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Abstract 

This study examines employee acceptance of AI-based human resource management practices in 
technology-intensive and traditional sectors. Data were collected from 360 employees, with 60 par-
ticipants from each of six sectors. Biotechnology, information technology, and manufacture of com-
puter, electronic and optical products formed the technology-intensive group, while retail, textiles, 
and hotels formed the traditional group. Acceptance was evaluated across recruitment, perfor-
mance appraisal, training planning, and talent management. The explanatory variables were per-
ceived usefulness, perceived ease of use, trust in AI, perceived algorithmic fairness and transpar-
ency, and loss of human touch. The subgroup regressions show that usefulness, ease of use, and 
trust positively predict acceptance in technology-intensive sectors. In traditional sectors, fairness 
and transparency positively predict acceptance, while loss of human touch negatively predicts ac-
ceptance. Five significant interactions identify specific differences between sector groups. The pos-
itive association of fairness and transparency with acceptance is stronger in traditional sectors for 
recruitment and performance appraisal, and the negative association of loss of human touch is 
stronger in traditional sectors for recruitment. The positive association of trust is stronger in tech-
nology-intensive sectors for training planning, while that of usefulness is stronger in technology-in-
tensive sectors for talent management. Acceptance is descriptively higher in training planning and 
talent management than in recruitment and performance appraisal. These findings show that em-
ployee evaluations of AI-based HR practices vary by sector group and HR function, supporting at-
tention to usefulness, trust, fairness, and human involvement in the particular functions where their 
associations with acceptance differ. 

Keywords: Artificial intelligence, human resource management, technology ac-
ceptance 

Öz  

Bu araştırmanın amacı, yapay zekâ temelli insan kaynakları uygulamalarının çalışanlar tarafından ka-
bul düzeyinin teknoloji yoğun ve geleneksel sektörlerde nasıl farklılaştığını incelemektir. Araştırmada 
teknoloji yoğun grupta biyoteknoloji, bilişim teknolojileri ve bilgisayar, elektronik ve optik ürünlerin 
imalatı, geleneksel grupta ise perakende, tekstil ve otelcilik sektörleri ele alınmıştır. Her sektörden 
60 katılımcı olmak üzere toplam 360 çalışandan veri toplanmıştır. Çalışmada yapay zekâ kabulü işe 
alım, performans değerlendirme, eğitim planlama ve yetenek yönetimi fonksiyonları açısından ayrı 
ayrı değerlendirilmiştir. Algılanan fayda, algılanan kullanım kolaylığı, yapay zekâya güven, algılanan 
algoritmik adalet ve şeffaflık ile insan temasının kaybı temel değişkenler olarak incelenmiştir. Alt 
grup regresyonları, teknoloji yoğun sektörlerde algılanan fayda, algılanan kullanım kolaylığı ve yapay 
zekâya güvenin kabulü pozitif yönde yordadığını göstermektedir. Geleneksel sektörlerde algılanan 
adalet ve şeffaflık kabulü pozitif, insan temasının kaybı ise negatif yönde yordamaktadır. Beş anlamlı 
etkileşim, sektör grupları arasındaki farklılıkları ortaya koymaktadır. Algılanan adalet ve şeffaflığın 
kabulle pozitif ilişkisi işe alım ve performans değerlendirmede, insan temasının kaybının negatif iliş-
kisi ise işe alımda geleneksel sektörlerde daha güçlüdür. Yapay zekâya güvenin eğitim planlamadaki 
pozitif ilişkisi ve algılanan faydanın yetenek yönetimindeki pozitif ilişkisi teknoloji yoğun sektörlerde 
daha güçlüdür. Eğitim planlama ve yetenek yönetimi fonksiyonlarında kabul düzeyinin genel olarak 
daha yüksek olduğu, işe alım ve performans değerlendirme süreçlerinde ise etik, adalet ve insan de-
netimi beklentilerinin daha belirgin hale geldiği görülmektedir. Araştırma sonuçları, yapay zekâ te-
melli İK uygulamalarının kabulünün sektör grubu ve İK fonksiyonuna göre farklılaştığını göstermek-
tedir. Bu bulgular, fayda, güven, adalet ve insan temasının ilgili fonksiyondaki kabulle ilişkileri doğrul-
tusunda değerlendirilmesini desteklemektedir. 
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Introduction  
 
Over the past few years, artificial intelligence (AI) 
has shifted from an experimental technology to an 
organizational capability that increasingly shapes 
the redesign of business processes. In 2025, ap-
proximately one in five businesses in the European 
Union used AI technologies, with adoption reach-
ing 55.0% among large enterprises and 62.5% in 
the information and communication sector (Euro-
stat, 2026). At the employee level, 58% of workers 
globally reported using AI tools intentionally and 
regularly in their jobs (Gillespie et al., 2025) . This 
diffusion is particularly visible in human resource 
management (HRM), where data-intensive pro-
cesses combine repetitive operational tasks with 
managerial decisions that require interpretation. 
Accordingly, AI is being used in recruitment, per-
formance appraisal, training and development 
planning, talent management, internal mobility and 
workforce analytics to improve efficiency, stand-
ardization, personalization and predictive capacity 
(Gong et al., 2025; Tusquellas et al., 2024; Yıldız, 
2025). 

However, the adoption of AI in HRM cannot be 
reduced to technical modernization. Bias in recruit-
ment algorithms, surveillance concerns in perfor-
mance appraisal, data privacy risks, and opaque 
decision-making processes have made fairness, 
transparency, accountability, and human oversight 
central to employee acceptance (Rauhala et al., 
2026; Rigotti & Fosch-Villaronga, 2024). Recent 
findings also indicate that employees generally 
prefer AI to support rather than replace human 
judgment in consequential organizational deci-
sions (CIPD, 2025). Therefore, the organizational 
implementation of an AI system does not neces-
sarily ensure its effective use. Employees must 
also perceive the system as useful, understanda-
ble, trustworthy, and legitimate. 

The Technology Acceptance Model and the 
Unified Theory of Acceptance and Use of Technol-
ogy explain adoption through factors such as per-
ceived usefulness, perceived ease of use, perfor-
mance expectancy, social influence, and facilitat-
ing conditions (Davis, 1989; Venkatesh et al., 

2003). Yet AI-based applications require a broader 
framework because employees also evaluate their 
explainability, procedural fairness, potential threat, 
and effects on autonomy and human interaction 
(Chen et al., 2025; Nguyen et al., 2026) . These eval-
uations may vary across organizational contexts. 
Technology-intensive sectors generally possess 
stronger digital infrastructures, higher levels of AI 
exposure, and workforces with more advanced 
digital skills, whereas traditional sectors often 
adopt AI more gradually and under greater uncer-
tainty (Eurostat, 2026; Kergroach & Heritier, 
2025). 

Despite the growing literature, most studies fo-
cus on a single HR function, sector, or organiza-
tional setting. Consequently, it remains unclear 
whether employees in technology-intensive and 
traditional sectors evaluate AI-based HR practices 
through the same acceptance mechanisms and 
whether these mechanisms differ across recruit-
ment, performance appraisal, training planning, 
and talent management (Gong et al., 2025; Savo-
lainen et al., 2026). Addressing this gap, the pre-
sent study compares three technology-intensive 
and three traditional sectors using data collected 
from 360 employees, with 60 participants from 
each sector. AI acceptance is examined separately 
across four HR functions, together with perceived 
usefulness, perceived ease of use, trust in AI, per-
ceived algorithmic fairness and transparency, and 
perceived loss of human touch. In this way, the 
study evaluates AI acceptance as a sector- and 
function-specific organizational phenomenon ra-
ther than as a general attitude toward technology. 

Within this framework, the study addresses the 
following research questions: 

RQ1. How do employee acceptance levels for 
AI-based practices vary across the technology-in-
tensive and traditional sector groups and the four 
HR functions of recruitment, performance ap-
praisal, training planning, and talent management? 

RQ2. How are perceived usefulness, perceived 
ease of use, trust in AI, perceived algorithmic fair-
ness and transparency, and perceived loss of hu-
man touch related to AI acceptance within each 
sector group and HR function? 



Selma Kalkavan 
   

 3 

RQ3. How do the patterns of association be-
tween the five explanatory variables and AI ac-
ceptance compare between technology-intensive 
and traditional sectors across the four HR func-
tions? 
 
Artificial Intelligence Transformation in Human 
Resources Management and Core Functional Ap-
plications  
 
The use of artificial intelligence in human re-
sources management initially focused on automat-
ing repetitive and standardized tasks. As analytical 
and personalization capabilities developed, how-
ever, AI applications began to support managerial 
decision-making and increasingly became inte-
grated into strategic human resources processes 
(Ubeda-Garcia et al., 2025). Recruitment, perfor-
mance appraisal, training planning, and talent man-
agement represent four major areas in which this 
transformation has become particularly visible. 
Although AI can enhance efficiency, consistency, 
and predictive capacity across these functions, its 
acceptance depends on the characteristics and 
perceived consequences of each application. 

Recruitment is among the earliest and most vis-
ible areas of AI use in human resources manage-
ment. Resume-screening algorithms, recruitment 
chatbots, and automated interview analysis sys-
tems can process large applicant pools, standard-
ize initial evaluations, and reduce the time and 
costs associated with candidate selection (Köch-
ling & Wehner, 2020; Naim et al., 2015). These 
technologies are often introduced with the expec-
tation that data-driven assessment will improve ef-
ficiency and objectivity. Nevertheless, AI-sup-
ported recruitment also raises concerns regarding 
algorithmic bias, data quality, transparency, ac-
countability, and the limited capacity of automated 
systems to recognize contextual and interpersonal 
nuances. Candidates may perceive such systems 
as useful and convenient while questioning their 
accuracy, comprehensiveness, and ability to repro-
duce human judgment (Dadaboyev et al., 2025) . 
Therefore, acceptance in recruitment depends on 
whether AI is perceived as fair, explainable, and 

subject to meaningful human oversight rather than 
solely on its operational efficiency (Bujold et al., 
2024). 

In performance appraisal, AI enables organiza-
tions to move from periodic evaluations toward 
systems based on continuous data collection, 
monitoring, and feedback. Algorithmic tools can in-
tegrate multiple performance indicators, identify 
behavioral patterns, and generate standardized as-
sessments. From an organizational perspective, 
these capabilities may reduce subjectivity and sup-
port more consistent evaluations. From the em-
ployee perspective, however, continuous algorith-
mic assessment may also intensify perceptions of 
surveillance, control, and reduced autonomy. Re-
search indicates that the effects of algorithmic 
performance evaluation depend on how employ-
ees interpret the system’s accuracy, fairness, 
transparency, and influence on their professional 
discretion (Ali et al., 2026). Consequently, ac-
ceptance is likely to decrease when AI is perceived 
as replacing managerial judgment or producing 
consequential evaluations through decision-mak-
ing procedures that employees cannot understand 
or challenge. 

The contribution of AI to training planning and 
employee development is primarily associated 
with personalization. AI-based tools can identify 
skill gaps, assess development needs, recommend 
relevant content, create individualized learning 
paths, and provide real-time feedback. These ap-
plications allow organizations to replace standard-
ized training programs with learning systems that 
are more closely aligned with employees’ roles, 
competencies, and future development require-
ments. Compared with recruitment and perfor-
mance appraisal, training applications generally in-
volve fewer direct risks concerning employment 
decisions or formal evaluation. Employees may 
therefore be more willing to accept AI when it is po-
sitioned as a developmental resource that sup-
ports learning and job performance. Nevertheless, 
positive outcomes depend on employees’ ability to 
use these systems effectively. Training, digital 
competence, and organizational support remain 
important because the perceived benefits of AI are 
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more likely to emerge when employees possess 
the skills required to interpret and apply its recom-
mendations (Tusquellas et al., 2024). 

In talent management, AI extends beyond the 
assessment of current employee performance by 
supporting predictions about future workforce 
needs. Talent management practices seek to iden-
tify strategically important positions, recognize 
high-potential employees, develop internal talent 
pools, and retain employees who contribute to sus-
tainable organizational advantage (Collings & Mel-
lahi, 2009; Lewis & Heckman, 2006). AI can sup-
port these objectives by analyzing employee en-
gagement, identifying internal mobility opportuni-
ties, forecasting turnover, classifying talent pools, 
and predicting future skill requirements. Such ap-
plications position AI as a strategic decision-sup-
port infrastructure rather than as a simple opera-
tional filtering mechanism. However, predictive tal-
ent management systems remain sensitive to data 
quality, algorithmic bias, explainability and the pos-
sibility that employees may be categorized 
through criteria that are not visible to them. Ac-
cordingly, employees may regard AI-supported tal-
ent management as beneficial while expecting its 
recommendations to remain open to review, con-
textual interpretation, and human intervention. 

Overall, AI does not have an identical meaning 
across human resources functions. Recruitment 
and performance appraisal directly affect selec-
tion, evaluation, and career outcomes and are 
therefore more sensitive to fairness, transparency, 
accountability, and the preservation of human 
judgment. Training planning and talent manage-
ment may generate comparatively higher ac-
ceptance when employees perceive them as sup-
portive, developmental, and future-oriented. This 
functional variation indicates that employee ac-
ceptance should be evaluated according to the 
specific organizational decisions in which AI is used 
and the degree of risk, control, and human involve-
ment associated with those decisions. 
 
 
 

Technological Acceptance Models and Employ-
ees’ Perceptions of Artificial Intelligence  
 
The Technology Acceptance Model provides a 
foundational framework for explaining employees’ 
acceptance of AI-based human resources applica-
tions. According to the model, perceived useful-
ness and perceived ease of use are the primary de-
terminants of technology adoption (Davis, 1989). 
Employees are therefore more likely to accept AI-
based systems when they believe that these appli-
cations improve their performance, simplify work 
processes, and require limited effort to use. The 
Unified Theory of Acceptance and Use of Technol-
ogy extends this perspective by incorporating per-
formance expectancy, effort expectancy, social in-
fluence, and facilitating conditions into the adop-
tion process (Venkatesh et al., 2003) .  Within the 
HR context, these models indicate that ac-
ceptance depends on both the perceived function-
ality of AI and the organizational conditions sup-
porting its use, including training, managerial sup-
port, and integration into existing work processes. 

However, AI-based applications differ from 
conventional information systems because they 
can generate predictions, recommendations, and 
decisions that directly affect employees’ careers 
and working conditions. For this reason, perceived 
usefulness and ease of use alone may not ade-
quately explain their acceptance.  Trust has 
emerged as a particularly important determinant, 
reflecting employees’ willingness to rely on AI-
generated evaluations and recommendations. Re-
search indicates that trust is closely associated 
with perceived usefulness and behavioral inten-
tion, while concerns regarding fairness, privacy, 
and accountability can weaken employees’ willing-
ness to rely on AI systems (Choung et al., 2023; Seo 
& Lee, 2021). These concerns are especially rele-
vant in HR processes because algorithmic deci-
sions may influence recruitment, performance ap-
praisal, development opportunities, and internal 
mobility. 

Perceived fairness and transparency also shape 
whether AI-based HR applications are regarded as 
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legitimate. Although algorithmic systems are fre-
quently introduced with expectations of greater 
efficiency and objectivity, their acceptance may 
decline when employees believe that the underly-
ing data, evaluation criteria, or decision rules repro-
duce discrimination or cannot be questioned 
(Köchling & Wehner, 2020). Transparency can sup-
port trust by making the logic of AI-generated de-
cisions more understandable and controllable. 
Nevertheless, its effects may not always be uni-
formly positive. Greater information about auto-
mated decision-making can strengthen percep-
tions of fairness while simultaneously increasing 
anxiety about surveillance, reduced autonomy, or 
replacement by technology (Yu & Li, 2022). Thus, 
transparency is most likely to support acceptance 
when it is accompanied by accountability, opportu-
nities for review, and meaningful human oversight. 

Employee perceptions are also influenced by 
the potential effects of AI on job security, profes-
sional identity, and human interaction. Anxiety may 
arise from the possibility of job displacement as 
well as from pressure to acquire new skills and 
adapt to changing work requirements. Such con-
cerns can contribute to emotional exhaustion and 
reduce employees’ engagement with AI - sup-
ported work processes (Chen et al., 2025). Simi-
larly, employees who perceive smart technologies, 
robotics, and algorithms as threats to their occupa-
tional future may report lower organizational com-
mitment and career satisfaction, alongside higher 
turnover intentions and cynicism (Brougham & 
Haar, 2018). Acceptance may therefore decline 
when AI is interpreted as replacing human exper-
tise, weakening employee autonomy, or reducing 
interpersonal involvement in consequential organ-
izational decisions. 

These findings suggest that employee ac-
ceptance of AI-based HR practices involves both 
instrumental and ethical evaluations. Perceived 
usefulness and ease of use explain whether a sys-
tem is regarded as functional and manageable, 
whereas trust, fairness, transparency, and the 
preservation of human involvement determine 
whether it is perceived as legitimate and appropri-

ate. Accordingly, AI acceptance in human re-
sources management should be understood as a 
multidimensional process shaped by performance 
expectations, organizational support, perceived 
control, professional security, and the extent to 
which human judgment remains embedded in de-
cision-making processes (Golgeci et al., 2025). 
 
Sectoral Context of AI Adoption: Technology-In-
tensive and Traditional Sectors 
 
The adoption and acceptance of artificial intelli-
gence are shaped by the digital maturity, work-
force capabilities, and organizational readiness of 
different sectors. Technology-intensive sectors 
generally provide a more favorable environment 
for the integration of AI-based human resources 
applications because employees in these sectors 
are more frequently exposed to digital technolo-
gies and data-driven work processes. The OECD’s 
sectoral AI intensity classification indicates that in-
formation technology services, media, and tele-
communications display relatively high levels of AI-
related human capital, innovation, exposure, and 
use, whereas sectors such as textiles, construc-
tion, and hospitality exhibit lower levels of AI inten-
sity (OECD, 2024). This distinction suggests that AI 
is more likely to be perceived as an extension of ex-
isting organizational infrastructure in technology-
intensive sectors, while it may be experienced as a 
less familiar and more disruptive innovation in tra-
ditional sectors. 

Organizational adoption indicators support this 
sectoral distinction. In 2025, the information and 
communication sector recorded the highest rate 
of AI use in the European Union, reaching 62.52%, 
while adoption remained below 25% in many other 
economic activities (Eurostat, 2026). Technology-
intensive sectors also make greater use of rela-
tively advanced AI applications, including natural 
language generation, text mining, and audiovisual 
content generation. More frequent interaction with 
such tools may increase employees’ familiarity 
with algorithmic systems and strengthen their per-
ceptions of the usefulness and legitimacy of similar 
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applications in HR processes. However, this rela-
tionship should not be interpreted as automatic ac-
ceptance. Even in digitally mature sectors, con-
cerns regarding job displacement, data use, work 
intensity, wage pressure, and insufficient oversight 
continue to influence employee responses to AI 
(OECD, 2024). 

Workforce characteristics constitute another 
important source of sectoral variation. Technol-
ogy-intensive sectors generally place greater or-
ganizational value on digital literacy, data interpre-
tation, problem-solving, and creative skills. Alt-
hough advanced technical expertise is required 
only for a limited group of employees, a broader set 
of hybrid skills is necessary for workers to use AI 
systems effectively and interpret their outputs 
(OECD, 2026).  Employees who possess these ca-
pabilities may be more likely to perceive AI as a 
performance-enhancing resource rather than as a 
threat. Consequently, perceived usefulness, ease 
of use, and trust may assume greater importance 
in technology-intensive sectors, where employees 
are already accustomed to evaluating technolo-
gies according to their functional contribution to 
work processes. 

In traditional sectors, by contrast, AI adoption 
tends to progress more gradually and unevenly 
(Calvino et al., 2024). Construction, transportation, 
warehousing, textiles, and other operationally in-
tensive sectors frequently face limitations involv-
ing digital infrastructure, investment capacity, rel-
evant expertise, and organizational readiness. Eu-
rostat data indicate that a lack of appropriate ex-
pertise is among the most frequently reported bar-
riers for firms that have considered adopting AI but 
have not yet implemented it. Legal uncertainty, 
data protection concerns, and privacy risks also 
constrain adoption (Eurostat, 2026).  These barri-
ers are particularly significant for small and me-
dium-sized enterprises, where limited financial re-
sources and digital capabilities may restrict the im-
plementation of AI technologies (OECD, 2024). 

The organization of work in traditional sectors 
can further affect how employees interpret AI-
based HR practices. Business processes in these 
sectors often depend on physical production, face-

to-face coordination, direct supervision, and prac-
tical experience. Under such conditions, employ-
ees may find it more difficult to identify the imme-
diate value of AI or may regard its implementation 
as incompatible with established work routines.  
Research on manufacturing and production envi-
ronments indicates that concerns about job loss 
and the pressure to acquire new skills can reduce 
employee engagement and intensify resistance to 
AI-supported transformation (Chen et al., 2025). 
Studies of textiles, manufacturing firms, and SMEs 
similarly show that digital transformation is fre-
quently implemented through gradual, pilot-based 
initiatives and is shaped by technology costs, skill 
shortages, implementation risks, and organiza-
tional preparedness (Bertola & Teunissen, 2018; 
Mittal et al., 2018; Moeuf et al., 2018). 

Concerns   regarding the loss of human involve-
ment may also be more pronounced in traditional 
sectors. Although employees and HR profession-
als may recognize the efficiency and standardiza-
tion benefits of AI, they may simultaneously per-
ceive automated systems as less reliable, less sen-
sitive to contextual differences, and less capable of 
reproducing human judgment (Horodyski, 2023). 
Such concerns become particularly important in 
recruitment and other consequential HR pro-
cesses, where employees expect decisions to re-
main transparent, accountable, reviewable, and 
subject to human oversight (Malin et al., 2025; Na-
waz et al., 2024). Therefore, acceptance in tradi-
tional sectors may depend less on technological 
sophistication and more on perceived fairness, 
practical usefulness, transparency, and the preser-
vation of meaningful human involvement. 

Overall, digital maturity appears to influence the 
mechanisms through which employees evaluate 
AI-based HR applications. In technology-intensive 
sectors, frequent exposure to AI and stronger dig-
ital capabilities may increase the importance of 
perceived usefulness, ease of use, and trust. In tra-
ditional sectors, where AI is less embedded in daily 
work, acceptance may depend more strongly on 
organizational readiness, fairness, transparency, 
and concerns about the loss of human touch. This 
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sectoral distinction provides the basis for examin-
ing whether the determinants of AI acceptance 
vary systematically between technology-intensive 
and traditional industries. 
 
Methodology  
 
This study examines employee acceptance of AI-
based human resources applications across six 
sectors. Table 1 presents the sector groupings and 
sample distribution, with 60 participants from each 
sector, 180 participants in each group and 360 par-
ticipants in total. The grouping follows the distinc-
tion developed in the literature review between 
technology-oriented activities involving research 
and development, digital development and preci-
sion manufacturing, and established production, 
retail and hospitality activities in which operational 
and interpersonal work processes remain im-
portant. Technology-intensive and traditional are 
used as the study’s sector groupings. 
 
Table 1. Sector groupings and sample distribution 

Sector group Sector Participants 
Technology-in-
tensive 
 
 

Biotechnology 60 
Information technology 60 
Manufacture of com-
puter, electronic and opti-
cal products 

60 

Traditional 
 
 

Retail 60 
Textiles 60 
Hotels 60 

Total 360 
 
Participants were selected through purposive 

sampling. Eligibility criteria required participants to 
be at least 18 years old, actively employed in one of 
the relevant sectors, and sufficiently familiar with 
organizational human resources practices to eval-
uate AI-based HR applications. Participation in the 
study was voluntary. 

 
Figure 1. Conceptual research model of function-
specific acceptance of AI-based HR practices. 
 

Figure 1 presents the conceptual structure of the 
study by relating perceived usefulness, perceived 
ease of use, trust in AI, perceived algorithmic fair-
ness and transparency, and perceived loss of hu-
man touch to AI acceptance in four HR functions. 
These relationships are considered separately for 
recruitment, performance appraisal, training plan-
ning, and talent management within technology-in-
tensive and traditional sectors. In this way, the 
model provides a common framework for compar-
ing the relationships between employee percep-
tions and AI acceptance across sector groups and 
HR functions. 
 
Data Collection Tools  
 
The study employed measurement instruments 
adapted from scales with established validity and 
reliability in the international literature. Each con-
struct was assessed separately within four HR 
functions: recruitment, performance appraisal, 
training planning, and talent management. The 
measurement instruments, number of items, and 
original sources are presented in Table 2. 
 
Table 2. Data collection tools 

Construct Validated Scale Used 

Num-
ber 
of 
Items 

Main 
Source 

Acceptance of 
AI-Based HR 
Practices 

Behavioral Intention Scale 
adapted from UTAUT/TAM 
and repeated separately for 
recruitment, performance 
appraisal, training planning, 
and talent management 

12 
items 

Ven-
katesh et 
al. (2003);  
Davis 
(1989) 

Perceived Use-
fulness 

Perceived Usefulness 
Scale 

6 
items 

Davis 
(1989) 

Perceived Ease 
of Use 

Perceived Ease of Use 
Scale 

6 
items 

Davis 
(1989) 

Trust in AI Trust in Automation Scale 12 
items 

Jian et al. 
(2000) 

Perceived Al-
gorithmic Fair-
ness and Trans-
parency 

AIM-FAIR Scale 17 
items 

Ehrhardt 
et al. 
(2025) 

Perceived Loss 
of Human 
Touch 

Organizational Dehumani-
zation Scale, adapted to AI-
based HR context 

8 
items 

Bell and 
Khoury 
(2011) 

 
The statements in the scales were adapted sep-

arately for the four human resources functions to 
assess participants’ tendencies to accept the use 
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of AI in each process. All scales used in the study 
were measured using a 5-point Likert-type rating 
scale (1 = Strongly Disagree, 5 = Strongly Agree).  
 
Data Analysis Process  
 
Data were analyzed using IBM SPSS Statistics 27. 
Descriptive statistics were calculated for partici-
pant characteristics and the research variables. 
Univariate normality was assessed through skew-
ness and kurtosis values, which ranged from -0.74 
to 0.81 and from -0.86 to 0.69, respectively. As 
these values remained within the recommended 
±3 range, no substantial departure from normality 
was observed, supporting the use of parametric 
analyses (Kline, 2023).   

To evaluate the construct validity and reliability 
of the measurement instruments adapted to the 
AI-based HR context, Confirmatory Factor Analy-
sis (CFA) was conducted using AMOS 27. The 
measurement model was specified as a pooled six-
construct CFA model using functional item parcels 
(average item scores across the four HR functions 
per construct) as observed indicators. The maxi-
mum likelihood (ML) estimation method was em-
ployed. The overall model yielded an acceptable fit 
to the data: χ²/df = 2.14, CFI = .942, TLI = .935, and 
RMSEA = .056.  

Convergent validity was established as item 
factor loadings exceeded .50 (ranging from .65 to 
.89), Composite Reliability (CR) values were well 
above the .70 threshold, and Average Variance Ex-
tracted (AVE) values exceeded the recommended 
.50 cutoff. The overall measurement model fit, 
construct validity, and composite reliability statis-
tics are presented in Table 3. 

Discriminant validity was assessed using both 
the Fornell-Larcker criterion and the Heterotrait-
Monotrait (HTMT) ratio of correlations. The HTMT 
ratios were computed using unadjusted directional 
correlation matrix outputs, wherein negative signs 
reflect inverse construct relationships (e.g., be-
tween Loss of Human Touch and AI Acceptance). 
 
 

Table 3. Measurement Model, Construct Validity, and 
Reliability Analysis Results 
Construct Items Factor 

Loadings 
(Range) 

Composite 
Reliability 
(CR) 

Average 
Variance Ex-
tracted 
(AVE) 

Acceptance of 
AI-Based HR 
Practices 

12 0.71 - 0.88 0.952 0.618 

Perceived Use-
fulness 6 0.68 - 0.84 0.895 0.588 

Perceived 
Ease of Use 6 0.65 - 0.81 0.882 0.554 

Trust in AI 12 0.73 - 0.89 0.950 0.625 
Perceived Fair-
ness and 
Transparency 

17 0.70 - 0.86 0.962 0.602 

Loss of Human 
Touch 8 0.66 - 0.82 0.912 0.567 

Note: Factor loadings were obtained from the Overall Measurement 
Model (Pooled CFA) including all six constructs simultaneously. 
Overall Model Fit Indices: χ²/df = 2.14, CFI = .942, TLI = .935, and 
RMSEA = .056. All factor loadings are significant at p < .001. 

 
As shown in Table 4, the square root of the AVE 

for each construct (displayed in bold along the di-
agonal) was greater than its highest correlation 
with any other construct, fulfilling the Fornell-
Larcker condition. Furthermore, in all cases, the ab-
solute HTMT values remained well below the con-
servative .85 cutoff threshold, confirming distinct 
empirical boundaries and discriminant validity be-
tween the constructs. 
 
Table 4. Discriminant Validity Analysis Results (For-
nell-Larcker Criterion and HTMT Ratio) 
Construct 1 2 3 4 5 6 
1. AI Acceptance 0.784 0.682 0.612 0.715 0.524 -0.412 
2. Perceived 
Usefulness 0.612 0.767 0.589 0.645 0.481 -0.325 

3. Perceived 
Ease of Use 0.541 0.512 0.744 0.598 0.412 -0.289 

4. Trust in AI 0.634 0.578 0.531 0.799 0.495 -0.356 
5. Fairness and 
Transparency 0.468 0.421 0.368 0.432 0.776 -0.487 

6. Loss of Hu-
man Touch -0.365 -0.288 -0.254 -0.312 -0.431 0.753 

Note: Diagonal elements in bold text represent the square root of 
the Average Variance Extracted for each construct (Fornell-Larcker 
criterion). Values above the diagonal represent the Heterotrait-
Monotrait ratio of correlations (HTMT < .85). Values below the diag-
onal represent bivariate Pearson correlation coefficients. 

 
In addition to the overall measurement model 

validation, internal consistency across specific HR 
functions (recruitment, performance appraisal, 
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training planning and talent management) was fur-
ther evaluated. As shown in Table 5, Cronbach’s al-
pha coefficients ranged from .849 to .936 across 
all four functional domains, confirming high inter-
nal consistency for all measurement scales. 
 
Table 5. Reliability Analysis Results Across HR Func-
tions (Cronbach’s Alpha) 

 Recruit-
ment 

Perfor-
mance Ap-
praisal 

Training 
Planning 

Talent 
Manage-
ment 

AI Acceptance  .894 .887 .913 .905 
Perceived Use-
fulness .876 .871 .889 .882 

Perceived Ease 
of Use .854 .849 .873 .867 

Trust in AI .912 .905 .924 .918 
Perceived Fair-
ness and Trans-
parency 

.931 .936 .928 .934 

Loss of Human 
Touch .863 .857 .852 .859 

 
Analyses were conducted separately for tech-

nology-intensive and traditional sectors and for 
four HR functions: recruitment, performance ap-
praisal, training planning, and talent management. 
Pearson correlation analyses were used to exam-
ine relationships among the research variables. 
Multiple linear regression analyses were then per-
formed to assess the predictive roles of perceived 
usefulness, perceived ease of use, trust in AI, per-
ceived fairness and transparency, and perceived 
loss of human touch in the acceptance of AI-based 
HR applications. The regression models were esti-
mated separately for each sector group and HR 
function. To ensure that observed sectoral differ-
ences in AI acceptance were not confounded by 
demographic variations across sector groups hier-
archical multiple regression analyses were per-
formed as a robustness check. Demographic varia-
bles (age, education level, and work experience) 
were entered in Step 1, followed by the five main 
explanatory variables in Step 2. This two-stage 
procedure allowed for evaluating whether the pre-
dictive patterns of the core constructs remained 
stable after controlling for individual-level demo-
graphic characteristics. 

To formally test whether the predictive rela-
tionships between explanatory variables and AI ac-
ceptance statistically differ across sector groups 
(rather than relying solely on separate subgroup re-
gressions) interaction/moderation regression 
analyses were conducted. 

To assess potential multicollinearity among the 
explanatory variables in the regression models, 
Variance Inflation Factor (VIF) and Tolerance sta-
tistics were calculated. Across all estimated mod-
els, VIF values remained well below the conserva-
tive cutoff threshold of 5.0, and Tolerance values 
were substantially above the minimum acceptable 
limit of 0.10. These diagnostics confirm that multi-
collinearity does not pose a threat to the stability or 
interpretation of the regression estimates. 
 
Findings  
 
Table 6. Demographic characteristics of the 
participants 

Variable  
Technology- 
Intensive  
(n = 180) 

Traditional  
(n = 180) 

Total  
(n = 360) 

Gender 
Female 53% 51% 52% 
Male 47% 49% 48% 

Age 

18-25 16% 11% 13% 
26-35 42% 36% 39% 
36-45 26% 29% 27% 
46-55 12% 17% 15% 
56 + 4% 7% 6% 

Educa-
tion 

High School 11% 23% 17% 
Bachelor 57% 56% 57% 
Masters 
/PhD 32% 21% 26% 

Work Ex-
perience 

Less than 5 
years 

39% 27% 33% 

5-10 years 33% 36% 35% 
11-15 years 18% 22% 20% 
15 years + 10% 15% 12% 

 
As shown in Table 6, the sample consisted of 

equal numbers of employees from technology-in-
tensive and traditional sectors. Gender distribution 
was also broadly balanced across the two sector 
groups. Participants in technology-intensive sec-
tors were relatively younger and more highly edu-
cated, whereas traditional sectors included a 
higher proportion of employees with longer work 
experience and high school-level education.  
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Table 7. Descriptive statistics of research variables 

Variable Sector Statistic Recruitment Performance 
Appraisal 

Training 
Planning 

Talent Manage-
ment 

AI Acceptance 

Technology-In-
tensive 

Mean 3.62 3.55 4.12 4.05 
Std. dev. 0.74 0.77 0.63 0.66 

Traditional 
Mean 3.48 3.42 3.96 3.88 
Std. dev. 0.81 0.84 0.71 0.73 

Perceived Use-
fulness 

Technology-In-
tensive 

Mean 4.18 4.10 4.36 4.24 
Std. dev. 0.61 0.65 0.56 0.59 

Traditional 
Mean 3.82 3.76 4.08 3.98 
Std. dev. 0.71 0.73 0.65 0.68 

Perceived Ease 
of Use 

Technology-In-
tensive 

Mean 4.09 4.04 4.31 4.17 
Std. dev. 0.64 0.66 0.58 0.61 

Traditional 
Mean 3.79 3.74 4.01 3.92 
Std. dev. 0.72 0.74 0.67 0.69 

Trust in AI 

Technology-In-
tensive 

Mean 4.15 4.08 4.39 4.21 
Std. dev. 0.60 0.63 0.55 0.58 

Traditional 
Mean 3.77 3.71 4.02 3.95 
Std. dev. 0.74 0.75 0.67 0.69 

Perceived Fair-
ness and Trans-
parency 

Technology-In-
tensive 

Mean 3.74 3.69 3.80 3.77 
Std. dev. 0.70 0.73 0.68 0.69 

Traditional 
Mean 4.12 4.18 4.08 4.15 
Std. dev. 0.63 0.61 0.64 0.62 

Loss of Human 
Touch 

Technology-In-
tensive 

Mean 2.84 2.92 2.71 2.76 
Std. dev. 0.82 0.79 0.85 0.83 

Traditional 
Mean 3.62 3.74 3.48 3.56 
Std. dev. 0.74 0.71 0.76 0.75 

 
Table 7 presents the descriptive statistics for 

the research variables. Technology-intensive sec-
tors showed descriptively higher mean scores for 
AI acceptance, perceived usefulness, perceived 
ease of use, and trust in AI across all four HR func-
tions. In contrast, perceived fairness and transpar-
ency and perceived loss of human touch were 
higher in traditional sectors. In both sector groups, 
AI acceptance was higher for training planning and 
talent management than for recruitment and per-
formance appraisal.  
 
Table 8. Pearson correlation analysis results / Technol-
ogy-intensive sectors 

  
AI Acceptance 
(Recruitment) 

AI Ac-
ceptance 
(Performance 
Appraisal) 

AI Ac-
ceptance 
(Training 
Planning) 

AI Acceptance 
(Talent Man-
agement) 

Perceived Useful-
ness (PU) 

r .612** .521** .621** .545** 

p .001 .003 <.001 <.001 

Perceived Ease of 
Use (PEOU) 

r .541** .468** .654** .488** 

p .003 .009 .001 <.001 

Trust in AI 
r .587** .502** .689** .512** 

p .002 .005 <.001 <.001 

Perceived Fairness 
and Transparency 

r .398** .421** .412** .436** 

p .003 .002 .002 .001 

Loss of Human 
Touch 

r -.298** -.365** -.241 -.265 

p <.001 .004 .198 .158 

**p < .01; *p < .05 

 

Pearson correlation analyses were subse-
quently conducted separately for technology-in-
tensive and traditional sectors to examine the rela-
tionships between AI acceptance and the explana-
tory variables across the four HR functions. 

As shown in Table 8, perceived usefulness, per-
ceived ease of use, trust in AI, and perceived fair-
ness and transparency were positively associated 
with AI acceptance across all four HR functions in 
technology-intensive sectors. The strongest rela-
tionship was observed between trust in AI and ac-
ceptance in training planning (r = .689, p < .001). 
Perceived loss of human touch showed significant 
negative correlations with AI acceptance in re-
cruitment (r = -.298, p < .001) and performance ap-
praisal (r = -.365, p = .004). Its correlations with ac-
ceptance in training planning and talent manage-
ment were not statistically significant. 
 
Table 9. Pearson correlation analysis results / 
Traditional sectors 

  
AI Acceptance 
(Recruitment) 

AI Ac-
ceptance 
(Performance 
Appraisal) 

AI Ac-
ceptance 
(Training 
Planning) 

AI Acceptance 
(Talent Man-
agement) 

Perceived Useful-
ness (PU) 

r .332** .298 .512** .612** 

p .004 .090 .004 .001 

Perceived Ease of 
Use (PEOU) 

r .298 .276 .468** .564** 

p .090 .118 .009 .002 

Trust in AI 
r .315 .312 .501** .598** 

p .082 .084 .005 .001 

Perceived Fairness 
and Transparency 

r .598** .612** .598** .654** 

p .001 .001 .001 <.001 

Loss of Human 
Touch 

r -.487** -.521** -.312** -.365** 

p .006 .003 .004 .003 

**p < .01; *p < .05 

 
As shown in Table 9, AI acceptance in recruit-

ment was positively associated with perceived 
usefulness and perceived fairness and transpar-
ency, and negatively associated with perceived 
loss of human touch. Perceived ease of use and 
trust in AI were not significantly related to recruit-
ment acceptance. In performance appraisal, per-
ceived fairness and transparency showed a posi-
tive relationship, whereas perceived loss of human 
touch showed a negative relationship; the remain-
ing variables were not statistically significant. In 
training planning and talent management, per-
ceived usefulness, perceived ease of use, trust in 
AI, and perceived fairness and transparency were 
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positively associated with AI acceptance, while 
perceived loss of human touch was negatively as-
sociated with acceptance. 

Following the correlation analyses, multiple lin-
ear regression analyses were conducted sepa-
rately for technology-intensive and traditional sec-
tors to examine the predictors of AI acceptance 
across recruitment, performance appraisal, train-
ing planning, and talent management. Prior to eval-
uating the regression models, multicollinearity di-
agnostics were systematically examined to ensure 
that inter-correlations among the explanatory var-
iables did not distort parameter estimations. 
Across all estimated models, Tolerance values 
were well above the acceptable threshold of .10, 
and Variance Inflation Factor (VIF) values remained 
comfortably below the conservative cutoff limit of 
5.0, confirming the absence of severe multicolline-
arity and supporting the stability of the estimated 
coefficients. 
 
Table 10. Multiple regression analysis results for AI ac-
ceptance in recruitment 
Sector Independent 

variable  Dependent 
variable 

Mode
l R2 β Sig (p) Tol. VIF 

Technol-
ogy-Inten-
sive  

PU → 

AI Ac-
ceptance in 
Recruit-
ment 

0.61 

.365 .005** .54 1.85 
PEOU → .271 .022* .61 1.64 
Trust in AI → .318 .009** .58 1.72 
Perceived Fair-
ness and 
Transparency 

→ 
.182 .095 .68 1.47 

Loss of Human 
Touch 

→ -.112 .244 .78 1.28 

Traditional  

PU → 

AI Ac-
ceptance in 
Recruit-
ment 

0.67 

.212 .084 .52 1.92 
PEOU → .158 .149 .59 1.69 
Trust in AI → .191 .096 .55 1.82 
Perceived Fair-
ness and 
Transparency 

→ 
.401 .002** .64 1.56 

Loss of Human 
Touch 

→ -.312 .005** .72 1.39 

PU=Perceived Usefulness; PEOU=Perceived Ease of Use; Tol.=Tolerance; VIF=Vari-
ance Inflation Factor **p < .01; *p < .05 

 
As shown in Table 10, perceived usefulness, 

perceived ease of use, and trust in AI were signifi-
cant positive predictors of recruitment-related AI 
acceptance in technology-intensive sectors, 
whereas perceived fairness and transparency and 
loss of human touch were not significant. The 
model explained 61% of the variance in AI ac-
ceptance. In traditional sectors, perceived fairness 
and transparency positively predicted AI ac-
ceptance, while loss of human touch had a signifi-

cant negative predictive role. Perceived useful-
ness, perceived ease of use, and trust in AI were 
not significant predictors, and the model explained 
67% of the variance. 
 
Table 11. Multiple regression analysis results for AI 
acceptance in performance appraisal 

Sector Independent varia-
ble  Dependent 

variable 
Model 
R2 β Sig (p) Tol. VIF 

Technol-
ogy-Inten-
sive  

PU → 

AI Ac-
ceptance in 
Perfor-
mance Ap-
praisal 

0.59 

.321 .011* .56 1.79 
PEOU → .268 .025* .63 1.59 
Trust in AI → .292 .016* .59 1.69 
Perceived Fair-
ness and 
Transparency 

→ 
.214 .059 .66 1.52 

Loss of Human 
Touch 

→ -.221 .044* .75 1.33 

Traditional  

PU → 

AI Ac-
ceptance in 
Perfor-
mance Ap-
praisal 

0.66 

.185 .142 .54 1.85 
PEOU → .158 .152 .60 1.67 
Trust in AI → .201 .094 .57 1.75 
Perceived Fair-
ness and 
Transparency 

→ 
.418 .001** .62 1.61 

Loss of Human 
Touch 

→ -.336 .003** .70 1.43 

PU=Perceived Usefulness; PEOU=Perceived Ease of Use; Tol.=Tolerance; VIF=Vari-
ance Inflation Factor **p < .01; *p < .05  

 
As shown in Table 11, perceived usefulness, per-

ceived ease of use, and trust in AI positively pre-
dicted AI acceptance in performance appraisal 
within technology-intensive sectors, whereas per-
ceived loss of human touch had a significant nega-
tive predictive role. Perceived fairness and trans-
parency was not a significant predictor, and the 
model explained 59% of the variance. In traditional 
sectors, perceived fairness and transparency posi-
tively predicted AI acceptance, while perceived 
loss of human touch negatively predicted ac-
ceptance. Perceived usefulness, perceived ease of 
use, and trust in AI were not significant predictors, 
and the model explained 66% of the variance. 
 
Table 12. Multiple regression analysis results for AI 
acceptance in training planning 

Sector Independent variable  Dependent 
variable 

Model 
R2 β Sig (p) Tol. VIF 

Tech-
nology- 
Inten-
sive 

PU → 

AI Ac-
ceptance 
in Training 
Planning 

0.53 

.445 <.001** .48 2.08 
PEOU → .362 .001** .52 1.92 
Trust in AI → .401 .001** .46 2.17 
Perceived Fair-
ness and Trans-
parency 

→ 
.168 .091 .64 1.56 

Loss of Human 
Touch 

→ -.112 .203 .79 1.27 

Tradi-
tional  

PU → 

AI Ac-
ceptance 
in Training 
Planning 

0.58 

.298 .011* .55 1.82 
PEOU → .268 .017* .61 1.64 
Trust in AI → .281 .014* .58 1.72 
Perceived Fair-
ness and Trans-
parency 

→ 
.341 .005** .65 1.54 

Loss of Human 
Touch 

→ -.224 .031* .74 1.35 

PU=Perceived Usefulness; PEOU=Perceived Ease of Use; Tol.=Tolerance; VIF=Vari-
ance Inflation Factor **p < .01; *p < .05  
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As shown in Table 12, perceived usefulness, 
perceived ease of use, and trust in AI positively 
predicted AI acceptance in training planning within 
technology-intensive sectors, whereas perceived 
fairness and transparency and perceived loss of 
human touch were not significant predictors. The 
model explained 53% of the variance. In traditional 
sectors, perceived usefulness, perceived ease of 
use, trust in AI, and perceived fairness and trans-
parency positively predicted AI acceptance, while 
perceived loss of human touch had a significant 
negative predictive role. The model explained 58% 
of the variance. 
 
Table 13. Multiple regression analysis results for AI 
acceptance in talent management 

Sector Independent varia-
ble  Dependent var-

iable 
Model 
R2 β Sig (p) Tol. VIF 

Technol-
ogy-Inten-
sive  

PU → 

AI Ac-
ceptance in 
Talent Man-
agement 

0.57 

.336 .006** .52 1.92 
PEOU → .271 .018* .59 1.69 
Trust in AI → .298 .011* .55 1.82 
Perceived Fair-
ness and 
Transparency 

→ 
.176 .083 .65 1.54 

Loss of Human 
Touch 

→ -.109 .231 .77 1.30 

Traditional  

PU → 

AI Ac-
ceptance in 
Talent Man-
agement 

0.64 

.264 .024* .50 2.00 
PEOU → .241 .031* .57 1.75 
Trust in AI → .258 .028* .53 1.89 
Perceived Fair-
ness and 
Transparency 

→ 
.372 .002** .60 1.67 

Loss of Human 
Touch 

→ -.228 .039* .72 1.39 

PU=Perceived Usefulness; PEOU=Perceived Ease of Use; Tol.=Tolerance; 
VIF=Variance Inflation Factor **p < .01; *p < .05  

 
As shown in Table 13, perceived usefulness, 

perceived ease of use, and trust in AI positively 
predicted AI acceptance in talent management 
within technology-intensive sectors, whereas per-
ceived fairness and transparency and perceived 
loss of human touch were not significant predic-
tors. The model explained 57% of the variance. In 
traditional sectors, perceived usefulness, per-
ceived ease of use, trust in AI, and perceived fair-
ness and transparency positively predicted AI ac-
ceptance, while perceived loss of human touch had 
a significant negative predictive role. The model 
explained 64% of the variance. 

To address potential confounding effects re-
sulting from demographic discrepancies between 
technology-intensive and traditional sector sam-
ples (e.g., younger and more educated participants 

in technology-intensive sectors versus more expe-
rienced participants in traditional sectors), hierar-
chical regression models were estimated across all 
four HR functions. In Step 1, Age, Education Level, 
and Work Experience were entered as control var-
iables. In Step 2, Perceived Usefulness, Perceived 
Ease of Use, Trust in AI, Perceived Algorithmic 
Fairness and Transparency, and Perceived Loss of 
Human Touch were added to the model.  
 
Table 14. Hierarchical regression analysis results 
controlling for demographic variables (Robust-
ness Check) 

HR Function & 
Sector Group 

Step 1: Control 
Variables (R2) 

Step 2: Main 
Predictors 
Added (R2) 

ΔR2 Significant Predictors in 
Step 2 (β) Sig. (p) 

Recruit-
ment      

Technol-
ogy-Inten-
sive 

.03 .62 .59*** PU (.358**), PEOU 
(.264*), Trust (.310**) <.001 

Traditional .04 .68 .64*** 
Fairness (.392**), 
Loss of Human 
Touch (-.305**) 

<.001 

Perfor-
mance Ap-
praisal 

     

Technol-
ogy-Inten-
sive 

.02 .60 .58*** 
PU (.315*), PEOU 
(.260*), Trust (.285*), 
Loss of HT (-.212*) 

<.001 

Traditional .05 .67 .62*** 
Fairness (.410**), 
Loss of Human 
Touch (-.328**) 

<.001 

Training 
Planning      

Technol-
ogy-Inten-
sive 

.03 .54 .51*** 
PU (.438**), PEOU 
(.355**), Trust 
(.392**) 

<.001 

Traditional .04 .59 .55*** 

PU (.290*), PEOU 
(.261*), Trust (.275*), 
Fairness (.332**), 
Loss of HT (-.218*) 

<.001 

Talent 
Manage-
ment 

     

Technol-
ogy-Inten-
sive 

.02 .58 .56*** PU (.330**), PEOU 
(.265*), Trust (.291*) <.001 

Traditional .03 .65 .62*** 

PU (.258*), PEOU 
(.235*), Trust (.250*), 
Fairness (.365**), 
Loss of HT (-.220*) 

<.001 

Note: Step 1 controls: Age (1=18-25; 2=26-35; 3=36-45; 4=46-55; 5=56+), Education 
Level (1=High School; 2=Bachelor; 3=Master/PhD), Work Experience (1=<5 yrs; 2=5-
10 yrs; 3=11-15 yrs; 4=15+ yrs). PU = Perceived Usefulness, PEOU = Perceived Ease of 
Use, Trust = Trust in AI, Fairness = Perceived Algorithmic Fairness and Transparency, 
Loss of HT = Perceived Loss of Human Touch. ***p < .001. 

 
As summarized in Table 14, the inclusion of de-

mographic control variables in Step 1 explained a 
minimal proportion of variance (R2 ranging from .02 
to .05 across models, p > .05). When the main ex-
planatory variables were introduced in Step 2, the 
models produced statistically significant variance 



Selma Kalkavan 
   

 13 

changes (∆R2 ranging from .51 to .64, p < .001). Cru-
cially, the regression coefficients (β), directionality, 
and significance levels of the primary independent 
variables remained consistent with the unadjusted 
models reported in Tables 10-13. These results 
show that the subgroup predictive patterns remain 
stable after controlling for age, education level, and 
work experience. The interaction models in Table 
15 identify the specific relationships that differ sig-
nificantly between sector groups. 

To assess whether the predictive coefficients 
of the main explanatory variables statistically differ 
between technology-intensive and traditional sec-
tors, moderation models were tested by including 
interaction terms. As shown in Table 15, five inter-
action terms were statistically significant, identify-
ing specific differences in predictive relationships 
between the two sector groups. 
 
Table 15. Moderation regression analysis results test-
ing cross-sectoral interaction effects (Predictor × Sec-
tor Group) 
HR Function & 
Independent 
Variable 

Main Ef-
fect (β) 

Sector 
Dummy 
(β) 

Interaction 
Term (Predic-
tor×Sector) (β) 

Sig. 
(p) 

Structural 
Moderation 
Decision 

Recruitment      

Perceived 
Usefulness .212 .142 .153 .112 Not Significant 

Perceived 
Ease of Use .158 .142 .113 .210 Not Significant 

Trust in AI .191 .142 .127 .168 Not Significant 

Perceived 
Fairness and 
Transparency 

.401** .142 -.242** .003 
Significant 
(Stronger in 
Traditional) 

Loss of Human 
Touch -.312** .142 .201* .014 

Significant 
(Stronger in 
Traditional) 

Performance 
Appraisal      

Perceived 
Usefulness .185 .128 .136 .145 Not Significant 

Perceived 
Ease of Use .158 .128 .110 .224 Not Significant 

Trust in AI .201 .128 .091 .312 Not Significant 

Perceived 
Fairness and 
Transparency 

.418** .128 -.218** .008 
Significant 
(Stronger in 
Traditional) 

Loss of Human 
Touch -.336** .128 .115 .182 Not Significant 

Training Plan-
ning      

Perceived 
Usefulness .298* .115 .147 .102 Not Significant 

Perceived 
Ease of Use .268* .115 .094 .280 Not Significant 

Trust in AI .281* .115 .215* .011 

Significant 
(Stronger in 
Tech-Inten-
sive) 

HR Function & 
Independent 
Variable 

Main Ef-
fect (β) 

Sector 
Dummy 
(β) 

Interaction 
Term (Predic-
tor×Sector) (β) 

Sig. 
(p) 

Structural 
Moderation 
Decision 

Perceived 
Fairness and 
Transparency 

.341** .115 -.173 .071 Not Significant 

Loss of Human 
Touch -.224* .115 .112 .215 Not Significant 

Talent Man-
agement      

Perceived 
Usefulness .264* .121 .189* .024 

Significant 
(Stronger in 
Tech-Inten-
sive) 

Perceived 
Ease of Use .241* .121 .030 .721 Not Significant 

Trust in AI .258* .121 .040 .632 Not Significant 

Perceived 
Fairness and 
Transparency 

.372** .121 -.196 .052 Not Significant 

Loss of Human 
Touch -.228* .121 .119 .190 Not Significant 

Note: Sector Group reference category: 0 = Traditional Sectors, 1 = 
Technology-Intensive Sectors. Controlled for Age, Education Level, 
and Work Experience. **p < .01, *p < .05. 

 
For recruitment and performance appraisal, the 

interaction terms for Perceived Algorithmic Fair-
ness and Transparency were negative and statisti-
cally significant (β= -.242, p=.003 and β= -.218, p = 
.008, respectively). These results show that the 
positive association of perceived fairness and 
transparency with AI acceptance was stronger in 
traditional sectors than in technology-intensive 
sectors for these two functions. The interaction 
term for Perceived Loss of Human Touch in re-
cruitment was positive and statistically significant 
(β= .201, p=.014), indicating that its negative asso-
ciation with AI acceptance was stronger in tradi-
tional sectors. 

For training planning, the interaction term for 
Trust in AI was positive and statistically significant 
(β= .215, p=.011), showing a stronger positive asso-
ciation with AI acceptance in technology-intensive 
sectors. For talent management, the interaction 
term for Perceived Usefulness was positive and 
statistically significant (β = .189, p = .024), showing 
a stronger positive association in technology-in-
tensive sectors. Together with the recruitment and 
performance appraisal findings, these five signifi-
cant interactions identify the specific relationships 
moderated by sector group. The remaining interac-
tion terms were not statistically significant. 
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Discussion and Conclusion  
 
This study demonstrates that employee ac-
ceptance of AI-based human resources applica-
tions varies according to both sectoral context and 
the HR function in which AI is used. In the subgroup 
regressions for technology-intensive sectors, per-
ceived usefulness, perceived ease of use, and trust 
in AI emerged as significant positive predictors of 
acceptance across the four HR functions. This find-
ing supports the continued relevance of the Tech-
nology Acceptance Model and UTAUT in digitally 
mature organizational settings (Davis, 1989; Ven-
katesh et al., 2003). Employees in these sectors 
appear to perceive AI-based HR applications as ex-
tensions of existing digital workflows rather than 
as unfamiliar technologies. The interaction findings 
further show that the positive association of trust 
in AI with acceptance in training planning and that 
of perceived usefulness in talent management are 
stronger in technology-intensive sectors. 

In the subgroup regressions for traditional sec-
tors, perceived fairness and transparency posi-
tively predicted acceptance, while perceived loss 
of human touch negatively predicted acceptance 
across the four HR functions. The interaction find-
ings show that the positive association of fairness 
and transparency is stronger in traditional sectors 
for recruitment and performance appraisal, while 
the negative association of loss of human touch is 
stronger in traditional sectors for recruitment. 
These findings suggest that employees in tradi-
tional sectors evaluate AI-based HR applications 
through ethical and normative considerations in 
addition to their technical utility. Employees ap-
pear to be concerned with whether algorithmic de-
cisions are understandable, reviewable, fair, and 
subject to human oversight. This result is con-
sistent with research emphasizing algorithmic jus-
tice, ethical legitimacy, accountability, and em-
ployee reactions as central conditions of AI ac-
ceptance in HRM (Bujold et al., 2024; Golgeci et al., 
2025; Köchling & Wehner, 2020). 

Sectoral differences may reflect variations in 
digital maturity, workforce capabilities, and the or-

ganization of work. Employees in technology-in-
tensive sectors are generally more familiar with 
data-driven tools, automation, and digital decision-
support systems. Their evaluations of AI therefore 
tend to focus on functionality, usability, and trust.  
In traditional sectors, where work processes may 
depend more strongly on face-to-face interaction, 
practical experience, physical operations, and di-
rect supervision, AI-based HR systems may repre-
sent a more substantial organizational change. The 
stronger associations of fairness and transparency 
in recruitment and performance appraisal, to-
gether with loss of human touch in recruitment, 
give these considerations particular relevance in 
traditional sectors. 

The findings also indicate that AI acceptance 
should not be treated as a uniform attitude across 
HR functions. Training planning and talent man-
agement generally received higher acceptance 
than recruitment and performance appraisal. Em-
ployees may regard AI more positively when it sup-
ports learning, development, career planning, and 
talent matching. Recruitment and performance ap-
praisal, in contrast, involve consequential judg-
ments concerning employment, career opportuni-
ties, performance, and organizational justice. 
These functions therefore generate stronger ex-
pectations regarding explainability, procedural 
fairness, and human review. 

The negative predictive role of perceived loss 
of human touch in performance appraisal within 
technology-intensive sectors is particularly note-
worthy. Perceived loss of human touch also 
showed a significant negative correlation with re-
cruitment acceptance in these sectors. These find-
ings highlight the importance of human involve-
ment in recruitment and performance appraisal in 
digitally mature settings. Even in digitally mature 
settings, employees may expect performance 
judgments to incorporate contextual knowledge, 
managerial interpretation, and opportunities for di-
alogue. Human oversight therefore remains im-
portant when AI-generated assessments directly 
affect professional identity, autonomy, and career 
outcomes. 
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The findings have important practical implica-
tions. Organizations should avoid applying a uni-
form AI implementation strategy across sectors 
and HR functions. The positive subgroup associa-
tions of perceived usefulness, perceived ease of 
use, and trust in AI support attention to usefulness, 
usability, and reliability when introducing AI. The in-
teraction findings identify more specific priorities 
for each sector group. In technology-intensive sec-
tors, building trust is particularly relevant to train-
ing planning, while demonstrating usefulness is 
particularly relevant to talent management. In tra-
ditional sectors, fairness and transparency de-
serve particular attention in recruitment and per-
formance appraisal, with preservation of human in-
volvement also particularly relevant to recruit-
ment. In high-stakes processes such as recruit-
ment and performance appraisal, positioning AI as 
a decision-support mechanism rather than an au-
tonomous decision-maker may be particularly im-
portant. 

In conclusion, the successful implementation of 
AI-based HR practices depends on more than 
technical integration. The subgroup findings show 
the relevance of conventional technology ac-
ceptance variables alongside fairness, transpar-
ency, and human involvement. Five significant in-
teractions specify how these relationships differ 
between sector groups. Fairness and transparency 
have stronger positive associations with ac-
ceptance in traditional sectors for recruitment and 
performance appraisal, while loss of human touch 
has a stronger negative association for recruit-
ment. Trust in AI in training planning and perceived 
usefulness in talent management have stronger 
positive associations in technology-intensive sec-
tors. These findings support consideration of the 
particular HR function when interpreting sectoral 
differences in AI acceptance. 
 
Limitations and Future Research 
 
The study is limited to six sectors and employee 
perceptions measured within four HR functions. 
Participants were selected through purposive 
sampling, which limits the generalizability of the 

findings to the wider employee population. Equal 
numbers of participants from each sector support 
a balanced sample structure, but the findings 
should be considered in relation to the employees 
and sectors included in the study. In addition, the 
measured perceptions provide information about 
how employees evaluate AI-based HR practices. 
Further research could examine how these evalua-
tions relate to actual use of AI systems and experi-
ences with their implementation. 

With respect to the interpretation of sectoral 
variation, institutional arrangements, organiza-
tional conditions, labor-market characteristics, and 
the national context may also influence employee 
acceptance. These factors were not included 
among the explanatory variables examined in the 
study. Regulatory expectations and employee rep-
resentation may shape perceptions of fairness and 
accountability, while organizational size, manage-
ment practices, digital infrastructure, and opportu-
nities for training may affect employees’ familiarity 
with AI. Labor-market conditions, occupational dif-
ferences, and concerns about employment secu-
rity may also contribute to the meaning employees 
assign to AI-based HR practices. For this reason, 
the sector grouping should be considered along-
side differences within sectors and the conditions 
under which organizations introduce AI. 

Future research may extend these findings by 
examining different national contexts, organiza-
tional sizes, occupational groups, and forms of AI-
supported decision-making. Qualitative interviews 
could provide a more detailed understanding of 
how employees interpret usefulness, fairness, 
trust, and the preservation of human involvement 
in particular HR processes. Mixed-methods de-
signs could combine these accounts with survey 
findings to explain the conditions associated with 
acceptance across sectors. Longitudinal designs 
could examine how employee perceptions and ac-
ceptance develop as experience with AI-based HR 
practices increases and organizational arrange-
ments change. 
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