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Abstract

Purpose — Most prior studies have primarily investigated Al adoption, with less attention given to Al
assimilation in human resource management (HRM). Additionally, prior studies often lack empirical
verification of the extent to which human—AI collaboration might alleviate challenges and promote AI
assimilation in the HRM context. Thus, this study aims to explore Al assimilation in recruitment with a balanced
view that identifies both enabling and inhibiting factors while examining the role of human—AI collaboration in
mitigating the effects of inhibiting factors.

Design/methodology/approach — We used a mixed-method approach. Using an open-ended survey
questionnaire approach and collecting data from 26 HR professionals, we identified five factors, namely, Al
competency, recruitment agility, Al opacity, Al empathy and human—AI collaboration, potentially impacting Al
assimilation. Thereafter, drawing from the enabler—inhibitor perspective, we theorize that AT competency and
recruitment agility are the enablers, whereas Al opacity and Al empathy are the inhibitors of an organization’s
efforts to assimilate Al in recruitment practices. We tested our proposed model by collecting data from 309 HR
professionals.

Findings — The findings showed that both enablers, AI competency and recruitment agility, significantly
influence AI assimilation; however, both inhibitors, AI opacity and Al empathy, are non-significant for Al
assimilation. While looking into the reasons for these non-significant effects, we observed that the interaction
term between AI empathy and human—Al-collaboration as well as between Al opacity and human-Al-
collaboration both had significant effects on AI assimilation. These interaction effects suggest that human—AI
collaboration mitigates the constraining impact of both inhibitors.

Originality/value — Drawing from the enabler—inhibitor perspective and by empirically testing our proposed
model, this paper significantly contributes to the IS literature. Our study not only identifies factors that promote
and inhibit Al assimilation in the context of HRM practices but also reveals how human—AlI collaboration may
mitigate the effects of inhibitors. Our findings suggest that organizations should have a collaborative recruitment
environment where Al handles repetitive tasks, and humans focus on roles requiring emotional intelligence.
This approach enhances the integration of Al-powered tools, addresses Al assimilation inhibitors and optimizes
recruitment effectiveness.
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1. Introduction

Emerging technological trends such as automation, big data, and artificial intelligence (AI) are

drastically altering how businesses structure their human resource management (HRM)

operations. This shift affects several HRM areas including recruitment and selection, talent

management, job design, training and development, performance management, and employee

engagement. Especially the widespread adoption and use of Al in HRM practices is evident.

For example, a recent Havard report highlighted that 99% of Fortune 500 companies use Al-

powered applicant tracking systems in their hiring processes (Fuller et al., 2021). Similarly, in I‘
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ITP 2022, a survey conducted by the Society of Human Resource Management reported that 79%
38,8 of companies are utilizing Al in recruitment (Friedman, 2023). Consequently, Al use in HRM
has also drawn the attention of academic scholars (Maity, 2019; Van Esch et al., 2019; Kim
et al., 2021; Malik et al., 2021).

Despite recent scholarly contributions on the use of Al in automating HRM practices, a
significant knowledge vacuum persists in a comprehensive understanding of AI in
recruitment. We have identified three major gaps in prior literature that we tackle in this
paper, in particular. First, most prior literature investigated AI adoption and only a few prior
scholarly endeavors aimed at investigating Al-assimilation in HRM (e.g. Prikshat et al.,
2023a). Al assimilation is defined as the integration of Al into organizational practices (e.g.
recruitment) and work processes (e.g. identifying, screening, and selecting candidates) as well
as the subsequent routinization of Al in the activities associated with these practices and
processes (Wamba, 2022).

Second, prior Al HRM literature suggests that Al-powered tools enable organizations to
reduce costs by giving them affordable access to a large pool of candidates on professional and
social media sites (Black and van Esch, 2020). These tools not only help expedite the hiring
process but also identify the most suitable candidates by carefully examining resumes, skills,
and job requirements, enhancing successful hiring and lowering employee turnover (Black
and van Esch, 2020; Allal-Chérif et al., 2021). While these potential benefits are considerable,
some challenges still remain. For instance, the decision-making process of Al is often not
transparent and difficult to understand for HR professionals (Oswald et al., 2020). This, in
turn, reduces users’ trust in the system and fosters reluctance to adopt it. On the other hand, the
Al deployers who decide the use of Al for various HRM activities deliberately trim the detailed
information to increase Al system effectiveness (Langer and Konig, 2021), thereby
intentionally keeping the system less transparent for other stakeholders. While this helps
organizations to avoid hostile use of insights in Al based systems, they also hinder other
stakeholders’ ability to comprehend AI based processes and outputs. Moreover, Al systems
exacerbate the difficulty in interpreting individual emotions, further complicating its
assimilation in HRM. These crucial aspects have received limited attention in scholarly
research on the use of Al in HRM. In fact, research studies that identify factors that promote
and prohibit AT assimilation in the context of HRM practices are needed to provide a
balanced view.

Finally, there are a wide variety of challenges that prohibit AI assimilation for HRM
practices as we discussed earlier. Prior scholars have also noted the importance of human-
Al collaboration to minimize such challenges (Chowdhury et al., 2023). However, these
studies lack empirical verification of the extent to which human-AI collaboration can
mitigate the challenges and promote Al assimilation in the HRM context. In order to fill the
above mentioned research gaps, we address the following two research questions in
this paper.
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RQI1. What are the enablers and inhibitors of AI assimilation in hiring?

RQ2. How does human-Al collaboration mitigate the effects of inhibitors on Al
assimilation?

To answer the above questions, we conducted a mixed-method study on AT assimilation in HR
recruitment. We conducted a survey with open-ended questions following the critical incident
approach (CIT) (Flanagan, 1954) (i.e. study 1) and collected survey data (i.e. study 2) from the
participants who had prior experience with Al technologies in HRM. In study 1, we collected
data from 26 participants to learn about their experiences and perceptions about the use of Alin
HR recruitment. We identified five major factors from our data analysis that can enable or
inhibit AI assimilation. The factors include AI competency, recruitment agility, human-AI
collaboration, AI opacity, and Al empathy. We adopted the enabler-inhibitor perspective
(Cenfetelli, 2004) and developed a research model. Then, in study 2, we collected data from
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309 individuals to analyze the relationship between enablers, inhibitors, and Al assimilation. Information
We found that AI competency and recruitment agility enable AI assimilation. Regarding Technology &
inhibitors, we observed that human-AI collaboration has the potential to mitigate the People
restraining impact of Al opacity and Al empathy on Al assimilation. Our study offers
substantial contributions in two ways. First, it provides a nuanced understanding of Al
assimilation in HR recruitment by determining its enablers and inhibitors and contributes to
the literature that discusses the use of AI in HRM practices. Second, our study illustrates a
viable mechanism for overcoming the hindrances of AI opacity and Al empathy through
human-AI collaboration.

The rest of the study is structured as follows. Next, section 2 discusses prior literature
findings on AI in HRM. In section 3 we conducted study one to identify and delineate the
specific enablers and inhibitors of AT assimilation. The findings from study one helped us to
develop a framework drawing from the enabler inhibitor perspective as discussed in section
4. Next, in section 5 we validated the study framework by collecting real-time data from HR
managers. Sections 6 and 7 discuss the study findings with the following study
implications. The last section concludes the study and highlights the future research
directions.
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2. Literature background

Prior literature discussed the adoption of Al in the HR life cycle, impacting recruitment,
onboarding, training, performance management, retention, promotion, and benefits for
employees (Tambe et al., 2019; Wang et al., 2024). While scholars have highlighted
several factors driving AI adoption, including AI’s ability to be more objective, its
capacity to anticipate future behavior, and reduced likelihood to make mistakes
(Giermindl et al., 2022), critical issues persist such as ethical dilemmas, biases and Al
system opacity (Langer et al., 2021). Black and van Esch (2020) argued that AI performs
better in hiring than human-centered methods by automating processes such as CV
scanning and evaluation, resulting in a faster and more precise applicant selection process.
Nonetheless, these merits are undermined by the challenges of AI discrimination, for
example gender prejudice in Al-enabled job advertisements (Lambrecht and Tucker,
2019). These contradictions underpin the necessity of a balanced approach to integrating
Al in HRM, specifically in recruitment.

Organizations are motivated to utilize AI in hiring due to its efficiency in quickly
screening resumes, crafting job descriptions, and employing advanced video-based
analysis to assess candidates’ behavior in relation to job position criteria (Belhadi et al.,
2021). Additionally, previous findings suggest that Al systems used for monitoring can
improve employee retention by analyzing social media data to predict employees’
intentions to leave. These systems can also motivate employees by offering tailored
compensation packages based on insights derived from their financial payment data (Gaur
and Riaz, 2019). These studies recognized AI’s effectiveness over conventional approaches
in the recruitment process.

Despite the positive outcomes of using Al in HRM processes, Al systems have faced
criticism for perpetuating inherent biases. Numerous prior scholars have raised concerns,
including the possibility of biased, discriminatory, and opaque decision-making. For example,
Langer et al. (2021) underscored the opaque nature of Al, which challenges the efficiency and
quality of decision making in HRM. Although being superior to human HR managers in
assessing job applicants (Campion et al., 2016), Al-enabled job advertisements have been
evidenced to reveal gender bias (Lambrecht and Tucker, 2019). Similarly, biases coupled with
a lack of Al transparency and explainability makes it difficult for managers to trust the output
of Al-based systems (Chowdhury et al., 2022a). Moreover, adversarial behaviors occur in
organizations when employees are unable to comprehend Al-based decisions and don’t accept
them (Tambe et al., 2019). Several studies have indicated the ethical implications of Al
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ITP highlighting concerns regarding data security and privacy along with AI’s potential biases
38,8 (Kellogg et al., 2020). In an experimental study, Lee (2018) found that Al-based hiring
decisions are often viewed as less trustworthy and unfair and elicit hostile feelings. This
negative perception results in an unfavorable attitude of employees and may hinder the
adoption and utilization of Al-based tools.

While the above studies have highlighted both positive and negative aspects of Al in
hiring, these studies lack an understanding of how organizations can balance AI benefits
with its ethical challenges. This gap necessitates the profound exploration of Al
assimilation beyond its initial adoption. Al assimilation is defined as a sequential
process that begins with the organization’s preliminary assessment of Al systems during the
pre-adoption stage progressing to its formal adoption, followed by its routine usage in HR
practices and ultimately leading to its exploration of newer AI techniques (Prikshat et al.,
2023b). Recently, a few prior scholars have drawn attention to the different steps of Al
assimilation, including diffusion, routinization, and extension (Prikshat et al., 2023a).
These steps reported the operational repercussions of Al assimilation in HRM, resulting in
time and cost savings due to its efficiency and other macro-level benefits (e.g. reduced HR
staffing, quicker procedures, and freedom from administrative responsibilities). Hence, Al
offers considerable possibilities for strategic HR decision making and aligning HR plans
with corporate objectives (Johnson et al., 2020). Consequently, this study builds on this
critical and nascent area of research to systematically investigate the perception of HR
professionals toward Al assimilation.
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3. Study 1: identifying the enablers and inhibitors of AI assimilation
The objective of study 1 was to identify a list of factors that enable or inhibit AT assimilation in
the HRM context, particularly during hiring/recruitment.

3.1 Method

‘We have employed the CIT (Flanagan, 1954) approach in this study. CIT is a set of procedures
for collecting self-reported stories of specific events viewed as incidents (Holloway and
Beatty, 2008). CIT has been widely used in a wide range of fields, including marketing
(Sirianni et al., 2013), psychology (Tsai et al., 2012), management (Lin and Loi, 2021), and
information systems (Maier et al., 2022). CIT has been found ideal in the context of
exploratory research (Holloway and Beatty, 2008). As in study 1, our target was to conduct
exploratory research to identify a list of factors that enable or inhibit AI assimilation in the
HRM context, we employed the CIT technique. Next, we describe the data collection and
analysis procedure.

3.1.1 Data collection and analysis. Prior research suggested employing open-ended survey
questionnaires for collecting data when the target is to cover a large number of respondents
(Schluter et al., 2008). Following this, we designed an open-ended survey questionnaire and
collected data from a market research company. We included a screening question indicating
that respondents who have used Al-powered tools for hiring should respond. This enabled us
to ensure data collection from relevant respondents. Prior scholars have held diverse opinions
regarding the appropriate sample size for a qualitative study. For instance, the number of
participants recommended for grounded theory studies ranges from 20 to 30, for case studies,
only three to five (Creswell, 2007), four to 12 participants for homogeneous populations, and
12-30 participants for heterogeneous populations (Saunders, 2012). Generally, scholars
advocate a sample size that is adequate to attain data saturation (Saunders and Townsend,
2016). Reflecting on these recommendations, in our study’s context, we found that by
engaging with 26 informants, data saturation was attained. Our respondents had experience of
using Al for recruitment or hiring purposes in different industries such as I'T, manufacturing,
healthcare, education, and finance. In the questionnaire, we asked the respondents a few
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demographic questions. Furthermore, we asked about the possible benefits and risks of using Information
AT for HRM purposes. After that, they were asked to report their satisfying and dissatisfying Technology &
incidents using Al for hiring/recruitment purposes. The respondents were free to report their People
responses using the provided unlimited text area.

For data analysis, we adopted the Gioia method (Gioia et al., 2013). The Gioia method
brings qualitative rigor and creates a data structure to visualize the analysis process. Our
analysis technique was iterative in nature; however, certain phases, as we describe next can be
recognized. We started the first stage of data analysis with open coding (Strauss and Corbin,
1998); this involves reading the collected data and marking with first-order concepts to
describe the content (Miles and Huberman, 1994). We used the objective of our study,
specifically the identification of enablers and inhibitors related to Al assimilation (RQ1) to
guide the coding process. Figure 1 shows the summary of the codes that are identified. During
the second stage of data analysis, we merged the first-order codes by combining them based on
similarity into second-order themes. At this stage, we came up with six categories of concepts
describing the possible enablers, inhibitors of AI assimilation, and distinct categories of Al-
driven and human-driven hiring in the context of HRM. During the third stage of the analysis
process, we merged the second-order concepts to come up with three aggregate dimensions
that represent either enablers or inhibitors of Al assimilation and human-AI collaboration in
the HRM context.
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3.2 Results

The respondents disclosed a mixed opinion towards Al assimilation. In their narratives, they
were optimistic about using Al to perform some hiring tasks; however, they were skeptical
about completely relying on Al. They found that Al is useful at the initial screening level of
candidates due to its speed and accuracy, specifically when facing a high volume of applicants.
On the other hand, they also indicated that Al is insensitive and unreliable for candidates’

15t order-Concepts 20d order-Themes Aggregate dimensions

- Knowhow to use Al properly

- Skills to effectively use Al in recruitment.

- People’s understanding can lead to an effective Al-based
recruitment process

AT Competence

Enablers

- Agility and productivity in the hiring process

- Faster and consistent processes without extensive human
guidance

- Achieving cost and time efficiency

Recruitment agility

- Blackbox nature
- Unpredictable and inaccurate results
- Difficult to ascertain the Al processes for candidate selection

Inhibitors

- AT lacks human judgment
- Insensitive and lack of empathy in Al interaction
- Struggle in making a nuanced decision

Al empathy

- Al use for screening and efficiency: resume screening, quick
processing of large amounts of applications, use for repetitive
and time-consuming tasks, and initial candidate assessment

Al driven hiring

Human-AI
collaboration

- Human judgement is required to assess soft skills
(teamwork, adaptability), recruitment for senior positions
personalized interaction, interviews, and final decision

Human driven hiring

S U LU

Source(s): Authors’ own work

Figure 1. Data structure of enablers and inhibitors of Al assimilation

Downl oaded from http://ftp. nowublishers.conmitp/article-pdf/38/ 8/ 73/10071167/it p-06-2024-0808en. pdf by guest on 26 June 2026



ITP personality assessments. Based on these general insights, we moved to eliciting insight from
38,8 our data about specific enablers and inhibitors of Al assimilation in recruitment.

The analysis of the collected data allowed us to identify the explicit enablers and inhibitors
of AT assimilation and human-AI collaboration as shown in Figure 1. We found two major
enablers namely Al competency and recruitment agility, whereas the identified inhibitors were
AT opacity and Al empathy. Furthermore, we found that human-AlI collaboration could help
overcome the challenges of Al assimilation, as shared by the respondents.

3.2.1 AI enablers: Al competence, recruitment agility. Many respondents reported
optimistic views over the Al applications in HR recruitment. We identified two key enablers
that we describe next. First, we found AI competence as a key enabler. AT competence is
described as the ability of an organization to apply Al tools in HR recruitment practices and
comprehend its results. The respondents underlined that Al is a novel technology for HR
recruitment, and managers need to be knowledgeable about how to utilize Al-based hiring
tools efficiently. For example, effective prompting is necessary for Al to provide quality
output, and this calls for specialized knowledge. Moreover, there are no drawbacks to utilizing
AT when humans are competent in its use; nonetheless, caution should be exercised when
solely relying on AI. As one respondent reported:
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I personally believe that there are no drawbacks to using an Al as long as you know how to use it
properly and do not leave everything to something that only uses algorithms. [PO1, Manager, from
Finance industry]

Second, we identified recruitment agility as the second enabler of AT assimilation. Recruitment
agility refers to the degree to which an organization may shorten the hiring process duration,
lower hiring costs, boost hiring productivity, and accelerate the hiring process by using AI. Most
respondents highlighted that AI saves time in reducing an enormous list of applications to a
reasonable quantity, which may lighten the workload of HR personnel, expedite the hiring
process, and speed up repetitive administrative hiring activities, which can save costs. The
responses also highlighted that the main benefit of Al is its ability to handle vast amounts of
data, minimize bias, particularly during the initial selection process, improve data analysis for
decision making, and improve recruiting quality overall. As one of the respondents highlighted:

Al can quickly scan and evaluate a large volume of resumes, significantly reducing the time and effort
required for initial screenings. This efficiency allows HR professionals to focus on more strategic and
personalized aspects of recruitment. Al evaluates candidates based on predefined criteria, minimizing
the risk of human bias in the initial stages of recruitment. This promotes fairness and diversity in hiring
practices. Al provides valuable data and insights about the recruitment process. It tracks which
qualifications and attributes are most important for successful hires, helping organizations make data-
driven decisions about their hiring criteria and strategies. [P21, Manager from IT industry]

3.2.2 Al inhibitors: Al opacity, AI empathy. Respondents highlighted several benefits of Al-
powered tools in HR recruitment, but they also voiced concerns about two significant factors:
AT opacity and AI empathy. Managers become less inclined to integrate Al into HR
recruitment when these inhibitors are not sufficiently handled. Next, we describe these two
inhibitors.

First, several respondents highlighted AI opacity. This relates to an organization’s
challenge in understanding the internal operations of Al-powered tools in its HR recruitment
practices. The respondents voiced concern over the possibility of misleading and
unpredictable outcomes, even if the results could seem accurate at first glance. The basic
reason for Al opacity lies in the less transparent mechanism of AI decision making. Since the
managers are unaware of the processes by which AT arrived at a particular judgment, this
opacity casts doubts on the authenticity of the outcome. As a respondent noted:

Ai-based tools can result in a black box type situation, where it can be difficult for us to ascertain the
processes which lead the Al to exclude or include certain candidates, especially at the later stages of
the application process. [P24, Manager from Finance industry]
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Second, we found that most organizations believe AI powered tools lack empathy since they Information
cannot evaluate an individual’s emotional responses. Many respondents mentioned that Al is Technology &
more effective at measuring outcomes that don’t require empathy or human emotions. People
However, it is less capable of understanding and analyzing an individual’s behavior and
emotional responses, such as how a candidate will perform in teams in various situations. The
respondents opined that AI cannot perform the same as humans can to learn candidates’ skills.
Therefore, Al tools might not be the best choice when evaluating soft skills and cultural fit,
which call for human judgment and intuition. One respondent stated:
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It’s not very sensitive and probably it has to learn from humans and to properly interact with the
candidates. It would feel very cold to talk with an AI tool during a recruitment process, without any
empathy. [P10, Manager from the Education industry]

3.2.3 Human-AlI collaboration. From the narratives of the respondents, it was clear that Al is
most effective when it comes to screening a huge volume of applicants against a predetermined
set of requirements during the early phases of hiring. Moreover, we found that human-AI
collaboration is needed for the final outcomes that an organization intends to achieve. For
example, since senior roles are sensitive positions, human involvement was deemed vital. As Al
lacks empathy, humans need to be involved in the recruitment process to collaborate with the
Al Nonetheless, it was also noted that AT may be applied to recruit for jobs that do not require
human sentiments or emotions. Al can be used, for example, to quickly scan resumes and find
applicants who match requirements such as skills and qualifications. It can also conduct pre-
screening interviews. However, when resumes are narrowed down, human recruiters may go
over them to assess soft skills, cultural fit, and other qualities that are challenging for Al to
analyze. Next, they can conduct an in-depth interview to assess a candidate’s interpersonal
skills and general appropriateness for the position as well as organization. As a
respondent noted:

Humans and Al can collaborate in recruiting by using AI for tasks like resume screening, initial
candidate assessments, and data analysis. Human recruiters can then focus on more nuanced tasks,
such as conducting interviews, assessing cultural fit, and making final hiring decisions, where human
judgment and empathy are crucial. [P24, Manager, industry/age]

4. Theoretical framework and hypotheses development
4.1 Enabler inhibitor perspective
Prior scholars have underscored the choice of using or not using technology is influenced by
the interaction of several factors called enablers and inhibitors, which are distinct rather than
opposing factors (Cenfetelli and Schwarz, 2011). The enabler-inhibitor perspective
(Cenfetelli, 2004; Kannabiran and Dharmalingam, 2012) has been considered in this study
to provide insights into AT assimilation in HRM. The concept of “enabler” refers to the external
belief on the structure and operation of a system that, depending on its valence, may enable or
hinder usage (Cenfetelli, 2004). Similarly, “inhibitors” are user judgments about a system’s
features that impact the choice to utilize it and the consequent effect of discouraging usage
(Cenfetelli, 2004). However, the key distinction between enablers and inhibitors of use is that
the latter only dissuade usage. Given the understudied area of Al assimilation in HRM, and the
need to investigate enablers and inhibitors in this setting guided our choice to consider the
enabler-inhibitor perspective. Moreover, inhibitors can function independently of enablers and
have a distinct impact on rejection or acceptance (Cenfetelli and Schwarz, 2011). This
emphasizes how important it is to identify the factors that facilitate and impede Al
assimilation. Thus, by examining the enablers and inhibitors in the same study, we can identify
the mechanism that may be able to counteract or lessen the effects of inhibitors.

From study 1, we found Al competency and recruitment agility as the critical enablers of Al
assimilation. Organizations are intrigued by AI assimilation in HRM due to strong Al
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ITP competencies, as shown in Figure 1, know-how, skills, and understanding to use Al effectively.
38,8 Moreover, the intricacies of HRM processes, specifically recruitment, encourage
organizations to use Al tools to improve recruitment agility in terms of time efficiency,
cost-effectiveness, and less dependence on human guidance leading to Al assimilation.

Conversely, study 1 also identified the significant inhibitors of AT assimilation in terms of
AT opacity and Al empathy (Figure 1). Al empathy highlights that AT could not completely
understand human factors (e.g. emotions, soft skills), thereby impeding AT assimilation. Prior
scholars have characterized empathy as either an emotional response or a cognitive
comprehension of the experiences and feelings of other individuals (Preston and De Waal,
2002; Wieseke et al., 2012). The emotional component is considered to be a sentiment of care
and concern for others (Pelau et al., 2021). In contrast, cognitive empathy is the capacity to
comprehend the feelings and thoughts of another individual (Pelau et al., 2021), which can be
called “perspective taking” (Weisz and Cikara, 2021). Furthermore, for Al assimilation in
HRM to be effectively accepted, it appears that transparency is required, considering the
viewpoint of all stakeholders (i.e. applicants and AI users) (Langer and Konig, 2023).
However, when discussing AI models, the inability to comprehend the logic behind a certain
outcome when that reasoning is hidden or not transparent is referred to as opacity (Stohl et al.,
2016). It could refer to models whose logic is unclear to humans throughout, hindering the
acceptability of Al tools.

80

4.2 Hypotheses development

Drawing from the aforementioned discourse and theoretical foundation, we contend that
enablers and inhibitors both are imperative for organizations to realize AI assimilation in HRM
practically. The underlying enablers comprise Al competence and recruitment agility, whereas
the inhibitors include AT opacity and Al empathy. Interestingly, based on the practical insights
of HR managers, we assert that human-AlI collaboration can lessen the impact of inhibitors on
AT assimilation. The primary hypotheses and the direction of the relationship among study
constructs are outlined in Figure 2.

4.2.1 Effect of enablers on Al assimilation. The recruitment environment has experienced
profound changes since the proliferation of Al tools. Despite the inception of powerful Al
tools, such as Al bots for candidate identification (Van Esch and Black, 2019), resume parsing
for screening (Hunkenschroer and Luetge, 2022), and machine learning models for assessment
(Polli et al., 2019), the seamless assimilation of such Al tools throughout the recruiting process
remains difficult. Limited scholarships have highlighted the crucial role of several factors,
such as technological infrastructure, organizational readiness, and HR staff skills for

Enablers

Al
Competency i1

Recruitment

agility &

................................. > Al assimilation
Inhibitors i

Al opacity

Al empathy

Human-AI
collaboration

Source(s): Authors’ own work

Figure 2. Theoretical framework
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successful Al assimilation into HRM (Prikshat et al., 2023b). These findings, together with Information
well-known examples from industry as mentioned before show that Al assimilation can enable Technology &
improved recruitment processes and selection practices (Tambe et al., 2019). To support such People
an integration of Al in recruitment, it is crucial for organizations to build Al competencies.
Building on these observations, it is becoming increasingly clear that managing innovative and
harmonious Al applications requires a core organizational competency called Al competence
(Mikalef et al., 2023). Considering these, it is imperative to investigate that companies with
greater levels of Al competency would have AT assimilation into their recruitment process.
Thus, we propose the following hypothesis:

81

HI. AI competency positively affects AT assimilation.

Agility is defined as the organizational efficiency to quickly respond to ongoing change
through persistent adaptation (Ulrich and Yeung, 2019) and has become a requirement for
shaping organizational dynamics. Agile approaches can be found in innovative ways to
recruitment, such as using new networking strategies, giving applicants homework during
interviews (Heilmann et al., 2020), and maximizing social media for recruitment marketing
(Ranasinghe and Sangaradeniya, 2021). The constant evolution of recruitment emphasizes
how crucial it is to match the right people with the company at the right time (Ranasinghe and
Sangaradeniya, 2021). Notably, technology enabled HR systems may enable innovative
practices in HRM, particularly in recruitment in conjunction with all other processes.
Organizations that value recruitment agility and transitioning towards technology adoption
would more rapidly embrace Al systems. Hence, we posit:

H2. Recruitment agility positively affects Al assimilation.

4.2.2 Effect of inhibitors on Al assimilation. Stakeholders, such as applicants and employees
affected by personnel selection decisions, scheduling outcomes, or performance evaluation
(Langer and Konig, 2023), for them, opacity is particularly related to decision processes and
outputs of using Al-based systems in HRM, and they desire to know if choices made based on
these processes and their results were equitable (Arrieta et al., 2020; Myhill et al., 2021).
Several prior scholars have explored Al transparency and presented divergent findings for its
solution. For example, Al algorithms may be recognized as transparent when they rigorously
follow predetermined rules, guaranteeing fairness in decision making (Hoddinghaus et al.,
2021). However, an opposing narrative also emerges, highlighting the limited explainability
and transparency of Al system, which enhances system opacity, and its output response, which
is a major inhibitor to achieving the expected benefits of reliably converting data-centric
decisions into workable strategies (Chowdhury et al., 2022b). For employees who lack
awareness of the Al-based decision-making processes and results that shape their daily work
experience, opacity may undermine their sense of control and autonomy at work (Kellogg
et al., 2020; Langer and Konig, 2023), hence increasing reluctance to integrate Al in HR
recruitment. Overcoming opacity concerns related to Al algorithms’ responses might increase
managers’ trust, thus exploring AT opacity for Al assimilation has become critical. Hence, we
hypothesize:

H3. AI opacity negatively affects Al assimilation.

Al recruiting services claim to predict a candidate’s emotions and other affective phenomena
(Boyd and Andalibi, 2023), promising companies to enable them to predict and affect
employment outcomes (Roemmich et al., 2023). Prior literature highlighted how important it
is for employers to consider the interviewer’s emotional experiences when evaluating
candidates (Rivera, 2015). The dynamic interpersonal exchange of emotions that occurs
throughout the recruiting process shows that candidates may face consequences if they elicit
unpleasant sentiments in interviewers, such as anger or boredom. In contrast, candidates can
process their own interpretation of the emotional responses of interviewers and infer their
performance in the interview process. However, Al tools cannot effectively identify and react
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ITP to human emotions or exhibit human-like empathy (Chamorro-Premuzic and Ahmetoglu,
38,8 2016). When it comes to workers’ demand for social connections, Al tools fall short of their
human counterparts because they lack true human appreciation and empathy (Hoddinghaus
etal., 2021). Therefore, these tools are viewed as being essentially neutral toward people since
they lack empathy and are unable to recognize human emotion (Chamorro-Premuzic and
Ahmetoglu, 2016). This raises a concern that Al assimilation in recruiting practices can be

82 hindered due to AI’s alleged lack of Al empathy. Thus, the following hypothesis posits:

H4. Al empathy negatively affects Al assimilation

4.2.3 Moderating effect of human-AI collaboration. Prior scholars have documented the
positive role of human-AlI collaboration in different contexts, such as employees’ learning
behavior (Chen et al., 2023), and consumers’ acceptance of Al, given that humans are better at
feeling emotions than AI (Peng et al., 2022). In the context of this study, a few prior scholars
revealed that machines are more effective than humans at recruiting new employees (Hoffman
et al., 2018). However, it is widely believed that opacity makes it more difficult to develop
sufficient trust in systems and their results (Wong et al., 2024), which discourages users from
adopting and integrating Al systems. Even if a system is transparent overall, but the detailed
information and complete transparency may be detrimental (Lahuis et al., 2003). Because
there is no human involvement, this detailed information and transparency is unclear to
applicants who could feel distanced from Al, raising concerns about hiring fairness (Yu et al.,
2023). In contrast, a prior study identified that when AI and humans work together, it leads to
significant performance gains (Wilson and Daugherty, 2018). Interactive transparency is a
means of regaining the human agency, which is lost when Al performs in isolation, so when the
user and Al collaborate in the decision-making process then both user agency and Al agency
together lead to better outcomes (Molina and Sundar, 2022). Therefore, by including human
decision makers, Al-based processes can satisfy applicants’ concerns of fairness and help them
feel appreciated by the hiring organization (Mirowska and Mesnet, 2022). Additionally,
human warmth and empathy of recruiters can provide a sense of social presence (Walter et al.,
2015), potentially enhancing applicants’ responses to interviews that are heavily automated
during the hiring process. Therefore, we propose the following hypothesis.

H5. Human-AlI collaboration will moderate the relationship between Al opacity and Al
assimilation such that the effect of Al opacity on Al assimilation will be positive when
Human-AI collaboration is high.

H6. Human-AlI collaboration will moderate the relationship between AI empathy and Al
assimilation such that the effect of AT empathy on Al assimilation will be positive
when Human-AlI collaboration is high.

5. Study 2: testing the proposed model

5.1 Methodology

5.1.1 Survey development and administration. We used a multifaceted strategy to construct a
questionnaire that was used for data collection. We adapted the survey items from prior
validated scales to measure the study constructs, including two enablers, two inhibitors, human-
Al collaboration, and AT assimilation. For example, the measures of Al competency consisted
of four items adapted from Mikalef et al. (2023), whereas the measures of recruitment agility
were six items adapted from Chuang (2020). Similarly, for the inhibitor, AI opacity measures
consisted of three items adapted from Hoddinghaus et al. (2021), and the measures of lack of
empathy were four items adapted from Daniels et al. (2014). Finally, the measures of human-
Al-collaboration included four items adapted from Li et al. (2022), whereas the scale for
measuring Al assimilation consisted of three items adapted from (Wamba, 2022).
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After designing the questionnaire, it was checked by three researchers to ensure clarity. Information
Based on the feedback received, the wording of a few items was updated. Thereafter, to ensure Technology &
the content and face validity of the instrument, we sent the questionnaire to 7 HR professionals People
who were experienced in using Al for recruitment purposes for further feedback. In this phase,
we evaluated whether the items measured the expected outcomes, were easy to comprehend
and pertinent to the study’s setting. A few suggestions were made to improve the clarity of the
questionnaire items at this stage. We revised the questionnaire based on the feedback we
received. A five-point Likert scale, with 1 denoting strongly disagree and 5 denoting strongly
agree was used to measure each item. Participants’ confidentiality and anonymity were
ensured, and we administered the survey in English. The final questionnaire of the measures is
shown in Appendix.

5.1.2 Data collection. We collected data from a market research company. We employed a
screening question to exclusively hire HR experts who have experience of using Al tools in HR
recruitment processes. We collected data from HR professionals with Al experience since they
are aware of the potential problems they may have encountered with Al tools. Consequently, a
comprehensive understanding of such tools may direct their orientation toward Al
assimilation. To ensure that participants consistently engage with the survey and mindfully
respond, we included attention checks in the survey design. A total of 429 participants
accessed this survey and 379 participants attempted to answer. Those participants who did not
complete or failed these attention checks were subsequently eliminated for further analysis.
After elimination, we ended up with data from 309 respondents from Europe who belonged to
different industries including IT, education, manufacturing, finance, retail, consulting,
healthcare, fitness, hospitality, legal, games, real estate, pharmaceuticals, energy, etc.
The descriptive statistics are presented in Table 1.

83

5.2 Results

5.2.1 Measurement model. We employed the PLS technique using the software smartPLS 3.2
for analyzing the data. Before evaluating the structural model, we ensured the validity and
reliability of the data. First, to ensure convergent validity, we checked the loadings of
individual items, composite reliabilities (CRs), and average variance extracted (AVEs) values
of the constructs (Table 2). According to Fornell and Larcker (1981), the loadings of the
individual items must be above 0.7, CRs must be above 0.8, and AVEs must be above 0.5.
As shown in Table 2, these criteria have been fulfilled. A few items (Agility4 and Agility5 in

Table 1. Demographic profile of respondents

Demographic measure Category Frequency Percentage
Gender Male 182 59%
Female 124 40%
Other 3 1%
Years of experience in recruiting Less than 1 year 65 21%
1-5 years 154 50%
More than 5 years 90 29%
Industry IT 55 17.8%
Education 51 16.5%
Retail and Manufacturing 45 14.6%
Finance 39 12.6%
Consulting 33 10.7%
Healthcare 31 10%
Hospitality 29 9.4%
Others 26 8.4%

Source(s): Authors’ own work
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ITP Table 2. The assessment of measurement model for constructs

38’8 Cronbach’s Composite reliability
Constructs Alpha (CR) Average variance extracted (AVE)
Al competence 0.905 0.934 0.779
Assimilation 0.834 0.901 0.753
Human-AlI collaboration 0.914 0.939 0.794
84 AT empathy 0.917 0.941 0.800
AT opacity 0.894 0.934 0.825
Recruitment agility 0.894 0.919 0.655

Source(s): Authors’ own work

Appendix) did not meet the loading criteria of above 0.7; consequently, these items were
removed.

Next, we looked at the values for ensuring discriminant validity. To ensure a sufficient level
of discriminant validity, we followed three approaches. First, we examined the correlation
matrix (and square roots of AVEs shown diagonally) in Table 3. From this table, we observed
that the square roots of AVEs were consistently higher than the correlation values. Second, we
looked at the loadings and cross-loadings and observed that the loadings were higher than the
cross-loadings. Finally, we looked at the HTMT matrix (Table 4) and observed that the values
are much lower than the suggested threshold of 0.85 set by Henseler et al. (2015). All these
tests ensured that our data had a sufficient level of convergent and discriminant validity.

We further ensured that our data did not suffer from common method bias (CMB).
To ensure this, we followed two approaches. First, we conducted Harman’s single factor test
and observed that no single factor explained the majority of the variance. Second, we
conducted a common method factor test using the approach described by Liang et al. (2007).

Table 3. Correlation matrix (square roots of AVEs are presented diagonally)

1 2 3 4 5 6

1. Al competence 0.883
2. Assimilation 0.639 0.868
3. Human-AI collaboration 0.551 0.646 0.891
4. Al empathy —0.389 —0.368 —0.349 0.894
5. Al opacity —0.420 —0.334 —0.294 0.097 0.908
6. Recruitment agility 0.682 0.585 0.548 —0.541 -0.371 0.809
Source(s): Authors’ own work
Table 4. HTMT matrix

1 2 3 4 5 6
1. Al competence
2. Assimilation 0.729
3. Human-AI collaboration 0.599 0.737
4. Al empathy 0.418 0.418 0.380
5. Al opacity 0.466 0.382 0.317 0.115
6. Recruitment agility 0.756 0.675 0.606 0.596 0.408

Source(s): Authors’ own work
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We observed that the method variance was very small compared to the substantive variance. A
small variance ensured that CMB is not a major concern in our data.

5.2.2 Structural model. After ensuring the validity and reliability of our collected data, we
tested the proposed research model. The results are shown in Figure 3.

As hypothesized, AT competence (4 = 0.30; p < 0.001) and recruitment agility (f = 0.19;
p <0.01) both had positive effects on Al assimilation. Thus, both H1 and H2 are supported. In
contrast, H3 and H4 were not supported as both Al opacity (f = —0.03; p > 0.05) and Al
empathy (f = —0.04; p > 0.05) had non-significant effects on Al assimilation. Finally, we
observed that the interaction term between AI empathy and human-Al-collaboration
(# = 0.23; p < 0.001) as well as between AI opacity and human-Al-collaboration
(# = 0.09; p < 0.01) both had significant effects on Al assimilation. Thus, H5 and H6 were
supported. These two effects are graphically shown in Figures 4 and 5. As shown in these
figures, when human-AI-collaboration is +1 SD, the effect of both AT empathy and AI opacity
turns positive, whereas at —1 SD, the effects are negative as we hypothesized. These results
imply that higher levels of human-AI collaboration reduce the negative effects of both

Enablers
Al
Competency \030*”
.
Recruitment | 0,
agility — RN
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Al assimilation
Inhibitors R?=60%
—0,03/n/s —
9 _—
Al opacity -0.04ns
Al empathy 023*4*{“009**
777777777777777777777777777777777 Human-AI
collaboration

Note(s): *p <0.05, **p <0.01, ***p < 0.001
Source(s): Authors’ own work

Figure 3. Structural model results
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Figure 5. Interaction effects between human-Al-collaboration and empathy

inhibitors on AT assimilation. The control variables, gender and experience had no significant
impact on Al assimilation. The model explained a 60% variance of Al assimilation.

6. Discussion

Our study findings illustrate how AT competence and recruitment agility considerably enable
AT assimilation in HR recruitment, which confirms our proposition, implying that users’
understanding, and skills are significant for Al assimilation. Aligning with prior AI-HRM
literature, our results highlight the need for HR personnel to upgrade and refresh their skills to
understand and integrate Al in HRM (Tambe et al., 2019). The findings showed that
recruitment agility significantly influences the extent of Al integration into HR recruitment.
This aligns with the perspective of Saha et al. (2017), who considered recruitment agility as an
approach highlighting speedy and dynamic hiring practices that necessitate organizational
responsiveness to evolving technological infrastructure. Altogether, AI competence and
recruitment agility both have emerged as important forces driving Al assimilation in HR
recruitment. However, the effect of AT competency was observed to be higher than recruitment
agility, suggesting Al competency is perhaps the most important driver for Al assimilation
in HRM.

In contrast with prior literature (von Eschenbach, 2021; Langer and Konig, 2023), the
employed inhibitors, Al opacity and Al empathy, have been found not to have a significant
association with Al assimilation. Since prior literature contends that AI outcomes are opaque,
people find it difficult to comprehend them, which makes them distrust the Al system and
reluctant to employ it (von Eschenbach, 2021). Additionally, Al is unable to recognize subtle
emotional indicators, in contrast to human recruiters who can relate to the prospects on an
emotional level. Thus, a lack of Al empathy might cause Al to become disengaged with
candidates and impede its integration into HR recruitment. Based on these prior findings, it is
surprising that our results show that neither of the inhibitors had any influence on Al
assimilation. There are two possible explanations for these surprising findings. First, it is
possible that the enablers are stronger in predicting AI assimilation, and therefore the
inhibitors have only negligible or no effects. In order to verify this, we removed the moderating
factor, human-AlI collaboration from the model and reran the model. We observed that both
inhibitors had significant effects on AI assimilation. Therefore, we conclude that despite the
enablers may hold greater predictive power, inhibitors have some effects. Second, there is a
possibility that the effects of enablers are reduced due to the presence of human-Al
collaboration as the moderator. Therefore, we continued our investigation and tried to identify
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if human-AlI collaboration mitigates the negative impacts of these inhibitors. Our results show Information
that indeed human-AI collaboration turned the effects of both inhibitors non-significant. Technology &

As discussed earlier, the findings of this study underscore the significance of human-AI People
collaboration in mitigating the constraining influence of Al opacity and Al empathy on Al
assimilation. Our findings indicate that when human-AT collaboration is introduced, then the
inhibitory effect of Al opacity is diminished. One plausible explanation lies in the notion that
the involvement of human decision makers enhances trust in Al and mitigates the impeding
effects associated with its opacity. The sensitization of collaborative efforts between humans
and AT holds the potential to improve the understanding of Al outcomes among HR personnel,
thereby alleviating associated concerns (Chowdhury et al., 2023). Furthermore, the
involvement of humans with AI in recruitment practices, wherein repetitive and
administrative tasks are delegated to Al, while humans handle the hiring activities requiring
emotional intelligence, serves as an effective strategy to foster AI assimilation in HR
recruitment (Peng et al., 2022; Chowdhury et al., 2023). We contend that such collaborative
approaches can ensure that decisions are made with due consideration of human empathy and
judgment, enhancing the overall effectiveness of the decision-making process.

Altogether, the findings have underscored the importance of enablers and inhibitors,
specifically the significant role of human-AlI collaboration to alleviate the impact of inhibitors,
which will promote the seamless integration of Al in HR recruitment.
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7. Study implications
7.1 Theoretical implications
Our study has three major theoretical implications.

First, from a theoretical standpoint, this study aims to contribute to the ongoing discourse
on Al in HRM, specifically Al assimilation in HR recruitment in organizations where Al is
expected to disrupt HRM practices. The investigation of Al assimilation is relatively new,
despite prior studies examining Al adoption (Pan et al., 2022), and Al rejection (Park et al.,
2021). In contrast to prior scholarly endeavors, Al assimilation has emerged as a contemporary
research construct in HRM literature (Prikshat et al., 2023a). Considering the nascent research
nature of Al assimilation, this study’s findings are positioned as a groundbreaking attempt to
understand its complexities fully.

Second, this study makes a noteworthy contribution to the prior Al literature by offering
key insights into the key enablers that facilitate AT assimilation and differentiating them from
inhibitors in HR recruitment. Prior Al scholars have explored various Al enablers including
technical enablers — such as privacy and security, technical skills, system compatibility, data
quality, and IT infrastructure — organizational enablers — such as top management support,
organizational culture, and vision and strategy - and cultural enablers — such as data driven,
autonomy, openness to change, and information sharing (Cadden et al., 2022; Merhi and
Harfouche, 2023). In contrast, this study has been positioned to identify explicit HRM enablers
from practice, such as AI competence and recruitment agility for Al assimilation in HR
recruitment. Furthermore, in order to provide a balanced view, we identified two key inhibitors
namely Al opacity and Al empathy. Employing the theoretical lens of the enabler-inhibitor
perspective, this study delves into the complex interplay of various factors influencing Al
assimilation (Cenfetelli, 2004; Li et al., 2022; Prikshat et al., 2023a). By clearly delineating Al
competence and recruitment agility as enablers and AI opacity and Al empathy as inhibitors,
our study extends the prior theoretical landscape, particularly the enabler-inhibitor
perspective.

Third, we found that both inhibitors of AT opacity and AT empathy had no effect. However,
prior findings have confirmed that these hindrances, traditionally perceived as inhibitors to the
integration of AI, manifest as real-world challenges during AI implementation (von
Eschenbach, 2021; Langer and Konig, 2023). In this backdrop, through empirical
confirmation, we provide insights into how these hindrances can be mitigated through
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ITP human-AI collaboration. Hence, our study is one of the earlier studies introducing the
38,8 theoretical concept of human-AT collaboration as an intervention in the relationship between
AT opacity, Al empathy, and AI assimilation. This theoretical proposition aligns with
contemporary perspectives on the pivotal role of collaborative efforts in overcoming barriers
to Al assimilation (Seeber et al., 2020). Unlike prior studies, which primarily focused on
generic moderating factors, for example, demographics (Flavian et al., 2022) and leadership
support (Chatterjee et al., 2021), our study provides a contextual intervention. This
intervention sheds light on the nuanced integration efforts of AT in HRM, paving the way for a
profound understanding of collaborative dynamics between humans and Al In essence, our
study not only extends the enabler-inhibitor framework by adding human-AlI collaboration as a
moderator but also contributes to a practical and context-specific intervention perspective,
enriching the theoretical discourse in the field of AT assimilation in HRM.
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7.2 Practical implications
Our study findings have three major practical implications.

First, this study offers implications for organizations prosecuting Al assimilation in HR
recruitment. We believe that the proposed framework can assist HR professionals and
managers in developing an understanding of the enablers and inhibitors of Al assimilation
within an organizational recruitment process. Our results show the necessity of acquiring
relevant AT competencies as the foundation for integrating AI-powered tools in HRM. Thus,
we suggest organizations offer training and development programs specifically designed to
enhance AI competence among HR personnel. We also emphasize the importance of
continuous skill enhancement for HR professionals to facilitate the effective integration and
utilization of Al tools in HR recruitment practices.

Second, the study underscores the significance of recruitment agility in realizing the benefits
of Al tools and assimilating them into recruitment processes. Organizations may use Al-
powered tools to prioritize recruitment agility for faster, more consistent, and more efficient
recruitment processes that enable Al assimilation in HR recruitment. To capitalize on Al tools,
HR professionals are advised to cultivate a culture of technological readiness and acceptability
within their organizations. Given the dynamic nature of Al technologies, it is suggested that
managers promote a learning culture, continuously adapting and acquiring new skills to facilitate
effective Al integration to achieve recruitment agility that further enables Al assimilation.

Third, this study highlights the important role of human-AlI collaboration in mitigating the
inhibiting impact of AI opacity and Al empathy. Our findings advocate for the strategic
integration of AI with humans in recruitment processes such that the repetitive and
administrative tasks are delegated to Al, while the hiring activities requiring emotional
intelligence are delegated to humans. For instance, Al may analyze resumes and rank
candidates based on predefined criteria (e.g. skills, experience, and keywords). HR
professionals then review the AI’s shortlisted applications, ensuring that it align with
broader organizational needs and considering factors like culture fit. Another example of
human-AI collaboration could be AI can anonymize applicants by removing name, gender,
ethnicity, and age to reduce selection bias. Then HR professionals assess anonymized profiles,
focusing only on skills while making hiring decisions. Given this embryonic intervention of
human-AI collaboration, organizations are encouraged to practice such a collaborative
environment to comprehend Al-powered hiring tools alongside human decision makers. Such
a collaborative approach is posited to overcome inhibitors and optimize the overall
effectiveness of Al assimilation in HR recruitment.

8. Conclusion
This study specifically identified the underlying factors, including AI competency,
recruitment agility, Al opacity, and Al empathy, essential for AI assimilation in HR
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recruitment. Notably, our findings highlight the significance of enablers in driving Al Information

assimilation and the constraining effect of certain factors that organizations may face could be Technology &

lessened through human-AI collaboration. Our study contributes to the theory development by People

contextualizing the enabler-inhibitor framework to the HRM domain and positioning human-

AI collaboration as a moderator. Based on these results HR decision makers can prioritize

important enablers and improve the effectiveness of AI assimilation. Furthermore, our results

suggest that HR professionals should collaborate with the AT tools to overcome the effects of

inhibitors. 89
The study findings outline the essential aspects that enable or hinder Al assimilation, laying

the foundation for future research. At the same time, our study has a number of limitations. In

particular, we note four limitations and propose four research directions. First, future scholars

can explore several stages of Al assimilation processes in HR recruitment, such as initiation,

adoption, routinization, and extension, that the current study lacks. Second, future exploration

can consider additional dimensions of enablers and inhibitors and improve the theoretical

model. Third, the collected data is cross-sectional in nature, which may not capture the

evolution of AI. Furthermore, the collected data are subjective opinions of individuals.

Therefore, longitudinal research with objective data is needed to increase the reliability of our

findings. Finally, hiring decision making might vary depending on the types of organizations

or industries. Thus, our results may not be generalizable in all organizations or industries.

We suggest future researchers may validate our proposed framework in diverse contexts.
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Appendix

Table Al. Constructs, Items, and their means, stds, and loadings

Information
Technology &
People

Constructs Items

Mean

Std

Loading

AT Competency In our organization, we are capable of and continue to
experiment with new Al tools and techniques as necessary
for hiring/recruitment. (AIComp1)

In our organization, we have a climate that is supportive of
trying out new ways of using Al in hiring/recruitment.
(AIComp2)

In our organization, we constantly seek new ways to
enhance the effectiveness of Al use in hiring/recruitment.
(AIComp3)

In our organization, we constantly keep current with new Al
innovations to be used in hiring/recruitment. (AIComp4)

Recruitment Since our organization started using Al, the hiring

Agility operations have become more flexible. (Agility1)

Since our organization started using Al for hiring/
recruitment, the recruitment processes have become more
cost efficient. (Agility2)

Since our organization started using Al for hiring/
recruitment, our company has been able to complete
recruitment processes more quickly. (Agility3)

Since our organization started using Al for hiring/
recruitment, it has had greater flexibility in our hiring/
recruitment processes to adapt to job market changes.
(Agility4)

Since our organization started using Al for hiring/
recruitment, it has efficiently redesigned our hiring
processes to adapt to job market changes. (Agility5)
Since our organization started using Al for hiring/
recruitment, it has been very fast to adapt to the recruitment
process without human guidance. (Agility6)

Al opacity We could not understand the decision-making processes of
Al very well for hiring/recruitment in our organization.
(AIOpacl)

We could not see through AI’s decision-making process for
hiring/recruitment in our organization. (AIOpacs2)

The decision-making processes of Al are not clear and
transparent in hiring/recruitment in our organization.
(AIOpac3)

AT empathy In the past while using Al in your organization for hiring/
recruitment, have you felt that AI understands human’s
feelings about things? (Empathy1)

In the past while using Al in your organization for hiring/
recruitment, have you felt that AI can see things from a
human’s point of view? (Empathy?2)

In the past while using Al in your organization for hiring/
recruitment, have you felt that AI can understand distinct
experiences? (Empathy3)

In the past while using Al in your organization for hiring/
recruitment, have you felt that Al can accurately understand
emotional cues? (Empathy4)
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0.899

0.900

(continued)

Downl oaded from http://ftp. nowublishers.conmitp/article-pdf/38/ 8/ 73/10071167/it p-06-2024-0808en. pdf by guest on 26 June 2026



ITP Table Al. Continued

38,8 _
Constructs Items Mean Std  Loading
Human-AlI In our organization, we tend to act together with Al 3.36 1.11 0.893
collaboration teammate when exploiting the inner potential of the team
(e.g. optimizing resource allocation during candidate
96 screening). (Collabl)
n our organization, we tend to work wit teammates . . .
I ganizati d k with AI 3.31 1.10 0.912

who depend on each other when it comes to improving the
efficiency of existing resources (e.g. optimizing hiring/
recruitment processes). (Collab2)
In our organization, we tend to divide actions with my AI ~ 3.35 1.05 0.873
teammate when it comes to improving the efficiency of
existing resources (e.g. automating routine hiring/
recruitment tasks). (Collab3)
In our organization, we tend to act in a complementary 3.38 1.13 0.886
manner with my Al teammate when engaging in creative
activities aimed at accomplishing hiring/recruitment tasks
(e.g. collectively assessing candidate qualification).
(Collab4)
AT assimilation Al tools and services are used across all our hiring/ 2.95 1.14 0.893
recruitment processes in our organization. (Assimilation1)
Altools and services are used for decision-making acrossall ~ 2.92 1.12  0.909
our hiring/recruitment processes in our organization.
(Assimilation2)
Al tools and services are used to support the development of ~ 3.53 1.09 0.797
new hiring/recruitment processes in our organization.
(Assimilation3)

Source(s): Authors’ own work
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