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1. Introduction 

In the last decade, organizations have had to face various challenges related to Human Resource Management 

(HRM), including the digitization of work, the increasing workforce dynamism, and generational differences 

(Huselid, 2018). HRM, thus, has become more complex, and HR departments capable of managing talent by 

making the right decisions at the right time create a competitive advantage for their organizations (Maler and 

Boudreau, 2017). In this environment, managers are increasingly interested in HR Analytics (HRA), defined as 

the organizational capability (Minbaeva, 2018) to use statistical and analytics techniques to support HRM 

decisions (Falletta and Combs, 2021). Academic research promises that HRA provides data and information 

to better understand individual behaviours and actions, creating a better working experience for employees 

and aligning HR practices with the actual workforce needs (Tursunbayeva et al., 2018). Furthermore, HRA 

promises to reduce HRM costs, improve performance (Aral et al., 2012), and generate a competitive 

advantage (Levenson, 2018). Despite the interest, studies on the actual outcomes of HRA are still rare in 

current research (Marler and Boudreau, 2017; Margherita, 2021).  

More specifically, scientific literature provided very limited contributions on the possible effects that the 

organisational adoption of HRA practices may have on employees (e.g. Gal et al., 2020; Tursunbayeva et al., 

2021). In this regard, researchers opened a debate discussing the trade-off between the possible benefits and 

risks that HRA practices might have for employees psychological and emotional state. While some studies 

emphasised the potential benefits of HRA in improving employee work experience and well-being, indeed, 

others argued that the implementation of analytics processes may arise different concerns in individuals, 

including privacy invasion (Gal et al., 2020), abusive supervision (Cropanzano et al., 2017), and discriminatory 

biases (Hamilton and Sodeman, 2020). These dichotomous perspective open up opposing scenarios on the 

implications that HRA might have on individuals, ranging from enhanced well-being, commitment, and trust 

in the organisation (Guest et al., 2017), to perceived control (Khan and Tang, 2016), surveillance (Ball, 2010), 

and perceived reductionism (Newman et al., 2020).  

Integrating HRA (e.g. Gal et al., 2020), social exchange (e.g. Cropanzano et al., 2017), and workplace 

surveillance (e.g. Ball, 2010) theories, thus, this paper aims to fill these gaps by exploring the impact that the 

organizational adoption of HRA practices has on employee well-being, commitment, and trust. More 

specifically, through ANOVA and linear regression analysis performed on a sample of 1.001 employees 

operating for different Italian and international organisations, this research investigates the effect of analytics 

practices on employee Work Engagement (WE), Job Satisfaction (JS), Affective Organizational Commitment 

(AOC), Trust in the Organisation (OT) and Trust in the direct Supervisor (TS). Furthermore, we assess whether 

HRA practices increase employees’ Fear of being Datafied (FD) and reduced to a number (Newman et al., 

2020). In this regard, our findings demonstrate a significant and positive effect of HRA adoption on all 

dimensions of employee work experience, while there appears to be no effect on the individual fear of being 

datafied. The paper discusses theoretical and practical implications proposing directions for future research.  

2. Theoretical background 

2.1. HR Analytics 

In recent years, scholars defined HRA as the systematic and proactive process for collecting, analysing, 

communicating, and using data and analytics in HRM to support organisations in achieving their strategic 

goals and objectives (Falletta and Combs, 2021; Bechter et al., 2022). Prior research stated that HRA 

development is a complex phenomenon because its success depends on multiple organisational dimensions, 



levels, and actors. For instance, Minbaeva (2018) explained that building and developing effective HRA 

practices requires to operate on three main dimensions – i.e. data analytics, analytical competencies, and 

strategic ability to act - simultaneously considering individuals, processes, and organisational structures. 

Furthermore, Wang et al., (2024) pointed out that the implementation of analytics practices in HRM is based 

on different socio-political processes including various active and passive stakeholders, ranging from top-

management figures to employees.  

Regarding individuals, scholars discussed in detail the set of competencies required by HR professionals to 

develop HRA practices (e.g. McCartney and Fu, 2021). Furthermore, researchers discussed top-management 

and hierarchical figures, emphasising their fundamental role in legitimising data collection and analysis 

(Belizon and Kieran, 2020), defining the application fields (i.e. business issues and organizational challenges) 

for analytics practices (McIver et al., 2018), and supporting HRA development providing resources for 

analytics initiatives (Rasmussen and Ulrich, 2015; Hamilton and Sodeman, 2020). Finally, scholars discussed 

the effect that HRA may have on employees, investigating individuals perceptions (Newman et al., 2020), 

attributions (Khan and Tang, 2017), and ethical (Gal et al., 2020) and privacy implications (Chatterjee et al., 

2021).  

In this regard, part of academic research promised that analytics could provide several benefits to both the 

organisation and its employees, improving organisational performance (Aral et al., 2012), workforce 

management (Huselid, 2018), and the overall employees’ experience (Tursunbayeva et al., 2018). However, 

recent research on HRA (e.g. Chatterjee et al., 2021; Tursunbayeva et al., 2021) counter that the 

implementation of analytics processes arise practical and ethical issues related to workplace surveillance, 

threatening employee well-being (Sewell and Barker, 2006; Ball, 2010). The debate, however, is still open, 

with researchers providing mainly promotional or conceptual contributions. This research, thus, integrates 

HRA (e.g. Gal et al., 2020), social exchange (e.g. Cropanzano et al., 2017), social control (e.g. Foucault, 1975), 

and workplace surveillance theories (e.g. Ball, 2010) to empirically investigate the possible effects that the 

organisational adoption of HRA practices may have on employee well-being, commitment, and perceived 

trust. These theoretical lenses are further explored in the following chapters (i.e. Section 2.2. and Section 

2.3.). 

2.2. Social Exchange Theory (SET): the bright side of the moon 

Social exchange theories defines social life interactions as a series of sequential transactions and interactions 

between two or more parties (Mitchell et al., 2012). Resources and actions are exchanged through a process 

of reciprocity (Gouldner, 1960), where each party reciprocates the positive or negative action of the other 

party (Gergen, 1969). In managerial research, social exchange (Mitchell et al., 2012) and reciprocity theories 

(Gergen, 1969) are commonly used as lenses to read the relationship between the organisation and its 

employees. Although the existence of multiple variations, organisational behaviours models explain that this 

relationship begins when the organisation (or managers) performs an initiating action, positive or negative, 

towards an individual (Eisenberger et al., 2004). In response, the individual chooses to reciprocate with good 

or bad attitudes, behaviours, and/or actions (Cropanzano et al., 2001). The quality of the relationship 

between the employer and its employees, thus, depends on the success (or failure) of these reciprocal 

exchanges (Birtch et al., 2015), which in turn could influence individual organisational commitment (Meyer, 

1997; Meyer et al., 2002), trust in the firm and its top-management (e.g. Podsakoff et al., 1990), and well-

being (Guest et al., 2017).  Prior studies identified different positive initiating actions such as procedural 

justice (Cropanzano et al., 2001), fairness (Birtch et al., 2015), or organisational support (Guest et al., 2017). 

Furthermore, Guest et al., (2017) identified a specific set of HR practices explicitly designed to have a positive 

impact on employee well-being, including recruitment and selection, training and development, information 

provision and feedback, fair rewarding and payment, extensive communication, employee survey, and 

developmental performance management. In this regard, social exchange research stated that these 



organisational practices are fundamental antecedents of psychological contract fulfilment (Guest et al., 2010), 

revealing positive effects on employee attitudes, motivation, behaviour, and well-being. 

In light of social exchange theories, thus, recent research on HRA explained that the use of data and analytics 

in HRM could improve HR practices and the initiating actions implemented by the organisation, enhancing in 

turn the quality of the relationship between an organisation and its employees. The benefits of data-driven 

management and analytics are applicable to various practices and processes. First, analytics are able to 

predict recruitment and training needs (Safarishahrbijari, 2018), aligning individual and organisational 

objectives (Wirges and Neyer, 2022; Huang et al., 2024). Second, researchers explained that HRA enable a 

more accurate evaluation of employee competencies (Gal et al., 2020), identifying possible gaps and making 

employees proactive in defining their careers development (Safarishahrbijari, 2018). Furthermore, analytical 

models could examine the effectiveness of different HR initiatives, including recruitment, selection, training, 

and socialisation practices (van der Laken et al., 2018), providing practical guidance to improve workforce 

planning, facilities management, flexible working arrangements, and personnel development (van der Laken 

et al., 2018). Fourth, HRA initiatives are useful practices for listening to the voice of employees (Tursunbayeva 

et al., 2018), which provide information about their perceptions, behaviours, and work experience. Finally, 

scholars stated that algorithms and mathematical techniques make less subjective performance evaluation 

and rewarding practices (Shrivastava et al., 2018), increasing employee perceived fairness, justice, and 

trustworthiness (Newman et al., 2020; Shet et al., 2021). These are relevant examples, but the list of possible 

analytics application is still long, especially considering the constant evolution of digital technologies and 

analytics techniques. Academics and practitioners, thus, agree that HRA will change traditional HRM and the 

overall employee experience (van der Togt and Rasmussen, 2017).  

2.3. Workplace surveillance: the dark side of the moon 

Despite analytics promises, social exchange warns that negative initiating actions such as abusive supervision 

(Tepper et al., 2009) or injustice (Pearson et al., 2005) can damage the relationship between the organisation 

and employees. This theoretical line fits in the discussion on social control (Foucault, 1975) and workplace 

surveillance theories (Ball, 2010), which delve into the effects of excessive control and monitoring on 

employee cognitive, psychological, and emotional state (Sewell and Barker, 2006). In brief, Foucault (1975) 

argues that the spread of modern governmental, organisational, and social models has spread discipline and 

supervision of individuals as an instrument of power and social control. In this social contexts, individual 

minds are controlled and educated to conform to desired norms, customs, behaviours, and ideologies 

(Foucault, 1975). Social control theories have been then applied to work contexts through the concept of 

workplace surveillance (Ball, 2010), which argued that monitoring and supervisory processes may be 

perceived by employees as coercive practices. The coercive interpretation of organisational surveillance, 

indeed, conceives monitoring processes as malign form of organisational domination, focused on controlling 

individual behaviour in favour of organisational goals (Sewell and Barker, 2006). 

In light of these theoretical implications, prior research on HRA (e.g. Gal et al., 2020) argued that analytics 

processes may have a negative effects on employee psychological (Khan and Tang, 2016) and emotional state 

(Rigamonti et al., 2024). Data collection and monitoring processes, indeed, can create a work environment 

where online and offline activities are continuously tracked and monitored for analysis and prediction (Gal et 

al., 2020), feeding the feeling of abusive supervision (Tepper et al., 2009). In this regard, several studies 

discussed the ethical and privacy implications arising from the application of analytics and algorithmic 

technologies in HRM (Newman et al., 2020). Recent research (Tursunbayeva et al., 2018; Giermindl et al., 

2021) explained that the implementation of HRA practices generate different concerns in individuals, 

including algorithmic opacity,  datafication and reductionism, nudging, and privacy invasion. Furthermore, 

scholars (Tursunbayeva et al., 2021) emphasised different risks to the well-being and ethical rights of 

employees, ranging from possible bias operationalisation and discrimination to the excessive surveillance and 

privacy invasion. These are in addition to the traditional risks related to data governance, cybersecurity, 



regulations compliance, and trade unions relations (Peeters et al., 2020), fuelling doubts about the actual 

benefits of using data and analytics in HRM to employees.  

Considering the current state-of-the-art of academic literature, these doubts are still unresolved if not 

amplified by the limited empirical studies. Khan and Tang (2016) explained that the effect that the 

introduction of analytics processes has on employees depends on their benevolent or malevolent 

attributions, which in turn affect employee affective organisational commitment. Then, Rigamonti et al., 

(2024) added that individual attributions on HRA practices depends on the information available to 

employees and the perceived legitimacy of data collection processes, which in turn affect employees’ fear of 

being datafied and reduced to a number (Couldry and Yu, 2018). Finally, Newmann et al., (2020) argued that 

algorithmic HR decisions could be perceived by employees as reductionistic and less fair. The debate between 

analytics enthusiasts and detractors, thus, is still alive. 

2.4. Hypothesis development 

As explained before, scientific research on the effect of the organisational adoption of HRA practices on 

employees is divided in two factions. An optimistic one, which interprets HRA as a set of practices that 

facilitates, amplifies, and enhances the successful design and implementation of HR practices, improving in 

turn the quality of the social relationship between the organisation and its employees. And a pessimistic one, 

which emphasised the possible risks related to the implementation of analytics processes, including the 

excessive surveillance of employees, discrimination, and violation of ethical and privacy rights. Scientific 

research on the topic, however, is still immature. Furthermore, there are no empirical studies that shed light 

on this dispute.  

To fill these gaps, this research explores the effect that the organisational adoption of HRA practices has on 

employee psychological state and work experience. More specifically, we monitored the effect that analytics 

practices have on employee Work Engagement (WE) and Job Satisfaction (JS), Affective Organisational 

commitment (AOC), and Trust in the Organization (OT) and in the Supervisor (ST). In this regard, employee 

well-being, commitment, and trust have been identified in prior research on social exchange (e.g. Cropanzano 

et al., 2017) and workplace surveillance (e.g. Ball, 2010) as the most relevant outcomes for the 

implementation of specific organisational practices. Furthermore, we explores a potential effect of HRA 

practices on employees’ fear of being datafied and reduced to a number (Couldry and Yu, 2018) – i.e. an 

emotional reactions to analytics processes introduced in recent research (Newman et al., 2020; Rigamonti et 

al., 2024). Individual reactions to organisational initiating actions, indeed, often involves positive (or negative) 

behavioural, psychological, or emotional relational reciprocating response (Guest et al., 2017).  

Regarding hypothesis development, prior research has amply explained that the implementation of HRA in 

HRM brings profound changes to HR practices, and in turn, to employee work experience (van der Togt and 

Rasmussen, 2017). Thus, this paper considers it reasonable to hypothesize that the organisational adoption 

and employee perception of HRA practices have a significant effect over individual well-being, commitment, 

and trust. Considering the still ongoing debate of academic research and the exploratory nature of this study, 

however, we do not lead towards the direction of the analytics effects. Further theoretical and practical 

implications are discussed in Section 5.  

3. Method 

3.1. Sample and procedure 

Data have been collected through a survey defined and sent in collaboration with an institute specialised in 

opinion pulls and statistical analysis on the Italian population. The questionnaires has been administered in 

two moments in time (i.e. t1: January 2023; t2: July 2023) to 1.001 employees operating for different Italian 

and international organizations, representative of the Italian work situation. The first administration collected 

934 responses, while the second one 594, resulting in a final response rate 59,3%. The questionnaire has been 



organised in three main sections. The first one collected demographic information on the employees (e.g. 

age), their job (e.g. role), and their organization (e.g. size). The second consisted of questions on the 

psychological and work status of employees, using the constructs described in the Measures (3.2) chapter.  

Eventually, respondents were given a definition of HRA and asked whether their organisations used these 

practices by means of a categorical variable (i.e. HRA organisational adoption). In the European Union, the 

General Data Protection Regulation (GDPR) states that organisation are obliged to obtain explicit consent for 

the collection and processing of employee personal data and to inform data subjects of what data is collected 

and processed, how it is collected and processed, and of their rights over personal data. Thus, employees are 

a reliable and consistent source of information on the organisational adoption of HRA practices. Furthermore, 

prior research (Boon et al., 2019) on HRM argued that employee perceptions of organisational practices are 

more important that the characteristics of the practice itself to determine the effect of these practices on 

individual outcomes.  

The sample, then, has been split into a group (i.e. group 1) of 101 employees (i.e. 17%) from organisations 

using HRA and another group (i.e. group 2) of 493 employees (i.e. 83%) from organisations not using HRA. 

This division is preparatory to test the hypothesis and to our statistical analysis (i.e. ANOVA). Before analysing 

the gathered data, we verified that the two groups have similar data distribution and demographic 

characteristics, ensuring that significant differences in employee conditions could be attributable to HRA 

practices. The difference in Organisational Size is due to 7 individuals operating in very large firms adopting 

HRA practices (i.e. more than 100.000 employees), thus not influencing the adoption and the effect on 

employees of these practices). Table 1 report sample and groups characteristics. 

Table 1. Demographic characteristics of the two groups. 

Variables 
Group 1 Group 2 

Mean SD Min Max Mean SD Min Max 

Gender 1.426 0.49 1 2 1.436 0.49 1 2 

Age 43.14 9.71 23 64 44.44 10.64 22 67 

Educational level 3.059 1.08 1 5 3.172 1.07 1 5 

Role 2.792 0.80 1 5 2.931 0.72 1 5 

Geographic area 2.584 1.24 1 4 2.467 1.19 1 4 

Organisational size 5249.97 1461 10 500.000 4374.63 3436 10 80.000 

 Industry 9.91 6.88 1 22 10.29 6.71 1 22 

 

3.2. Measures 

The measures used in this research have been all validated in previous studies.  

More specifically, Work Engagement (WE) has been assessed using the 9-items Utrecht Work Engagement 

Scale (Schaufeli et al., 2002) composed of the 3 sub-dimensions of vigor, absorption, and dedication. The 

construct has  excellent Cronbach α values (t1: 0.94; t2: 0.91). A sample item is “I am enthusiastic about my 

work”.  

Job Satisfaction (JS) has been measured using the 6-items scale proposed by Tsui et al., (1992) obtaining a 

good Cronbach α values (t1: 0.84; t2: 0.89). A sample item is “I am satisfied with my current job situation”.  

Affective Organizational Commitment (AOC) has been evaluated through 3-items from the scale developed 

by Allen and Meyer (1990) and often used in prior research. The Cronbach α values are very good (t1: 0.89; 

t2: 0.90). A sample item is “I would be very happy to spend the rest of my career with this organization”.  

Organisational Trust (OT) has been assessed using 5 items from the scale of Robinson (1996), obtaining good 

Cronbach α values (t1: 0.87; t2: 0.89). A sample item is “In general, I believe my organisation’s motives and 

intentions are good”. 



Eventually, Trust in Supervisor (TS) has been measures through the 3-item scale from Podsakoff et al.,  (1990), 

which obtained a great Cronbach α value (t1: 0.91; t2: 0.92). A sample item is “I have complete faith in the 

integrity of my supervisor”. 

Fear of Datafication (FD) has been defined as an emotional state of employees that occurs when they are 

exposed to the datafication process, which has been defined as the process of transforming life-processes 

into data (Couldry and Yu, 2018). To evaluate this variable, we used the ad-hoc scale created in the recent 

research of Rigamonti et al., (2024), based on the procedures proposed by Montag-Smit and Smit (2020). 

More specifically, the construct has been evaluated through a 4-item scale which presented a great Cronbach 

α value (t1: 0.921), confirming a good scale reliability and solidity. A sample item is “I am afraid that my 

behaviour could be reduced to a number”.  

All items have been adapted and translated in Italian and rated on a 5-point Likert scale, from “totally 

disagree” to “totally agree”. The translation process consists of three main steps: (i) items have been 

translated from English to Italian; (ii) a bilingual translator back-translated the items to English to check the 

correspondence with the original formulation; (iii) the items have been pilot-tested on three experts, asking 

to rate the clarity of the instructions and the items of the scale.  

For what regards control variables, in line with prior research using ANOVA and regression analysis for HRM 

practices, we included both individual- (i.e. age, gender, educational level, role) and organisational-level (i.e. 

geographical area, industry, dimension) variables. 

3.3. Analysis of data 

Stata 14 has been used for all the five phases of our data analysis.  

First, we performed factor analysis to evaluate our measurement models. In this phase, we used the Harman 

single-factor method to test the possible common method bias. Second, descriptive statistics and correlation 

analysis have been performed to provide an overview of the variables included in the model. Third, we 

checked for sample independence, normal distribution (Royston, 1991), and heteroskedasticity (Levene, 

1960) of our data. Fourth, a T-Test has been used to assess differences in WE, JS, AOC, FD, OT, and ST in the 

two groups (i.e. group 1; group 2), determined by the organisational use of HRA. Given the homoskedasticity 

and skewed distribution of our data, we double-checked the results through the Wilcoxon-Mann-Whitney 

(Wilcoxon, 1945; Mann and Whitney, 1947). All these phases have been performed for both questionnaire, 

comparing results and discussing possible differences. Eventually, two multiple linear regressions on 

longitudinal data have been used to test the effect of HRA and control variables on employees’ outcomes 

(Draper and Smith, 1998; Greene, 2012). More specifically, the regression models use WE, JS, AOC, OT, and 

TS values (i.e. assessed in t1: January and t2: July 2023) as dependent variables and the organizational 

adoption of HRA and demographic variables (i.e. recorded in t1: January 2023) as independent variables. 

Traditional statistical indicators (e.g. R-squared) have been used to test model’s fit. 

3.4. Work in progress analysis 

Despite longitudinal data, regression models have limited ability to explain causal effects and dynamics over 

time. In this regard, prior research (e.g. Wang et al., 2024) argued that variables of trust, satisfaction in 

analytics practices, and perceived benefits influence the relationship between HRA practices and employee 

outcomes. To fill these gaps, thus, this research will integrate a cross-lagged model that investigate the effect 

of OT, ST, individual satisfaction in HRA practices, and perceived benefits of HRA on employee WE, JS, and 

AOC, considering only the sample of employees operating for organisations adopting HRA practices. The 

 
1 The institute through which we administered the survey did not want to include the variable in the second survey, 
considering the questions too 'uncomfortable' to be asked twice of the same employees. 



results will support us in explaining the variables that moderates the effect of analytics practices on employee 

wellbeing.  

4. Results 

First, factor analysis verified that the number of theoretical constructs are supported by available data for 

both questionnaires, reporting factor loading values above the minimum (0.7). Second, the maximum 

unrotated factor variance interpretation was 40% for the first survey and 39% for the second one (i.e. less 

than 50%), refusing the common method bias of the sample. Third, descriptive statistics (i.e. means, standard 

deviations, and correlation values) are presented in Table 2 and Table 3.  

Table 2. Descriptive statistics for January 2023. 
Construct Mean SD 1 2 3 4 5 6 7 

1. HRA organisational adoption 0.170 0.38 -       

2. Work Engagement 3.451 0.83 .172* -      

3. Job Satisfaction 3.318 0.76 .215* .575* -     

4. Affective Organizational Commitment 3.355 0.99 .158* .651* .661* -    

5. Fear of datafication 3.162 0.85 -.032 -.111* -.098* -.091* -   

6. Organisational Trust 3.346 0.83 .189* .533* .652* .673* -.094* -  

7. Trust in supervisor 3.359 0.83 .192* .419* .612* .546* -.076 .642* - 

8. Gender 1.434 0.49 -.001 -.015 -.069 -.111* .035 -.017 -.034 

9. Age 44.21 10.5 -.055 .091* -.026 .126* -.031 .032 .072 

10. Educational level 3.153 1.07 -.039 -.082* -.053 -.039 -.018 .014 -.033 

11. Role 2.907 0.73 -.074 -.171* -.122* -.114* .039 -.089* -.097* 

12. Geographic area 2.487 1.19 .037 .107* .078 .078 -.046 .045 .013 

13. Organisational size 4524.9 3184 .010 .054 .057 .057 .007 .095* .053 

14.  Industry 10.07 6.74 -.072 .002 -.071 -.071 -.088* -.001 -.026 

* = Significant at p < 0.05 
 

Table 3. Descriptive statistics for July 2023. 
Construct Mean SD 1 2 3 4 5 6 7 

1. HRA organisational adoption 0.194 0.39 -       

2. Work Engagement 3.231 0.86 .087* -      

3. Job Satisfaction 3.249 0.85 .227* .451* -     

4. Affective Organizational Commitment 3.357 1.01 .124* .463* .693* -    

5. Fear of datafication - - - - - - -   

6. Organisational Trust 3.389 0.87 .124* .433* .773* .652* - -  

7. Trust in supervisor 3.292 0.93 .089* .328* 603* .546* - .708* - 

8. Gender 1.434 0.49 -.009 -.102* -.065 -.016 - -.088* -.117* 

9. Age 44.21 10.5 -.117* .058 .0412 .105* - .0308 .0156 

10. Educational level 3.153 1.07 -.011 -.076 -.114* -.091* - -.081* -.067 

11. Role 2.907 0.73 -.058 -.112* -.195* -.135* - -.154* -.111* 

12. Geographic area 2.487 1.19 .0451 -.023 .0801 .092* - .0694 .0443 

13. Organisational size 4524.9 3184 .0294 .0328 .0337 .061 - .0681 .0757 

14.  Industry 10.07 6.74 -.007 -.0323 -.068 -.032 - -.0339 -.0764 

* = Significant at p < 0.05 
 

Then, Table 4 and Table 5 reports the T-Test results showing that for both surveys there is a significant 

difference in the two groups for WE, JS, AOC, OT, and TS, while there is no difference for the FD. 

Table 3. T-Test results: for January 2023. 
Variables Mean SD SE t DF p-value 

Work Engagement 

Group 1 (Yes, 101) 3.766 0.763 0.076 

-4.2511 592 0.000 Group 2 (No, 493) 3.387 0.827 0.037 

General (594) 3.439 0.828 0.034 

Job Satisfaction 

Group 1 (Yes, 101) 3.679 0.740 0.074 

-5.3479 592 0.000 Group 2 (No, 493) 3.243 0.749 0.034 

General (594) 3.318 0.764 0.031 

Affective Organizational Commitment 

Group 1 (Yes, 101) 3.703 0.849 0.085 

-3.889 592 0.000 Group 2 (No, 493) 3.284 1.011 0.046 

General (594) 3.355 0.997 0.041 



Fear of datafication 

Group 1 (Yes, 101) 3.103 0.819 0.097 

0.773 592 0.440 Group 2 (No, 493) 3.174 0.971 0.037 

General (594) 3.162 0.848 0.035 

Organizational Trust 

Group 1 (Yes, 101) 3.691 0.662 0.066 

-4.675 592 0.000 Group 2 (No, 493) 3.276 0.839 0.038 

General (594) 3.346 0.826 0.034 

Trust in supervisor 

Group 1 (Yes, 101) 3.786 0.787 0.078 

-4.791 592 0.000 Group 2 (No, 493) 3.271 1.028 0.046 

General (594) 3.359 1.009 0.041 

 

Table 5. T-Test results for July 2023. 
Variables Mean SD SE t DF p-value 

Work Engagement 

Group 1 (Yes, 101) 3.395 0.887 0.088 

-2.128 592 0.0168 Group 2 (No, 493) 3.197 0.847 0.038 

General (594) 3.231 0.856 0.035 

Job Satisfaction 

Group 1 (Yes, 101) 3.675 0.742 0.074 

-5.667 592 0.000 Group 2 (No, 493) 3.162 0.845 0.038 

General (594) 3.249 0.849 0.035 

Affective Organizational Commitment 

Group 1 (Yes, 101) 3.633 0.878 0.088 

-3.044 592 0.0012 Group 2 (No, 493) 3.301 1.025 0.046 

General (594) 3.357 1.009 0.041 

Fear of datafication 

Group 1 (Yes, 101) - - - 

- - - Group 2 (No, 493) - - - 

General (594) - - - 

Organizational Trust 

Group 1 (Yes, 101) 3.629 0.857 0.085 

-3.039 592 0.0012 Group 2 (No, 493) 3.340 0.871 0.039 

General (594) 3.389 0.875 0.036 

Trust in supervisor 

Group 1 (Yes, 101) 3.475 0.751 0.075 

-2.164 592 0.0154 Group 2 (No, 493) 3.255 0.959 0.043 

General (594) 3.293 0.930 0.038 

 

Table 5 and 6 shows linear regression results, revealing that the organizational adoption of HRA has a 

significant and positive impact on employee WE (0.363; 0.185), JS (0.411; 0.475), AOC (0.404; 0.312), OT 

(0.410; 0.259) and TS (0.507; 0.187), but not on FD, considering both the variables assessed in January 2023 

and July 2021. Furthermore, it is important to notice the significant effect of job role and of gender. 

Table 5. Multiple linear regression results. 
Dependent variables (January 2023) 1 (January 2023) 8 9 10 11 12 13 14 R2 

Work Engagement .363*** .006 .018 -.007 -.156** .061* .001 .003 .072 

Job Satisfaction .411*** -.003 -.093 .004 -.120** -.012 .001 -.005 .071 

Affective Organizational Commitment .404*** .011** -.164* -.008 -.074 .056 .001 -.006 .065 

Fear of datafication -.082 -.002 .057 -.035 .057 -.023 .002 -.012** .016 

Organisational Trust .410*** .002 -.005 .058 -.119* .019 .002 .003 .057 

Trust in supervisor .507*** .006 -.030 .002 -.094 -.002 .001 -.001 .051 

Note: 1 = HRA organizational adoption; 8 = Age; 9 = Gender; 10 = Educational level; 11 = Role; 12 = Geographic area; 13 = Organizational dimension;  
14 = Industry; *p<0.05; **p<0.01; p***<0.001 
 

Table 6. Multiple linear regression results. 
Dependent variables (July 2023) 1 (January 2023) 8 9 10 11 12 13 14 R2 

Work Engagement .185* .003 -.153* -.040 -.079 -.029 .001 -.001 .032 

Job Satisfaction .475*** .001 -.089 -.029 -.174** .046 .004 -.005 .092 

Affective Organizational Commitment .312** .009** .025 -.048 -.109 .071* .001 -.002 .051 

Fear of datafication - - - - - - - - - 

Organisational Trust .259** .001 -.124 -.013 -.153** .038 .001 -.002 .048 

Trust in supervisor .187* .001 -.189* -.024 -.094 .024 .001 -.001 .038 

Note: 1 = HRA organizational adoption; 8 = Age; 9 = Gender; 10 = Educational level; 11 = Role; 12 = Geographic area; 13 = Organizational dimension;  
14 = Industry; *p<0.05; **p<0.01; p***<0.001 



5. Discussion 

This exploratory research integrates HRA (e.g. Gal et al., 2020), social exchange (e.g. Cropanzano et al., 2017), 

social control (e.g. Foucault, 1975), and workplace surveillance theories (e.g. Ball, 2010) to dispel some 

doubts about the debate on the effects that the effects that the organisational adoption of HRA practices 

have on employee well-being, commitment, and perceived trust. Our findings produces four main 

contributions2, discussed in the following paragraphs. 

First, our results show that employees operating for companies implementing HRA practices present higher 

levels of WE and JS compared to companies that have not yet implemented analytics practices. Although the 

techniques applied in this research provide limited statistical causal explanations, our findings suggest that 

HRA may play a significant role in improving employee work experience, through an enhancement of 

individual work-related attitudes, behaviours, motivations, and thus, well-being (Guest et al., 2017). From a 

theoretical perspective, indeed, our results could be interpreted using the social exchange theory (e.g. 

Mitchell et al., 2012), and the norm of reciprocity (e.g. Gouldner, 1960), which state that when employees 

perceive that the organisational practices are designed to ensure a more balanced exchange between 

individuals and their organisation, they respond with higher levels of JS and WE (Tsui et al., 1997; Birtch et 

al., 2015). Furthermore, Guest et al., (2017) explained that HR practices may provide employee a more 

engaging and satisfying work, enhancing individual autonomy, proactivity, and information exchange between 

the organisation and its employees. In this regard, prior research on HRA explained that analytics practices 

may support firms and their managers in listening to employees voice and initiating a continuous exchange 

of data, information, and opinions, and the design of HR practices that could align individual needs and 

organisational goals (Marler and Boudreau, 2017; Huang et al., 2024). Furthermore, the introduction of digital 

technologies, dashboards, and analytics applications can facilitate proactivity and autonomy in managing 

employee work experience (Margherita, 2021). For instance, some organisations used data and analytics to 

feed into dashboards where employees can actively act in designing and planning their personal 

development, increasing individual engagement and satisfaction. Future research, however, needs to further 

investigate the relationship between analytics and employee well-being, introducing variables that describe 

in more detail employees’ work experience and their perceptions of HR practices. Possible examples are the 

HR service level perceived by employees, the person-organisation fit, and the perception of autonomy and 

the satisfaction of other psychological needs. 

Second, in a similar way, our research demonstrates that there is a significant and positive different in the 

AOC of employees working for companies implementing HRA practices and companies that do not. 

Interpreting the results, thus, social exchange (e.g. Mitchell et al., 2012) and HRA theories (e.g. Minbaeva, 

2018) suggests that analytics could be a valid instrument for generating more effective initiating actions 

compared to traditional HR practices, improving the quality of the relationship between employees and their 

organisations (Cropanzano et al., 2017). A series of successful reciprocal exchanges, then, may lead 

employees to be more committed to organisations (Meyer, 1997; Meyer et al., 2002). Affective organisational 

commitment, indeed, is a common reciprocating response that individuals give when their organisation 

provide high support, high justice, and low abusive supervision (Guest et al., 2017). In this regard, prior 

research on HRA explained that data and analytics could support organisations in identifying possible people-

related issues or employee needs in advance, providing continuous support to the work experience of 

individuals (Patre, 2016). Furthermore, decisions made by managers supported by data and analytics results 

may be perceived as more fair, just, and equitable (Tursunbayeva et al., 2018; Newman et al., 2020), 

enhancing employee perceived justice in the organisation. Finally, it is interesting to notice that HRA practices 

are not necessarily associated with the feeling of abusive supervision, as the literature on workplace 

surveillance (Ball, 2010) assumes, or at least that the negative effects of monitoring and supervision are 

 
2 As we have not fully defined all the empirical analyses to be performed on the available data, the Discussion section is 
still a Work in Progress. Further analysis and theoretical insights will be produced in the coming months. 



outweighed by the positive effects of social exchanges. Similar to well-being, however, further research on 

the topic is needed to understand the cognitive, psychological, and emotional process that generates 

commitment in employees.  

Third, our results indicate that employees experiencing HRA practices have a significant higher trust in their 

organisation and their direct supervisor compared to employees operating for companies using traditional 

HRM practices. These results can be interpreted using the concept of psychological contract (Rousseau, 1995; 

Guest, 2004) and the norm of reciprocity (e.g. Gouldner, 1960), which suggest that organisational practices 

are fundamental antecedent for individual perception of psychological contract fulfilment, trust, and thus, 

well-being (Guest et al., 2010; Guest et al., 2017). In this regard, our findings suggest that HRA could be useful 

practices to increase the perceived fairness, objectivity, and justice (Tursunbayeva et al., 2018; Newman et 

al., 2020) of organisational processes and decisions, which then translate into higher employees’ trust in the 

organisation and its decision-makers. For instance, performance management and appraisal processes based 

on objective and quantifiable data are perceived fairer and more equitable than subjective and qualitative 

performance evaluation. Despite our results are supported by empirical evidence, this research does not 

further explain the logical and causal relationship between the implementation of analytics practices and 

employee reciprocal responses. Future research, thus, could investigate why HRA practices have a positive 

effect on employee trust, including in the studies the concept of fairness, justice, and organisational 

meritocracy.  

Finally, this research indicates that there is no significant difference between the FD of employees 

experiencing  HRA practices and those who do not. These findings suggest that the fear of being treated as a 

mere number may be a concern prior to the actual implementation of HRA practices and that does not 

escalate once these are actually implemented, at least in the short term (i.e. 6 months). Given the limited 

research on the topic, further research is needed. 

Eventually, it is important to notice that our findings are valid for the Italian work context, regardless of the 

type of firm and individual characteristics. Considering Italian norms, cultural values, and economical 

situation, we can reasonably assume that these result can be generalizable to the European and Western 

cultural countries.  

6. Conclusion and future research 

Despite this paper demonstrates for the first time the positive effect of HRA on WE, JS, AOC, OT and ST, it is 

not without limitations. First, it is based in self-reported measures. Second, because it is not based on 

longitudinal data and analysis, causality can only be inferred theoretically. Third, our results are not valid for 

contexts different from Italy, such as those in developing countries. In this regard, in the coming months we 

will enrich the research trying to apply longitudinal analysis (e.g. cross-lagged model) and to provide a more 

comprehensive theoretical explanations explaining the effect of HRA on employee well-being, commitment, 

and trust, proposing more theoretically grounded future research directions.  
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