marginal cost (Azoulay et al., 2020; Mehrjerdi, 2010). Therefore,
our hypothesis regarding this sub-dimension is as follows: the more actors perceive this HR Al tool as
enabling them to reduce the costs inherent in the engagement process, the more inclined their
organizations will be to acquire it. In other words, the cost reduction sub-dimension has a positive influence
on the three diffusion stages considered in this study (Table 1. Hypotheses h4a, h4b, and h4c).

The security of the information gathered and processed by information systems is also a major concern
for organizations wishing to implement them (Zafar, 2013), especially those in the public sector (Valcik et
al., 2023a). For reasons of reputation or employer brand, organizations must be beyond reproach when it
comes to protecting the data they collect and use (Denisova, 2023; Zafar et al., 2017). An organization
whose stakeholders are convinced, for example, that candidates” profiles inserted into a CV or application
processing software could be re-exploited by third parties or leaked (Wei et al., 2009), will, in our opinion,
be less inclined to want to implement this type of tool. Our hypothesis, therefore, is that the security sub-
dimension is positively associated with the three dissemination stages in this study (Table 1. Hypotheses
h5a, h5b, and h5c).

We believe all these technological factors influence the three stages of disseminating a CV (pre-
)selection type tool within the Swiss HR function. Given the relatively moderate level of use of this type
of tool by the organizations surveyed, to which we return in Appendix 1, we nevertheless believe that the
influence of these independent variables is strongest at the evaluation and adoption stages. Table 1 provides
a systematic summary of the hypotheses formulated in this section regarding Al-based CV (pre)selection
tools (hereinafter referred to as the [tool]) considered in this study.

Table 1. Hypotheses for technological factors

Relative advantage (R)

Hla Ris positively associated with [the tool] evaluation stage.

Hlb Ris positively associated with [the tool] adoption stage.

Hlc Ris positively associated with the routinization stage of [the tool].
Compatibility (CO)

H2a  CO is positively associated with [the tool] evaluation stage.

H2b  CO is positively associated with [the tool] adoption stage.

H2c  CO is positively associated with the routinization stage of [the tool].
Complexity (CX)

H3a CXis negatively associated with the evaluation stage of [the tool].
H3b CXis negatively associated with the adoption stage of [the tool].
H3c  CXis negatively associated with the routinization stage of [the tool].

(Decrease) costs (D)

H4a D is positively associated with [the tool] evaluation stage.

H4b D is positively associated with [the tool] adoption stage.

H4c D is positively associated with the routinization stage of [the tool].
Security (S)

Hb5a Sis positively associated with [the tool] evaluation stage.

H5b  Sis positively associated with [the tool] adoption stage.

Hb5c  Sis positively associated with the routinization stage of [the tool].
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2.3.2. ORGANIZATIONAL FACTORS

Four organizational factors could potentially influence the spread of our innovation within Swiss
organizations: top management support (TMS), the size of the organization or workforce, the financial
resources specifically dedicated to it, and employees’ technological expertise.

Organizational factors are certainly the most widely used to study IT innovation adoption and, more
generally, information systems (Bondarouk et al., 2017; Gupta et al., 2020; Chong and Chan, 2012: 8648).
In this respect, support from the hierarchy is depicted as one of the most influential factors in the 99
articles systematically reviewed by Jeyjaraj et al. (2006) and in more recent literature concerning complex
information systems (Hmoud, 2021; Prikshat, 2023: 8; Shao et al., 2017). Integrating a new tool into an
organization involves at least some minor, if not major, changes in how things are done, and tasks are
accomplished. In this respect, TMS —in the sense of support for using the tool or the absence of negative
sanctions for failure, at least initially —would be essential to ensure that any resistance to change is
overcome (Brown and Russel, 2007; Liang et al., 2007; Shao et al., 2017). Prikshat et al. (2023: 8) state that
‘Top management support can inspire, motivate, resolve conflict, rebalance power, and reward desirable behaviour
at different phases of the technology assimilation lifecycle’.8 Our hypothesis for this sub-dimension is therefore
as follows: TMS is positively associated with the three stages of diffusion considered in this study (Table
2. Hypotheses h6a, h6b, and héc).

Workforce or organization size is also cited as an important factor in successfully assimilating technical
objects. Intuitively, the larger the organization, the more resources it has to invest in correctly analysing
its needs, acquiring exactly the tool it needs and, finally, successfully routinising a technical system (Brown
and Russell, 2007; Wang et al., 2010). Although this is one of the technological diffusion factors most
widely tested in the literature, the empirical results are not unanimous (Troshani et al., 2010: 4). The
resources available due to an organization's size are sometimes counterbalanced by its inertia (Zhu and
Kraemer, 2005). Several studies have also shown that small organizations are at least as, if not more,
capable of adopting new technologies as large ones. Adopting a new technology requires collaboration
and coordination between various players. These two elements are more easily achieved in small
organizations (Hitt et al., 1990), which are more flexible, more agile in their decision-making, and less path
dependent® on procedures and ways of working (Gobbs and Kraemer, 2004; Huang et al., 2008; Thong,
1999). The descriptive statistics on the workforces of the organizations in our sample show that they are
indeed large in terms of the definition given by the State Secretariat for Economic Affairs,’0 which is
incidentally based on that of the European Commission. That said, like Al-Dmour et al. (2017: 147), we
believe that they are in a better position to possess or deploy the resources and skills needed to promote
dissemination of our innovation than if they were medium-sized or small organizations. In this respect,
our hypothesis is therefore that the organization size sub-dimension positively influences our three
dependent variables (Table 2. Hypotheses h7a, h7b, and h7c).

The literature clearly shows that adopting technical objects is closely linked to the financial resources
dedicated to them (Hossain et al., 2016; Wong et al., 2019; Prikshat et al., 2023). In our view, the presence
of financial resources dedicated specifically to Al development is positively related to the different stages
of diffusion of the HR Al instrument examined in this study (Table 2. Hypotheses h8a, h8b and h8c).

The technological expertise sub-dimension refers to an organization’s level of technological
sophistication, that is, whether they have enough skilled personnel to use a technical object. Here again,
the literature shows that the presence of qualified personnel tends to positively influence a technology’s

8 For a more detailed overview of the role TMS plays in disseminating HRIS, and HRIS based on Al, see Teo et al. (2007), Chen et
al. (2021), and Zerfass et al. (2020).

9 Path dependency is a concept that originated in economics and then spread to political and management science. It is defined
as continued use of a product or maintaining a practice for historical or usage reasons, that is, “We've always done it this way. We're
not going to change now’. For scientific literature on this subject, particularly in management, see Rolland et al. (2021) or Scarbrough
(1998).

10 https:/ /www.kmu.admin.ch/kmu/fr/home/savoir-pratique/ politique-pme-faits-et-chiffres.html. Accessed on 31 January
2024.
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diffusion stages (Chong and Chan, 2012: 8648; Prikshat et al., 2023: 8) as do our hypotheses on the
assimilation of our CV (pre-)selection tools based on Al (Table 2. Hypotheses h9a, h9b and h9c).

In his text, inviting academics worldwide to test predictors to understand, from both individual and
collective perspectives, why individuals use and why organizations adopt the new generation of Al-based
information systems, Venkatesh (2022) advises researchers interested in these issues to integrate new
predictors into existing explanatory models. Hence, this is the exact approach taken in this study by
proposing, in the role of a new independent variable integrated into our TO(E) framework, the perception
of an innovative climate within the organizations in our sample. An innovative climate, which is defined
as an atmosphere within an organization that fosters creative mechanisms and solutions to achieve the
goals defined by the organization (Newman et al., 2020'1), is also a necessary condition for the
development of new ideas and solutions within organizations. In this respect, we believe that such a
climate could also positively influence the diffusion of HR Al tools, such as those we are studying (Table
2. Hypotheses h10a, h10b, and h10c).

Both private and public organizations are characterised by burdensome rules and procedures that
constrain and regulate their activities and those of their employees (Pandey and Kingsley, 2000; Scott,
2002). In the literature, this phenomenon is known as red tape. Its most popular definition!? is that of
Bozeman (2000: 12): “rules, regulations, and procedures that remain in force and entail a compliance burden, but
do not advance the legitimate purposes the rules were intended to serve’. The relationships between
bureaucratisation (including formalisation, red tape, and organizational complexity) and innovation
adoption have been extensively examined in the literature (Brown, 1981; Tornatzky and Fleischer, 1990;
Bozeman et al., 1991; Bozeman and Crow, 1991). For example, Yu and Bretschneider (1998) discovered
that higher levels of red tape are linked to lower IT innovativeness. Indeed, ‘At low levels of red tape,
organizations tend to initiate new programs and introduce innovative technological alternatives. The explanation
for this is that organizations with low levels of red tape are less encumbered by administrative procedures, due to
lower transaction costs associated with technological innovation. In other words, high levels of red tape delay and
interrupt decisions to adopt new technology’ (Moon and Bretschneider, 2002: 277). Alternatively, it is
reasonable to think that problems of red tape generate a demand within the organizations for effectiveness
and efficiency and that, in turn, this stimulates demand for innovative solutions, in this case for human
resources management Al systems. In this case, the perception of red tape is a facilitating rather than a
constraining factor (Ibid.; Pandey and Bretschneider, 1997). Despite work on the influence of red tape on
the adoption of e-HRM practices (Rana and Kaur, 2023; Sylvester et al., 2015), the scientific literature has
not studied the link between red tape and the diffusion of HR Al systems. In this respect, we believe that
red tape could positively influence the diffusion of HR Al tools in the hiring process (Table 2. Hypotheses
h1la, h11b, and hl1c).

Finally, Table 2 summarises our hypotheses for the organizational factor variables that influence the
dissemination of Al-based CV (pre)selection tools.

Table 2. Hypotheses for organizational factors
Top management support (TMS)
Hé6a TMS is positively associated with the evaluation stage of [the tool].
Héb TMS is positively associated with [the tool] adoption stage.
Heéc TMS is positively associated with the routinization stage of [the tool].

Size of the organization (E)

H7a E is positively associated with the evaluation stage of [the tool].
H7b E is positively associated with the stage of adoption of [the tool].
H7c E is positively associated with the routinization stage of [the tool].
Financial resources (F)

H8a F are positively associated with the evaluation stage of [the tool].
H8b F are positively associated with [the tool] adoption stage.

H8c F are positively associated with the routinization stage of [the tool].

Technological expertise (T)
H9a T is positively associated with [the tool] evaluation stage.
H9b T is positively associated with [the tool] adoption stage.

11 See also Bondarouk et al. (2017), Bos-Nehles and Veenendaal (2019), and Malik and Wilson (1995).
12 [t is cited, for example, in the work of Borry (2016: 2) and Giauque et al. (2013: 64).
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HOc T is positively associated with the routinization stage of [the tool].
Innovative climate (IC)

H10a  ICis positively associated with [the tool] evaluation stage.

H10b  ICis positively associated with [the tool] adoption stage.

H10c  ICis positively associated with the routinization stage of [the tool].
Red tape (RT)

Hlla  RTis positively associated with [the tool] evaluation stage.

H11b  RTis positively associated with [the tool] adoption stage.

Hllc  RTis positively associated with the routinization stage of [the tool].

2.4. FINAL RESEARCH MODEL

Based on the above, Figure 1 summarises our conceptual or research model.

Fig 1. Final research model

Technological
Factors: Relative
advantage W
AY -
\_ Diffusion of innovation:
M :
Organizational )
Factors: &
TMS = Top management support

3.1 DATA COLLECTION AND SAMPLE CHARACTERISTICS

This study is based on a survey sent to private and public HR professionals in Switzerland between
November 2022 and March 2023.

102



Guillaume Revillod/Journal of HRM, vol. XXVII, 2/2024, 95-122

The associations HR Vaud (N=777)13, HR Tessin (N=270)4, and the Ziircher Gesellschaft fiir
Personalmanagement (N=600)> all agreed to distribute the questionnaire to their network and conduct at
least one follow-up at a three-week interval following its first distribution. The HR Geneve (N=720)! and
HR Valais (N=330)7 sections only agreed to distribute the questionnaire to their network one time.

Since 1848, the Swiss federal political system has consisted of three governance levels: the federal state,
cantons, and municipalities. The principle of subsidiarity (Sciarini, 2023) gives each level a large degree of
political autonomy and autonomy in how it organises its public administration, particularly in terms of
infrastructure and information systems (Ladner et al., 2019). Consequently, contextual differences can be
observed in this area, which is why we also surveyed the Federal Personnel Office (N=1), the 26 cantonal
human resources departments, and 168 of the 2136 Swiss municipalities. We deliberately chose to restrict
the municipalities to those with more than 10,000 inhabitants (OFS, 2021a). A municipality’s size also
generally determines whether it has an HR department (Ladner and Haus, 2021). This arbitrary threshold
allows us to be certain that the respondents are confirmed members of the HR function. Each public
authority was invited to take part in our questionnaire three times, at three-week intervals, by email and
post. A total of 324 responses were received, for a return rate of 11.20%.18 As Swiss HR professionals are
quite busy, this rate is acceptable. Baldegger et al. (2020) obtained only 305 responses via the same
umbrella organizations. Internationally, Chong and Chan (2012: 8649) obtained almost half as many
responses as we did (N=183) for a barely higher response rate of 18.30%. To respect Switzerland's linguistic
diversity, the questionnaire was translated into three of the four languages officially recognised by the
Confederation — German, French, and Italian —as well as English.

The respondents” individual characteristics are shown in Table 3.

Table 3. Demographic description of the sample (N=324)

Variable Percentage Variable Percentage
Gender Language area
Women 49.69 French Switzerland 44.44
Men 43.21 German Switzerland 42.90
Other .00 Italian Switzerland 6.17
NA 7.10 NA 6.48
Hierarchical position Time with organization!?
Employee 25.31 <1 7.10
Proximity manager 432 1-3 15.43
Middle management 23.77 3-5 15.74
Executive management 39.51 5-10 22.22
NA 7.10 >10 31.48
NA 8.02
Age20 Maximum activity level2l
<18 .00 International 30.86
18-25 .00 Federal 27.47
26-34 4.63 Cantonal 14.51
35-44 17.59 Communal 20.06
45-54 43.83 NA 7.10
55-64 25.93 Private/Public
> 65 .00 Private 48.46
NA 8.02 Public 47.53
NA 4.01
3.2 PREVENTING BIAIS

13 According to https:/ /hr-vaud.ch/vison-missions/ . Official figures not provided. Page consulted on 26 June 2023.

14 The figure was provided to us by the secretariat of HR Ticino.

15 The approximate figure was provided by the ZGP secretariat.

16 The figure was provided by the HR Geneva secretariat.

17 According to https:/ /www.hr-valais.ch. Official figures not provided. Page consulted on 26 June 2023.

18 To calculate: 324*100/2892 = 11.203%, where 324 is the total number of responses out of the approximate potential of 2892 respondents.
19 In years.

20 In years.

21 In other words: federalism.
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Organizational behaviour research often faces methodological biases, particularly when researchers
rely on self-administered questionnaires (Podsakoff et al., 2012). In some cases, this can threaten the
validity of the relationships observed between variables and conclusions inferred from them (Pandey et
al., 2008; Podsakoff et al., 2012). Good questionnaire design, a clear data collection strategy, and post-hoc
data analysis are three ways to mitigate and verify that potential data measurement biases are neither
present nor influential (Podsakoff et al., 2012). To this end, we guaranteed complete anonymity to all
respondents (Pandey et al., 2008). The invitation to complete the questionnaire was accompanied by a
description of the study aims and reminder of the essential rules of scientific ethics. Respondents were
asked to answer freely and were informed that none of the information gathered would be passed on to
anyone else. Although not absolutely necessary when using the PLS-SEM method (Hair et al., 2021: 11-
12), as ‘many scholars indicate that the absence of distributional assumptions is the main reason for choosing PLS-
SEM’ (Hair et al., 2018: 11-12), post-hoc statistical tests of skewness and kurtosis were carried out to ensure
the normality of our variables.22 The measurement and structural models were also tested to ensure that
our results met the guidelines for using the PLS-SEM method in human resources management (Ringle et
al., 2020).

3.3 MEASUREMENTS
3.3.1 DEPENDENT VARIABLES

Our dependent variables, the evaluation, adoption, and routinization stages, are latent constructs
(Williams and O'Boyle, 2008) whose items are measured on a four-point Likert scale with (1) indicating
‘strongly disagree” and (4) indicating ‘strongly agree’. Thus, each of these variables is a type of ordinal scale
which, following the example of Blaikie (2003: 24) or Anderfuhren-Biget et al. (2010: 223), we assume to
be continuous to apply the PLS-SEM method (Hair et al., 2021).

3.3.2 INDEPENDENT VARIABLES

Our independent variables are also measured using a four-point Likert scale with (1) representing
'strongly disagree' and (4) representing 'strongly agree'. Some of these are latent constructs, including
relative advantage, compatibility, complexity, cost reduction, security, TMS, financial resources, and
technological expertise. The workforce variable is the only single construct or single item in our model.
Although Chong and Chan (2012) use a latent variable to measure how the size of an organization affects
the stages of diffusing the technical object they study, we chose to base our analysis on the number of
employees in the sample organizations. As they are formulated in the literature —item 1: “my company’s
capital is high compared to that of the industry; and item 2: “my company’s revenues are high compared to those of
the industry’ —the underlying items focus exclusively on private organizations and are therefore not
adaptable to public organizations, whose goals do not include profits. Because our sample also includes
public organizations, we must do this to include them in our analyses. Finally, the innovative climate
construct was measured on a five-point Likert scale ranging from (1) "strongly disagree" to (5) "strongly
agree," as in Bos-Nehles and Veenendaal (2019: 2571) and Malik and Wilson (1995). The same for the three-
item red tape scale (TIRT) developed by (Borry, 2016).

3.4 ANALYSIS PROCEDURE

This section briefly summarises our analyses using the PLS-SEM method (Hair et al., 2021), which are
transcribed in full in Appendix 2.

3.4.1 PRELIMINARY CONSIDERATIONS

22 Note that the PLS-SEM method has the undeniable advantage of not requiring that variables be normally distributed, while
producing particularly robust results when they are (Hair et al., 2022: 28).
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Statistically, using PLS-SEM type structural equations is justified when a theoretical model includes
many latent constructs and involves testing complex relationships between them that are proposed from
a theoretical framework (Hair et al., 2021: 22). This is exactly the case in this study, which mobilises
numerous latent constructs from the TOE framework (Tornatzky and Fleischer, 1990), DOI (Rogers, 1995)
but also those of innovative climate (Newman et al., 2020) and red tape (Borry, 2016). However, our sample
must meet two requirements for the PLS-SEM method to retain sufficient statistical power and for the
results thus obtained to be generalisable (Hair et al., 2021: 15). These requirements are the 10-time rule
(Hair et al., 2021: 16) and the inverse square root method (Hair et al., 2021: 17-18); our study complies with
both. In addition, less than 300 iterations must be necessary for our model to converge (Hair et al., 2021:
82); as our model requires only 8 iterations, this condition is also met.

Having met all the preliminary considerations, we proceed with the analyses, starting with evaluating
our measurement model.

3.4.2 EVALUATING THE MEASUREMENT MODEL

The evaluation of our measurement model depends, first, on the type of latent construct used. Our
constructs are reflective latent constructs (Hanafiah, 2020) since they exist independently of the items used
to measure them (Borsboom et al., 2004); moreover, perceptual, attitudinal, or personality trait
measurement scales are typically reflective constructs (Coltman et al., 2008: 1252). Second, reflective
constructs assume that causality runs from the concept to the indicators (Ibid.). They must also share a
common theme and be interchangeable (Coltman et al., 2008: 1253), which is true for our constructs.

Empirically, evaluating a model made up of reflective constructs involves various tests for which we
refer to the different commonly accepted thresholds (Cheung et al., 2023; Hair et al., 2021). These tests are
divided into four stages. The first examines indicator reliability; the second assesses the internal
consistency of the constructs; the third looks at the convergent validity of each conceptual measure; and
the final stage examines construct discriminant validity, that is, the extent to which they differ from one
another. The full details of these analyses are available in available in Appendix 2. All latent constructs
except TMS meet all the evaluation criteria inherent in our measurement models. We therefore move on
to evaluating our structural model.

3.4.3 EVALUATING THE STRUCTURAL MODEL

Hair et al. (2021: 116) propose the following systematic approach to assessing a structural model’s
quality: first, examine whether it contains collinearity problems; second, assess its significance and
relevance; and third, assess its explanatory and predictive power. The full details of these analyses are
available in Appendix 2. The results show that there is no reason to suspect that our structural model is
unreliable regarding these criteria (Cheung et al., 2023; Hair et al., 2021). We therefore move on to present
and interpret our results.

4 RESULTS
4.1 DESCRIPTION OF RESULTS
Table 4 provides a detailed summary of our results:

Table 4. Path coefficients, significance and R?2

Evaluation (EV) Adoption (AD) Routinization (RO)

R2 386 271 .078
R2adjusted 364 .245 .045
Technological factors (T)

R .091* 117+ .041

CO 121+ Jd21% q11*

CX -.328%** =201 %** -.086

D .200%** 174 .035
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S .108* .090 .081
Organizational factors (O)
™S .069 .092 104
E 132%* 115%* .032
F .090* .075 .082
T 126%* .095* J111%
1C 157 .158** .048
RT 162%%* 250%** .039

R: Relative advantage; CO: Compatibility; CX: Complexity; D: (Decrease) costs; S: Security; TMS: Top management support;
F: Financial resources; T: Technological expertise; IC: Innovative climate; RT: Red tape; EV: Evaluation; AD: Adoption; RO:
Routinization.

t Table for significance (two-tailed):

—  Confidence interval 95%: t-value = 1.960 (*)

—  Confidence interval 99%: t-value > 2.576 (**)

—  Confidence interval 99.9%: t-value > 3.291 (***)

The table results show that our model explains 36.4% of the variance in the dependent variable
evaluation, compared with 24.5% for adoption and 4.5% for routinization.

For the technological factors, relative advantage has a positive and significant relationship with the
evaluation and adoption stages. However, it is not significantly associated with the routinization stage of the
HR Al instrument considered here. Therefore, hypotheses hla and h1b are supported by the empirical
data, while hypothesis hlc is not. The compatibility subdimension has a positive relationship with all
adoption stages of our HR Al instrument. This confirms our hypotheses h2a, h2b, and h2c. The perceived
complexity of our instrument is significantly but negatively correlated with our first two diffusion stages,
while it is not significantly associated with the routinization stage. Hence, hypotheses h3a and h3b are
confirmed, while h3c is rejected. Costs, in this case, their perceived reduction when the object is evaluated,
adopted, or routinised, are positively and significantly associated with the first two assimilation stages
but not with the tool’s routinization. Consequently, only hypotheses h4a and h4b are confirmed for this sub-
dimension. Finally, the safety sub-dimension was only significant at the evaluation stage; therefore, only
hypothesis hba is confirmed. The technological factors are all significantly associated with the evaluation
stage of our technical object. Four out of five are also associated with the adoption stage, but only one is
associated with the routinization stage.

The results In Table 4 show that TMS is never significantly associated with our dependent variables.
This is not surprising, as this latent construct violates several commonly accepted thresholds when the
measurement model is evaluated. We can therefore only reject hypotheses h6a, h6b, and hé6c. However, the
number of staff in an organization is positively and significantly associated with the tool’s evaluation and
adoption but not with its routinization. Hypotheses h7a and h7b are therefore confirmed, while hypothesis
h7c is invalidated. Financial resources were significantly correlated only with the evaluation stage,
confirming only hypothesis h8a. Technological expertise is positively associated with all our dependent
variables. Hypotheses h9a, h9b and h9c are therefore confirmed. The innovative climate is significantly
associated with our first two diffusion stages. Hypotheses 10a, h10b are therefore confirmed, while h10c
is invalidated. The last organizational sub-dimension, red tape, is also positively associated with the first
two diffusion stages, confirming hypotheses h11a and h11b, while h11c is invalidated.

In general, all organizational factors except hierarchical support are associated with the evaluation stage
Most of our organizational predictors also explain the adoption of our HR Al tool, except for TMS and
financial resources. Finally, only technological expertise is linked to its routinization.

4.2 INTERPRETATION OF RESULTS AND DISCUSSION

This study examined the perceptions of Swiss HR function players regarding the technological and
organizational factors that influence the three stages of disseminating Al-based CV (pre)selection tools
within their organizations. The results show that this type of tool’s perceived compatibility and
technological expertise of employees are systematically and significantly associated with its complete
assimilation within organizations. However, other factors are also linked to one or more of the stages in
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spreading this technology. This section describes these factors in detail and suggests possible
interpretations based on our theoretical framework.

4.2.1 TECHNOLOGICAL FACTORS

The technological variables are all significantly associated with the tool’s evaluation stage. In addition,
all technological variables except security are significantly associated with the adoption stage for the type
of tool considered in this study. Finally, only the compatibility variable is associated with the routinization
stage.

Thus, according to the HR function, their perception that the tool enables them to obtain a relative
advantage has a positive influence on the sample organizations when they assess the possibility of
equipping themselves with this type of tool. Although no scientific study has yet conducted a quantitative
evaluation comparable to ours,? several that specialise in disseminating information systems have
reached similar conclusions regarding this variable’s influence on the evaluation stage (Chen et al., 2021;
Chong and Chan, 2012; Wang et al., 2010). One possible explanation for this association could be that,
when evaluating the possibility of equipping themselves with this type of instrument, organizations try
to ensure that the tool will enable them to improve the effectiveness and efficiency of the process in which
it will be used. That said, relative advantage also has a stronger and more significant positive influence on
the adoption stage of our HR Al tool than it does in the previous stage. This could be explained by the
relative popularity of Al-based CV (pre)selection tools. In fact, since their reputation for effectiveness,
efficiency and diversification of profiles recruited is well established (Azoulay et al., 2020; Volini et al.,
2019), organizations” HR functions would be more inclined to adopt them to realise the relative advantages
perceived during the previous stage. The fact that this result contradicts, for example, Chong and Chan
(2012: 8650), who did not, however, study the same type of instrument, probably indicates that
contingency factors, such as the Swiss context or type of tool studied, come into play. In any case, this
variable does not influence the routinization of our tool. Chong and Chan (2012: 8651) state that this factor
loses its explanatory power once organizations have decided to invest in and integrate a technical system.
Once a tool has been integrated, its relative advantage no longer interests organizations; instead, the
primary interest is its ability to perform its tasks, in other words, its performance in action, which is not a
dimension operationalised in this study.

In our view, the same logic used for relative advantage applies to the compatibility factor, which is
also positively associated with the evaluation stage. As far as HR function players are concerned,
organizations are looking first and foremost to assess whether the tool they plan to use is compatible with
both their IT infrastructure and processes. This is repeated during the adoption phase, at the end of which
the tool is either definitively adopted or rejected, as well as during the routinization phase. Our empirical
data therefore show that this type of tool’s perceived compatibility with the IT infrastructure on the one
hand and hiring process on the other, is essential at all three stages of their assimilation within the Swiss
HR function. Chang and Chan (2012: 8651) show that this explanatory factor is only significant for the
routinization stage. They suggest that this could be explained by the importance of this factor once a tool
has been integrated into work routines. We thus show that Swiss organizations are not only concerned
about the compatibility of this type of tool with their processes at the routinization stage but also at the two
previous stages.

Unsurprisingly, HR function players indicate that Swiss organizations are looking for Al tools that they
perceive as not being too complex or difficult to use, at least when it comes to Al-based CV (pre)selection
tools. Of all the independent variables included in our model, complexity is one of the strongest in terms
of coefficient and significance; the hypothesis of its association with the dependent variables evaluation
and adoption is verified at a confidence interval of 99.9%. As explained in our theoretical section, this result
makes perfect sense if we consider that adopting Al tools does not simply consist of equipping oneself
with ready-to-use technologies. The changes, possible reluctance (Oliveira et al., 2014), and transformation
of work processes brought about by acquiring this type of technical object all pose difficulties for
organizations. Consequently, they are looking above all for simple tools that are not likely to increase the

2 At the time of writing, no quantitative study exists of the factors that influence the spread of Al-based tools in human resources.
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complexity of the HRM processes into which they will be incorporated. This result is consistent with the
literature, which describes this latent construct as one of the main inhibitors to applying Al tools (Chen et
al., 2021: 60). According to our empirical data, however, the routinization of Al-based CV (pre)selection
tools is not associated with this sub-dimension. This result is not surprising, insofar as a tool’s complexity
is of concern to organizations only at the early stages of dissemination. By definition, a tool can only be
routinised once the issues relating to its complexity have been overcome. If a tool is integrated into the HR
function’s day-to-day processes, then its complexity is no longer a barrier (Mehrjerdi, 2010).

Organizations are therefore likely to be attracted by the reduced costs of the engagement process this
type of instrument promises (Jia et al., 2018: 109). Our results show that this is the second strongest
predictor of the evaluation stage and is a highly significant predictor, since its relationship with this
dependent variable is verified at a confidence interval of 99.9%. Its relationship is also verified with the
adoption stage at a confidence interval of 99.0%. However, it is not linked to the tool’s routinization. This
result is consistent with the Swiss human resources literature, particularly that in the public sector.
According to Emery and Gonin (2009: 400), Ball (2001), and Troshani et al. (2010: 1), HRIS are perceived
not only as tools for improving the effectiveness of certain HRM processes, but also for promoting their
efficiency, where efficiency is understood as using a minimum of human and financial resources?* for a
given result. Therefore, they function as a means of deploying more strategic human resources
management, whose contribution to the organization's performance can be assessed and recognised. This
result is in line with those of Mehrjerdi (2010), Chong and Chan (2012) and Scupola and Pollich (2019).

According to the HR function, this type of tool’s perceived security is also a concern for organizations
in the evaluation stage but not in the next two stages. This result is not surprising since the slightest data
leak today can cause serious reputational damage (Makridis, 2021). Swiss organizations would therefore
be particularly careful prior to adoption to assess whether this type of tool could cause breaches in data
protection and storage. Once ascertained, this would no longer be an issue for them; in other words, it
would no longer be a determining factor in disseminating this type of technical object. This result is also
consistent with the information systems literature in both the private (Wei et al., 2009; Chong and Chan,
2012) and public (Troshani et al., 2010) sectors.

4.2.2 ORGANIZATIONAL FACTORS

Organizational variables are all significantly associated with the tool evaluation stage considered in this
study, except for TMS, which failed the validity tests usually accepted in a PLS-SEM analysis (Hair et al.,
2021). Four organizational variables - organization size, technological expertise, innovative climate and
red tape - are significantly associated with the adoption dependent variable, while technological expertise
is the only one significantly linked to the routinization stage.

Contrary to the existing literature on the diffusion of technical objects (Chen et al., 2021: 60; Chong and
Chan, 2012; Hmoud, 2021), which depicts the TMS construct as a driver of information system adoption,
TMS is not interpretable in this work due to its poor quality. However, our data show that the link between
organization size and diffusion of the type of innovation considered here is significantly associated with
the first two stages of our technical object’s diffusion. In Switzerland, therefore, as an organization’s size
increases, it is more inclined to evaluate the possibility of equipping itself with an HR Al tool of the (pre)
selection of applications type. Similarly, the larger an organization, the more likely it is to adopt this type
of tool. These two results are consistent with the existing literature (Brown and Russell, 2007; Wang et al.,
2010). According to Troshani et al. (2010: 8), the logic behind this association is as follows. The potential
benefits of acquiring an HRIS are more perceptible when organizations anticipate that it will be spread
over a broad user base. In other words, the more an organization perceives that a tool will serve, and serve
well, numerous users within its organization, the more likely it will be to assess the possibility of acquiring
and adopt it. The same authors put this into perspective, however, urging us not to generalise too hastily;
the larger an organization, the more complex its operations. The existence of silos or internal power logics,

24 In any case, the two go hand in hand based on the understanding that human resources can be quantified in terms of the costs
represented by salaries; therefore, any activity carried out by them can also be given in terms of costs based on the time required
to perform it.
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to name just two factors likely to negatively influence the process of assimilating a technical object, could
prevent it from being acquired and disseminated. In short, the complexity inherent in any organization
acts as a contingency factor. Given this, although our results point to the workforce’s positive influence
on the first two stages of our technical object’s diffusion, a certain amount of critical hindsight is required
to avoid hastily generalising this conclusion. Even if our structural equation model is shown to have a
great predictive power outside our sample (Appendix 2).

The perception of having sufficient financial resources dedicated to Al is only correlated with our first
stage of dissemination. This makes perfect sense, since acquiring this type of tool requires a relatively
substantial initial investment; therefore, it is only when organizations have the real means to do so that
they gather information with a view to acquiring it. Although maintaining information systems is also
costly for organizations (Valcik et al., 2023b), this does not influence the stages of adoption and routinization
of the technical object considered here. In our view, the explanation could be as follows. Once the initial
costs associated with acquiring an information system have been incurred, these costs—insofar as
maintaining the system is justified by its effectiveness or efficiency, for example —are no longer included
in the reasons for its adoption or routinization. Instead, other considerations take their place, for example,
the instrument’s perceived simplicity and the cost savings it brings.

Following the examples of Chong and Chan (2012) and Garrison et al. (2015), the technological
expertise of private or public employees is positively associated with all our dependent variables.
Literally, this means that organizations with staff who are competent to use this type of tool place more
value on the possibility of acquiring them, adopting them, and routinising them within their recruitment
process. In practice, this again makes perfect sense: an organization that assesses the possibility of
acquiring an information system must also consider that its employees can use it. Secondly, an
organization that decides to adopt this type of tool would be concerned that its employees know how to
use them. Finally, at the routinization stage, the daily use of a tool as part of the recruitment process
necessarily requires a minimum of domain expertise, also to enable employees to innovate based on them,
as Bos-Nehles et al. (2017) or Prikshat et al. (2023) point out.

Turning now to our first new predictor, innovative climate, this is very strongly linked to both the
evaluation and adoption stages. Although this variable has never been tested as a predictor of innovation
diffusion, this result is nonetheless interesting insofar as it demonstrates the direct and positive influence
of a climate that is conducive to innovation on the evaluation and adoption of the type of Al instruments
considered in this study. That said, the idea that an atmosphere conducive to innovation favors, in its early
stages, the diffusion of HR Al technologies is supported. For organizations, this result is good news insofar
as it identifies a managerial lever on which to act to encourage the spread of emerging technologies like
HR Al Indeed, our results show that evaluation and adoption of this type of tool is generally done by
organizations that are generally looking for new solutions, new ways of solving problems and where
creativity is, among other things, encouraged. Putting these conditions in place could help organizations
to function more effectively and efficiently, through the integration of HR Al tools.

Our results on red tape are particularly interesting too. Indeed, although some authors (Yu and
Bretschneider, 1998), particularly in the IT field, show that this variable is negatively related to the
diffusion of technical systems, our results show that the red tape is positively related to our first two stages
of diffusion. In Swiss organizations, therefore, red tape may act more as an incentive for change, as
described by Moon and Bretschneider (2002). Based on our results, there's every reason to believe that it
encourages organizations to look for alternative technological solutions. In other words, that it acts as a
facilitator to overcome administrative inertia through the acquisition of new technological solutions,
rather than as a constraint. This result is not surprising, however, insofar as the Swiss HR function,
increasingly focused on strategic human resources management (Emery and Gonin, 2009), could be
particularly keen on the introduction of this type of tool, notably to accelerate its effectiveness and
efficiency in recruitment (Schuetz and Venkatesh, 2020). In an increasingly competitive environment,
optimizing the time spent on this process is essential to avoid discouraging candidates or 'losing' some of
them through waiting, there is every reason to believe that this type of tool could be of great benefit to the
Swiss HR function. At least, that's what this association link suggests.
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5 LIMITS AND OUTLOOK

Our study has made it possible to identify the main technological and organizational factors that,
according to the Swiss HR function, govern the evaluation, adoption, and routinization of Al-based CV
(pre)selection tools within their organization. While all or almost all of them are involved in the intent to
use this type of HR Al tool, and a large proportion of them also explain the decision to adopt this type of
tool, only two are significantly associated with routinization. In our opinion, and this is the first limitation
of this study, this could be because few organizations within our sample (Appendix 1) state that they
always use this type of tool in their engagement process. Thus, the model’s statistical power would be
reduced for this dependent variable. The study should therefore be repeated in a few years when more
organizations have adopted these information systems. We will then be able to observe whether our
predictors influence this dependent variable or if they continue to be not significantly associated with it.
As HR Al is still an emerging technology (Johnson et al., 2022; Strohmeier, 2022: 2; Young et al., 2021), we
are nevertheless satisfied with the very low share of reasons that explain the routinization of these
instruments, given the adjusted R2 of .045.

In terms of replicating our study, it suffers from the weaknesses inherent in all cross-sectional studies
(Connelly, 2016), where the main one is the impossibility of drawing causal inferences from the results.
Our results are therefore limited to describing the relationships observed between the variables at a given
moment in time. This makes it difficult to predict how the factors studied will in the future influence the
evaluation, adoption, and routinization of Al-based CV (pre)selection tools, even though our model has
strong predictive power, which suggests that its results can be generalized beyond the sample under
consideration. We therefore invite researchers interested in related topics to replicate this work by also
testing other explanatory factors such as trust in HRIS (Lippert and Swiercz, 2005), trust in technology
(Choi, 2021; Hmoud and Varallyai, 2020), or algorithmic aversion (Dietvorst et al., 2015).

Another potential limitation is the presence of potential selection bias due to greater participation by
organizations that already use Al in their HR processes. However, this bias is controlled insofar as around
half of the organizations surveyed never use this type of information system as part of their recruitment
process, as shown by the level of Al-based CV (pre)selection tools (Appendix 1).

These few limitations notwithstanding, this study has the advantage of laying the foundation for new
avenues of research. Its main results show that almost all the independent variables included in our
structural equation model are significantly associated with the fact that organizations assess the possibility
of using them, more than half of the same predictors are associated with their adoption, and very few are
linked to their routinization. This provides a better understanding of the factors that, according to the HR
function players themselves, govern the spread of Al-based CV (pre)selection tools within Swiss
organizations. Researchers could therefore consider investigating the subject in greater depth by studying,
for example, the factors that influence the spread of other HR Al tools, such as chatbots, which are
sometimes included in the recruitment process, or by including other independent variables - in addition
to those we integrate into the TOE framework's usual organizational variables - in similar structural
equation models. Another approach would be to conduct case studies of the reasons behind the spread of
these Al tools within organizations, such as the influence of private players who actively promote this
type of tool, sometimes solely for monetary reasons, despite any empirical evidence of their effectiveness
or efficiency (Jemine and Guillaume, 2022). In short, this study establishes a basis from which researchers
interested in the processes of diffusing Al in both private and public human resources will have ample
opportunity to develop their own research questions.
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APPENDIX 1: LEVEL OF USE OF CV (PRE)SELECTION AI TOOLS IN OUR SAMPLE

Table 1. Al-based CV (pre)selection tools in the sample

Al-based CV (pre)selection tools Percentage
Not used at all 48.77
Occasionally used 24.69
Frequently used 9.88
Always used 11.42
NA 5.25

APPENDIX 2: FULL ANALYTICAL PROCEDURE

1. Assessing the measurement model

Empirically, evaluating a model made up of reflective constructs involves various tests for which we
refer to the different commonly accepted thresholds, or rules of thumb (Cheung et al., 2023; Hair et al.,
2021). These tests are divided into four steps.

1.1. Step 1 - Display indicator loadings and assess indicator reliability

Indicator reliability is examined in two stages. In the first, the indicator loadings are produced to
observe whether they comply with the thresholds commonly accepted in the literature, which
recommends retaining an item only if its weight is > .708 (Hair et al., 2021: 77). In the second stage,
indicator reliability is examined. The commonly accepted threshold here is > .50 (Ibid.). For reasons of
economy, we do not provide details of the reliability of our indicators. Mathematically, when a loading is
> 708, then its squared value - which is how we produce the reliability of our indicators according to Hair
et al. (2021) - is higher than .50 anyway.

Table 1. Indicator loadings - Dependent variables

EV_CV AD_CV

RO_CV

evaluationl_cv
evaluation2_cv
evaluation3_cv

.960
.928
.889

adoptionl_cv
adoptionl_cv
adoptionl_cv

.860
.932
.884

routinizationl_cv
routinization2_cv

.940
.953

Table 2. Indicator loadings - Independent variables

CcO CcX D S TMS F T

IC

RT

ral_cv
ra2_cv
ra3_cv
rad_cv

.947
831
.789
.804

cmptl_cv
cmptl_cv

.939
877

cxl_cv
cx2_cv

.950
.813

costsl_cv
costs2_cv
costs3_cv

929
843
.746

secul_cv
secu2_cv

.863
.909

tms1_cv

.077
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tms2_cv 951

tms3_cv 457

rfinl_cv 921

rfin2_cv .880

techl_cv 877

tech2_cv 868

tech3_cv 765

ic_1 971

ic_2 .842

ic_3 .876

ic_4 .847

ic_5 .867

rt_1 928
rt_2 .842
rt_3 .787
R: Relative advantage; CO: Compatibility; CX: Complexity; D: (Decrease) costs; S: Security; TMS: Top management support;

F: Financial resources; T: Technological expertise; IC: Innovative climate; RT: Red tape; EV: Evaluation; AD: Adoption; RO:
Routinization.

Our measurements indicate that all items are reliable, except those reflecting the TMS construct.
1.2. Step 2 and 3 - Assess internal consistency reliability and convergent validity

The internal consistency assessment step consists of examining the extent to which the items that make
up the same latent construct are associated with each other. To do this, we use the following indices: rhoC
and rhoA, which must be between .70 and .95 and Cronbach's alpha, which must be greater than .70 (Hair
et al., 2021). Convergent validity is assessed via the average variance extracted (AVE), which represents
the average amount of variance that a construct explains in its indicators relative to their overall variance
(Cheung et al., 2023). For a construct to be validated, the AVE must be > .50 (Ibid.). Table 3 shows these
values for each of our constructs:

Table 3. Internal consistency reliability - a, rhoC, rhoA & Convergent validity- AVE

Latent constructs Alpha (a) RhoC RhoA AVE

Dependant variables
Evaluation 917 947 924 .857
Adoption 873 922 .880 797
Routinization 884 .945 .893 .896

Independent variables
Relative advantage 864 .908 877 714
Compatibility 793 904 .855 .825
Complexity 742 877 .947 .781
(Decrease) Costs 799 .879 .884 .710
Security 729 .880 747 .786
TMS 727 539 -910 373
Financial resources 770 .896 790 812
Technological expertise 792 876 .830 .703
Innovative climate .928 946 .938 777
Red tape .884 .945 .893 .730

As before, only the TMS construct poses a problem. The other constructs are all valid.
1.3. Step 4 - Discriminant validity

Construct discriminant validity, which is the extent to which our constructs are distinct from one
another within the model, is measured by the heterotrait-monotrait ratio of correlations (HITMT) (Henseler
et al., 2015; Hair et al., 2021: 78). Henseler et al. (2015) propose two maximum thresholds: .90 and .85. The
first is to be used for models in which the latent constructs are conceptually close and where they are more
likely to capture the same part of reality. The second, more conservative, one is used for models in which
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the constructs are relatively distinct. In this study, the constructs used are conceptually distinct. The items
used to measure the perceived relative advantage of our HR Al tool have little in common with those that
measure the perceived complexity of the same tool. That said, we can afford to be stricter and adopt the
second criterion. Table 4 shows the HTMT for each of our constructs.

Table 4. Heterotrait-monotrait ratio (HTMT)

R CcO cX D S  TMS E F T IC RT EV AD
o .037

X 029 169

D 115 172 285

S 054 046 043 088

TMS | 067 049 128 199 .057

E .079 130 018 .061 .018  .090

F .062 113 032 120 132 047 041

T 056 078 058 118 .090  .049  .097  .082

IC 064 029 106 .077 049  .034 064 081  .078

RT 041 084 071 099 063 .043 055 093 .042 047

EV 124 222 481 405 176 083 123 158 213 215 221

AD 142 18 301 319 120 100 120 108 163 196 309 .788
RO 062 146 125 129 117 082 027 112 147 072 069 438 290

Noting that our HTMTs are systematically below the .85 threshold. In a complementary way, Henseler
et al. (2015) suggest using bootstrap confidence intervals to determine whether HTMTs are significantly
different from 1 and from our .85 threshold. We use the procedure described by Hair et al. (2021: 87). For
the sake of brevity, however, the results of this procedure are not reported here. Nonetheless, the
confidence intervals that emerge also confirm the discriminant validity of our various constructs. In sum,
all latent constructs except TMS meet all the evaluation criteria for our measurement model.

2. Evaluating the structural model

2.1. Step 1 - Examining collinearity issues

Potential collinearity problems are examined using variance inflation factors (VIF). Ideally VIF values
should be below 3 (Hair et al., 2021: 117). As our VIF values are systematically below 3, there is no reason
to suspect any collinearity problems in our structural model.

2.2. Step 2 - Assessing the structural model’s significance and relevance

The second step in evaluating our structural model is examining the significance of the path coefficients
and their relevance. Hair et al. (2021: 125) recommend inspecting the bootstrapped paths and setting the
number of bootstraps at 10,000. The structural model’s significance is then assessed using two indicators:
inspecting t-values and the confidence intervals of the path coefficients (Hair et al., 2021: 117). For a 95%
confidence interval, which is common in social and management sciences, the t-value of each path
coefficient must exceed 1.960 (Hair et al., 2021: 126). Alternatively, a confidence interval, as indicated for
each path coefficient by the values provided in the boxes “2.5% CI”’ and ‘97.5% ClI, that would pass through
0 is problematic. In general, when the t-value is above 1.960, the confidence interval never passes through
0 (Ibid.). For relevance, we examine the path coefficient estimates, which are given in the Original Est.
column of Table 5. Path coefficient estimates are generally between -1 and +1. A negative value close to -
1 indicates a strong negative relationship between exogenous and endogenous variables, while a positive
value close to +1 indicates a strong positive relationship between two variables. The interpretation of a
path coefficient of, for example, .505, is that when the value of the predictor increases by 1, the dependent
variable value increases by .505.
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Table 5. Bootstrapped paths, nboot = 10,000, confidence interval 95%

Estimates T Stat. 2.5% CI 97.5% CI
R — Evaluation .090 1.961* .003 186
R — Adoption .108 2.175*% .013 207
R — Routinization .039 .669 -.079 150
CO — Evaluation 120 2.686** .033 .209
CO — Adoption 113 2.525%* .025 202
CO — Routinization 110 2.048* .006 217
CX — Evaluation -.328 -7.474%%* -412 -.240
CX — Adoption -171 -3.326*** =272 -.069
CX — Routinization -.081 -1.104 =221 .063
D — Evaluation 199 4.217*% 107 292
D — Adoption 148 2.844** .049 253
D — Routinization .030 439 -.105 163
S — Evaluation 108 2.207* .010 202
S — Adoption .070 1.420 -.028 .166
S — Routinization .077 1.332 -.038 188
TMS — Evaluation .068 791 -154 155
TMS — Adoption .099 .882 -.193 199
TMS — Routinization .106 1.063 -.160 .206
E — Evaluation 132 2.968** .042 215
E — Adoption 140 2.960%* .043 227
E — Routinization .036 .675 -.071 140
F — Evaluation .090 2.008* .002 178
F — Adoption .057 1.127 -.043 157
F — Routinization .078 1.374 -.037 187
T — Evaluation 126 2.822*%* .040 215
T — Adoption .100 2.219* 012 191
T — Routinization 111 2.067* .006 218
IC — Evaluation 157 3.691*** .075 241
IC— Adoption 158 3.185** .060 .255
IC — Routinization .048 .859 -.059 157
RT — Evaluation 162 4.104*** .083 238
RT — Adoption 250 4.623*** 141 .353
RT — Routinization .038 .677 -.073 151

2.3. Step 3 - Assessing the model’s explanatory power

The next step is examining the coefficient of determination (R2). As this step is already explained in the
article, we won't go any further here.

2.4. Step 4 - Assessing the model’s predictive power

Many researchers interpret the R? statistic as a measure of their models’ predictive power of their
models (Sarstedt et al., 2022). This approach is not completely accurate because R2? only indicates the
explanatory power of the model for the sample under consideration (Hair et al., 2021: 119) and says
nothing about its predictive power within the population (Hair and Sarstedt, 2021). To assess the
predictive power of PLS-SEM models, researchers can use several indicators to quantify prediction errors,
such as the root-mean-square error (RMSE) or mean absolute error (MAE) (Hair et al., 2021: 120). In
general, when the prediction error distribution is highly asymmetric, that is, characterised by a long tail
to the left or right in the prediction error distribution, then MAE is a more appropriate metric than RMSE
(Hair et al., 2021: 129). Our visuals indicate relatively symmetric prediction error distributions for our first
six items and highly asymmetric ones for the last two:
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Figure 1. Distribution of predictive error for evaluation items
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Figure 2. Distribution of predictive error for adoption items
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Figure 3. Distribution of predictive error for routinization items
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we use RMSE for the first six and MAE for the last two. Their interpretation then depends

on their comparison with another indicator, the linear regression model (LM) benchmark. Hair et al. (2021:
121) formulate the following rules of interpretation:
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Table 6. PLS VS LM benchmark - General rules of interpretation

Configuration | General rule

1 If all the indicators of the dependent variables have RMSE (or MAE) values less than or equal
to those of the LMs, the model has high predictive power.

5 If the majority (or the same number) of the dependent variable indicators have RMSE (or
MAE) values less than or equal to those of the LMs, the model has average predictive power.

3 If a minority of the dependent variable indicators have RMSE (or MAE) values less than or
equal to those of the LMs, the model has poor predictive power.

4 If all the indicators of the dependent variables have RMSE (or MAE) values greater than
those of the LMs, then the model has no predictive power.

To produce these values, we must first generate predictions using the predict_pls( ) function. We
perform this procedure with k = 10 folds and ten repetitions and set noFolds = 10 and reps = 10. We also
use the predict_DA approach (Hair et al., 2021: 129). The predictions thus generated place us in the first
configuration where all our PLS indicators has a value less than or equal to the corresponding LM values
(Table 7). Consequently, our model has a high predictive power which makes it possible to generalize its
conclusions beyond the sample under consideration.

Table 7. Evaluation of the predictive power of our model - RMSE and MAE values

PLS out-of-sample metrics:

ecv_1 ecv_2 ecv_3 acv_1 acv_2 acv_3 rev_1 rcv_2
RMSE: .761 775 .829 .841 .861 .879 1.014 994
MAE: .607 .617 .653 .687 .695 .708 .843 .823

LM out-of-sample metrics:

ecv_1 ecv_2 ecv_3 acv_1 acv_2 acv_3 rev_1 rcv_2
RMSE: .798 .810 .858 .867 .894 .906 1.061 1.041
MAE: .640 .650 681 711 722 730 .882 .859

ecv_1+ ecv_2 + ecv_3 = evaluation
acv_1 +acv_2 + acv_3 = adoption
rcv_1 + rev_2 = routinization
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