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ABSTRACT  

Research aim: This research aims to investigate the emerging impact of Artificial Intelligence (AI) 

technologies in the realm of Human Resource Management (HRM). 

Methodology/design/approach: The research considers the insights perspectives of HR professionals 

through conducting a mixed research method as an overarching analysis tool. This qualitative research 

reveals the first outcomes (Phase I) in capturing the perspectives of AI-HR professionals on the use and 

acceptance factors of AI in HRM.  

Finding: This paper elicits the empirical findings of Qualitative Research (Phase one) with significant 

involving adoption determinants identified through thematic analysis.  The research confirms significant 

correlations of Performance Expectancy, Social Influence, Effort Expectancy, Facilitating Condition and 

Perceived Risks on HR professionals’ adoption behaviours. 

Research Value: This paper appoints practical information to capture the interests of HR practitioners, 

AI vendors and researchers, and facilitates organizational changes towards innovation.  

Practical Implication: The findings of this research will generate an inception for AI-HR collaboration 

while revealing underlying issues regarding adoption. It also provides updated information to related 

studies in similar fields of how digitalisation transforms and impacts businesses’ performance. 

Additionally, organisations would be able to have insights into the application of AI in HRM by 

understanding the factors that influence the use and acceptance of this powerful technology.  

Keywords: Artificial Intelligence (AI), Human Resource Management (HRM), automation, innovation, 

technology, machine learning (ML), deep learning (DL), the use and acceptance of technology (UTAUT) 
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INTRODUCTION 

In recent years, Artificial Intelligence has become a major factor in transforming and challenging 

human resource management. The dominance of these advanced technologies has significantly affected 

and challenged the traditional working processes of a large majority of different types of organisations. 

Reflecting on the business market during the dynamic incident of the Covid-19 pandemic, HR is 

recommended to be a pioneer in AI adoption due to its strategic roles in engaging, training, and 

sharpening employees’ mindsets to be able to familiarize themselves with the new way of working in 

the digital era. Even though the disruptions of AI applications in HRM have been recently discussed in 

forums, research and articles are yet to be widely applied and they are still searching for their time and 

place to be appropriately deployed by businesses. In effect, recent empirical research has postulated that 

machine learning, AI and advanced technologies are in a surge of adoption after the occurrence of the 

pandemic (Barnes, 2020). To a considerable extent, the temporary incident of the pandemic has 

challenged businesses in terms of internal capacity and manpower management. HR functions in 

response to the pandemic have seen havoc for businesses since HRM requires close-knit work with 

human factors. Nonetheless, several firms have decided to take solid movement towards AI technologies 

as a strategic solution.  

Owing to the significance level of the novel element, the current use and acceptance of AI in 

HRM is an emerging incident that is worth investigating. The investigation on how AI technologies are 

being deployed would possibly generate a significant impact on how other businesses could construct 

their management and assign manpower sources in this digital era (Program, 2021). To elaborate on the 

adoption factors of the emerging advanced technologies in AI, this research is aiming to explore the 

potential adoption factors. The research is conducted by analysing perspectives from HR Professionals 

through conducting mixed research methods as an overarching analysis tool. This paper reveals the 

empirical findings of Qualitative Research (Phase one) with significant involving determinants identified 

through thematic analysis. The exploration in this field will also close the gap between the proposed 

scenarios of the willingness and ability in AI adoption for the digital evolution. Based on the result of 

the research, potential opportunities, and challenges of AI adoption in current businesses will be 

elucidated.  
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LITERATURE REVIEW  

1. Empirical Review 

Artificial Intelligence (AI)  

Artificial Intelligence has been tailored to one of the current emerging realms in the business world. It 

has been currently used in different technology-related research fields, however, there is not yet a 

universal consensus on coining a definition on the term (Kirsh, 1991). AI refers to the potentials of tasks 

to be performed by machine or program with relevant human activities namely planning, problem-

solving, reasoning, analysing and manipulation that generates creativity and social intelligence (John 

McCarthy, 2008). In fact, the term “intelligence” has empirical and emerging content and therefore the 

concept is a barely stable (Thórisson & Talbot, 2018). The subject includes complicated terms to be 

followed and its definition has been evolving (Russell, 2010).   

Through years, with the increase in the amount of data and information to be processed, functions of AI 

have been enlarged in diverse fields such as the engineering (Pham & P.T.N. Pham, 1999), medicine 

(Lajoie S. P., and Vivet, M, 2002), education (W. Wang & Siau, 2017), science (W. Wang & Siau, 2017), 

business and law (Soni et al., 2020). AI can integrate assorted fields by multi-layered algorithms 

allowing machines to perform brainy human tasks by undergoing artificial neural networks (Nisar, 

2018). The side of learning ability and problem-solving by machines could be upgraded to an “advanced 

level” where machine learnings are programmed to perform more sensible human tasks (AlSheibani et 

al., 2018). In the business context, AI is envisaged as an accelerator to upgrade the investigation ability 

on data and provide a contextual field for human’s decision-making processes. The technology has been 

successfully applied in five domains of Machine Learning, Computer Vision, Knowledge Mining, 

Natural Language Processing (NLP) and Anomaly Detection. (P. Wang, 2019).  

Types of AI  

Since AI applications are applied in diverse circumstances with divergent problem-solution elements 

required, it is complicated to label the constitution of AI. In fact, AI can be divided into two types which 

are Narrow AI and Artificial General Intelligence (AGI). The first type of AI is considered as “Weak 

AI” which is defined as limited-context AI operations whose functions are mostly simulated human 

intelligence (Builtin, 2003). Particularly, Narrow AI is designed to concentrate and complete specific 

tasks with the assistance of machine learning and deep learning. The technology has been utilised and 

applied in different economical aspects of human life such as search engines and digital personal 

assistants (Alexa or Siri).  
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The second type of AI is categorised as “Strong AI” which is described as a machine with human 

intelligence. Its ability can be exploited to assist humans with difficult situations or conundrums (R.L. 

Adams, 2017). Russel and Norvig stated that this type of AI is applying a "universal algorithm for 

learning and acting in any environment” and it will be continuing to shape the feature of the cognitive 

intelligence (Builtin, 2003).  

Dominant AI Capacities 

In recent years, the AI taxonomy system has become more diverse in multidisciplinary aspects. AI 

functionalities and categorisations have been applied discretely subjected to professions, industries, and 

business practices. According to (Pournader et al., 2021), AI functions are classified into eight themes 

including Optimisation, Planning and Scheduling, Expert systems, Machine Learning, Natural Language 

Processing, Speech, Vision, Simulation and Modelling. The algorithms deployed in each category, vary 

depending on different types and the availability of input data. Despite the diversity of AI nomenclature, 

there are five leitmotifs which are considered the fundamentals of AI which are Machine Learning, 

Anomaly detection, Computer vision, Natural language processing and Knowledge mining (Wang, X., 

Han, Y., Leung, V.C.M., Niyato, D., Yan, X., Chen, 2020). They are imperatively encapsulating the 

demand of the business market. The mentioned concepts are illustrated at Table 1: 

 

Table 1: AI’s dominant capacities (generated by researcher) 

AI themes Functions 

Machine Learning (ML) The capability of computer learning to make projections and cogitate 

results based on input data 

Anomaly detection The capability to detect anomalies or unusual activities  

Computer vision The capability to recognise and interpret the meaning of 

objects/words through images, videos, and camera 

Natural language processing 

(NLP) 

The capability to process and respond to spoken or written languages 

Knowledge mining The capability to extricate data from a wide range of unstructured 

data for future repercussion analysis 
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Showcases of AI applications in HRM  

The Covid-19 pandemic could be demonstrated as an invisible hand pushing HR toward the digital trend 

to maintain the competitive edge. It is argued that the incident has accelerated the global- mega trends 

including “the flexible workforce, the digitalization of business models, and AI and machine learning” 

which tremendously impact the future of HR by the disruptive forces (Minbaeva, 2020). Recent research 

has shown an increase in AI applications in HRM thanks to the data-driven aspects brought by AI to 

offer more insights to HR functions. The empowerment of data-driven AI to business performance has 

been confirmed by HR leaders who adopted the technology into HRM (V. Chaturvedi & Joshi, 2018). It 

is stated that the transformation encourages “people to communicate across geographic boundaries and 

share information” and therefore, it enhances the strategic role of HR in “supporting the organisation in 

achieving its business strategy” (Parry & Tyson, 2011). The following part illustrates how AI 

technologies are applied in various HRM practices.  

The capacity of processing high volumes of data allows AI users to extract potential patterns for decision 

making and planning. There are multiple AI algorithms to power the use of Big Data Analytics such as 

case-based reasoning, logic programming, text mining or neural network. In the current labour market, 

Oracle Taleo and IBM Kenexa BrassRing are considered as effective bias- eliminated recruiting tools 

used to search for numerous candidates’ experience without “the need for detailed application forms, 

using statistical natural language processing (NLP) to extract resume or social media data for review” 

(V. Chaturvedi & Joshi, 2018). In practice, to generate equal job opportunities, Johnson & Johnson has 

used Textio’s AI tool to detach male-oriented language in job descriptions to increase gender diversity, 

which consequently attracted 90,000 female candidates within a year (Black & van Esch, 2021). L’Oréal 

also followed the same suit by applying the Textio tool to remove gender-biased language and 

successfully achieve the “gender diversity it had never before attained” (Duan et al., 2019).  

In addition, the invention of the cobot/chatbot has reinforced recruiters in communications and managing 

the workforce. In fact, during the pandemic, Burger King Brazil has successfully deployed AI and Cloud 

services to handle employees’ questions and concerns via a virtual agent. The AI tool assists the 

company to engage with 18,000 employees by just being connected to their WhatsApp accounts (IBM 

Institute for Business Value, 2020). Apart from this, humans hardly avoid unconscious biases generated 

in decision making and therefore, a “good bot” could answer not only candidates’ questions, but it can 

analyse candidates’ résumés and call out the questions related to the potential positions. That is how 

assessment tools, or “blind CVs” could extract biases with the help of bots (Faragher, 2018). Orientation 

and training supporting new hires could be delivered with the help of an AI-bot which can answer general 
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enquiries as well as “recommending team members for the new employee to talk to” for further 

assistance (Gikopoulos, 2019).  

In reality, Google has been successfully deploying AI to establish better hiring strategies by adjusting 

the algorithms towards “learning ability and intellectual humility” traits from candidates after realising 

that university brands and final examination grades are not utmost factors for expecting-achieved 

performance in the work (Oracle, 2017). Additionally, IBM has successfully applied AI in onboarding 

by pressingly matching new hires’ questions with experienced employees working in the company by 

providing their names, locations and contact details (Amritaa & Achwani, 2018).The recruitment 

workflow with the help of Knowledge Mining through a matching algorithm that can “compare skills 

extracted from a job requisition with those extracted from candidate résumés or CVs, returning a match 

score” allows recruiters to acquire a quick assessment when a candidate fits with the criteria (Feinzig, 

2020). HireVue, for example, has applied AI tool to analyse candidates’ “answers, body language, tone, 

emotional state and keywords” during interviews with the applicants, which eventually results in higher 

judgements on candidates’ “honesty and emotional intelligence” (Ahmed, 2018).  

2. Theoretical Review 

The Unified theory of acceptance and use of technology (UTAUT)  

The unified theory of acceptance and use of technology (UTAUT) has been considered as a 

comprehensive and profound framework by virtue of its high explanatory power and greater projective 

capacity of technology acceptance and use (Barrane et al., 2018; Palau-Saumell et al., 2019). Developed 

in 2003, Venkatesh successfully introduced the UTAUT framework by integrating and refining eight 

predominant models in the affiliated field to formulate the final model selecting cardinal elements from 

the preceding dominant model’s (Venkatesh et al., 2003). The eight examined models constituting 

UTAUT include Theory of Reasoned Action (TRA) (Fishbein & Ajzen, 1975), Theory of Acceptance 

Model (TAM) (Davis, 1986), Motivational Model (MM) (Davis et al., 1992), Theory of Planned 

Behaviour (TPB) (Ajzen, 1991), Combined TAM and TPB (C-TAM-TPB) (Taylor & Todd, 1995), 

Model of Personal Computer Utilization (MPCU) (Thompson et al., 1991), Diffusion of Innovation 

Theory (DOI) (Rogers, 1962), and Social Cognitive Theory (SCT) (Compeau & Higgins, 1995). 

The nature of the model is to effectively describe the acceptance of IT service in its introduction phase. 

By dint of the framework’s versatility, multitudes of research have been established on the foundation 

of UTAUT to examine technological factors’ use and acceptance presenting in various realms 
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(Alwahaishi & Snášel, 2013, 2013; Chen et al., 2021; D. C. Lee et al., 2017; Wrycza et al., 2017; Yu, 

2012; Zuberi et al., 2007). Additionally, the UTUAT framework is posited to be likely to rectify 

potential limitations presented in previous affiliating models. In fact, by the virtue of its prevalence, 

the model is suggested to be an effective instrument for the management board to measure the presence 

of novel technology in the market while also explaining and envisaging adopters’ behaviours on 

technology acceptance. The explanatory power of UTAUT is scrutinised to be higher than TAM (20%-

30%), increasing the explanation of adopter’s intention-and-behaviour likelihood up to 40%–50% 

(Barrane et al., 2018). 

 

Figure 1: The Unified theory of acceptance and use of technology Model (UTAUT) 

(Venkatesh et al., 2003) 

Since UTAUT has been deployed in multiple researches in analogous technology fields such as online 

mobile banking payment (J. M. Lee et al., 2019), blockchain (Christopher, 2019) or cloud computing 

(Rastogi et al., 2018), the findings provide a potential mechanism for the applied context of AI. The 

researcher aims at driving the further development of UTAUT on the current dynamic of AI in HRM 

with a modified UTAUT framework. Conceptual framework and Hypothesis formulation were 

followingly introduced based on two key drivers. The first driver was shaped based on the original 

UTAUT model dovetailing with potential key variables established from consonant study fields.  
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Perceived risk (PR) 

According to Vimalkumar et al. (2021), PR refers to probability of losing something which consequently 

induces insecurity in people’s decision making. Motivational theorists also incline on PR as a central 

construct in determining the level of individual engagement in performing a behaviour. While the vast 

majority of motivation notions centralise on the facilitating factors, PR is considered as an explicit 

construct regulated by multidimensional psychological effect rooted in individual anxiety, fear, 

uncertainty and concerns (Al-Saedi et al., 2019; Hasan et al., 2021; Thusi & Maduku, 2020). Prior 

research has linked this subjective notion with the individual decision-making process in technology 

adoption. In fact, an empirical study about mobile banking adoption demonstrated seven types of risk 

pertaining to technology adoption namely Performance risk, Financial risk, Time risk, Psychological 

risk, Social Risk, Privacy Risk, and Security Risk (Akturan & Tezcan, 2012).   

Alongside with related research of technology acceptance, the construct PR in this thesis per se possesses 

a negative impact on the intention to apply AI technologies. Users usually encounter high level of 

psychological risks when confronting novel technologies such as fear and avoiding feelings (Morosan, 

2012). The psychology factor awakens discouraging emotions against behavioural intentions (Udo et al., 

2010). In practice, through the empirical results from this research, certain features related to the PR 

construct were detected including users’ concerns and fear toward biases, privacy, fear of the unknown 

and perceived employment. In the next section, the relationship among the discussed factors will be 

illuminated to confirm the reciprocation among the considered variables. 
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Figure 2: Preliminarily Conceptual Framework 

Anchoring to the empirical and theoretical reviews, the preliminary conceptual framework is established 

with the preliminarily conceptual framework (Figure 2) and the hypotheses as follow: 

H1: PE is positively related to AI adoption in HRM 

H2: EE is positively related to AI adoption in HRM 

H3: SI is positively related to AI adoption in HRM 

H4: FC is positively related to AI adoption in HRM 

H5: PR is negatively related to AI adoption in HRM 
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QUALITATIVE RESEARCH METHOD  

Qualitative Research Overview 

From a theoretical standpoint, the Literature Review pinpointed four constructs extracted majorly from 

the UTAUT Model and a significantly related factor of Perceived Risk (PR), which is psychologically 

linked with the motive of technology adoption in businesses. The other factors belong to the UTAUT 

model which are Effort Expectancy (EE), Performance Expectancy (EE), Facilitating Condition (FC), 

and Social Influence (SI) (Venkatesh et al., 2003). Furthermore, Perceived Risk (PR) is the additional 

variable, not included in UTAUT, which is argued to potentially affect adoption behaviour (Hasan et al., 

2021; Terblanche, 2020). The mentioned factors possess sub-categories that constituted the formation 

of the main themes. The articulation and classification of subthemes are based on the previous examined 

studies related to technology adoption and the integrated association tied to the connotation of each 

considered factor. Subsequently, the researcher will provide a detailed analysis formulated on the 

primary data collected through semi-structured with AI-HR Professionals. The demographic data 

gathered was used to synthesise the overall characteristics of AI perceptions from the chosen sample. 

The rest of the primary data was used to examine, assemble, confirm, and establish central themes for 

the conceptual framework. 

Demographic Information 

The qualitative research was formulated on semi-structured interviews with a total of eighteen 

participants varying across industries and organisational scopes in England. Specifically, the participants 

were selected based on their expertise and experiences in HRM and AI which essentially serves the 

purpose of this phase of exploratory research. There were eight HR professionals from large 

organisations (more than one thousand employees), six HR professionals from SMEs (around two 

hundred and fifty employees), three senior HR consultants and an AI leader in the industry. The 

interviews were either conducted via face-to-face or video recordings on MS Team so that the researcher 

could comprehensively capture the reactions, thoughts and feelings of the participants which assisted in 

reflections while conducting data analysis. The overall information of the research interviews can be 

viewed as follow: 
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Table 2: Demographic Information (extracted from empirical data) 

 

The Table 2 illustrates the attributes of the research participants selected to measure the perceptions of 

AI adoption within HRM. Since this stage of the research concentrates on exploring the emergence of 

AI concepts in the HR market, the focal point is to reach the discursive understandings from different 

HR-related angles. Echoing that subtext, not only HR Executives’ opinions were taken into 

considerations, but an equal sample of HR practitioners was deployed to extract the insights from AI-

HR contextualisation. It is argued that the evolvement of learning organisations in recent years have 

contributed to enhance and facilitate flat-structured organisations where traditional top-down decisions 

could be flexibly altered with a bottom-up decision-making process (Kodama, 2018). Technically, the 

employees are endowed with more authority and legal rights to voice opinions in organisational decision 

making. Distinctly, the disruptive intervention of AI in HRM has subsequently drawn attention of 

organisation management, especially the working employees due to the potential impacts of the 

advanced technologies on their jobs (Basu et al., 2022). Since this phenomenon has proposed an 

institutional level of transformations, both perceptions from HR executive and practitioner levels are 

equally significant for the comprehensive understanding of the research subjects.  
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To broaden the scope of perceptions apprehension, a third group of participants, involving three HR 

consultants and an AI leader were invited to participate in the research. This is to provide ancillary angles 

as a reflective tool for the current perceptions of HR professionals towards AI applications. In addition, 

the research interview questions were designed not only to depict the main themes but the current 

awareness and perceptions of the participants about the emerging concept of AI. Therefore, the 

collaborations of the grouped participants will concede various points pertaining to the behavioural 

adoption intention. This mechanism will provide a broad spectrum of this research orientation in terms 

of advanced technology maturity in the HRM field.  

 

Thematic Establishment with NVivo 

Researcher adopted NVivo 12 software to conduct qualitative research analysis. The analysis tool 

accommodate the researcher to obtain a flexible platform to analyse rich and wide ranges of data (Malik, 

2012). NVivo facilitates the use and organising information in terms of linking nodes, themes, and case 

studies to visualise the relationship of the empirical data (Edwards-Jones, 2014). Thanks to the discussed 

advantages, NVivo was employed to analyse the narrations of participants from collected interviews. By 

applying the software, themes were identified and linked with theorical and empirical literature whilst 

answering the thesis’ questions. Descriptive coding was adopted which enables the classification of 

theme based on the a priori codebook when analysing and interpreting interview narrations (Roberts et 

al., 2019). The codebook for this research utilised knowledge retrieved from related theories based on 

the exploration research nature. In addition, the validation of established codes was ensured to be 

primarily data-driven and maintained throughout eighteen semi-structured interviews. 
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Table 3: Research A priori Codebook (adapted research strategy of (Olajide, 2018)) 

 

The Table 3 illustrates the codebook with four parent codes sieved from the research literature and 

questions. The initial foundation of sub-codes was formulated on literature review and empirical data 

collection. In this vein, the codebook generates an integrating centre of articulating the research 

questions, related theories, and primary data. A concrete codification structure was applied to establish 

codename with a high concentration on the possibility of forming affiliated themes. Collected data was 

subsequently uploaded and explored on NVivo software for coding, node generation, and theme 

establishment following the guidance of the a priori codebook. 
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RESEARCH FINDINGS 

Through this qualitative study, the researcher synthesised the empirical data within the scope of the 

thesis into three sections. Each section comprises subcategories and themes used for quantitative 

research as a measurement tool at phase two of quantitative research. The research findings will be 

presented through three contradictory pairs of perceptions namely: Opportunity Vs Threat; Traditional 

HRM vs AI-powered HRM; and Theoretical Vs Practical Gap. By communicating the research 

findings, relationships among identified adoption factors will be reviewed, refined, and illustrated. Main 

findings of this research are depicted below. 

First Angle: Opportunity Vs Threat 

To comprehensively capture the overall perceptions of the participants, the questions were designed not 

only based on the a priori codebook, but it also centred on the colloquial understandings regarding the 

novel concept of AI. The participants were questioned the initial relations of the AI by providing a noun 

or an adjective for their answers. The Table 4 summarised the answers and perceptions of the 

participants who were questioned about AI opportunities, threats, and the potential for job replacements 

in HR. The arrangement of data is in response with chronological order. 

Table 4: Participants’ perceptions of AI (extracted from empirical data) 
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According to the collected results, the concepts of AI were significantly separated pertaining to the HR 

professional participants’ understandings of AI functions. As defined in LR Chapter, AI is an umbrella 

technological term for diverse algorithm-based softwares served multiple analytics’ purposes (Braun et 

al., 2019). In this sort of orientation, it could be observed that the insights of AI technologies in HRM 

was not fully captured. The fundamental knowledge derived from HR professionals illustrated partial 

contributions and functions of AI as reflected in this research’s Literature Review discussing AI 

technologies’ capacities and deployments. Sporadic parts of AI functions were mentioned, and the 

answers were investigated to be corresponding with the amplification of ubiquitous conceptions related 

to AI. In particular, “robot”, “automation” or “advanced technologies” were terms which were majorly 

used by the participants. In practice, AI technologies are asserted to be pervasively evolving and 

becoming a buzzword in the 21st century (Mehrotra, 2022). The relation map (Figure 3) illustrates a 

connection of overarching research regarding AI in HRM through time. 

Figure 3: Interconnection network of research about Artificial Intelligence in Human Resource – 

Connected Paper Platform powered by (Microsoft Azure, 2022) 
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As can be seen from Figure 3, research regarding AI applications within the field of HR initiated in 

2015 with two researches conducted by the same scholar (Microsoft Azure, 2022). The accretion of 

interest in the realm has perceived a surge starting since 2019. This could be reasonably explained due 

to the unexpected emergence of the global pandemic of Covid-19 with its challenges on universal 

business performance management. HRM managers and practitioners are indicated to be critically 

impacted due to their substantial role in providing ingenious approaches to maintain business 

performance (Cross & Swart, 2022). In essence, hybrid-working and alternative business approaches 

were effectively articulated with the support of advanced technologies during the pandemic period 

(Aliman, 2020). 

“[…] regard to recruitment, again it is completely changed whenever I interview someone, one 

of the first questions asked is “how do you work? Are you all in the office? Are you hybrid? Are you 

remote?” So, I think the pandemic has changed a lot, not only in HR but within businesses alike”- P18. 

While the majority of the participants evinced the potentials of AI by describing the novel element as 

Opportunity, only four participants out of eighteen participants fortified the applications of AI would be 

a threat in HR Field. Two respondents expressed a neutral discernment about the application of the 

advanced technologies. This postulates that AI diffusion and recognition level is germinating and is 

under consideration of applications in the HR Field. In essence, multilateral aspects of HR functions are 

being analysed and found to be congruent with autonomous and algorithm-customised natures of AI 

(Bharati, 2020). Thereby, the empirical data revealed a relatively clear and consistent picture of a 

positive impact of AI within HR perspectives:  

“Artificial intelligence has to be seen as an opportunity by companies and organisations, by HR 

leaders and HR departments. It has to be an opportunity to be more proactive.”- P2. 

“It is an opportunity definitely. I think it's just identifying the right AI for the right thing, and I 

think it's very positive and certainly plays a part.”- P13. 

Paradoxically to the above discussion, there is a high level of uncertainty when the discussion progressed 

to the acceptance of AI in HR Field. Notably, 75% participants who considered AI applications as Threat 

belongs to HR Executives group. To exemplify, P7, P8 and P10, HR Executives confirmed that:  
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“For me, I wouldn't see it as an opportunity […] It depends on which element […] because they 

do have errors.” – P8. 

“I think it’s now becoming a threat […] the companies don't treat their colleagues well and it's 

because they don't need them now because technology is replacing that. So, I do see it as a threat.” – 

P10. 

“Yes. It is a threat […] “because it's administered by humans.” – P7. 

It could be indicated from the above statements that adoption-concerned foundation stems from 

Perceived Risk (PR) and Effort Expectancy (EE) factors. In essence, humanitarian and functional issues 

are inferred from the HR perspectives, which appears to be consistent with Bias Concerns, Perceived 

Unemployment (sub-themes of PR) and Job Compatibility (sub-theme of EE). The respondent 

demonstrates reasonable fear assumptions regarding the novel technologies which is assimilated to the 

emerging factor of Fear of The Unknown (FOTU) - This factor will be lately discussed in upcoming 

section regarding Theorical vs Practical Gap. In fact, the growth of AI terminology and applications 

could be argued to be newly emerged and in the intersection of Innovator and Early Adopter. Due to the 

inchoate context, fear and doubtfulness are subconsciously unavoidable elements influencing the 

decision-making process.  

Echoing the DOI theory, leaders contribute a critical role in becoming a foundation for behaviour 

changes in transition period (Rogers, 1962). In this vein, the circumstance demonstrates a potentially 

detrimental inclination on the adoption of AI element in terms of leadership unfavourableness. 

Nevertheless, in the era of advanced technologies and changing market, leadership roles are speculated 

to be actively testing potential hypothesis rather than solely concentrating on quantifiable values such as 

costs and profits (Schoemaker et al., 2018). The justification is in line with the earlier discussion 

regarding Leadership Support (sub-theme of Facilitating Condition (FC)) in determining adoption 

behaviour. However, according to the empirical data, the HR professionals simultaneously depicted a 

significant influence on leadership regarding adopting AI technologies in organisations. 

Seventeen of out eighteen participants agreed when being asked whether innovation is required in HR 

functions. At this realm, the majority of the participants acknowledged AI as an unavoidable factor for 

HRM in the future due to recognition of its competitive edge in building brand and staying relevant. This 

could be considered as an empirical validation of the interconnection between innovation transformation 
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and competitive approach (Akter et al., 2021). This is in line with Black & van Esch (2021)’s proposition 

that SI is a crucial societal factors that generates a leveraging effect for innovation adoption. In fact, a 

recent research centred on AI adoption in Recruitment confirmed the concrete relations between the use 

of novel technology with employer reputation (Kot et al., 2021). The above discussions strengthen the 

hypothesis of FC and SI factors critically involved in AI adoption behaviour of HR professionals. 

Second Angle: Traditional HRM vs AI-powered HRM  

Extant studies suggests that manual HRM is being constantly challenged due to the incongruence of 

features in the new economic world (Cross & Swart, 2022). It is posited that automatic and repetitive 

tasks are largely constituted in manual HRM, which impedes organisational productivity (Mohamed et 

al., 2022). In addition, the impact of the global pandemic has generated a conundrum for HRM to 

rejuvenise the strategic HRM across core functions due to alternatives in working conditions and 

performance management (Hamouche, 2021). Anchoring to this, the participants were asked to discuss 

their stances about the nature of manual HRM with its advantages and disadvantages before approaching 

the main research theme. This is to investigate potential milieu triggering the intentional behaviour 

towards accepting AI technologies in HRM. The Table 5 presents the summarised stances of the 

participants towards the mentioned domains. 
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Table 5: Participants’ opinions: Traditional HRM vs AI-powered HRM (generated by 

researcher) 

 

By comparing two distinct angles of manual HRM and AI-powered HRM, a parameter of AI demand in 

HR could be visualised and resonated. In essence, the literature discussed in chapter 2 ascertained that 

agility is in line with organisational effectiveness in responding towards dynamic changes in innovative 

economy (Heilmann et al., 2020). Hence, the absence of performance improvement to HRM could 

vulnerate business performance in a long run. Reflecting upon the collected data, twelve out of eighteen 

respondents indicated the extant downsides of conventional HRM while expressing their thoughts 

regarding manual HR practices.  
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“So manual HR, my opinion is that it's time-consuming and it's not cost-effective and obviously 

it's introducing a level of increased risk because manual interventions are obvious off to my things go 

wrong so slow as the stone hints our processes and I guess stops us from being able to spend time doing 

some of the more strategic stuff that we'd like today.” – P15. 

“It's time-consuming and it's costly […]. It's quite difficult in complete honesty here. I'm sure the 

machine would make it easier for workers without the mental repercussions afterwards.” – P7. 

Manual HRM was therein portrayed to presently obtain certain obstacles for HR professionals in terms 

of effectively and efficiently processing tasks. According to the collected data, over 76% of the 

participants encounters limitations and inconvenience in manual HRM. The empirical context has 

pictured the high recognition of the downsides stem from the conventional HR practices. The scenario 

is argued to generate a leverage for HR evolvement to overcome the extant obstacles. Reflecting upon 

the discussed literature within this thesis, the AI-leverage factor could be argued to be the Innovation 

Driven (ID), a sub-theme of Facilitating Condition (FC), to positively influence adoption intentions from 

HR professionals. 

Indeed, HRM is deemed to be bewildered by the abundance of data and the increasing demand to 

perpetually optimise the processes (Radonjić et al., 2022). In line with this, the study further found that 

the awareness of AI-augmented HR functions was highly reflected in participants’ expressions towards 

the questions regarding AI technologies. In fact, when being questioned about AI applications in HRM, 

sixteen out of eighteen participants could depict some substantial AI applications currently available 

within HR field.  

“The advantages of artificial intelligence could help us predict employees’ retention, employees’ 

behaviour. What kind of employees stays with us? […] if we start making records of those as well, then 

we can predict that “what's the next steps that our employees going to take?” “How they navigate their 

decisions within our company?” […] So, there are a lot of things that can be taken out from the data if 

we are linking it with artificial intelligence or if we are utilising it in a more appropriate manner to 

make or to take useful information out of it.”. - P13 

The extant HRM obstacles were subsequently compared with AI-powered HRM to capture the insights 

of the participants regarding the emerging AI factor. Based on the empirical data, Cost-effectiveness 

(CE), Task Versatility (TV), Job Compatible (JC) and Ease of Use (EOU) were identified to be 
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prominent variables extracted from respondents’ answers regarding AI capacities in HRM. Following 

the conceptualisation by Kim (2022), this thesis defines CE, TV, JC and EOU are primary component 

of Performance Expectancy (PE) and Effort Expectancy (EE).  Particularly, CE and TV are two proposed 

variables of PE while JC and EOU are the sub-themes of EE as entrenched in the a priori codebook. In 

this junction, the empirical evidence reinforces the literature extracted from UTAUT model since PE 

and EE were the two primary factors critically directing users’ intention toward technological 

transformation (Venkatesh et al., 2003). Sixteen out of eighteen participants in this research cited the 

augmented performance in HR practices through the listed PE and EE features.  

In line with Figueroa-Armijos et al. (2022) , the practical views undergird the argument that EE and PE 

positively facilitate AI adoption in HRM. The above analysis has highlighted the emerging motives for 

AI-powered HRM transformation by comparing the distinct conceptions of traditional and AI-powered 

HRM. Within this section, the findings also strengthen the proposed hypotheses that FC, PE, and EE are 

the influential factors in behavioural intention. In the next section, the researcher aims to provide more 

insights regarding opportunity and challenges concerns based on participants’ propositions about AI in 

HR functions.  

Third Angle: Theoretical Vs Practical Gap 

The study progresses further to explore the main issues of the extant AI applications within the HR 

market by excavating the gap between theoretical and practical applications. The interview questions 

were successively designed to elaborate the diffusion of AI technologies and the intention of adoption 

in specific HR functions. Technically, the participants were examined for their insights while discussing 

the potential opportunities and challenges of AI applications in HR functions. This provides a potential 

mechanism for the researcher to articulate AI capacities with HR functions and capture AI pervasion 

scope. In addition, the intention to apply or expand AI applications in the future were questioned to 

measure the gravitation of AI and its maturity in HR field.  

Data analysis reveals that primary HR bundles of practices were considered across eighteen participants. 

Specifically, there were a variety of HR functions aligning with AI technologies listed by the participants 

including Recruitment, Learning and Development and Administration tasks. Notably, eight out of 

eighteen respondents considered recruitment to be the most congruent function to involved with AI 

technologies. In practice, recruitment is envisaged to be contemporarily the most ubiquitous functions 

integrating with AI capacities. It is depicted that there is a proliferation of interest reflected in recent 
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studies regarding AI in Recruitment owing to its applicational germination. It is also noteworthy that 

Administration tasks such as (answering common employment enquiries or managing leaves) were 

deemed to be in high demand of AI-augmentation. Above 50% of the participants expressed their 

approval of adopting AI technologies to erode inefficiency and counter-productivity features in 

administrative tasks. The remaining dominant HR functions such as L&D, Retention and Compensation 

captured a small proportion of favourableness of AI applications across participants. 

In nature, there are two prominent spectrums which constitute HRM, which profoundly orient and 

summarise this business function’s activities: operational and decisional (Table 6). In this study, the 

researcher defines operational spectrum to be HR functions which could deal with quantifiable or 

transactional HR aspects such as Payrolls or Administrations. In contrast, decisional spectrum is 

illustrated in the form of fusion between quantifiable and situational factors. Particularly, Training and 

Development is required the inspection of quantifiable feature from goal-based accomplishments and 

relational feature from employees’ performance at work. The former factor is easily devolved to 

transactional attribute by its ability to quantify the number of tasks assigned. On the contrary, the latter 

factor requires the inclusion of the perusal of employees’ strengths, weaknesses, and the deliberation of 

contextual elements such as working and environmental conditions.  

Table 6: Operational and Decisional Spectrums imbedded in HRM (generated by researcher) 

Operational spectrum related functions 

Quantifiable 

(Examples of performed tasks) 

Decisional spectrum related functions 

Quantifiable + Situational 

(Examples of performed tasks) 

Sick Leave Management 

Employment Contract 

Personal Employment Data Management 

Pay Rolls 

Attendance Management 

General Data Support (GDPR) 

Training and Development  

Job Mobility 

Recruitment and Selection 

Performance Management 

Succession Planning 

Retention 
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Reflecting upon the empirical data, HR professionals perceived a high expectation to eliminate 

repetitiveness constituted from HR tasks, which significantly links with quantifiable aspects. In addition, 

administration tasks captured the highest proportion compared to other functions. Although recruitment 

placed at the second echelon, there are components within the function could be quantified based on the 

previous argument. The expectations in AI-powered HRM appear compatible with main AI capacities. 

The relation map (Figure 4) represents the potential interconnections of five main AI capacities: 

Computer Vision, NLP, Knowledge Mining, Machine Learning and Anomaly Detection with HR 

functions. 

 

Figure 4: AI-powered HR functions map based on core AI capacities (generated by researcher) 

Theoretically, AI technologies herein could be considered as an ultimate key to penetrate and upgrade 

current HR processes with a variety of technical solutions. The thriving of studies regarding AI in HRM 

and the high awareness and diffusion of its terminology in HR market has also been confirmed in the 

previous arguments within this study (Arslan et al., 2022; Basu et al., 2022; Hmoud & Várallyai, 2020). 

Conversely, the empirical data continues to reveal significant influential factors of adoption decision on 

AI-powered HRM. In fact, the participants were also asked to discuss their critical concerns regarding 

the preventions of AI adoption in HRM. Despite the positive assertions regarding the high demand in AI 
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adoption, the empirical data reveals several factors which impact on participants’ decision in accepting 

AI technologies in HRM. In fact, thematic analysis confirms four types of risks highlighted by the 

participants in this research as presented in the Table: 

Table 7: Sample responses of emerging risks of AI-powered application in HRM 

 

As presented in Table 7, there are several concerns regarding the adoption of AI in HRM despite the 

insistence on improving manual HR performance. In essence, these findings appear to be consistent with 

the projected themes in the literature review that BC, PRC, FU and PU are associated obstacles when 

approaching technology transformation. This proposition is also in line with the position that certain 

perceptions regarding risks are triggered when the users are introduced with novel technological subjects 
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(Pitardi & Marriott, 2021). The participants acknowledged the possible threats delivered by AI in terms 

of unemployment, privacy data exposure, potential bias from machine and human; and general fear in 

terms of the unknown matter due to the uncertainty nature as shown in the above table. This visualises 

a practical gap between the proposed benefits of AI technologies and the hindrance of application owing 

to the factor of PR. Therein, the collected evidence reinforces the literature and projected antecedents 

stated in the a priori codebook. 

Significantly, an emerging factor of Status Quo Bias was explored within this study as a converse 

adoption mechanism toward AI advancements. Samuelson & Zeckhauser (1988) first coined the concept 

of SQB which refers to the bias triggered in individual decision making by remaining the current status 

quo as a mechanism towards changes. Paramount to this definition is the assertion that this is a 

psychological construct which illustrated the typical hindrance of technology adoption (Eidelman & 

Crandall, 2012). The issue posed by the existence of inertia tendency which facilitates the maintenance 

of status quo despite the pressure to alter the status (Greta L. Polites and Elena Karahanna, 2012). This 

concept was supplementarily adjoined in LR as it is validated within this section. In effect, thematic 

analysis results explored in this thesis established a new realm of AI influential adoption factor, which 

is not envisaged within the preceding framework. Table 8 illustrates the new theme (SQB) emerging 

from the qualitative research. 

Table 8: Sample responses of Status Quo Bias’s factors influencing AI-HRM collaboration 
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Psychology Commitment (PYC) is a theme that scholars have been emphasising in technological 

adoption studies. Within this study, the factor represents the implication of psychological attachment 

with the current HR functions. 

Cognitive Misperception (CM): within this research, this theme is described as incorrect interpretations 

and understandings of AI applications in HRM leading to adoption stagnancy. As further supplemented 

in LR, this concept entrenches the distortion understanding formulated by the prevailing value and belief 

(Hsieh & Lin, 2018). 

Perceived Cost (PC): Notably, finance is a significant factor for implementing AI-powered HRM. In 

this study, PC represents the costs exhibit investments and commitments, which accelerates SQB (Hsieh 

& Lin, 2020). 

The empirical results are not surprising as AI-powered HRM is a new concept which will confront a 

diversity of potentially psychological impacts. The above discussed features provide further evidence to 

Samuelson & Zeckhauser (1988)’s assertions for SQB as a negative element in technological adoption. 

Particularly, it is argued that SQB were manifested in influences of rational decision making, psychology 

commitment, and cognitive misperceptions to the status quo position. With the provided findings, the 

thesis broadens the existing conceptual framework on SQB as an impacting factor on AI adoption in 

HRM. Within this section, the empirical data also strengthen the factor of PR to be a critical factor in 

measuring intentional behaviours. 
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QUALITATIVE RESEARCH CONCLUSION 

Anchoring to the theoretical literature and the a priori codebook, the thematic analysis conducted through 

eighteen semi-structured interviews with AI-HR Professionals reveals a high degree of AI 

advancements’ awareness in HR field across businesses. The Table 9 illustrates the six empirically 

identified factors that impact the adoption of AI technologies in HR field. The nexus between AI and 

HRM is presented as follow: 

Table 9: Finalised constructs based on Qualitative Research’s results 

 

The frequency analysis reveals that the generic constructs of EE, PE, SI, PE, PR and SQB are key reasons 

which influence on AI adoption intention in HRM (Illustration of factors’ weights can be viewed at 

Appendix 1). Most notoriously, SI and STQ are considered as highly important factors to impact on 

users’ decision making. The findings in this qualitative research contribute to establish a foundation to 

quantitatively examine the impact of the influential factors on AI-HRM collaboration. In addition, the 

research outcomes synthesise the insights of the critical issues in relation to degree of AI diffusion in the 

HR realm. Particularly, the empirical results demonstrate a profound picture of how AI is penetrating 

and impacting HRM as presented in three critical angles distilled from this qualitative research. 
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1. Opportunity Vs Threat: By examining the participants’ evaluations on AI factor in HRM over 

the lens of Opportunity and Threat, the research confirms a positive inclinations in AI-HRM 

collaboration. The empirical data in this section addressed a high recognition of AI terminology 

diffusion after the global incident of the Covid-19 pandemic, which triggers a mechanism for 

alternative working patterns. Critical adoption factors including FC (supported by LS and ID) 

and SI (supported by EB and SN) were confirmed within this section to positively influence AI-

powered HRM to be executed. These findings are consistent with theoretical literature and the  a 

priori codebook discussed in this research. 

2. Traditional HRM vs AI-powered HRM: By extracting the participants’ perceptions regarding 

the two-opposing concepts of traditional and AI-powered HRM, the research confirms a positive 

expectation in AI-HRM collaboration. The empirical data in this sphere addressed the 

contemporary limitations in manual HRM whilst asserting the expectations in higher productivity 

with AI-augmented HRM. In this vein, critical adoption factors comprising PE (supported by CE 

and TV) and EE (supported by EOU and JC) were strengthened to positively influence AI-

powered HRM to be executed. These findings are consistent with theoretical literature and the a 

priori codebook discussed in this research. 

3. Theoretical vs Practical Gap: By examining the adoption intention, the research elaborates the 

AI-HRM adoption issues between theory and practice. The empirical results in this stance 

addressed the emerging risks associated with AI-powered HRM implementation. The critical 

counter-adoption factor of PR (supported by BC, FU, PRC, and PU) was reinforced to negatively 

AI-HRM collaboration. These findings are consistent with theoretical literature and the a priori 

codebook discussed in this research. Importantly, SQB (supported by CM, PYC, and PC) is a 

novel theme discovered through thematic analysis within this section. The factor was proven to 

negatively influence AI-powered HRM execution. The emerging finding was subsequently 

reviewed and adjoined in LR Chapter in this research. 

The findings of this research confirm the significance of predetermined factors of EE, PE, SI, PE, PR in 

terms of impacting HR professionals’ adoption intention. It further discovered the factor of SQB to 

potentially influence AI adoption predisposition in HRM. The phase one of this research critically 

contributes to establish a concrete foundation for the second phase of the quantitative research to 

examine the correlations coefficient of dependent and independent variables. At this junction, interested 

scholars and parties could delve into the results of the first phase to initially deliberate compatible AI 

adoption strategies. The constructs extracted from this stage are in the process of analysing to investigate 

potential discrepancies while applying the second research method.  (7713 words) 



 29 

References 

Ajzen, I. (1991). The theory of planned behavior. Handbook of Theories of Social Psychology: Volume 

1, 438–459. https://doi.org/10.4135/9781446249215.n22 

Akter, S., McCarthy, G., Sajib, S., Michael, K., Dwivedi, Y. K., D’Ambra, J., & Shen, K. N. (2021). 

Algorithmic bias in data-driven innovation in the age of AI. International Journal of Information 

Management, 60. https://doi.org/10.1016/j.ijinfomgt.2021.102387 

Akturan, U., & Tezcan, N. (2012). Mobile banking adoption of the youth market: Perceptions and 

intentions. Marketing Intelligence and Planning, 30(4), 444–459. 

https://doi.org/10.1108/02634501211231928 

Al-Saedi, K., Al-Emran, M., Abusham, E., & El-Rahman, S. A. (2019). Mobile Payment Adoption: A 

Systematic Review of the UTAUT Model. 2019 International Conference on Fourth Industrial 

Revolution, ICFIR 2019, 1–5. https://doi.org/10.1109/ICFIR.2019.8894794 

Aliman, N.-M. (2020). Hybrid Cognitive-Affective Strategies for AI Safety. 

https://dspace.library.uu.nl/handle/1874/400100 

Alwahaishi, S., & Snášel, V. (2013). Consumers’ acceptance and use of information and 

communications technology: A UTAUT and flow based theoretical model. Journal of Technology 

Management and Innovation, 8(2), 61–73. https://doi.org/10.4067/s0718-27242013000200005 

Arslan, A., Cooper, C., Khan, Z., Golgeci, I., & Ali, I. (2022). Artificial intelligence and human 

workers interaction at team level: a conceptual assessment of the challenges and potential HRM 

strategies. International Journal of Manpower, 43(1), 75–88. https://doi.org/10.1108/IJM-01-

2021-0052 

Barrane, F. Z., Karuranga, G. E., & Poulin, D. (2018). Technology Adoption and Diffusion: A New 

Application of the UTAUT Model. International Journal of Innovation and Technology 

Management, 15(6), 1–19. https://doi.org/10.1142/S0219877019500044 

Basu, S., Majumdar, B., Mukherjee, K., Munjal, S., & Palaksha, C. (2022). The role of artificial 

intelligence in HRM: A systematic review and future research direction. Human Resource 



 30 

Management Review, March, 100893. https://doi.org/10.1016/j.hrmr.2022.100893 

Bharati, S. (2020). How Artificial Intelligence Impacts Businesses in the Period of Pandemics? 

Journal of the International Academy for Case Studies, 26(5), 1–2. 

https://search.bvsalud.org/global-literature-on-novel-coronavirus-2019-

ncov/resource/en/covidwho-915054 

Black, J. S., & van Esch, P. (2021). AI-enabled Recruiting in The War for Talent. Business Horizons. 

https://doi.org/10.1016/j.bushor.2021.02.015 

Braun, V., Clarke, V., Hayfield, N., & Terry, G. (2019). Thematic Analysis BT - Handbook of 

Research Methods in Health Social Sciences. Handbook of Research Methods in Health Social 

Sciences, 843–860. https://doi.org/10.1007/978-981-10-5251-4_103 

Chen, H., Li, L., & Chen, Y. (2021). Explore success factors that impact artificial intelligence adoption 

on telecom industry in China. Journal of Management Analytics, 8(1), 36–68. 

https://doi.org/10.1080/23270012.2020.1852895 

Christopher, C. (2019). AN EMPIRICAL STUDY OF BEHAVIORAL INTENTION TO USE 

BLOCKCHAIN TECHNOLOGY. Journal of International Business Disciplines, 14(1), 68–70. 

Compeau, D. R., & Higgins, C. A. (1995). Computer Self-Efficacy: Measure And Initial Development 

Of A Test. MIS Quarterly, 19(2), 189–211. https://www.astm.org/Standards/E2368.htm 

Cross, D., & Swart, J. (2022). The (ir)relevance of human resource management in independent work: 

Challenging assumptions. Human Resource Management Journal, 32(1), 232–246. 

https://doi.org/10.1111/1748-8583.12389 

Davis. (1986). User Acceptance of Computer Technology: A Comparison of Two Theoretical Models. 

Management Science, 35(8), 982–1003. https://doi.org/10.1287/mnsc.35.8.982 

Davis, F. D., Bagozzi, R. P., & Warshaw, P. R. (1992). Extrinsic and Intrinsic Motivation to Use 

Computers in the Workplace. Journal of Applied Social Psychology, 22(14), 1111–1132. 

https://doi.org/10.1111/j.1559-1816.1992.tb00945.x 



 31 

Edwards-Jones, A. (2014). Qualitative data analysis with NVIVO. In Journal of Education for 

Teaching (Vol. 40, Issue 2). https://doi.org/10.1080/02607476.2013.866724 

Eidelman, S., & Crandall, C. S. (2012). Bias in Favor of the Status Quo. Social and Personality 

Psychology Compass, 6(3), 270–281. https://doi.org/10.1111/j.1751-9004.2012.00427.x 

Figueroa-Armijos, M., Clark, B. B., & da Motta Veiga, S. P. (2022). Ethical Perceptions of AI in 

Hiring and Organizational Trust: The Role of Performance Expectancy and Social Influence. 

Journal of Business Ethics, 0123456789. https://doi.org/10.1007/s10551-022-05166-2 

Fishbein, M., & Ajzen, I. (1975). Belief, Attitude, Intention, and Behavior: An Introduction to Theory 

and Research. Reading, MA: Addison-Wesley. 

Greta L. Polites and Elena Karahanna. (2012). Shackled to the Status Quo: The Inhibiting Effects of 

Incumbent System Habit, Switching Costs, and Inertia on New System Acceptance. MIS 

Quarterly: Management Information Systems, 1(1), 105–112. 

Hamouche, S. (2021). Human resource management and the COVID-19 crisis: Implications, 

challenges, opportunities, and future organizational directions. Journal of Management and 

Organization, 1–16. https://doi.org/10.1017/jmo.2021.15 

Hasan, R., Shams, R., & Rahman, M. (2021). Consumer trust and perceived risk for voice-controlled 

artificial intelligence: The case of Siri. Journal of Business Research, 131(March 2020), 591–597. 

https://doi.org/10.1016/j.jbusres.2020.12.012 

Heilmann, P., Forsten-Astikainen, R., & Kultalahti, S. (2020). Agile HRM practices of SMEs. Journal 

of Small Business Management, 58(6), 1291–1306. https://doi.org/10.1111/jsbm.12483 

Hmoud, B. I., & Várallyai, L. (2020). Artificial Intelligence in Human Resources Information 

Systems: Investigating its Trust and Adoption Determinants. International Journal of 

Engineering and Management Sciences, 5(1), 749–765. https://doi.org/10.21791/ijems.2020.1.65 

Hsieh, P. J., & Lin, W. Sen. (2018). Explaining resistance to system usage in the PharmaCloud: A 

view of the dual-factor model. Information and Management, 55(1), 51–63. 

https://doi.org/10.1016/j.im.2017.03.008 



 32 

Hsieh, P. J., & Lin, W. Sen. (2020). Understanding the performance impact of the epidemic prevention 

cloud: an integrative model of the task-technology fit and status quo bias. Behaviour and 

Information Technology, 39(8), 899–916. https://doi.org/10.1080/0144929X.2019.1624826 

Kim, B. (2022). A DECISION-MAKING MODEL FOR ADOPTING AN AI-GENERATED 

RECRUITMENT INTERVIEW SYSTEM. International Journal of Management (IJM), 4(April 

2021), 458–560. https://doi.org/10.34218/IJM.12.4.2021.046 

Kodama, M. (2018). Managing Innovation through Ma Thinking. Systems Research and Behavioral 

Science, 35(2), 155–177. https://doi.org/10.1002/sres.2453 

Kot, S., Hussain, H. I., Bilan, S., Haseeb, M., & Mihardjo, L. W. W. (2021). The role of artificial 

intelligence recruitment and quality to explain the phenomenon of employer reputation. Journal 

of Business Economics and Management, 22(4), 867–883. 

https://doi.org/10.3846/jbem.2021.14606 

Lee, D. C., Lin, S. H., Ma, H. L., & Wu, D. B. (2017). Use of a Modified UTAUT Model to 

Investigate the Perspectives of Internet Access Device Users. International Journal of Human-

Computer Interaction, 33(7), 549–564. https://doi.org/10.1080/10447318.2016.1261249 

Lee, J. M., Lee, B., & Rha, J. Y. (2019). Determinants of mobile payment usage and the moderating 

effect of gender: Extending the UTAUT model with privacy risk. International Journal of 

Electronic Commerce Studies, 10(1), 43–64. https://doi.org/10.7903/ijecs.1644 

Malik, M. A. (2012). Academic Research International. Part II. Academic Research International, 

2(1). 

Mehrotra, S. (2022). Recruitment Through AI in Selected Indian Companies. Metamorphosis: A 

Journal of Management Research. https://doi.org/10.1177/09726225211066220 

Microsoft Azure. (2022). Connected Papers Azure. 

https://www.connectedpapers.com/main/c6d56929c1e1f652c34d0045d6f9aa7035d8a12c/Challen

ges-in-Adopting-Artificial-Intelligence-(AI)-in-HRM-Practices%3A-A-study-on-Bangladesh-

Perspective/graph 



 33 

Mohamed, S. A., Mahmoud, M. A., Mahdi, M. N., & Mostafa, S. A. (2022). Improving Efficiency and 

Effectiveness of Robotic Process Automation in Human Resource Management. Sustainability 

(Switzerland), 14(7). https://doi.org/10.3390/su14073920 

Morosan, C. (2012). Theoretical and empirical considerations of guests’ perceptions of biometric 

systems in hotels: Extending the technology acceptance model. Journal of Hospitality and 

Tourism Research, 36(1), 52–84. https://doi.org/10.1177/1096348010380601 

Olajide, O. A. (2018). A comparison of the Nigerian oil and gas supply chains with the UK: Taking a 

sustainability perspective. Annual Logistics Research Network Conference, 8, 484–491. 

Palau-Saumell, R., Forgas-Coll, S., Sánchez-García, J., & Robres, E. (2019). User Acceptance of 

Mobile Apps for Restaurants: An Expanded and Extended UTAUT-2. Sustainability, 11(4), 1210. 

https://doi.org/10.3390/su11041210 

Pitardi, V., & Marriott, H. R. (2021). Alexa, she’s not human but… Unveiling the drivers of 

consumers’ trust in voice-based artificial intelligence. Psychology and Marketing, 38(4), 626–

642. https://doi.org/10.1002/mar.21457 

Pournader, M., Ghaderi, H., Hassanzadegan, A., & Fahimnia, B. (2021). Artificial intelligence 

applications in supply chain management. International Journal of Production Economics, 

241(July), 108250. https://doi.org/10.1016/j.ijpe.2021.108250 

Radonjić, A., Duarte, H., & Pereira, N. (2022). Artificial intelligence and HRM: HR managers’ 

perspective on decisiveness and challenges. European Management Journal, July. 

https://doi.org/10.1016/j.emj.2022.07.001 

Rastogi, G., Verma, H., & Sushil, R. (2018). Determining factors influencing cloud services adoption 

in India. Serbian Journal of Management, 13(2), 335–352. https://doi.org/10.5937/sjm13-13207 

Roberts, K., Dowell, A., & Nie, J. B. (2019). Attempting rigour and replicability in thematic analysis 

of qualitative research data; A case study of codebook development. BMC Medical Research 

Methodology, 19(1), 1–8. https://doi.org/10.1186/s12874-019-0707-y 

Rogers, E. M. (1962). Diffusion of Innovations. Free Press. 



 34 

Samuelson, W., & Zeckhauser, R. (1988). Status quo bias in decision making. Journal of Risk and 

Uncertainty, 1(1), 7–59. https://doi.org/10.1007/BF00055564 

Schoemaker, P. J. H., Heaton, S., & Teece, D. (2018). Innovation, dynamic capabilities, and 

leadership. California Management Review, 61(1), 15–42. 

https://doi.org/10.1177/0008125618790246 

Taylor, S., & Todd, P. (1995). Assessing IT usage: The role of prior experience. MIS Quarterly: 

Management Information Systems, 19(4), 561–568. https://doi.org/10.2307/249633 

Terblanche, N. H. D. (2020). Factors that influence users’ adoption of being coached by an Artificial 

Intelligence Coach. Philosophy of Coaching: An International Journal, 5(1), 61–70. 

https://doi.org/10.22316/poc/05.1.06 

Thompson, R. L., Higgins, C. A., & Howell, J. M. (1991). Personal Computing: Toward a Conceptual 

Model of Utilization Utilization of Personal Computers Personal Computing: Toward a 

Conceptual Model of Utilization1. Source: MIS Quarterly, 15(1), 125–143. 

Thusi, P., & Maduku, D. K. (2020). South African millennials’ acceptance and use of retail mobile 

banking apps: An integrated perspective. Computers in Human Behavior, 111(July 2019). 

https://doi.org/10.1016/j.chb.2020.106405 

Udo, G. J., Bagchi, K. K., & Kirs, P. J. (2010). An assessment of customers’ e-service quality 

perception, satisfaction and intention. International Journal of Information Management, 30(6), 

481–492. https://doi.org/10.1016/j.ijinfomgt.2010.03.005 

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User Acceptance of Information 

Technology: Toward a Unified View. 27(3), 425–478. 

Vimalkumar, M., Sharma, S. K., Singh, J. B., & Dwivedi, Y. K. (2021). ‘Okay google, what about my 

privacy?’: User’s privacy perceptions and acceptance of voice based digital assistants. Computers 

in Human Behavior, 120(February). https://doi.org/10.1016/j.chb.2021.106763 

Wang, X., Han, Y., Leung, V.C.M., Niyato, D., Yan, X., Chen, X. (2020). Edge AI. Springer. 

https://doi.org/https://doi.org/10.1007/978-981-15-6186-3_2 



 35 

Wrycza, S., Marcinkowski, B., & Gajda, D. (2017). The Enriched UTAUT Model for the Acceptance 

of Software Engineering Tools in Academic Education. Information Systems Management, 34(1), 

38–49. https://doi.org/10.1080/10580530.2017.1254446 

Yu, C.-S. (2012). Factors Affecting Individuals to Adopt Mobile Banking. Journal of Electronic 

Commerce Research, 13(2), 104–122. 

Zuberi, B., Lachenauer, R. G., & Pillai, S. C. (2007). An Extension of the UTAUT Model with E-

Quality, Trust, and Satisfaction Constructs. An Extension of the UTAUT Model with E-Quality, 

Trust, and Satisfaction Constructs. 

Appendix 

 

Appendix 1: Illustrations of factors weights (extracted from NVivo) 
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