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Abstract: Our study objective is to examine the determinants that influence the adoption of human 

resource (HR) analytics, along with the influence of the external variable called Innovation 

Performance. The research model was developed by adapting the theoretical model of the unified 

theory of the acceptance and use of technology (UTAUT) by adding the external variable, Innovation 

Performance. The data was collected using a survey at Amazon Mechanical Turk (MTurk) in the USA. 

Initially, a total of 602 responses were obtained. Finally, a total of 554 questionnaires were obtained 

after using information quality filters for debugging. This study reveals that the main influence on the 

adoption of HR analytics is exerted by performance expectancy, social influence, facilitating 

conditions, and innovation performance on behavioral intention. Likewise, facilitating conditions, 

innovative performance, and behavior intention are the major influences for Use Behavior. This was 

found from an empirical analysis using the generalized structured component analysis (GSCA) 

software package that shows, with tabled data, the major relationships of the research model. This 

research into the use of HR Analytics investigated the standard determinants of UTAUT and the 

Innovation Performance external variable, that influence the adoption of HR analytics in business 

organization.  

  

mailto:ppalos@us.es


1127 

Electronic Research Archive  Volume 32, Issue 2, 1126-1144. 

Keywords: business organization; companies; HR analytics; innovation performance; UTAUT; 

GSCA 

 

1. Introduction  

Harnessing the potential of digitization for strategic purposes is particularly relevant to the digital 

transformation of organizations with digital strategy being a decisive factor [1,2]. The formulation and 

execution of HR strategies along with HR practices are also relevant for human resource management 

(HRM) as they establish how digitization potential can be exploited to create value for organizations 

using the digital strategies presented by Strohmeier [3], and Marino-Romero et al. [4]. This is an 

example of the way HR analytics can systematically create value for an organization by basing all 

human resources decisions on evidence. 

HR analytics is defined by Marler et al. [5] as an HR-enabled information technology practice 

that uses descriptive, visual, and statistical analysis of data related to HR processes, human capital, 

organizational performance, and external economic parameters to improve business impact and enable 

data-driven decision-making. 

The COVID-19 pandemic has allowed some companies to recognize the relevance of HR 

analytics for crisis management [6–8]. However, the research by Dahlbom et al. [9] found that the low 

levels of expectation for the success of HR analytics in companies are due to an inability of managers 

to see the benefits of using it to manage people in the business when one of the most important points 

for the adoption of HR analytics is the support of management. 

The adoption of HR analytics has become more relevant as Shet et al. [10] and Minbaeva [11] 

state that data quality, analytical skills, and strategic ability to act are critical elements for the effective 

and successful adoption of HR analytics in organizations. 

Other studies of technology adoption [12,13] propose that an empirical examination can be used 

to find the practical application of the adoption and use of HR analytics for evidence-based decision-

making for the organization and staff and can broaden understanding [14,15]. 

In addition, it is known by using effective strategic HR practices companies can increase their 

ability to introduce new products or services, as well as influence the staff to achieve better results and 

give a higher value to innovation. The adoption and use of HR analytics can play a critical role in this 

due to the influence of Innovation Performance. Vargas et al. [16] state that HR analytics should be 

considered a complex innovation as it integrates technological tools and data analysis. 

The novelty of this study is the use of the generalized structured component analysis (GSCA) 

algorithm, which provides a global least squares optimization criterion with respect to PLS [17–19]. 

Moreover, GSCA can easily deal with both formative and reflective indicators and is also free from 

the problem of factor score indeterminacy [20]. 

The following research question has been formulated: What standard determinants, including 

Innovation Performance, can be identified as factors having a significant positive influence on the 

adoption of HR analytics? The main objective of this paper is to examine the determinants that 

influence the adoption of HR analytics with an empirical study and find the influence of the external 

variable, Innovation Performance.  

This article is organized as follows: in the first part, the subject, the purpose, the objective, and 

the research question are presented. This section includes the literature review identifying and 
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consulting the scientific articles about the adoption of HR analytics resulting in a proposal for the 

adaptation of the theoretical model of the UTAUT for the process of innovative technology adoption 

by including the Innovation Performance external variable to understand the model of HR analytics 

adoption. Then, it includes the eight hypotheses proposed for this study. The following section explains 

the methodology used in this study, which was a survey with a questionnaire. The questionnaire 

(Appendix A) was published on the Amazon MTurk crowdsourcing platform with a sample of (n = 

602) users to understand their opinions of how HR can use analytics to manage people at work with a 

data-driven approach. The analysis of the results is then made using GSCA and this is followed by a 

discussion and conclusions with suggestions for possible future lines of research. 

1.1. Adoption of HR analytics in business organizations 

Fernandez et al. [21] identified the barriers to the adoption of HR analytics in organizations and 

grouped them into four categories Data and models, Software and technology, people and management, 

as shown in Figure 1.  

 

Figure 1. Barriers to the adoption of HR analytics. Adapted from Fernandez et al. [21]. 

To help companies overcome these barriers Fernandez et al. [21] also proposed a set of key factors, 

which are organized into four major categories, preparation, development, dissemination, and team, as 

seen in Figure 2. 



1129 

Electronic Research Archive  Volume 32, Issue 2, 1126-1144. 

 

Figure 2. Key factors for HR analytics adoption. Adapted from Fernandez et al. [21]. 

Shet et al. [10] provide a framework for HR analytics adoption that identifies five factors that 

influence adoption. These are technological, environmental, data governance, and individual. The 

work by [22] complements such adoption by identifying three main areas of interest for HR analytics 

which are grouped as follows, (a) “HR analytics enablers”, which are factors that enable or support 

HR analytics initiatives, include technological factors and organizational enablers, (b) “HR analytics 

applications”, which refers to the different types of applications of HR analytics, from descriptive 

applications that are more traditional to predictive/prescriptive applications, and (c) “The value of HR 

analytics”, which identifies the value generated by HR analytics, with a dual focus on employee-related 

value and organizational or business value. Concerning the “HR analytics applications”, Figure 3 

shows the stages of the evolution of HR analytics: 

 

Figure 3. Stages of the evolution of HR analytics. Adapted from Margherita [22]. 

1.2. Previous studies on the adoption of HR analytics 

Research by Ramzi et al. [23] explains that the research aimed to investigate the perception of 
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HR analytics by HR professionals and find the aspects that affect HR analytics adoption. The findings 

show that there is a negative relationship between the aspects of performance, effort expectation, and 

social influence in the adoption of HR analytics.  

The study by Arora [24] evaluated the aspects that determine an individual’s decision to adopt 

HR analytics. The results suggest that performance expectation influences the intention to adopt HR 

analytics. In contrast, effort expectation and social influence did not influence the behavioral intention 

to use it. In addition, the use behavior of HR analytics was determined by the behavioral intention to 

use it and the facilitating conditions.  

In the research by Ekka et al. [25], the goal was to explore the behavioral intention to use HR 

analytics by HR professionals. The results revealed a significant positive influence of performance 

expectation, effort expectation, social influence, and facilitating conditions on behavioral intention to 

use HR analytics. Similarly, it was noted that behavioral intention has a significant positive influence 

on use behavior for HR analytics.  

Peisl et al. [26] investigated the acceptance of technology and the use behavior of HR managers 

for the adoption of predictive HR analytics during hiring processes. However, the results of the study 

and the application of the hypotheses model are transferred to other researchers because they were 

developed or included by the authors. 

2. Investigation model and research hypotheses 

The research model and hypotheses are formulated to examine the determinants of HR analytics 

adoption and measure the effect of innovation performance. They were developed by adapting the 

theoretical model of UTAUT and the external variable, innovation performance. UTAUT has been 

widely used in research to investigate the adoption process for innovative technologies along with the 

behavioral intention to use them, as it has a predictive efficiency of 70% [27–29]. 

UTAUT was formulated after reviewing and comparing eight empirical models of information 

technology adoption and finding that four constructs act as direct determinants of acceptance by users 

and use behavior. These are performance expectancy, effort expectancy, social influence, and 

facilitating conditions [25]. The determinants of HR analytics adoption are presented below. 

2.1.1. Performance expectancy 

Performance expectancy is defined by Venkatesh [30] as the degree to which a person believes 

that using the system will help them improve work performance. Performance expectations have 

consistently proven to be one of the strongest predictors of behavioral intention to adopt and use 

information technology [31]. The study by Hmoud et al. [31] provides understanding and knowledge 

about the factors influencing the adoption of artificial intelligence (AI) in human resources information 

systems (HRIS) and the behavioral intention to use it by HR professionals. They found that 

Performance Expectation has an important influence on the behavioral intention to use AI by HR 

professionals in HRIS. The following hypothesis is thus proposed for this research: 

Hypothesis 1 (H1). Performance expectation has a significant positive influence on the behavioral 

intention to use HR analytics. 
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2.1.2. Effort expectation 

Effort Expectation is defined as how easy the user thinks the system will be to use. In the study 

by Ouirdi et al. [32], which focuses on the adoption of social networks in the recruitment and selection 

of employees, effort expectation had a positive influence on the behavioral intention to use social 

networks when hiring employees. Therefore, the following hypothesis was proposed: 

Hypothesis 2 (H2). Effort expectation has a significant positive influence on the behavioral intent 

to use HR analytics. 

2.1.3. Social influence 

Social influence is defined by Venkatesh [30] as the degree to which an individual perceives that 

others believe it important to use the new system. Rahman et al. [33] identified the most important 

factors affecting HRIS adoption, and social influence was found to have a significant effect on 

behavioral intention to use the system in HRIS adoption. The following hypothesis was then proposed 

for this research: 

Hypothesis 3 (H3). Social influence has a significant positive influence on the behavioral 

intention to use HR analytics. 

2.1.4. Facilitating conditions 

Facilitation conditions are defined by Venkatesh [30] as the extent to which a person believes that 

there is an organizational and technical infrastructure to support the use of the system. Hmoud et al. [31] 

found that facilitation conditions did not have a significant influence on the behavioral intention of HR 

professionals to use AI for HRIS. However, in the study by Ouirdi et al. [32] facilitation conditions 

had a positive impact on the use behavior for social media when hiring employees. The following 

hypotheses were proposed for this research: 

Hypothesis 4 (H4). Facilitating conditions have a significant positive influence on the behavioral 

intention to use HR analytics. 

Hypothesis 5 (H5). Facilitating conditions have a significant positive influence on the use 

behavior for HR analytics. 

2.1.5. Behavioral intention to use and use behavior. 

The behavioral intention to use refers to the intention to use a particular system or technology. In 

the study by Rahman et al. [28], it was also found that the behavioral intention to use has a significant 

effect on the use behavior in the adoption of HRIS. Similarly, in the study by Ouirdi et al. [32], the 

behavioral intention to use had a positive influence on the use behavior of social networks when hiring 

employees. The following hypothesis is therefore proposed for testing: 

Hypothesis 6 (H6). Behavioral intention to use HR analytics has a significant positive influence 

on the use behavior of HR analytics. 
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2.1.6. Innovation performance 

Innovation performance refers to the degree to which a company is successful in achieving its 

goals in terms of new products or services [34]. The study by Vargas et al. [16] used innovation theory 

to inspect the adoption of analytics applied to human resources. In the research by Shet et al. [10], the 

diffusion of innovation model (DOI) was used as the theoretical basis to understand and contextualize 

HR analytics as an innovation in HRM. The research of HR analytics at an organizational level by 

McCartney et al. [35] shows that interest in HR analytics can be linked to organizational outcomes, 

including innovation. In this research, the relationship between the adoption of HR analytics and the 

external variable, innovation performance will be studied using the following hypotheses: 

Hypothesis 7 (H7). Innovation performance has a significant positive influence on the behavioral 

intention to use HR analytics. 

 

Figure 4. Suggested theoretical model. Source: Adapted from Venkatesh [30]. 

Hypothesis 8 (H8). Innovation performance has a significant positive influence on the use 

behavior for HR analytics. 

The existing research explained above was used to create the research hypotheses and the 

suggested theoretical model shown in Figure 4. The constructs that influence HR analytics adoption 

are found by analyzing the constructs and their relationships. The hexagons in Figure 4 represent the 

constructs, which are also known as latent variables, connected by arrows numbered 1 to 8, showing 

the proposed hypotheses. 

3. Materials and methods 

The collection method and the measurement scale for the data of this study on the adoption of 
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HR analytics and innovation performance are presented in this section of the research work. 

3.1. Data collection 

The data for the suggested model was collected using a questionnaire. The questions were created 

after reviewing previous studies on technology adoption using the UTAUT technology acceptance 

model [30], and including the external variable of Innovation Performance to expand the model and 

find out if it is a determining factor for behavioral intention to use or use behavior for HR analytics. 

The questionnaire was tested on 25 people with experience in the field of analytics or human 

resources who were not included in the study samples [2,3]. The respondents completed the 

questionnaire and provided information about the clarity or difficulty of the questions. The results 

confirmed the validity and reliability of the scales used in the final questionnaire [36]. 

Of the 602 questionnaires collected from the participants, 554 were valid, all “Mturkers” [37] 

from the Amazon MTurk platform in the United States of America (USA), characterized by the use of 

HR analytics to manage people at work with a data-driven approach. The questionnaire applied the 

good practices criteria for information collection on crowdsourcing platforms, selection of the MTurk 

worker, the validity of the survey, and quality filters for cleaning the information obtained [38–41]. 

The data was collected between November and December 2022. Before the questionnaire could be 

answered, a link in Qualtrics was prepared for the Mturk platform. 

3.2. Measurements 

A total of 6 questions were used to find general information about the respondent (industry sector, 

number of employees in the company, work experience, level of education, age group, and gender), 

and 2 questions were used as a quality control measure (What is 2 + 2? and When were you born?) 

and 27 questions were answered using a 5-point Likert scale where 1 = (“strongly agree”) and 5 = 

(“strongly disagree”). The questions were grouped for the 7 constructs used in the research 

(performance expectancy, effort expectancy, social influence, facilitating conditions, behavioral 

Intention, use behavior, and innovation performance).  

3.3. Data analysis method 

The GSCA approach [20,42] was used to test the hypothetical model presented in Figure 4 - All 

analyses were made using the GSCA software [43]. Although GSCA has been criticized [44], it has 

been used in a variety of domains and studies [45–48]. 

Afthanorhan et al. [49] have found that only a few studies are using GSCA. This algorithm is 

versatile enough to capture complex relationships between variables, including higher-order 

components and multi-group comparisons [20]. 

𝑍𝑉 =  𝑍𝑊𝐴 +  𝐸 ,  

Ψ =  Γ 𝐴 +  𝐸 ,                                    (1) 

Hwang et al. [20] explain Ψ = ZV, and Γ = ZW. In (1), Ψ is an N by T matrix of all endogenous 

observed and composite variables, Γ is an N by D matrix of all exogenous observed and composite 



1134 

Electronic Research Archive  Volume 32, Issue 2, 1126-1144. 

variables, V is a J by T matrix of component weights associated with the endogenous variables, W is 

a J by D matrix of component weights for the exogenous variables, A is a D by T supermatrix consisting 

of a matrix of component loadings relating components to their observed variables, denoted by C, in 

addition to a matrix of path coefficients between components, denoted by B, that is, A = [ C, B ], and 

E is a matrix of residuals. 

4. Results 

A total of 554 valid questionnaires (92.02% of the 602 responses) were obtained for the following 

analysis stage of the research on HR analytics adoption. The results of the general information section 

have the descriptive statistics shown in Table 1. 

Table 1. General information about the participants. 

Variable Range Frequency 

Gender Female 193 
 

Male 360 
 

Other 1 

Age group 18–29 years 246 
 

30–39 years 173 
 

4049 years 91 
 

50–59 years 28 
 

60 years and above 16 

Level of education High school 51 
 

Technical Specialty 19 
 

Undergraduate 377 
 

Postgraduate 107 

Work experience Less than 1 year 17 
 

1 to less than 3 years 168 
 

3 to less than 5 years 167 
 

5 years or more 202 

Number of employees in the company Less than 100 employees 158 
 

100 to 499 employees 273 
 

500 employees or more 123 

Industry sector Construction 18 
 

Energy and Utilities 7 
 

Finance and Insurance 65 
 

Health Care and Social Assistance 52 
 

IT and Telecom 255 
 

Logistics and Transport 8 
 

Manufacturing 76 
 

Public Sector and Education 10 
 

Wholesale and Retail 39 

  Other 24 

  



1135 

Electronic Research Archive  Volume 32, Issue 2, 1126-1144. 

Table 2. Model FIT. 

Measure Values 

FIT 0.55 

AFIT 0.548 

GFI 0.996 

SRMR 0.031 

Note: FIT = total variance of all variables; AFIT = Adjusted FIT; GFI = Goodness-of-fit Index; SRMR = Standardized 

root mean square residual. 

Table 3. Estimates of loadings. 

    Weights         Loadings     

Variable Estimate  IS  95%CI    Estimate  IS  95%CI  

(ED1) 0.315 0.007 0.3 0.33 

 

0.823 0.017 0.79 0.85 

(ED2) 0.314 0.007 0.3 0.33 

 

0.812 0.016 0.78 0.85 

(ED3) 0.313 0.007 0.3 0.33 

 

0.843 0.014 0.81 0.87 

(ED4) 0.288 0.008 0.27 0.31 

 

0.77 0.017 0.73 0.8 

(EE1) 0.302 0.008 0.29 0.32 

 

0.747 0.023 0.69 0.78 

(EE2) 0.326 0.008 0.31 0.34 

 

0.805 0.019 0.76 0.84 

(EE3) 0.33 0.009 0.31 0.35 

 

0.814 0.016 0.78 0.84 

(EE4) 0.315 0.008 0.3 0.33 

 

0.775 0.022 0.73 0.81 

(IS1) 0.315 0.007 0.3 0.33 

 

0.818 0.014 0.79 0.84 

(IS2) 0.314 0.006 0.3 0.33 

 

0.804 0.016 0.77 0.83 

(IS3) 0.323 0.007 0.31 0.34 

 

0.82 0.015 0.79 0.85 

(IS4) 0.295 0.007 0.28 0.31 

 

0.764 0.021 0.72 0.8 

(CF1) 0.439 0.011 0.42 0.46 

 

0.838 0.014 0.81 0.86 

(CF2) 0.43 0.012 0.41 0.46 

 

0.848 0.014 0.82 0.87 

(CF4) 0.366 0.011 0.34 0.39 

 

0.732 0.027 0.68 0.78 

(DI1) 0.314 0.01 0.29 0.33 

 

0.776 0.024 0.72 0.81 

(DI2) 0.299 0.01 0.28 0.32 

 

0.746 0.025 0.7 0.8 

(DI3) 0.324 0.009 0.31 0.35 

 

0.794 0.019 0.75 0.83 

(DI4) 0.342 0.009 0.33 0.36 

 

0.805 0.018 0.77 0.84 

(IU1) 0.395 0.012 0.37 0.42 

 

0.852 0.012 0.83 0.88 

(IU2) 0.398 0.012 0.38 0.43 

 

0.872 0.012 0.84 0.89 

(IU3) 0.372 0.013 0.34 0.39 

 

0.849 0.015 0.82 0.87 

(AU1) 0.309 0.011 0.29 0.34 

 

0.764 0.022 0.72 0.8 

(AU2)  0.341 0.014 0.32 0.37 

 

0.824 0.015 0.8 0.85 

(AU3) 0.278 0.01 0.26 0.3 

 

0.719 0.025 0.66 0.76 

(AU4) 0.349 0.011 0.33 0.38   0.811 0.017 0.78 0.84 

Note: SE = Standard Errors; CI = Confidence Intervals. ED = Performance expectancy; EE = Effort Expectancy; 

IS=Social Influence; CF = Facilitating conditions; DI = Innovation performance; IU = Behavior Intention; AU = Use 

behavior. 
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Table 4. Component correlations. 

  ED EE IS CF DI IU AU 

ED 1 0.734 0.841 0.762 0.747 0.817 0.813 

EE 0.734 1 0.744 0.774 0.691 0.714 0.748 

IS 0.841 0.744 1 0.751 0.786 0.801 0.79 

CF 0.762 0.774 0.751 1 0.747 0.759 0.75 

DI 0.747 0.691 0.786 0.747 1 0.756 0.755 

IU 0.817 0.714 0.801 0.759 0.756 1 0.754 

AU 0.813 0.748 0.79 0.75 0.755 0.754 1 

Note: ED = Performance expectancy; EE = Effort Expectancy; IS = Social Influence; CF = Facilitating conditions; DI = 

Innovation performance; IU = Behavior Intention; AU = Use behavior 

Table 5. Hypothesis testing. 

Hypotheses Path Estimate  IS  95%CI  

H1 ED→IU 0.342* 0.057 0.225 0.455 

H2 EE→IU  0.06 0.052 -0.035 0.143 

H3 IS→IU 0.21* 0.068 0.104 0.333 

H4 CF→IU 0.169* 0.051 0.098 0.286 

H7 DI→IU 0.168* 0.047 0.068 0.255 

H5 CF→AU 0.29* 0.06 0.18 0.4 

H8 DI→AU 0.314* 0.054 0.193 0.415 

H6 IU→AU 0.297* 0.062 0.166 0.411 

Note: *Statistically significant at 0.05 level. SE = Standard Errors; CI = Confidence Intervals. ED = Performance 

expectancy; EE = Effort Expectancy; IS = Social Influence; CF = Facilitating conditions; DI = Innovation performance; 

IU = Behavior Intention; AU = Use Behavior 

The largest group was men, with the largest age group between 18 to 29, and the smallest age group 

60 and over. Most of the participants had university degrees, followed by postgraduate studies. The 

largest group had 5 years or more of work experience. Most of the participants worked for companies 

with between 100 and 499 employees and most companies were in the IT and Telecom industry. 

The FIT of the model in Table 2 was tested and found to be acceptable at 0.55 which in this study 

represents 55% of the total variance of all variables, according to the criterion suggested by Hwang et 

al. [50], so the research model showed a good FIT for the data. 

After removing one load that did not exceed the threshold (CF3), the remaining loads in Table 3 

were greater than 0.70, indicating that the instrument had good reliability. The model estimate is also 

statistically significant because 95% of the confidence intervals have an estimate of 0.05 if the 

confidence interval does not include 0. The correlation between components is shown in Table 4. 

The next stage of the analysis is the verification of the hypotheses using the information collected. 

This is done by estimating the path coefficients, standard errors, and the 95% confidence intervals of 

the hypotheses. The research model shown in Figure 4 above shows the theoretical framework for this 

study. The aim is to analyze the relationships between the variables for the use and adoption of HR 

analytics. This allows us to confirm the theoretical proposition of the variables used in the research. 

The results are shown in Table 5 and indicate that the influence was statistically significant and 
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positive for Performance expectancy in H1, Social Influence in H3, Facilitating conditions in H4, and 

Innovation performance on behavior intention in H7. There is also a statistically significant, positive 

influence of Facilitating conditions in H5, Behavior Intention in H6, and innovative performance on 

Use Behavior in H8. The hypotheses are assessed by the value of the Path estimation coefficients which 

are significant with α = 0.05. 

However, Effort expectancy in the H2 hypothesis was not supported due to the values of zero in 

the confidence intervals. 

5. Discussion 

This research was done to broaden the knowledge and understanding of the practical applications 

of adopting and using HR analytics for evidence-based decision-making. We used the UTAUT model 

with the incorporation of an external variable called innovation performance.  

The determinants and the relationships between the variables that influence the adoption of HR 

analytics were analyzed along with the influence of the external innovation performance variable. The 

results validated the significant positive influence of most of the proposed relationships between the 

research variables for the adoption of HR analytics. 

The results above answer the research question “What are the determinants that can be identified 

as factors with a significant positive influence on the adoption of HR analytics? 

The only exception to the proposed determinants was the Effort Expectancy variable, which was 

found to not have any influence on the Behavioral Intention to use HR analytics. This determinant 

identifies how easy using the system is expected to be and it can be assumed that there may be 

difficulties using HR analytics, but these will have to be investigated further in other studies. 

H1: Performance expectation has a significant positive influence on behavioral intention to use 

HR analytics. The results of the analysis in this study show that the value of the Estimate = 0.342 with 

95% IQ (0.225–0.455)], indicating that hypothesis H1 is accepted, and performance expectation does 

have a significant positive influence on the behavioral intention to use HR analytics. This means that 

people believe that using HR analytics to manage people at work with a data-driven approach will help 

improve performance at work.  

H2: Effort expectancy has a significant positive influence on behavioral intention to use HR 

analytics. The results of the analysis show that the value of the Estimate=0.06 with 95% CI (-0.035-0.143)], 

indicating that hypothesis H2 is not accepted, meaning that effort expectancy does not have a significant 

positive influence on behavioral intention to use HR analytics. This shows that this factor does not affect 

people’s decisions to use HR analytics to manage people at work with a data-based approach.  

H3: Social influence has a significant positive influence on the behavioral intention to use HR analytics. 

The findings of this research show that the value of the Estimate = 0.21 with 95% IQ (0.104–0.333), 

indicating that hypothesis H3 is accepted and that social influence has a significant positive influence on the 

behavioral intention to use HR analytics. This finding means that when people see that others believe HR 

analytics is useful for managing people at work with a data-driven approach, they will also want to use it. 

H4: Facilitating conditions have a significant positive influence on behavioral intention to use HR 

analytics. The findings of the analysis show that the value of Estimate = 0.169 with 95% IQ (0.098–0.286), 

indicating that hypothesis H4 is accepted and facilitating conditions have a significant positive influence 

on the behavioral intention to use HR analytics. This result means people believe that if there is an 

organizational and technical infrastructure to support the use of HR analytics, people will use it to 



1138 

Electronic Research Archive  Volume 32, Issue 2, 1126-1144. 

manage people at work with a data-driven approach. 

H5: Facilitating conditions have a significant positive influence on the use behavior of HR 

analytics. The findings of the analysis show that the Estimate = 0.29 with 95% IQ (0.18–0.4)], 

indicating that hypothesis H5 is accepted and that facilitating conditions do have a significant positive 

influence on the use behavior of HR analytics. This means people believe that when there is an 

organizational and technical infrastructure to support the use of HR analytics, people will use it to 

manage people at work with a data-driven approach. 

H6: The behavioral intent to use HR analytics has a significant positive influence on the use 

behavior of HR analytics. The findings of the analysis show that the value of the Estimate = 0.297 with 

95% CI (0.166–0.411), indicating that hypothesis H6 is accepted and that the behavioral intention to 

use the system has a significant positive influence on the use behavior of HR analytics. This means 

that when people have a behavioral intention to use the system, they will use it to manage people at 

work with a data-driven approach. 

H7: Innovation performance has a significant positive influence on behavioral intention to use 

HR analytics. The findings of the research show that the value of the Estimate = 0.168 with 95% IQ 

(0.068–0.255), indicating that hypothesis H7 is accepted, with innovation performance having a 

significant positive influence on the behavioral intention to use HR analytics. This shows that people 

believe that using HR analytics to manage people at work with a data-driven approach will help the 

company achieve its goals for new products or services. 

H8: Innovation performance has a significant positive influence on the use behavior of HR 

analytics. The findings of the analysis show that Estimate = 0.314 with 95% IQ (0.193–0.415), 

indicating that hypothesis H8 is accepted, so innovation performance has a significant positive 

influence on use behavior for HR analytics. This means people think that using HR analytics to manage 

people at work with a data-driven approach will enable the company to achieve its objectives for new 

products or services. 

The research of Ramzi et al. [23] found that performance expectation, effort expectation, and 

social influence did not have a positive influence on the adoption of HR analytics. In the research by 

Arora et al., performance expectation had a positive influence on the intention to use HR analytics in 

some cases, and the behavioral intention to use and the facilitating conditions had a positive influence 

on the use behavior for HR analytics. However, the hypotheses for effort expectation and social 

influence were not supported and did not have a positive relationship with behavioral intention to use. 

In the work by Ekka et al. [25], the findings display that all the hypotheses were supported and 

performance expectation, effort expectation, social influence, and facilitating conditions all have a 

significant, positive influence on behavioral intention to use HR analytics. Likewise, behavioral 

intention to use has a significant positive influence on the use behavior of HR analytics.  

Ekka et al. [25] highlight the strength of the relationship between social influence on the adoption 

of innovation, and the study by Vargas et al. [16] identifies that social influence plays an essential role 

for organizations when adopting HR analytics. 

The results of this work expand the knowledge of the adoption and use of HR analytics because the 

external variable, performance innovation is incorporated into the study. Most of the research hypotheses 

in the suggested model were supported after quantitative measuring and testing, except for effort 

expectation which does not have a significant positive influence on the behavioral intention to use HR 

analytics. These results provide rigorous and consistent results for the data gathered in the questionnaire. 

The limitation of this empirical study is that information was only collected on the Amazon 
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MTurk platform. This study is limited to this source of data for the information gathered with the 

questionnaires. Another limitation is that the questionnaire was only used in one country, the USA. 

Among the practical limitations of this empirical research on the adoption and use of HR analytics 

is that it shows difficulties with the use of HR analytics due to the Effort Expectancy variable not 

having any influence on the behavioral intention to use HR analytics, which could be related to the 

digital transformation processes that companies may or may not have [6,9]. 

6. Conclusions 

This empirical analysis has allowed us to find the factors that influence the adoption of HR 

analytics, along with the influence of the external variable, performance innovation. The data was 

analyzed using the generalized structured component analysis (GSCA) software package. 

The results show that the theoretical model of the UTAUT is valid and applicable for the analysis 

of the adoption of HR analytics. The suggested research model, adapting the theoretical UTAUT model 

is new for research into the use and adoption of HR analytics. The innovation performance factor used 

as an external variable in this model could also be researched further. This factor has been seen in other 

studies in the literature review along with the proposal for further research of this variable by Bonilla-

Chaves et al. [15]. 

Previous studies analyze the adoption of HR analytics by HR professionals in a single context 

and in a controlled way. 

We go further and consider the users’ perceptions of the adoption and use of HR analytics the 

analysis and empirical evidence of the results verify that there is an increase in the use of HR analytics 

for managing people at work with a data-driven approach. However, there are difficulties using HR 

analytics that will need to be investigated to expose the gaps and opportunities for improvement that 

HR professionals and business managers need to know about. 

In addition, it is valuable to mention that this work increases the information available about HR 

analytics adoption and use since the results include information about the innovation performance 

external variable. It was shown that people think that using HR analytics to manage people at work 

with a data-driven approach will enable the company to achieve its objectives for new products or 

services. This research found that this relationship with innovation is positive and that innovation 

influences the adoption of HR analytics, confirming the claims of previous authors [5,16]. 

Additional research is required to increase the amount of information about the use of HR 

analytics. This work shows that the Effort Expectancy variable can be investigated more since it was 

not seen to have any influence on the behavioral intention to use HR analytics, and for this reason, it 

is assumed that there may be difficulties for people using HR analytics. HR professionals and managers 

of companies could eliminate these barriers by identifying them with research using the key factors 

proposed by Fernandez et al. [21]. 

The adoption and use of HR analytics in large, medium, and small companies should be 

investigated more. Companies with less than 500 employees could provide a wider scope for the 

research topic, as well as other sectors where the use of HR analytics and data analysis are innovative 

ways to develop. The IT and Telecom sectors are the most advanced in this area at the moment. 

Researchers and data scientists in these organizations can look for new improvements as a result of 

adopting and using HR analytics.  

Other future lines of research could be investigating the adoption of HR analytics in other 
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countries [14], longitudinal studies using the UTAUT model including other variables of interest, and 

the increase in the use of HR analytics in HRM [51]. The adoption and use of HR analytics means the 

digital transformation of the HR practices of a company by using technology in HR strategies and 

basing all HR decisions on evidence [3]. For future research work, it will be necessary to compare the 

results of the GSCA model with the PLS-SEM model for the adoption of HR analytics. 

Other, future research could consider the major causes for the increase in the adoption of HR, which 

are mentioned by Shrivastava [52]. These include more interest by the top management and the board of 

directors of organizations to measure and quantify decisions about the staff in their companies, the 

growing belief that HR should be more quantitative, and that HR professionals should consider a business 

view and find a connection between decision using data analysis and employee performance [53,54]. 

From the analysis of the outcomes of the adoption and use of HR analytics and the effect on 

innovation performance, there are opportunities for filling the gaps in the knowledge about HR 

analytics adoption by continuing to study this subject. This research can be interesting for researchers 

and HR professionals who wish to increase their knowledge of this scientific field.  
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Appendix A 

Table A1. Questionnaire and constructs. 

Items Description 

Performance expectancy. Adapted from Venkatesh et al. [30] 

(ED1) I would find HR analytics useful in my work.  

(ED2) Using HR analytics allows me to perform tasks more quickly.  

(ED3) Using HR analytics increases my work performance.  

(ED4) If I use HR analytics, I will increase my chances of getting a raise.  

Effort Expectancy. Adapted from Venkatesh et al. [30] 

(EE1) If I used HR analytics, I would find this clear and understandable.  

(EE2) It would be easy for me to become proficient in using HR analytics.  

(EE3) I would find HR analytics easy to use.  

(EE4) Learning how to use HR analytics is easy for me.  

Social Influence. Adapted from Venkatesh et al. [30] 

(IS1) The people who influence my behavior think I should use HR analytics.  

(IS2) The people who are important to me think I should use HR analytics.  

(IS3) The senior management of the company has been helpful in supporting the use of HR analytics.  

(IS4) In general, the organization has supported the use of HR analytics.  

Facilitating conditions. Adapted from Venkatesh et al. [30] 

(CF1) I have the resources required to use HR analytics.  

(CF2) I have the knowledge required to use HR analytics.  

(CF3) HR analytics is not compatible with other systems I use. 

(CF4) A person (or group) is available to help with any difficulties I have using HR analytics.  

Innovative performance. Adapted from [53–55] 

(DI1) The company's new products and services are often perceived as very novel by customers.  

(DI2) New products and services in the company often pit us against new competitors.  

(DI3) The company has introduced more innovative products and services than its competitors over the past 5 years. 

(DI4) The company is faster in bringing new products or services into the market than its competitors.  

Behavior Intention. Adapted from Venkatesh et al. [30] 

(IU1) I intend to use HR analytics in the coming months.  

(IU2) I can predict I will use HR analytics in the coming months.  

(IU3) I plan to use HR analytics in the coming months.  

Use behavior. Adapted from Venkatesh et al. [30] 

(AU1) Using HR analytics is a good idea.  

(AU2)  HR analytics makes work more interesting.  

(AU3) Working with HR analytics is fun.  

(AU4) I like working with HR analytics.  
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