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Abstract 

This report analyses the quality of employment in Europe in the current context of digital trans-

formation and globalisation using data from the European Working Conditions Survey (EWCS) 

from 2005-2021. Job quality related to indicators for self-perceived fair pay, training, organisa-

tional support and being consulted at work has gone up. However, indicators for fair treatment 

at work and satisfaction with working time have deteriorated in the same period. Analysing the 

2021 wave of the EWCS, we find a differentiated link between digitalisation, globalisation and 

job quality. Advanced digital technologies (ADT), automation risk, and exposure to artificial 

intelligence (AI) are associated with certain facets of job quality. The results suggest that ADT 

has a positive impact on certain job quality indicators (e.g. safety, fair pay, and autonomy), 

particularly for younger and older workers. However, automation may have negative causal 

effects on work-life balance, autonomy, and organisational support. The study suggests that 

exposure to AI increases the risk for medium-skilled workers. However, it also shows that AI is 

generally associated with higher levels of working time satisfaction, improved work-life 

balance, and better training opportunities. The impact of digital transformation on job quality 

varies across different socio-economic groups. Regarding offshoring, our results reveal both 

positive and negative effects on workers. On one hand, it can reduce poor safety and poor treat-

ment at work and improve work-life balance. On the other hand, it is associated with working 

at a high-speed pace and can result in a reduction in training. 
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1 Introduction 

Creating high-quality jobs has become a crucial challenge for policymakers, labour unions, and 

companies in the digital age and globalisation. The European Commission High-Level Expert 

Group (2019) emphasised the need for addressing this challenge to ensure that employees are 

satisfied and happy in their jobs. For companies, it is recognised that happier employees tend 

to be more creative and productive (Huang et al., 2016; Oswald et al., 2015). Moreover, happier 

employees tend to take fewer absences from work (Nurski & Hoffmann, 2022). Overall, these 

factors positively contribute to better company performance (Wood et al., 2012; Zelenski et al., 

2008).  

However, the development of computers, other digital technologies and globalisation has 

significantly altered the organisational structures of companies, potentially influencing job 

quality. While digital technologies have undoubtedly brought about increased efficiency and 

innovation, there is a growing concern about their impact on the nature of jobs and tasks. Digi-

talisation and globalisation may lead to job displacement and shifts in skill requirements, 

potentially affecting the overall quality of jobs. It is crucial to understand the interplay between 

technological advancements job quality is for fostering a work environment that not only 

embraces innovation but also prioritises the well-being and satisfaction of employees.  

Literature on the relationships between job quality and digitalisation and globalisation have 

concentrated mainly on specific dimensions of job quality,1 falling to provide adequate explora-

tion of other dimensions of job quality. Literature shows mixed results on the link between 

digitalisation and job quality (Martin & Hauret, 2022). Regarding globalisation, the existing 

evidence mainly relates to the offshorability of occupations (Blinder & Krueger, 2013). Except 

for a few papers such as Schmidpeter & Winter Ebmer (2018), previous research has tended to 

examine digitalisation and globalisation separately, overlooking the potential mutual influence 

of these changes on job quality. 

In addition, the temporal evolution of job quality amid the ongoing development of digitalisa-

tion remains inadequately explored, particularly with regard to its nuanced dynamics across 

European countries. A more comprehensive and temporally nuanced examination is important 

to understand the multifaceted dimensions and evolving nature of job quality in the context of 

digitalisation across diverse European contexts. Finally, there is a notable lack in the current 

 

1 Labour income and work-life balance for digitalisation (Martin & Hauret (2022)) and wages and job security for 
globalisation (Hummels et al. (2018) and Crinò (2009)) 
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body of research of a thorough investigation into the differentiated effects of technological 

change and globalisation on job quality, particularly with regard to employees' socio-economic 

characteristics such as gender, age, education, or occupations. 

In this report, we will fill these gaps by investigating the job quality effects at the individual level 

of globalisation and three technological change indicators, namely advanced digital technolo-

gies, automation and artificial intelligence. Based on Warr (1999), Clark (2005) and UNECE 

(2015), this paper will focus on several facets of job quality: safety at work; fair treatment at 

work; satisfaction with working time, work-life balance; job insecurity; self-perceived fair pay; 

training, work high speed and autonomy. We will use data from the European Working Condi-

tions Survey (EWCS), carried out by Eurofound in the years 2005, 2010, 2015, and 2021. The 

survey aims to offer a comprehensive perspective on the quality of work and employment 

across Europe (Eurofound, 2021). The methodology employed in this study involves descriptive 

and econometric analysis. To account for unobservable factors that may impact the adoption of 

digitalisation in certain occupations or sectors and subsequently affect job quality, an instru-

mental variable strategy will be used when feasible. 

Our report indicates that, between 2005 and 2020, five out of the eight facets of job quality 

studied have improved in Europe. However, the feeling of fair treatment and satisfaction with 

working hours have deteriorated over this period. We show that advanced digital technologies 

(ADT) can enhance job quality for both younger and older workers by improving safety, ensuring fair 

pay, and increasing autonomy. On the other hand, automation can have a negative impact on work-

life balance, autonomy, and organisational support. Medium-skilled workers are at a higher risk of 

negative effects from AI exposure, but AI is also associated with higher satisfaction, improved work-

life balance, and better training opportunities, despite a faster work pace. This report emphasises the 

diverse impact of digital transformation on job quality among socio-economic groups, requiring spe-

cific strategies to tackle potential drawbacks, and highlights the subtle effects of this transformation. 

Regarding offshoring, the results underline that exposure to offshoring is positively associated to 

safety at work, fair treatment and work-life balance but negatively associated to training. 

This report is structured as follows. In a first section, we will provide an overview of the existing 

literature grounded on the links between digitalisation, globalisation and job quality. Second, 

we will present the data and the methodologies. Third, we will describe the evolution of the 

eight dimension of job quality over the period 2005 to 2021 paying attention to the potential 

differences across some sociodemographic variables (gender, age and education level), occupa-

tions, sectors and countries. Fourth, we will present the results of the empirical analysis con-
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ducted on 2021 data and dedicated to the link between digitalisation, globalisation with the 

different dimensions of job quality. Fifth, the report concludes. 

2 Related literature 

2.1 Job quality and digitalisation and technology 

Martin & Hauret (2022) recent literature review offers valuable insights into the relationship 

between digitalisation and six out of the eight job quality dimensions. They point out that 

previous empirical evidence has examined the relationship between digitalisation and job 

quality, primarily with respect to income from employment and working time and work-life 

balance. Nevertheless, regarding income from employment (mainly wage), there remains a lack 

of consensus on the effect of digitalisation on it. Some empirical evidence indeed indicate that 

routine manual tasks tend to be associated with lower wages (Autor & Handel, 2013; De La Rica 

et al., 2020; Goos et al., 2021) and induce wage polarisation (Autor & Dorn, 2013). Some others 

underline that digital skills are highly rewarded (Falck et al., 2021), and that Artificial Intelli-

gence appears to be more beneficial to workers’ wages in the services sector than in manufac-

turing (Genz et al., 2021). 

Regarding working time and work-life balance measures, it appears that digital technologies 

blur the boundaries between work and personal life, resulting in detrimental effects on employ-

ees’ work-life balance (Currie & Eveline, 2011) and an increase in work-life conflict (Wright et 

al., 2014). Some studies proposed boundary management strategies to mitigate these negative 

links, including the use of integration versus segmentation techniques depending on temporal, 

psychological, or spatial dimensions (e.g., Derks et al. 2016; Sayah 2013).  

However, analyses of the link between digitalisation and the others facets of job quality remain 

scarce and call for further research as the one we propose in this research report.  

The existing research on the links between digitalisation and safety at work talk about the 

physical environment (no hard work), low injuries, and low physical health risk and has yielded 

inconclusive results. One the one hand, most of the evidence relates to the impact of robots and 

some report no link with physical environment (Anton et al., 2020) while some report that 

robots can improve the physical environment by reducing injuries and the prevalence of poor 

health (Gunadi & Ryu, 2021). On the other hand, when it comes to the extended use of electronic 

devices or communication tools after work hours, there is evidence to suggest that they can 
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contribute to the development of musculoskeletal disorders (Arlinghaus & Nachreiner, 2013; 

So et al., 2017).  

The evidence on the relationship between digitalisation and fair treatment is mainly focused on 

pay gap. Regarding gender pay gap, research shows mixed evidence on how digital transfor-

mation affects it. Robots increase the gap in Europe (Aksoy et al. 2020) but reduce it in the US 

(Ge and Zhou 2020). AI do not have an impact (at least in France) (Domini et al., 2020). 

Germany observes a small reduction in the gender pay gap when task content is controlled, 

while no change is seen in Portugal or the US (Cortes et al. 2020). Recent studies performed in 

the framework of this research project, reveal that, on data from 37 countries, women earn 

18.2% less than men, after accounting for differences in age, education level and skills. Moreover, 

there is a larger wage gap between routine and non-routine occupations for women compared 

to men. Capello et al. (2023) conducted a study that highlights the contribution of the digital 

service economy to the widening of intraregional wage inequalities in Europe. In discussing 

wage inequality not related to gender, Hudomiet and Willis (2021) found an age pay gap related 

to computer use. Edin et al. (2021) showed that occupational decline due to digital progress 

reduces cumulative earnings, particularly for lower-paid workers. Robots' positive effects on 

labour income appear for some groups of workers like high-skilled (Graetz & Michaels, 2018), 

or workers of the service sector (Dauth et al., 2021).  

When it comes to security of employment, research on previous waves of digital transformation 

suggests that there is a positive correlation between digitalisation and perceived job insecurity 

(e.g., Gallie et al. 2017; McGuinness et al. 2021). However, the relationship between the most 

recent technologies such as AI or robots and job security is more complex and nuanced, and the 

results are not always conclusive (Brougham & Haar, 2018; Lingmont & Alexiou, 2020). Simi-

larly, career paths and professional stability have also been studied, but there is no clear 

consensus on the link between digitalisation and career development or stability (Genz et al., 

2021; or Bachmann et al., 2021 from the Untangled project).  

Regarding the link of digitalisation with social dialogue, some qualitative case studies exist and 

focus on the role of trade unions on digitalisation and a few on the other way around. For the 

latter, the main result is that digital transformation may have the tendency to weaken trade 

unions because of social media but some concrete examples mainly found in the gig economy 

literature highlight the importance of union (Eisele & Schneider, 2020; Wood & Lehdonvirta, 

2021). 
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Most of the existing studies on the impact of digitalisation on skills development suggest that it 

changes the nature of job content (e.g., Atalay et al. 2018; Falck et al. 2021; Goos et al. 2021). 

Specifically, there is a decrease in demand for routine tasks, and an increase in demand for more 

abstract tasks, which require upskilling of incumbent workers. This shift towards more complex 

tasks can result in an overall positive impact on the development of higher-level skills among 

workers digitalisation (information technology in Bartel et al. 2007; robots in Dauth et al. 2021). 

When it comes to employment-related relationships and work motivation, the use of technology 

has once again mixed effects. On the first sub-dimension, technology can strengthen formal 

relationships between co-workers by enhancing social support (Martin & Omrani, 2015, on 

computer use; Castellacci & Viñas-Bardolet, 2019, on Internet-based communication plat-

forms). Nevertheless, it can be detrimental to informal relationships, leading to social isolation 

and tensions between colleagues (Askenazy & Caroli, 2010; Siampou et al. 2014; Melzer & 

Diewald, 2020). On the second sub-dimension of motivation and related outcomes such as job 

autonomy and decision making, research distinguishes between two types of technologies, 

which have opposite effects. Information technologies tend to decentralise decision making, 

giving more autonomy to employees, which can increase motivation. However, communication 

technologies tend to centralise decision making, reducing workers' autonomy, which can be 

demotivating (Bloom et al., 2014; Cirillo et al., 2021; Martin, 2017; 2020). 

As for more recent technologies, there is no clear consensus yet on their impact on employment-

related relationships or work motivation.  

Some recent studies look at a broader range of job quality or working conditions. Flèche et al. 

(2023) use a French-specific variant of the European working conditions survey, with a 2013-

2019 panel scale that included digitalisation measurements based on daily hours spent using 

desktops, laptops, emails, internet, or intranet. Their study covered ten non-monetary job 

quality factors: learning, autonomy, support, stability, development (training), physical integ-

rity (risks), psychological integrity (stress), scheduling, flexibility and unconstrained work pace 

(work intensity). They highlight the polarisation of working conditions across different occu-

pations. There is a positive correlation between increased digital usage and learning, physical 

risks, stress, and work intensity, while there is a negative correlation with development and 

scheduling. 

Grimm (2023) focuses on Germany, utilising the Linked Personnel Panel (LPP) data from IAB 

between the years 2012 and 2018. He includes external measures of digital transformation such 

as routine task intensity from Mihaylof and Tijdens (2019), computer substitution risk from 
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Dengler and Matthes (2018), and AI exposure from Brynjolfsson et al. (2018) and Felten et al. 

(2018) and construct a working condition index. He discloses that basic digital use has a nega-

tive correlation with the working condition index, whereas advanced digital use has a positive 

correlation with the working condition index. 

The differences in results found in the various analyses can be explained by differences in tech-

nologies and outcome studied, but also depend on the national and period context and employ-

ees’ characteristics studied. There is here a clear need for future research to consider the influ-

ence of the research contexts on the existing results. One such context may take the form of the 

post pandemic hybrid work environment (Aksoy et al., 2022). 

2.2 Globalisation and job quality  

The main dimension of globalisation studied in the literature are the offshorability index of 

occupations which involves the delegation of work to foreign firms (Blinder & Krueger, 2013). 

The studies on this phenomenon are quite older compared to those on digitalisation. While the 

issue of offshorability has received relatively less attention in the literature compared to digi-

talisation, some papers anticipate a rising risk of offshorability (Antràs et al., 2006; Levy & 

Murnane, 2004). Levine (2005) focuses on offshore outsourcing, which involves the delegation 

of service sector jobs of white-collar workers to foreign firms. While offshore outsourcing has 

been cited as a contributing factor to the job losses following the 2001 recession, reports 

suggest that it may have only accounted for up to 10% of the cutbacks. Furthermore, it appears 

that in a single year, the number of jobs outsourced offshore was responsible for only 2% of the 

total employment in the United States. Also on US, Harrison and Mcmillan (2011) reveal that 

for firms that do significantly different tasks at home and abroad, foreign and domestic employ-

ment are complements. 

Existing evidence related to job quality focus mainly on two dimensions of job quality, that are 

wages and job security (see the literature review by Hummels et al., 2018 and Crinò, 2009). 

Görg and Görlich (2015) examine the effects of offshoring on wages and job security as meas-

ured by unemployment probabilities among workers in Germany. Their research underlines 

that with an increase in materials offshoring, temporary workers experienced a notable 

decrease in wages, while permanent workers saw no impact on their wages or possibly even a 

rise. Also on Germany, Baumgarten et al. (2013) emphasise a significant and negative impact of 

offshoring on wages. Their research shows that the magnitude of this effect varies considerably 

depending on the task profile of workers' occupations. Hummels et al. (2014), on Danish data, 
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show that within job spells, offshoring increases (decreases) the high-skilled (low-skilled) 

wage. 

Few studies existing on the other dimensions of job quality. For instance, Crinò (2012) investi-

gates the impact of material offshoring and service offshoring on skill demand at the occupation 

level in Western Europe, specifically in relation to the skills development dimension of job 

quality. The study highlights that while material offshoring results in the substitution of low-

skilled labour, service offshoring leads to an increase in the relative demand for high- and 

medium-skilled workers. 

2.3 Digitalisation, globalisation and job quality  

Recent analyses at the EU level examine the impact of digital transformation in conjunction with 

the global value chain (GVC) on different aspects of job quality. For instance, Parteka et al. 

(2023) and Nikulin et al. (2022), using the European working condition survey of 2015, study 

the relations between digital transformation and GVC on six aspects of job quality: social envi-

ronment, skills and discretion, physical environment, prospects, working time quality, and work 

intensity. The study findings indicate that different level of software, robot and AI exposure 

measured using patent data from Webb (2020) suggest comparable connections between 

different levels of exposure to software and robots but dissimilar links with AI. For instance, 

according to Nikulin et al. (2022), jobs with high software and robot exposure tend to have 

lower quality as GVC involvement increases. Different finding are revealed for jobs with AI 

exposure, while a greater exposure is linked to a better social environment, which is further 

enhanced by GVC. There were no substantial variations detected across different levels of AI 

exposure concerning skill and discretion, and prospects. GVC exhibited stability in skill and 

discretion but exhibited a decrease in prospects. Low AI exposure showed that physical envi-

ronment and working time quality are superior. A relationship that remained stable with GVC 

for physical environment while slightly increasing for working time quality. However, work 

intensity is greater with high exposure to AI but decreases with GVC to the point of being no 

different from other levels of intensity when GVC is medium and high. 

There also exist some studies, such as the one conducted by Schmidpeter and Winter-Ebmer 

(2018) that investigate the impact of automation and offshorability (Blinder & Krueger, 2013 

index) on wages, re-employability and employment stability. Their findings suggest that the 

presence of routine tasks and offshoring negatively affects re-employment opportunities. For 
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those who are successfully re-employed, the study indicates that offshorability (but not auto-

mation) has a positive effect on job duration and wages. 

2.4 Heterogeneity of links between digitalisation, globalisation and job quality  

The heterogeneity of links between digitalisation, and/or globalisation with the different job 

quality dimensions or a job quality index due to various socio-economic, occupational, business 

sectoral factors is scarcely explored. Nevertheless, Eurofound (2021) highlights that discrepan-

cies arise concerning job quality between countries, occupations, gender, or age, even without 

explicitly examining the role of digital transformation or globalisation.  

Grimm (2023) studying digital transformation and a job quality index in the German context 

shows that gender, age, and business sector present distinct findings from the average. Martin 

et al. (2022) demonstrate differences based on gender and management positions regarding 

the relationship between the use of technology outside working hours and workers’ work-life 

balance promoting employee well-being, satisfaction, and overall quality of life. 

3 Data and methodologies 

3.1 Data 

3.1.1 Job quality 

In order to analyse the various dimensions of job quality, we use data from the European 

Working Conditions Survey (EWCS) conducted by Eurofound in 2005, 2010, 2015, and 2021. 

The survey's objective is to provide a comprehensive view of the quality of work and employ-

ment in Europe (Eurofound, 2021). Themes covered include employment status, working time 

duration and organisation, work organisation, learning and training, physical and psychosocial 

risk factors, health and safety, work-life balance, worker participation, earnings and financial 

security, as well as work and health.  

Based on this data, we examine eight dimensions of job quality for employees (self-employed 

workers are not included in our study): (1) safety at work, (2) fair treatment, (3) working time 

and work life balance, (4) security of employment, (5) self-perceived fair pays, (6) social dia-

logue, (7) training paid by employer, (8) employment related relationships and work motiva-

tion. To capture these dimensions, we constructed several indicators, which are briefly 

described below. Annex 1 presents them more in details. 
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To measure safety at work, we compute the number of risks that employees are exposed to at 

work among nine potential risks which covers ergonomic (tiring/painful positions, lifting/ 

moving people, carrying/moving heavy loads), environmental (exposition to noise, chemical 

products, materials which can be infectious) and physical risks (backache, muscular pains). In 

the econometric section, we dichotomise this indicator. It takes the value 1 if the number of risks 

employees perceive is larger than the mean number of risks in their occupation and 0 otherwise. 

To investigate fair treatment in the workplace, we developed an indicator that assigns a value 

of 1 if an employee experiences any of the following three forms of asocial behaviour: verbal 

abuse, unwanted sexual attention, or physical violence, 0 otherwise. 

To study working time and work life balance, we use three main indicators. First, the satisfac-

tion with working time which is equal to 1 when the absolute difference between the preferred 

working hours per week and the effective working hours per week is lower than the average 

difference. Second, the fact to work at very high speed, which is equal to 1 if the employee indi-

cating working at a very high speed. Third, the level of work-balance. It is assessed on a scale of 

1 to 4, where 1 indicates that working hours are not compatible with social or family commit-

ments outside of work, and 4 indicates a high level of compatibility. In the econometric part, we 

dichotomise this indicator; it is equal to 1 if the value is at least 3. 

To study security of employment, we use an indicator equals to 1 if a respondent reports the 

possibility of losing his job within the next six months, 0 otherwise. 

To study self-perceived fair pay, we rely on an indicator equals to 1 if respondents feel they are 

being adequately compensated for their efforts and achievements in their job, 0 otherwise. 

To reflect social dialogue, we compute an indicator equal to 1 if in the respondent’s company at 

least one of these types of social dialogue exists: representation by trade union, works council, 

or similar employee committee; a health and safety delegate or committee, regular meetings 

where employees can express their views about the organisation. Note that this indicator is 

available only from 2015 and 2021. 

For training dimension, we use an indicator equal to one if respondents reported receiving 

training (on the job or paid by the employer), 0 otherwise.  

Employment related relationships and work motivation. We compute two indicators on 

employment related relationships. The first one equal to 1 if respondents are supported at work 

at least by their colleagues or their manager, 0 otherwise. The second equals to 1 if respondents 

are consulted before objectives are set for their work or are involved in improving the work organisation 
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or work processes of their department or organisation. Unfortunately, the data we are working with 

does not include any direct measures of work motivation. However, the existing literature 

suggests that autonomy is a critical factor that can positively impact motivation. Therefore, in 

the absence of direct measures, we use autonomy as a proxy for work motivation in our analysis. 

However, we acknowledge that this approach may not capture all aspects of work motivation. 

The autonomy at work dimension is captured through three questions related to different types 

of autonomy: (1) autonomy in the order of tasks, (2) autonomy in choosing the methods of 

work, and (3) autonomy in determining the speed of work. The indicator reflects whether the 

respondent reports having at least one type of autonomy at work. 

3.1.2 Data on digital transformation and globalisation 

To examine the correlation and the causal relationship between megatrends, such as digital 

transformation and globalisation, and various aspects of job quality, we analysed the most 

recent EWCS survey. We utilised external data to gauge the extent of digital transformation and 

globalisation, which are presented below. 

Digital transformation 

The concept of digital transformation is broad. The digital transformation of work refers to the 

integration and adoption of digital technologies, tools, and processes within the workplace to 

enhance productivity, efficiency, and collaboration. It involves the transformation of traditional 

manual or analogue tasks and processes into digital formats, enabling automation, data-driven 

decision making, and the use of advanced technologies like artificial intelligence, machine learn-

ing, cloud computing, and robotics. 

To address digital transformation, we are concentrating on advanced digital technologies, 

including artificial intelligence and automation.  

Artificial intelligence 

To measure AI, we used data from the paper of Tolan et al. (2020). The explicit focus on AI 

distinguishes this analysis from studies on robotisation (Acemoglu and Restrepo, 2018), digi-

talisation and online platforms (Agrawal et al., 2015), and the general occupational impact of 

technological progress and automation (Autor, 2015). That is, automation through technologies 

that do not require AI, e.g., self-checkout machines that replace human cashiers in supermarkets, 

is not considered in this framework. 
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These AI-related metrics reflect the intensity of current research and development in different 

AI techniques. The authors acknowledge that the ‘research intensity’ indicator is not necessarily 

a good proxy of future AI progress, since breakthroughs do not always appear where more 

research effort is spent, and there may be dead ends that are not obvious yet. But future AI 

progress is hardly difficult to predict and this indicator aims to identify which occupations and 

types of task contents are more directly related to pre-chatGPT developments in AI research. 

The present analysis is limited to the technical potential of AI (i.e., the things that AI could 

potentially do at work). 

To analyse the links between AI and job quality dimensions, we matched this data to the indi-

vidual EWCS data at the occupation level. 

Automation 

Arntz et al. (2017) used PIAAC detailed task data to take into account the spectrum of tasks 

within occupations. Their measure of automation potential is thus assessed at the occupational 

level, while including the job-level variation in automation exposure derived from the PIAAC 

data. They also used an imputation method to derive a weighted occupational risk of automa-

tion that varies across individuals according to their characteristics. We matched this data to 

the individual EWCS data at the occupation level. 

Globalisation 

The offshorability of an occupation refers to the degree to which the tasks and responsibilities 

associated with that occupation can be effectively carried out or relocated to another country, 

typically through outsourcing or remote work arrangements. It indicates the extent to which 

the work can be performed by individuals in a different geographic location, often with the use 

of technology and communication tools. 

The offshorability index measures the ease with which an occupation can be offshored to a 

different country. In order to distinguish between offshorable and non-offshorable occupations, 

we use the latest available measures from Blinder and Krueger (2013) classification based on 

professional coders’ assessments in the PDII US survey. Occupations are classified as offshor-

able according to the PDII are ‘offshorable, though with some difficulties or loss of quality that 

can be overcome’ (offshorability score 4 out of 5) or that are ‘easily offshorable with only minor 

or no difficulties or loss of quality’ (offshorability score 5 out of 5). They are adapted to ISCO 

codes by Lewandowski et al. (2022) using official ILO crosswalk to map the SOC codes (used in 

PDII) into ISCO codes. 
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3.2 Methodologies 

During the initial stage (Section 4), we use descriptive statistics to analyse changes in the 

dimensions of job quality for European employees between 2005 and 2021. We also examine 

this evolution with respect to various sociodemographic variables (including gender, age cate-

gory, level of education), activity sector, and country group. 

In a second stage (Section 5), we study, on the most recent wave of EWCS, the link between the 

various dimensions of job quality and digital transformation and globalisation. As the three 

digital transformation indicators come from three different sources and are significantly corre-

lated, we decided not to introduce them simultaneously in the estimation models but rather 

separately.2  

Given the binary nature of our dependent variables, we use Probit models to estimate job 

quality measures and report average marginal effects (AMEs). A concern with Probit models is 

that non-random variation in ADT, automation, and AI may not be readily interpreted as a 

causal effect. Unobservable factors that affect the adoption of digitalisation in occupations or 

sectors are likely to also affect job quality in those occupations or sectors. To address this issue, 

we will adopt an instrumental variable (IV) strategy. Unfortunately, due to a lack of valid 

instruments, we are unable to apply the IV strategy for ADT and AI. For automation risk, as a 

source of variation, we rely on the methodology introduced by Acemoglu and Restrepo (2020). 

Specifically, we use the average automation’s exposure rate in occupations among six countries 

not considered in our study, namely Austria, Canada, Estonia, Finland, Norway, and the United 

Kingdom. 

It should be noted that the samples used for the various Probit models varies for two reasons. 

Firstly, the EWCS survey was conducted on a module-by-module basis, meaning that partici-

pants were not questioned on all modules. Secondly, some indicators used to study the link 

between megatrends and job quality are unavailable for certain occupations, sectors or coun-

tries. The final sample covers 12 countries: Belgium, Czech Rep, Denmark, Germany, Spain, 

France, Ireland, Italy, Netherlands, Poland, Slovakia, Sweden  

 

2 Correlation between AI and automation: -0.76, between AI and ADT : 0.31, between ADT and automation -0.269. 
These correlations are significant at the 10% threshold.  
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4 Job quality in EU from 2005-2021 

In this section we examine the evolution between 2005 and 2021 for the various job quality 

dimensions. We also give attention to the relevant differences across gender, age, education 

levels, occupations, sectors and country groups.3 

4.1 Safety at work 

The number of risks exposed to at work is on average between 4 and 5 (out of 9) in 2021 

(Figure 1). The trend has been decreasing between 2005 and 2015 from 5 to 4 risks and is 

increasing between 2015 and 2021 (to 4.8). Around 75% of this increase is due to an increase 

in backache and muscular pain in shoulders, an increase in work done in tiring or painful posi-

tion, and an increase in noise level. Some differences can be observed by education level, with 

the respondents with secondary education being exposed to more risks at work than 

respondents with post-secondary and tertiary education over time. On average, the different 

education level groups follow the same evolution, with the exception of post-secondary non 

tertiary level which increases more sharply than the two other levels (3 in 2010 to 5 in 2021). 

In 2021, respondents with tertiary education were exposed on average to 4.2 risks, compared 

to 5.1 risks for lower-educated respondents. The number of risks also differs according to 

different occupations; with skilled agricultural, forestry and fishery and craft workers being 

always exposed to more risks than other occupations, with an average of 6 risks in 2021 (see 

Annex 3 Figure a 1). Clerical support workers are exposed to fewer risks over time, from 3 risks 

in 2015 to 3.7 in 2021. Some sectors are also exposed to more risks than others (see Annex 3 

Figure a 2). On average, those employed in other service reported fewer risks than those 

working in construction, transport, and storage, who reported being exposed to respectively 

approximately 4 and 5 risks in 2021. The number of risks faced by workers in public services 

and education saw a significant increase, rising from 3.9 in 2010 to 5.2 in 2021. 

 

3 This metric is binary, taking a value of 1 when the absolute difference between preferred weekly working hours 
and actual weekly working hours is 1.70 (the mean of the difference between the preferred working hours per 
week and the effective working hours per week between 2010 and 2021), and 0 otherwise. 
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Figure 1. Risks at work indicator 

 
Note: Aggregated indicator based on Q30a, Q30b, Q30c, Q30e, Q29b, Q29g, Q29i, Q78c andQ78d, representing different types 
of risks at work. All the questions have been rescaled to binary indicators indicating if the person is exposed to the risk (0 No - 
1 Yes). The average number of risks exposed to at work is the mean of the sum of these binary indicators. EWCS weighted data 
for all EU-27 countries. 

4.2 Fair treatment  

According to Figure 2, in 2021, about 6% of those surveyed reported experiencing different 

types of asocial behaviours, such as verbal abuse, unwanted sexual attention, and physical vio-

lence, at their workplace. Such exposure is a clear indication of unfair treatment in the work-

place. Interestingly, the percentage of those reporting asocial behaviours has doubled from 

2005 to 2021. Figure 2 also shows that younger workers are more likely to report such behav-

iours than older workers, with over 6% of those aged 16 to 34 reporting incidents compared to 

4% of those aged 55 and above. In 2021, women were found to report incidents of asocial 

behaviours more frequently than men, with approximately 7% of women and 5% of men 

reporting such incidents. Furthermore, the gender gap in the reporting of asocial behaviours 

has increased over time (Annex 4 Figure a 3). In 2021, there is nearly no difference across 

education levels, but in 2015, workers with tertiary education reported less often asocial 

behaviours (Annex 4 Figure a 3). 
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Figure 2. Share of persons exposed to asocial behaviours 

  
Note: Aggregated indicator based on Q80a, Q80b and Q81a, representing different types of asocial behaviour at work. All the 
questions have been rescaled to binary indicators indicating if the person is exposed to the asocial behaviour (0 No - 1 Yes). 
The share of persons exposed to at least one asocial behaviour at work is the share of observations for which the sum of these 
binary indicators is greater than 0. EWCS weighted data for all EU-27 countries. 

The prevalence of such behaviours differs across sectors, with workers in agriculture and 

industry being exposed the least since 2005, while workers in public services and education are 

exposed the most, reaching between 8 and 9% in 2021 (Annex 4 Figure a 4). 

There are some discrepancies among various occupations regarding the prevalence of asocial 

behaviours at work over time (Annex 4 Figure a 5). Service and sales workers, in particular, 

reported such incidents more frequently. Interestingly, skilled agricultural workers reported 

fewer incidents of asocial behaviours in 2015, with only 1% reporting such incidents. However, 

in 2021, the percentage increased to nearly 6%. 

4.3 Working time and work life balance 

Working time satisfaction 

In both 2010 and 2015, approximately 60% of respondents expressed satisfaction with their 

working hours (see Figure 3).4  However, this percentage experiences a significant decline in 

2021, dropping to less than 30%. This decline could be partially attributed to the widespread 

 

4 Mean of the difference between the preferred working hours per week and the effective working hours per week 
between 2010 and 2021. 
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adoption of teleworking during the COVID-19 pandemic. Nevertheless, no noteworthy varia-

tions were noted across various respondent groups and characteristics. 

Figure 3. Share of persons satisfied with their working time  

 
Note: Working time satisfaction is equal to 1 if the employee is satisfied with their working time, specifically when the absolute 
difference between the preferred working hours per week and the effective working hours per week is 1,7, 0 otherwise. EWCS 
weighted data for all EU-27 countries. 

Working at a very high speed 

According to Figure 4, approximately 80% of respondents reported working at a high speed 

since 2005. However, there are differences across age categories, with older workers (aged 55 

and above) reporting more frequent high-speed work in 2021 (85%), whereas they used to 

report less frequent high-speed work than younger workers between 2005 and 2015. Country 

groups also exhibit some variations, with Nordic countries having more workers indicating 

high-speed work from 2005 to 2021, while fewer workers in eastern countries reported 

working at a high speed from 2005 to 2015. In 2021, however, these disparities across country 

groups have diminished (Annex5 Figure a 6). 
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Figure 4. Work at high speed 

 
Note: Question 40a: Does your job involve working at a very high speed? Rescaled to a binary indicator indicating if the person 
is working at high speed (0 No - 1 Yes). EWCS weighted data for all EU-27 countries. 

There are also disparities across occupations, with skilled agricultural, forestry, and fishery 

workers being the most exposed to high-speed work in 2021 while those in elementary occu-

pations are the least exposed. Between 2015 and 2021, the percentage of skilled agricultural, 

forestry, and fishery workers who reported working at high speed increased significantly, rising 

from 75% to 88% (Annex 5 Figure a 7). 

Work-life balance 

The level of work-life balance is assessed on a scale of 1 to 4, where 1 indicates that working 

hours are not compatible with social or family commitments outside of work, and 4 indicates a 

high level of compatibility. From 2005 to 2021, the level of work-life balance remained stable at 

around 3. No relevant differences were observed across workers groups. 
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Figure 5. Level of work life balance in general 

 
Note: Question 44 In general, how do your working hours fit in with your family or social commitments outside work? 1 Not at 
all well-4Very well. EWCS weighted data for all EU-27 countries. 

4.4 Job insecurity 

Between 2005 and 2021, the percentage of respondents who report the possibility of losing 

their job within the next six months has fluctuated between 15% and 16% (Figure 6). However, 

there are differences in job insecurity across age categories with younger workers being always 

more insecure about their job than older workers (Figure 6). There are differences across 

occupations, with the highest level of job insecurity in 2021 being reported by those workers in 

elementary occupations (22%) and the lowest by skilled agricultural workers (8%) (Annex 6 

Figure a 8).  
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Figure 6 Job insecurity 

 
Note: Question 89g: I might lose my job in the next 6 months (0 Strongly disagree, tend to disagree and neither agree nor 
disagree - 1 Tend to agree and strongly agree). EWCS weighted data for all EU-27 countries. 

Similarly, job insecurity also varies across sectors, with workers in other services having the 

lowest level throughout the period (Annex 6 Figure a 9).  

In 2021, western countries had the lowest proportion of respondents reporting job insecurity, 

while southern countries had the highest proportion. The percentage of respondents reporting 

job insecurity in southern countries increased the most between 2005 and 2015, rising from 

13% to 22%, and remained high at 19% in 2021 (Annex 6 Figure a 10). Finally, job insecurity 

varies depending on the level of education. In 2005, 2010, and 2021, workers with higher edu-

cation reported less job insecurity compared to those with lower education. However, there was 

an interesting shift in 2015 when workers with tertiary education reported the highest levels 

of job insecurity (Annex 6 Figure a 10). 

4.5 Self-perceived fair pay 

Over time, the proportion of respondents who feel they are being adequately compensated for 

their efforts and achievements in their job has risen from 41% in 2005 to 59% in 2021 

(Figure 7). In 2021, there were no disparities in reported pay appropriateness across education 

levels. However, between 2005 and 2015, individuals with tertiary education consistently 

reported higher rates of pay appropriateness compared to those with lower levels of education. 
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Conversely, workers with secondary education reported less frequently that their pay was 

appropriate during this time period, as shown in Figure 7. 

Figure 7. The feeling of being paid appropriately 

 
Note: Question 89a: Considering all my efforts and achievements in my job, I feel I get paid appropriately (0 Strongly disagree, 
tend to disagree and neither agree nor disagree - 1 Tend to agree and strongly agree). EWCS weighted data for all EU-27 coun-
tries. 

Women report systematically less often being paid appropriately than men, with 55% 

compared to 61% in 2021 (Annex 7 Figure a 11). There exist disparities among country groups 

regarding workers' perceptions of their pay. Since 2010, employees in Nordic countries have 

felt that their compensation is more adequate than that of workers in other countries, with a 

64% satisfaction rate in 2021 compared to 55% in Southern countries (Annex 7 Figure a 12). 

This trend is relatively consistent across various sectors, with around 60% of workers feeling 

appropriately paid in 2021, except for those in public services and education, who had a 53% 

satisfaction rate in the same year (Annex 7 Figure a 12). 

The perception of being paid appropriately is generally comparable across occupations, except 

for skilled agricultural workers who have consistently reported lower levels of satisfaction in 

2005, 2010, and 2021, with only 46% indicating satisfaction in 2021 (Annex 7 Figure a 13). 
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4.6 Social dialogue 

From 2015 to 2021, the percentage of respondents reporting having at least one form of social 

dialogue available in their firm increased from 53% to 68%. Furthermore, the share of respond-

ents indicating social dialogue options is higher in Nordic countries and lower in Eastern coun-

tries. Also, fewer respondents with lower education levels reported having social dialogue 

options than those with higher education. In 2021, professional respondents had a greater per-

centage (76%) of reported social dialogue options than managers (58%). Additionally, man-

agers were the only group whose proportion of respondents reporting at least one social dia-

logue option in their company decreased from 77% in 2015 to 58% in 2021 (Figure 8). 

Figure 8. Share of persons having at least one social dialogue option available in the 

company 

 
Note: Aggregated indicator based on Q71a, Q71b, Q71c, representing different options of social dialogue available in the 
company. All the questions have been rescaled to binary indicators indicating if the option is available in the company (0 No – 
1 Yes). The share of persons having social dialogue options is the share of observations that have at least one social dialogue 
option in their company. EWCS weighted data for all EU-27 countries. 
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4.7 Training paid by employer 

The percentage of respondents who reported receiving training (on the job or paid by the 

employer) increased from 25% in 2005 to 45% in 2021 (Figure 9). Figure 9 also illustrates that 

the number of older workers who have received training is lower compared to their younger 

counterparts, indicating that there are variations in training rates among different age groups. 

Figure 9. Share of persons having undergone training 

 
Note: Aggregated indicator based on Q65a, Q65c, representing different options of training (paid by the employer or on the 
job). These questions have been rescaled to binary indicators indicating if the person has undergone such training (0 No - 1 
Yes). The share of persons having undergone training is the share of observations for which the sum of these binary indicators 
is greater than 0. EWCS weighted data for all EU-27 countries. 

The share of persons receiving training is influenced by their educational attainment (Annex 8 

Figure a 14). On average, workers with secondary education are 10 percentage points less likely 

to report having received training compared to those with higher levels of education. Regarding 

country groups, since 2005, Nordic countries have consistently had higher proportions of 

workers reporting receiving training, with rates around 50%. Conversely, in 2005, only 15% of 

workers in Southern countries reported having received training, while rates were 22% in 

Eastern countries and 38% in Western countries. However, the gap between these three groups 

and Nordic countries has gradually decreased since 2005. As of 2021, Western countries have 

caught up with Nordic countries, with training rates at 48%, followed by Eastern countries at 

44%, and Southern countries with the lowest rates at 41% (Annex 8 Figure a 14). 
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There are disparities in training rates among different occupations. In 2021, technicians and 

associate professionals had the highest training rate at 52%, while skilled agricultural workers 

had the lowest rate at 29%. All occupations generally follow a similar trend, except for managers 

who had a more significant increase in the share of individuals reporting training from 30% in 

2015 to 49% in 2021 (Annex 8 Figure a 15). Moreover, there are variations in training rates 

across sectors, with a higher proportion of respondents working in public services and 

education (51%) indicating training receipt compared to those in trade, accommodation, and 

food services (40%) in 2021 (Annex 8 Figure a 16). 

4.8 Employment-related relationships and work motivation 

Organisational support  

From 2005 to 2021, the proportion of individuals reporting support from their colleagues or 

supervisors in the workplace has consistently remained above 85% on average, with the most 

recent survey in 2021 indicating a nearly universal level of support at approximately 97% 

(Figure 10). In 2005, there was a wider discrepancy between age groups regarding support at 

work, with 91% of younger workers (16-34) indicating support compared to 79% of older 

workers (55+). However, as of 2021, the differences across age groups have nearly disappeared 

with all age groups being around 97% to 98% (Figure 10). 

Figure 10. Organisational support  

 
Note: Aggregated indicator based on Q61a and Q61b, representing different types of support at work (from the colleagues or 
the manager). All the questions have been rescaled to binary indicators indicating if the person receives such support (0 No - 
1 Yes). The share of persons indicating they have support at work is the share of observations for which the sum of these binary 
indicators is greater than 0. EWCS weighted data for all EU-27 countries. 
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The share of persons reporting support at work is different according to their education level, 

with higher educated workers reporting more often support both in 2005 and 2021. However, 

there was a consistent trend from 2005-2010, where workers with a lower education level 

(secondary level) reported less often support compared to those with post-secondary non-

tertiary education (Annex 9 Figure a 17). Additionally, there were discrepancies across country 

groups, with workers in Nordic countries consistently reporting more often support compared 

to those in other European countries. However, in 2021, these differences across country groups 

have decreased significantly (Annex 9 Figure a 17). 

The share of workers receiving support at work varies depending on their occupation, espe-

cially evident in 2005 when 75% of managers and skilled agricultural workers reported support 

at work compared to 93% of technicians and clerical support workers. However, as of 2021, the 

quasi totality of workers across all occupations (more than 94%) reported receiving support at 

work (Annex 9 Figure a 18).  

Consulted at work 

The percentage of individuals who are consulted in their workplace has experienced a substan-

tial increase from 78% in 2015 to 92% in 2021 (Figure 11). Furthermore, respondents with 

higher levels of education were more likely to report being consulted at work compared to those 

with lower levels of education (Figure 11). If all workers reported being consulted more often 

in 2021 than in 2015, the share of persons indicating being consulted at work is especially high 

for managers, services and sale workers and professionals (Annex 9 Figure a 19). The lowest 

share is observed for craft workers and plant and machine operators. 
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Figure 11. Consulted at work 

 
Note: Aggregated indicator based on Q61c and Q61d, representing different types of consultations at work. All the questions 
have been rescaled to binary indicators indicating if the person is being consulted (0 No - 1 Yes). The share of persons indicating 
they are being consulted at work is the share of observations for which the sum of these binary indicators is greater than 0. 
EWCS weighted data for all EU-27 countries. 

Autonomy 

In the absence of direct measures of work motivation, we use autonomy as a proxy for work 

motivation in our analysis. However, we acknowledge that this approach may not capture all 

aspects of work motivation.  

The proportion of respondents reporting having autonomy at work has increased from 70% in 

2015 to 90% in 20215 (Figure 12). There is a discrepancy in the percentage of workers who 

report having autonomy at work based on their education level. In particular, those with a lower 

education level (secondary level) reported less autonomy compared to those with post-second-

ary non-tertiary education. However, workers with tertiary education reported having higher 

levels of autonomy in 2005 and 2021, but interestingly, had the lowest level of autonomy in 

2010 (as depicted in Figure 12). 

 

5 This sharp increase in 2021 could partly be due to the rescaling of the indicator. In 2021, frequencies were asked 
(from ‘never’ to ‘always’) whereas for the previous surveys, the respondents already had a dichotomous question 
‘Yes’-’No’. 
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Figure 12. Autonomy at work indicator 

 
Note: Aggregated indicator based on Q54a, Q54b and Q54c, representing different types of autonomy at work. All the questions 
have been rescaled to binary indicators indicating if the person has autonomy (0 No - 1 Yes). The share of persons indicating 
they have some autonomy at work is the share of observations for which the sum of these binary indicators is greater than 0. 
EWCS weighted data for all EU-27 countries. 

Workers in the other services and public services and education sectors consistently reported 

higher levels of autonomy compared to those in construction, transportation, and storage 

sectors. Notably, there has been a significant increase in the percentage of workers indicating 

autonomy at work across all sectors from 2015 to 2021 (Annex 9 Figure a 20). Furthermore, 

workers in Nordic countries consistently reported higher levels of autonomy compared to those 

in other country groups across all sectors (Annex 9 Figure a 20). 

Lastly, there are discrepancies across occupations with managers reporting higher levels of 

autonomy at work since 2005 compared to plant and machine operators who reported less 

often autonomy from 2005 to 2021. The share of plant and machine operators reporting having 

autonomy at work increased significantly compared to other occupations, notably rising from 

47% in 2015 to 80% in 2021. 
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5 Estimating the relationship between job quality,6 digitalisation, 

automation, artificial intelligence and offshoring 

This section explores the relationship between job quality and digital transformation and off-

shoring, using the latest wave of EWCS data (2021). 

5.1 Poor safety at work, ergonomic and environmental risks at work7 

Poor safety at work  

The findings in Table 1 indicate a significant negative AME for advanced digital technologies, 

implying an inverse association between the risk of poor safety at work and the level of digitali-

sation (ADT). This finding suggests that the use of advanced digital technologies is likely to 

improve employees’ self-perceived safety in the workplace. The standardisation of safety 

protocols across the organisation, facilitated by digital investments, along with the use of pre-

dictive analytics, contributes to proactive safety management, ultimately reducing the like-

lihood of safety breaches. Indeed, the adoption of advanced monitoring and surveillance 

systems, empowered by digital technologies, enables real-time identification of safety hazards 

and prompt interventions. Communication platforms facilitate the exchange of information and 

the reporting of incidents (Babalola et al., 2023). Additionally, the ability to collect and analyse 

large amounts of safety-related data allows organisations to identify trends and implement tar-

geted safety measures. Digitalisation may further support remote work arrangements, mini-

mising employees' exposure to hazardous environments. Comparing different sub-groups of 

workers, this negative AME appears only for the workers aged 16-34, men and those of higher 

education group. 

There is no evidence of significant causal relationship between automation risk and poor safety 

at work at the whole sample level. Nevertheless, comparing different sub-groups of workers a 

negative impact of automation appears for women and a positive causal impact for the workers 

aged 16-34 and men. Related literature focused on robotisation yields contrasting results 

regarding the link with workplace safety. Indeed, while Anton et al. (2020) demonstrate no 

 

6 Due to the large amount of missing data, the social dialogue dimension is not investigated in this part. 
7 The studied indicator of poor safety at work is based on the employee's self-perceived safety risk at work, 
compared to the mean safety risk at the occupation level. It takes the value 1 if the employee perceives the safety 
risk to be larger than the mean risk of their occupation, 0 otherwise. 
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effect of robotisation on workplace safety, other studies show that robotisation reduces the risk 

of work-related injuries (Gunadi & Ryu, 2021; Li & Singleton, 2021).  

The exposure to artificial intelligence is not significant at the whole sample level but a negative 

link is revealed for certain socio-demographic sub-groups. Indeed, we find a significant negative 

effect of artificial intelligence for the group aged 16-34, men, and those with low education 

levels. As stated above, advances in AI are facilitating the standardisation of safety protocols 

across organisations and thus improve the safety of workers. Nevertheless, the links identified 

here may also suggest that some jobs, particularly for the low educated, are being replaced by 

digital advancement (Georgieff & Milanez, 2021), that may encourage workers who remain 

employed to retrain for safer jobs.
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Table 1. Regression findings of technological changes on poor safety at work and poor treatment at work 

 All Age Gender Education 

  16-34 35-54 55+ Women Men Low Medium High 

Poor safety at work          

Advanced digital technologies -0.061** -0.101** -0.035 -0.075 -0.051 -0.075* -0.034 -0.104 -0.093** 

 (0.028) (0.048) (0.038) (0.073) (0.037) (0.044) (0.046) (0.091) (0.037) 

Automation 0.262 0.940** 0.028 -0.118 -0.590* 1.360*** -0.021 -0.359 0.790 

 (0.268) (0.474) (0.373) (0.737) (0.339) (0.430) (0.355) (0.780) (0.506) 

Artificial intelligence -0.071 -0.247*** -0.009 0.082 0.006 -0.200*** -0.167*** 0.100 0.024 

 (0.044) (0.073) (0.062) (0.127) (0.061) (0.068) (0.064) (0.134) (0.069) 

Observations 8,008 2,584 4,265 1,159 4,872 3,136 3,279 550 4,179 

Poor treatment at work          

Advanced digital technologies 0.037* -0.002 0.045 0.084* 0.032 0.037 0.018 0.038 0.043* 

 (0.021) (0.039) (0.028) (0.047) (0.026) (0.035) (0.031) (0.077) (0.026) 

Automation 1.715*** 1.166 2.128*** 0.913 1.941*** 1.349** 2.141*** 1.978* 0.821 

 (0.407) (0.727) (0.540) (1.056) (0.521) (0.657) (0.544) (1.107) (0.745) 

Artificial intelligence -0.108*** -0.075 -0.139*** 0.013 -0.081** -0.138*** -0.115*** -0.35*** -0.010 

 (0.030) (0.058) (0.041) (0.064) (0.039) (0.051) (0.042) (0.111) (0.046) 

Observations 5,233 1,696 2,793 671 3,215 2,018 2,159 356 2,718 

Note: EWCS 2021, robust standard errors clustered at individuals in parentheses. * p<0.05, ** p<0.01, *** p<0.001. Separate regressions for each of the digital transformations measures. All 
regressions include controls for age, gender, education, dummy for part-time, having children, permanent contract, types of task, sector, firm size, country, one of the three digital transformation 
measure and exposure to offshoring. Average Marginal Effects (AMEs) of Advanced Digital Technologies (ADT) and Artificial Intelligence (AI) from Probit regressions and from IV for automa-
tion are reported. 
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5.2 Poor treatment at work 

Results in Table 1 indicate that advanced digital technologies is slightly significantly and posi-

tively associated with poor treatment at work for the whole sample and for two socio-

demographic sub-groups: 55 years and more, and high educated workers. This result contrasts 

with Melzer and Diewald (2020) who find that the Cyber-physical system or the Industry 4.0 

are negatively related to the risk of harassment form the supervisor.  

Our analysis reveals a strong, positive, and significant causal effect of automation on poor treat-

ment at work. It suggests that automation, by reducing social interactions in the workplace 

(Smith & Anderson, 2014), may lead to poor communication that could, in turn, contributes to 

a negative work atmosphere. However, there is strong heterogeneity according to socio-

demographic groups: automation increases the risk of poor treatment at work for both gender, 

those aged 35-54, and those with low or medium education. 

Table 1 also shows that AI is significantly and negatively linked to poor treatment for employees 

aged 35-54, both genders and with low to medium education. By saving time on cognitive 

routine tasks (Arntz et al., 2023), workers have more time to socialise with colleagues. 

5.3 Working time satisfaction, high speed at work and work-life balance 

Working time satisfaction 

Findings in Table 2 indicate that at the whole sample level only the exposure to AI is positively 

and slightly significantly linked to employees' self-perceived working time satisfaction. This can 

be explained by the fact that AI-powered scheduling systems can efficiently allocate work hours 

based on employee preferences and workload demands. By taking into account individual 

preferences, employees are more likely to have schedules that align with their personal needs, 

leading to increased working time satisfaction. AI can also help streamline tasks, prioritise work, 

and reduce time spent on routine tasks (Arntz et al., 2023), leading to a better perception of 

time management. Comparing different sub-groups of workers, this positive link is only observed 

for those aged 35-54. 

We find a statistically significant and negative causal effect of automation but only for those aged 

35-54 and women.  
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High speed at work 

Table 2 shows positive and significant link between advanced digital technologies and high 

speed at work. However, this link is significant only for women and those aged 16-34. We also 

find a significant and negative causal effect of automation on high speed at work. Male employ-

ees, those aged 35-54 and of medium to high education operating in high automatable occupa-

tions are likely to have less issue with high speed at work. Artificial intelligence is positively and 

significantly link to high speed at work. This can lead to workers taking on more tasks, which in 

turn requires them to work faster to meet deadlines (Georgieff & Hyee, 2021). Seven out of eight 

socio-demographic sub-groups are affected by this positive and significant association: those 

aged 16 to 54, both genders, all levels of education. 

Work-life balance  

Table 2 shows no significant association between advanced digital technologies and work-life 

balance at the whole sample but positive links for two socio-demographic sub-groups: those 

aged 55 and more, and women. 

We find that automation has a strong and negative causal effect on work-life balance. This 

suggests that workers in highly automatable occupations suffer harm to their work-life balance. 

The causal effects are significant for all socio-demographic sub-groups. It has been shown that 

employees’ thinking that their current jobs could be replaced by robotics and algorithms is 

negatively related to organisational commitment and job satisfaction, and positively related to 

turnover intentions, cynicism and depression (Brougham & Haar, 2018), which can also affect 

work-life balance. On contrary, we find that AI is positively and significantly associated to work-

life balance for the whole sample and all socio-demographic sub-groups. AI can improve work-

life balance by increasing productivity, automating repetitive tasks, and enabling flexible 

working arrangements.
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Table 2. Regression findings of technological changes on working time satisfaction, high speed at work and work-life balance 

 All Age Gender Education 

  16-34 35-54 55+ Women Men Low Medium High 

Working time satisfaction          

Advanced digital technologies 0.036 0.043 0.033 0.029 0.053 0.026 0.042 -0.031 0.026 

 (0.026) (0.045) (0.036) (0.070) (0.035) (0.042) (0.043) (0.093) (0.036) 

Automation -0.263 0.302 -0.636* -0.371 -0.652* 0.262 -0.595 -0.480 0.448 

 (0.277) (0.493) (0.380) (0.767) (0.357) (0.442) (0.362) (0.714) (0.522) 

Artificial intelligence 0.101** 0.015 0.151*** 0.159 0.088 0.087 0.087 0.143 0.089 

 (0.042) (0.068) (0.059) (0.121) (0.058) (0.064) (0.060) (0.139) (0.065) 

Observations 8,008 2,584 4,265 1,159 4,872 3,136 3,279 550 4,179 

High speed at work          

Advanced digital technologies 0.049** 0.096** 0.029 0.032 0.082*** 0.005 0.059 0.113 0.040 

 (0.022) (0.040) (0.030) (0.052) (0.028) (0.036) (0.037) (0.078) (0.027) 

Automation -0.878*** -0.817 -1.024** -0.437 -0.618 -1.325*** -0.270 -1.434* -1.426** 

 (0.302) (0.518) (0.425) (0.812) (0.387) (0.465) (0.398) (0.757) (0.560) 

Artificial intelligence 0.182*** 0.133** 0.247*** 0.040 0.161*** 0.170*** 0.171*** 0.228** 0.164*** 

 (0.035) (0.060) (0.049) (0.083) (0.046) (0.055) (0.051) (0.114) (0.051) 

Observations 8,008 2,584 4,265 1,159 4,872 3,136 3,279 550 4,179 

Work-life balance          

Advanced digital technologies 0.036 0.029 0.022 0.111** 0.068** 0.006 0.042 0.120 0.036 

 (0.023) (0.040) (0.032) (0.054) (0.031) (0.035) (0.038) (0.080) (0.029) 

Automation -1.674*** -1.679*** -1.325*** -2.882*** -1.803*** -1.454*** -1.285*** -2.152*** -1.958*** 

 (0.294) (0.512) (0.408) (0.760) (0.365) (0.459) (0.390) (0.802) (0.544) 

Artificial intelligence 0.208*** 0.286*** 0.133*** 0.306*** 0.197*** 0.194*** 0.175*** 0.317*** 0.205*** 

 (0.035) (0.059) (0.051) (0.083) (0.049) (0.052) (0.053) (0.111) (0.051) 

Observations 7,990 2,579 4,255 1,156 4,858 3,132 3,272 548 4,170 

Note: EWCS 2021, robust standard errors clustered at individuals in parentheses. * p<0.05, ** p<0.01, *** p<0.001. Separate regressions for each of the digital transformations measures. All 
regressions include controls for age, gender, education, dummy for part-time, having children, permanent contract, types of task, sector, firm size, country, one of the three digital transformation 
measure and exposure to offshoring. Average Marginal Effects (AMEs) of Advanced Digital Technologies (ADT) and Artificial Intelligence (AI) from Probit regressions and from IV for automa-
tion are reported. 
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5.4 Job insecurity 

Table 3 shows that advanced digital technologies have no significant association with job 

insecurity, measured as the employees’ self-perceived risk of losing job at the whole sample and 

socio-demographic sub-groups except a negative link for those aged 16-34 is revealed. To our 

knowledge, most studies suggest positive link between digitalisation and job insecurity 

(Martin & Hauret, 2022). Some others highlight a negative relationship (Caselli et al., 2021).  

Regarding automation, our results do not reveal any significant effects for the whole sample and 

socio-demographic sub-groups except medium educated workers. This is in line with a recent 

analysis on Italian workers by Nazareno and Schiff (2021) showing that automation and job 

security are not strongly related. For the medium level of education, we find a significant posi-

tive causal effect of automation. This finding is consistent with analyses highlighting that digital 

transformation has induced routine-replacing technological change (RRTC), which polarises 

the labour market and causes middle-skilled workers to suffer most of the job losses (e.g. Autor, 

Levy & Murnane, 2003; Goos, Manning & Salomons, 2009, 2014; Acemoglu & Autor, 2011; 

Michaels, Natraj & Van Reenen, 2014). This has been an ongoing process since the early 1980s 

(Cortes, 2016) and has emerged in both Europe and the United States (Darvas & Wolff, 2016). 

We also find that AI is negatively and significantly associated with job insecurity, especially for 

those of the medium level of education. The negative association between AI and job insecurity, 

particularly for medium-skilled workers, may be due to the fact that these workers are more 

likely to be in occupations that are susceptible to automation rather than AI. It is also possible 

that AI will lead to the creation of new jobs and opportunities for medium-skilled workers, as 

well as the retraining and upskilling of existing workers to perform new tasks. 

5.5 Self-perceived fair pay 

Advanced digital technologies have a significant and positive association with this job quality 

indicator (Table 3), that appear for the whole sample and for those aged 55 and more, women 

and those with medium and high level of education.  
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Table 3. Regression findings of technological changes on job insecurity, self-perceived fair pay and training paid by employer 

 All Age Gender Education 

  16-34 35-54 55+ Women Men Low Medium High 

Job insecurity          

Advanced digital technologies -0.021 -0.074** 0.015 -0.049 -0.029 -0.020 -0.014 -0.085 -0.034 

 (0.021) (0.037) (0.030) (0.046) (0.027) (0.033) (0.035) (0.068) (0.026) 

Automation 0.024 0.848 -0.430 0.055 -0.045 0.185 -0.616 1.932** 0.558 

 (0.335) (0.584) (0.466) (0.966) (0.421) (0.542) (0.443) (0.824) (0.583) 

Artificial intelligence -0.066** -0.085 -0.060 -0.031 -0.069 -0.026 -0.055 -0.260*** -0.016 

 (0.032) (0.053) (0.046) (0.075) (0.043) (0.049) (0.048) (0.098) (0.044) 

Observations 7,827 2,545 4,158 1,124 4,765 3,062 3,194 529 4,104 

Self-perceived fair pay          

Advanced digital technologies 0.065* 0.077 0.022 0.236*** 0.077* 0.076 -0.006 0.232* 0.105** 

 (0.034) (0.059) (0.048) (0.085) (0.045) (0.053) (0.056) (0.120) (0.044) 

Automation -0.338 -0.799 -0.163 0.409 0.084 -0.979* -0.665 -0.226 0.372 

 (0.332) (0.571) (0.460) (0.995) (0.428) (0.532) (0.430) (0.881) (0.643) 

Artificial intelligence 0.061 0.077 0.072 -0.001 0.038 0.091 0.149* -0.187 -0.021 

 (0.054) (0.093) (0.076) (0.143) (0.076) (0.082) (0.079) (0.182) (0.083) 

Observations 5,390 1,720 2,883 787 3,258 2,132 2,171 368 2,851 

Training paid by employer          

Advanced digital technologies 0.070** 0.098* 0.091* 0.013 0.078* 0.082 0.047 0.097 0.070 

 (0.034) (0.059) (0.048) (0.087) (0.045) (0.053) (0.055) (0.116) (0.046) 

Automation -0.454 -1.089* -0.456 1.026 -0.230 -0.729 -0.249 0.627 -0.996 

 (0.328) (0.578) (0.454) (0.892) (0.422) (0.522) (0.428) (0.856) (0.638) 

Artificial intelligence 0.230*** 0.252*** 0.233*** 0.114 0.202*** 0.279*** 0.280*** -0.137 0.262*** 

 (0.054) (0.093) (0.076) (0.141) (0.075) (0.081) (0.077) (0.179) (0.086) 

Observations 5,410 1,726 2,891 793 3,266 2,144 2,186 370 2,854 

Note: EWCS 2021, robust standard errors clustered at individuals in parentheses. * p<0.05, ** p<0.01, *** p<0.001. Separate regressions for each of the digital transformations measures. All 
regressions include controls for age, gender, education, dummy for part-time, having children, permanent contract, types of task, sector, firm size, country, one of the three digital transformation 
measure and exposure to offshoring. Average Marginal Effects (AMEs) of Advanced Digital Technologies (ADT) and Artificial Intelligence (AI) from Probit regressions and from IV for automa-
tion are reported. 
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This result suggests that digitalisation may increase some employees’ self-perceived fair pay. 

This result may be explained by the fact that digitalisation often requires a shift in the skill set 

needed for certain job roles. Digitalisation in certain tasks rises the skill premium (Burstein et 

al., 2019) that may affect the self-perceived fair pay gap of certain groups of workers.  

The results show any significant links with automation and AI for the whole sample and socio-

demographic sub-groups except a negative impact of automation for men and a positive link 

with AI for low educated workers. 

5.6 Training paid by the employer 

Table 3 indicates a positive and significant association between advanced digital technologies 

and training paid by the employer (Brunello et al., 2022). There are no differentiated effects 

among socio-demographic sub-groups except for those aged from 16 to 54 and women. 

Automation has no causal effect on training paid by employer, except for workers aged 16-34. 

As underlined by Aksoy et al. (2018), many countries face significant gaps in the quality of tech-

nology-related skills, particularly among older workers. Our results suggest that firms are 

trying to overcome this specific skills shortage. 

We also find that employees working in occupations with high exposure of AI are more likely to 

receive training paid by employers This result holds for all socio-demographic sub-groups, 

except for the over-55s and the medium education group. These results suggest that as AI-

driven systems necessitate employees to acquire new skills, employers can be more inclined to 

offer training programs to ensure the effective operation and utilisation of these technologies. 

The results also highlight that older workers and middle-skilled workers do not always benefit 

from these measures. Our results are in line with those of other studies that show an upskilling 

of existing employees within the company following the introduction of (Grande et al., 2021). 

Finally, professions that have a high risk of being replaced by digitalisation are probably those 

that require a medium level of education. Higher educated individuals are more likely to 

undergo training compared to others (Kleinert & Wölfel, 2018). 

5.7 Employment-related relationships  

Autonomy at work 

Results reported in Table 4 indicate positive and significant association of advanced digital tech-

nologies with autonomy at work, especially for those workers aged 16-34, women and those 

with a medium level of education. Literature stresses the fact that the relationship between 



[SHORT TITLE]  

www.projectuntangled.eu Page  44 

digitalisation and work autonomy depends on the type of technology used. For example, while 

information technologies provide more autonomy to employees, communication technologies 

tend to increase the centralisation of the decision making process (Bloom et al., 2014; Eisele & 

Schneider, 2020; Gerten et al., 2019; Martin, 2017). 

We also find that automation has a negative and strongly significant causal effect on autonomy 

at work. There are however no heterogeneous effects according to socio-demographic sub-

groups. This result supports the hypothesis that automated systems, driven by predefined algo-

rithms and real-time decision making capabilities, optimise efficiency and productivity but limit 

employees' flexibility in task sequencing and alternative approaches. While streamlining work-

flows and minimising delays enhances organisational efficiency, it may restrict employees' 

autonomy in determining task order and pace. Additionally, automated processes with minimal 

human intervention further diminish employees' ability to influence work methods, exacer-

bating the reduction in autonomy (Bobillier Chaumon et al., 2014).  

Table 4 also shows that AI is positively and significantly associated with autonomy at work, 

especially for workers aged less than 54, both gender and all education levels. The use of AI 

makes it possible to automate some tasks that previously required several workers. This can 

give individual workers more autonomy.  
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Table 4. Regression findings of technological changes on autonomy, support at work and consulted at work 

 All Age Gender Education 

  16-34 35-54 55+ Women Men Low Medium High 

Autonomy          

Advanced digital technologies 0.051** 0.112*** 0.032 0.010 0.076** -0.002 0.028 0.206*** 0.042 

 (0.023) (0.040) (0.030) (0.058) (0.030) (0.036) (0.039) (0.073) (0.027) 

Automation -2.429*** -3.047*** -2.439*** -1.390* -2.092*** -2.937*** -2.038*** -2.933*** -2.870*** 

 (0.311) (0.520) (0.443) (0.836) (0.391) (0.473) (0.405) (0.761) (0.587) 

Artificial intelligence 0.208*** 0.294*** 0.205*** 0.062 0.111** 0.314*** 0.240*** 0.264** 0.162*** 

 (0.034) (0.060) (0.046) (0.091) (0.047) (0.053) (0.055) (0.112) (0.042) 

Observations 8,008 2,584 4,265 1,159 4,872 3,136 3,279 550 4,179 

Organisational support          

Advanced digital technologies 0.010 -0.009 0.016 0.037 -0.003 0.017 0.012 0.019 0.017 

 (0.012) (0.016) (0.016) (0.041) (0.015) (0.018) (0.021) (0.038) (0.013) 

Automation -1.174** -0.880 -1.585** -0.410 -0.867 -1.908** -1.191** -2.150 -0.766 

 (0.482) (0.940) (0.626) (1.233) (0.589) (0.743) (0.602) (1.420) (0.904) 

Artificial intelligence 0.052*** 0.056** 0.044* 0.102 0.032 0.083*** 0.045 0.109** 0.055*** 

 (0.018) (0.023) (0.024) (0.063) (0.022) (0.028) (0.028) (0.055) (0.021) 

Observations 8,008 2,584 4,265 1,159 4,872 3,136 3,279 550 4,179 

Consulted at work          

Advanced digital technologies 0.032 0.039 0.037 0.020 0.034 0.039 0.035 -0.001 0.044** 

 (0.020) (0.036) (0.027) (0.052) (0.025) (0.033) (0.036) (0.065) (0.023) 

Automation -1.156*** -0.931 -1.261*** -1.350 -0.831** -1.752*** -1.446*** -1.280 -0.813 

 (0.332) (0.605) (0.448) (0.935) (0.422) (0.523) (0.426) (0.808) (0.652) 

Artificial intelligence 0.185*** 0.166*** 0.072* 0.246*** 0.051 0.211*** 0.174*** 0.134 0.080** 

 (0.023) (0.052) (0.043) (0.084) (0.040) (0.050) (0.050) (0.106) (0.040) 

Observations 8,008 2,584 4,265 1,159 4,872 3,136 3,279 550 4,179 

Note: EWCS 2021, robust standard errors clustered at individuals in parentheses. * p<0.05, ** p<0.01, *** p<0.001. Separate regressions for each of the digital transformations measures. All 
regressions include controls for age, gender, education, dummy for part-time, having children, permanent contract, types of task, sector, firm size, country, one of the three digital transformation 
measure and exposure to offshoring. Average Marginal Effects (AMEs) of Advanced Digital Technologies (ADT) and Artificial Intelligence (AI) from Probit regressions and from IV for automa-
tion are reported. 
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Organisational support  

The findings reported in Table 4 do not provide any evidence of a significant association 

between advanced digital technologies with support at work. Regarding new technologies, 

literature yields mixed effects. Some studies emphasise that new technologies improve social 

support between co-workers (Martin & Omrani, 2015; Castellacci & Viñas-Bardolet, 2019), 

while others conclude that they accentuate tensions among co-workers (Askenasy & Caroli, 

2010). 

Table 4 also shows that automation has a significant and negative causal effect on support at 

work, especially for those workers aged 35-54, male and those with low education.  

Regarding AI, results in Table 4 show that workers in occupations with high risk of AI are more 

likely to perceive support at work, as there is positively and significantly association between 

AI and support at work. Especially for workers aged below 55, men and workers with medium 

to higher education. 

Consulted at work 

Table 4 underlines that advanced digital technologies have any significant association with con-

sultation except for high-educated workers. Results in Table 4 show that automation is signifi-

cantly and negatively associated with reduced employee consultation on work objectives. This 

supports the fact that automated systems rely on standardised processes and predetermined 

objectives, often set by higher-level management or based on predefined performance metrics. 

The efficiency and speed of automation may lead to real-time or near-real-time objective deci-

sions, leaving limited room for extensive consultation with individual employees. Moreover, 

automated systems generally operate without direct human intervention, further reducing 

opportunities for employee consultation (and autonomy at shown above). These results hold 

particularly for the middle-aged workers (group 35-54), both gender and workers with low 

education. There is, nevertheless, a gender difference as the causal effect for men is stronger 

than for women. 

The marginal effects of AI are positive and significant for the whole sample and all ages, men, 

and workers with low or high educations levels.- In line with the results related to autonomy, 

the AI exposure appears beneficial to many workers. 
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5.8 Offshoring risk 

Our study differs from existing papers (Nikulin et al., 2022; Parteka et al., 2023; Grimm, 2023) 

in terms of the digital transformation measures and job quality measures used. Therefore, our 

results shown in Table 6 provide new evidence that has not been previously reported in the 

literature. Exposure to offshoring is significantly and negatively associated with three measures 

of job quality, regardless of the digital transformation measure introduced in the regressions: 

poor safety at work, poor treatment at work, and training paid for by the employer. According 

to Nikulin et al. (2022), AI differs significantly from other digital transformation measures when 

examining its relationship with job quality. Our analyses found that two measures of job quality, 

work at high speed and work-life balance, are positively associated with exposure to offshoring 

when controlling for advanced digital technologies or automation, but not when controlling for 

artificial intelligence. Exposure to offshoring does not appear to be related to three measures of 

job quality: satisfaction with working time, job security, and self-perceived fair pay.  

Our results point out that offshoring has both positive and negative effects on workers. On the 

positive side, it reduces poor safety and poor treatment at work, and improves work-life balance. 

This may be due to the fact that low-quality jobs may already be offshored. On the negative side, 

offshoring is positively related to working at a high speed pace and reduces the amount of 

training provided by employers. This lack of training may limit their access to jobs that are less 

exposed to offshoring. 
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Table 5. Regression findings of offshoring on job quality 

 Obs. Advanced digital 
technologies 

Automation Artificial intelligence 

Poor safety at work 8,008 -0.106*** 

(0.029) 

-0.279*** 

(0.074) 

-0.097*** 

(0.030) 

Poor treatment at work 5,233 -0.081*** 

(0.022) 

-0.424*** 

(0.127) 

-0.053** 

(0.024) 

Working time satisfaction 8,008 -0.021 

(0.028) 

-0.040 

(0.076) 

-0.039 

(0.029) 

High speed at work 8,008 0.039* 

(0.022) 

0.160* 

(0.082) 

0.008 

(0.024) 

Work-life balance 7,990 0.058** 

(0.024) 

0.223*** 

(0.082) 

0.022 

(0.025) 

Job insecurity 7,827 -0.013 

(0.021) 

-0.059 

(0.089) 

-0.002 

(0.023) 

Self-perceived fair pay 5,390 0.041 

(0.036) 

0.113 

(0.092) 

0.035 

(0.038) 

Training paid by employer 5,410 -0.081** 

(0.036) 

-0.164* 

(0.091) 

-0.120*** 

(0.038) 

Note: EWCS 2021, robust standard errors clustered at individuals in parentheses. * p<0.05, ** p<0.01, *** p<0.001. Separate 
regressions for each of the digital transformations measures. All regressions include controls for age, gender, education, 
dummy for part-time, having children, permanent contract, types of task, sector, firm size, country, one of the three digital 
transformation measure and exposure to offshoring. Average Marginal Effects (AMEs) of Advanced Digital Technologies (ADT) 
and Artificial Intelligence (AI) from Probit regressions and from IV for automation are reported. 

6 Conclusion 

This report analyses the impact of digital transformation and globalisation on job quality, with 

a specific focus on advanced digital technologies (ADT), automation risk, and exposure to arti-

ficial intelligence (AI). We use the most recent EWCS survey for European countries and exter-

nal data sources for digital transformation and globalisation.  

The report focuses on various indicators of job quality, including poor safety at work, poor treat-

ment at work, satisfaction with working time, job insecurity, fair pay, and organisational support, 

consultation at work, training, and autonomy. The descriptive part shows that over the period 

from 2005-2021 job quality has improved along several dimension, notably in the realms of 

social dialogue access and perceptions of fair compensation. Significantly, the proportion of 

employees who believe their pay is fair has risen from approximately 40% in 2005 to just under 

60% in 2021, with the most marked improvements seen among those with lower educational 

levels. Job security has reached its highest point since 2005. Moreover, the percentage of 

workers receiving employer-sponsored training has nearly doubled, from 25% in 2005 to 45% 

in 2021, cutting across all age brackets, including those over 55 years. Workplace support has 

seen a substantial increase, with 97% of employees in 2021 reporting access to support, a 

substantial rise from 86% in 2005. Furthermore, employee consultation at work has also seen 
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a similar upward trend. On the negative side, there have been declines in aspects like fair treat-

ment and satisfaction with working hours, although there's a slight uptick in perceived work-

life balance. 

The analysis of the correlation and causal effects reveals several results. First, the adoption of 

ADT may improve job quality, particularly for younger and older workers. Hence, the adoption 

of ADT has an inverse relationship with poor safety at work, ergonomic, and environmental 

risks, especially among younger workers (16-34) and those with higher education. Further-

more, ADT is positively associated with high work speed, particularly among younger workers 

(16-34) and women. The study found that ADT is positively and significantly correlated with 

self-perceived fair pay for older workers (aged 55 and over) and those with medium to high 

levels of education. Additionally, there is a positive, albeit slightly significant, correlation 

between ADT and training. Furthermore, young workers aged 16-34 and those with a medium 

level of education working in sectors with high ADT are more likely to have higher autonomy as 

the association is positive and significant. The data indicates that older workers aged 55 and 

women employed in sectors with high levels of ADT are more likely to experience a better work-

life balance. No significant correlation was found between the other job quality indicators, 

namely satisfaction with working hours, job insecurity, and receiving consultation and support 

from colleagues. 

Second, the IV estimation results suggest a causal association between automation and adverse 

effects on workers' experiences. The negative impact on work-life balance implies that auto-

mated processes may disrupt the equilibrium between professional and personal life. Addition-

ally, the diminished autonomy suggests that automation might limit the control and independ-

ence workers have in their tasks. The potential negative impact of automation on organisational 

support and workplace consultation suggests that it may result in reduced support structures 

and communication channels, leaving workers feeling disengaged and excluded from decision 

making processes. It is important to note that these effects are not uniform across all socio-

demographic sub-groups. On the contrary, no significant causality has been found between 

automation and other job quality indicators, such as poor safety at work, satisfaction with 

working hours, fair pay, and employer-paid training. In line with analyses highlighting that 

automation has induced routine-replacing technological change (RRTC), medium-skilled 

workers are particularly at risk of experiencing low job quality due to automation. This is 

because they are more likely to have higher job insecurity and perceive poor treatment at work.  
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Third, exposure to AI is generally beneficial for workers as it is positively and significantly 

associated with employees' self-perceived satisfaction with their working hours, work-life 

balance, and access to employer paid training. AI is also negatively and significantly associated 

with poor treatment, ergonomic and environmental risks at work, and job insecurity. However, 

this comes at the cost of working at a high speed. The sample as a whole does not show signifi-

cant exposure to artificial intelligence regarding poor safety at work or self-perceived fair pay. 

With regard to offshoring, the results underline that exposure to offshoring is positively asso-

ciated with safety at work, fair treatment and work-life balance, but negatively associated with 

training. 

Overall, there has been a positive development in most indicators of job quality since 2005. 

Digitalisation and globalisation have varying effects on different aspects of job quality. There 

may be risks to job quality from trends in digitalisation, AI and offshoring, but until now, we show 

that there is no clear picture that these trends are in general affecting job quality negatively. 
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Annexes 

Annex 1: Job quality indicators details 

Safety at work 

Category Indicator Sub-indicator Question 
number 
(2015) 

EWCS question (2015) Data 
availability 

Safety at work Risks at work Ergonomic risks Q30a Does your main paid job involve tiring or 
painful positions? 

2005-2021 

Q30b Does your main paid job involve lifting or 
moving people? 

2005-2021 

Q30c Does your main paid job involve carrying 
or moving heavy loads? 

2005-2021 

Q30e Does your main paid job involve 
repetitive hand or arm movements? 

2005-2021 

Environmental 
risks 

Q29b Are you exposed at work to noise so loud 
that you would have to raise your voice 
to talk to people? 

2005-2021 

Q29g Are you exposed at work to handle or be 
in skin contact with chemical products or 
substances? 

2005-2021 

Q29i Are you exposed at work to handle or be 
in direct contact with materials which 
can be infectious, such as waste, bodily 
fluids, laboratory materials, etc.? 

2005-2021 

Physical risks Q78c Over the last 12 months, did you have 
any backache? 

2005-2021 

Q78d Over the last 12 months, did you have 
muscular pains in shoulders, neck 
and/or upper limbs (arms, elbows, 
wrists, hands etc.)? 

2005-2021 

Fair treatment 

Category Indicator Question 
number 
(2015) 

EWCS question (2015) Data 
availability 

Fair treatment Asocial behaviour Q80a Over the last month, during the course of 
your work have you been subjected to 
verbal abuse?  

2010-2021 

Q80b Over the last month, during the course of 
your work have you been subjected to 
unwanted sexual attention? 

2010-2021 

Q81a And over the past 12 months, during the 
course of your work have you been 
subjected to physical violence? 

2005-2021 
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Working time and Work-life balance 

Category Indicator Question 
number 
(2015) 

EWCS question (2015) Data 
availability 

Working time and  
work-life balance 

Work life balance in 
general 

Q44 In general, how do your working hours 
fit in with your family or social 
commitments outside work? 

2005-2021 

Work on high speed Q49a Does your job involve working at very 
high speed? 

2005-2021 

Working time satisfaction  Difference between the preferred 
working hours per week and the 
effective working hours per week 

2005-2021 

Security of employment 

Category Indicator Question 
number 
(2015) 

EWCS question (2015) Data 
availability 

Security of employment Job security Q89g I might lose my job in the next 6 months 2005-2021 

Self-perceived fair pay 

Category Indicator Question 
number 
(2015) 

EWCS question (2015) Data 
availability 

Self-perceived fair pay Self-perceived fair pay Q89a Considering all my efforts and 
achievements in my job, I feel I get paid 
appropriately 

2005-2021 

Social dialogue 

Category Indicator Question 
number 
(2015) 

EWCS question (2015) Data 
availability 

Social dialogue Social dialogue Q71a Does the following exist at your company 
or organisation?  
Trade union, works council or a similar 
committee representing employees? 

2015-2021 

Work on high speed Q71b Does the following exist at your company 
or organisation?  
Health and safety delegate or committee? 

2015-2021 

Working time satisfaction Q71c Does the following exist at your company 
or organisation?  
A regular meeting in which employees 
can express their views about what is 
happening in the organisation 

2015-2021 
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Skills development and training 

Category Indicator Question 
number 
(2015) 

EWCS question (2015) Data 
availability 

Skills development and 
training 

Training Q65a Over the past 12 months, have you 
undergone training paid for or provided 
by your employer to improve your skills? 

2005-2021 

Q65c Over the past 12 months, have you 
undergone on-the-job training (by co-
workers, supervisors) to improve your 
skills? 

2005-2021 

Learning new things Q53f Generally, does your main paid job 
involve learning new things? 

2005-2021 

Employment-related relationships and work motivation 

Category Indicator Question 
number 
(2015) 

EWCS question (2015) Data 
availability 

Employment related 
relationships and work 
motivation 

Autonomy at work Q54a Are you able to choose or change your 
order of tasks? 

2005-2021 

Q54b Are you able to choose or change your 
methods of work? 

2005-2021 

Q54c Are you able to choose or change your 
speed or rate of work? 

2005-2021 

Support Q61a Your colleagues help and support you 2005-2021 

Q61b Your manager helps and supports you 2005-2021 

Being consulted at work Q61c You are consulted before objectives are 
set for your work 

2010-2021 

Q61d You are involved in improving the work 
organisation or work processes of your 
department or organisation 

2010-2021 
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Annex 2. Descriptive statistics 

Variables Obs Mean Std. 
dev. 

Min Max 

Job quality 
     

Poor safety at work 10,617 0.55 0.50 0 1 

Poor treatment at work 6,958 0.04 0.14 0 1 

High speed 10,617 0.83 0.38 0 1 

Work-life balance 10,594 3.09 0.82 1 4 

Interference 10,617 0.34 0.47 0 1 

Job insecurity 10,388 0.15 0.36 0 1 

Fair wage 7,113 0.61 0.49 0 1 

Social dialogue 5,392 0.65 0.35 0 1 

Training paid by employer 7,133 0.52 0.50 0 1 

Organisational support 10,617 0.98 0.12 0 1 

Consulted at work 10,617 0.92 0.22 0 1 

Work motivation 10,617 0.92 0.20 0 1 

Technological change 
     

Advanced digital technologies 10,617 1.14 0.48 0.43 2.24 

Automation 10,617 0.11 0.13 0.00 0.62 

Artificial intelligence 10,617 0.62 0.27 0.03 0.99 

Controls 
     

Gender 
     

Women 10,617 0.62 0.49 0 1 

Men  10,617 0.38 0.49 0 1 

Age 
     

16-34 10,617 0.34 0.47 0 1 

35-54 10,617 0.52 0.50 0 1 

55+ 10,617 0.14 0.35 0 1 

Education 
     

Secondary 10,585 0.40 0.49 0 1 

Post-secondary 10,585 0.07 0.25 0 1 

Tertiary 10,585 0.53 0.50 0 1 

Part-time 10,617 0.85 0.36 0 1 

Having children 10,617 0.37 0.48 0 1 

Permanent contract 10,159 1.11 0.32 1 2 

Task 
     

Nonroutine cognitive 10,617 0.46 0.50 0 1 

Nonroutine manual 10,617 0.16 0.37 0 1 

Routine cognitive 10,617 0.30 0.46 0 1 

Routine manual 10,617 0.08 0.27 0 1 

Firm size 10,617 1.75 0.84 1 3 

Small 10,617 0.51 0.50 0 1 

Medium 10,617 0.24 0.43 0 1 

Large 10,617 0.25 0.44 0 1 

Offshoring 8,397 0.09 0.28 0 1 

Sector 10,617 2.67 1.22 1 4 

Countries groups 10,617 2.51 0.97 1 4 
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Annex 3. Safety at work 

Figure a 1 Average number of risks exposed to at work by occupation 

 
Note: Aggregated indicator based on Q30a, Q30b, Q30c, Q30e, Q29b, Q29g, Q29i, Q78c andQ78d, representing different types 
of risks at work. All the questions have been rescaled to binary indicators indicating if the person is exposed to the risk (0 No - 
1 Yes). The average number of risks exposed to at work is the mean of the sum of these binary indicators. EWCS weighted data 
for all EU-27 countries. 
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Figure a 2.  Risks at work indicator by sector 

 
Note: Aggregated indicator based on Q30a, Q30b, Q30c, Q30e, Q29b, Q29g, Q29i, Q78c andQ78d, representing different types 
of risks at work. All the questions have been rescaled to binary indicators indicating if the person is exposed to the risk (0 No - 
1 Yes). The average number of risks exposed to at work is the mean of the sum of these binary indicators. EWCS weighted data 
for all EU-27 countries. NACE codes: Agriculture and industry = A=‘Agriculture’; B ‘Mining and quarrying’, C ‘Manufacturing’, 
D ‘Electricity, gas, steam and air conditioning supply’, E ‘Water supply, sewerage, waste management and remediation 
activities’, Construction, transport, storage = F ‘ Construction’, H ‘ Transportation and storage’, Trade, accommodation and food 
service activities = G ‘ Wholesale and retail trade, repair of motor vehicles and motorcycles’, I ‘Accommodation and food service 
activities’, Public services and education = 0 ‘Public administration and defence’, P ‘Education’, Q ‘Human health and social 
work activities’; Other services = J ‘Information and communication’, K ‘Financial and insurance activities’, L ‘Real estate activi-
ties’, M ‘Professional, scientific and technical activities’, N ‘Administrative and support service activities’, R ‘Arts, entertainment 
and recreation’, S ‘Other service activities’, T ‘Activities of households as employers’, U ‘Activities of extraterritorial organisa-
tions’. 
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Annex 4. Fair treatment 

Figure a 3  Share of persons exposed to asocial behaviours at work 

 
Note: Aggregated indicator based on Q80a, Q80b and Q81a, representing different types of asocial behaviour at work. All the 
questions have been rescaled to binary indicators indicating if the person is exposed to the asocial behaviour (0 No - 1 Yes). 
The share of persons exposed to at least one asocial behaviour at work is the share of observations for which the sum of these 
binary indicators is greater than 0. EWCS weighted data for all EU-27 countries. 

Figure a 4 Share of persons exposed to asocial behaviours at work 

 
Note: Aggregated indicator based on Q80a, Q80b and Q81a, representing different types of asocial behaviour at work. All the 
questions have been rescaled to binary indicators indicating if the person is exposed to the asocial behaviour (0 No - 1 Yes). 
The share of persons exposed to at least one asocial behaviour at work is the share of observations for which the sum of these 
binary indicators is greater than 0. EWCS weighted data for all EU-27 countries. 
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Figure a 5 Share of persons exposed to asocial behaviours at work by occupation 

 
Note: Aggregated indicator based on Q80a, Q80b and Q81a, representing different types of asocial behaviour at work. All the 
questions have been rescaled to binary indicators indicating if the person is exposed to the asocial behaviour (0 No - 1 Yes). 
The share of persons exposed to at least one asocial behaviour at work is the share of observations for which the sum of these 
binary indicators is greater than 0. EWCS weighted data for all EU-27 countries. 
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Annex 5. Working time and work life balance 

Figure a 6 Work at high speed by country group 

 
Note: Question 40a: Does your job involve working at a very high speed? Rescaled to a binary indicator indicating if the person 
is working at high speed (0 No - 1 Yes). EWCS weighted data for all EU-27 countries. 

Figure a 7 Work at high speed by occupation 

 
 

Note: Question 40a: Does your job involve working at a very high speed? Rescaled to a binary indicator indicating if the person 
is working at high speed (0 No - 1 Yes). EWCS weighted data for all EU-27 countries. 
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Annex 6. Security of employment 

Figure a 8 Job insecurity by occupation 

 
Note: Question 89g: I might lose my job in the next 6 months (0 Strongly disagree, tend to disagree and neither agree nor 
disagree - 1 Tend to agree and strongly agree). EWCS weighted data for all EU-27 countries. 

Figure a 9 Job insecurity by sector 

 
Note: Question 89g: I might lose my job in the next 6 months (0 Strongly disagree, tend to disagree and neither agree nor 
disagree - 1 Tend to agree and strongly agree). EWCS weighted data for all EU-27 countries. NACE codes: Agriculture and 
industry = A=‘Agriculture’; B ‘Mining and quarrying’, C ‘Manufacturing’, D ‘Electricity, gas, steam and air conditioning supply’, 
E ‘Water supply, sewerage, waste management and remediation activities’, Construction, transport, storage = F ‘ Construction’, 
H ‘ Transportation and storage’, Trade, accommodation and food service activities = G ‘ Wholesale and retail trade, repair of 
motor vehicles and motorcycles’, I ‘Accommodation and food service activities’, Public services and education = 0 ‘Public 
administration and defence’, P ‘Education’, Q ‘Human health and social work activities’; Other services = J ‘Information and 
communication’, K ‘Financial and insurance activities’, L ‘Real estate activities’, M ‘Professional, scientific and technical activi-
ties’, N ‘Administrative and support service activities’, R ‘Arts, entertainment and recreation’, S ‘Other service activities’, T 
‘Activities of households as employers’, U ‘Activities of extraterritorial organisations’. 
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Figure a 10 Job insecurity 

 
Note: Question 89g: I might lose my job in the next 6 months (0 Strongly disagree, tend to disagree and neither agree nor 
disagree - 1 Tend to agree and strongly agree). EWCS weighted data for all EU-27 countries. 
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Annex 7. Self-perceived fair pay 

Figure a 11 The feeling of being paid appropriately by gender 

 
Note: Question 89a: Considering all my efforts and achievements in my job, I feel I get paid appropriately (0 Strongly disagree, 
tend to disagree and neither agree nor disagree - 1 Tend to agree and strongly agree). EWCS weighted data for all EU-27 coun-
tries. 

Figure a 12 The feeling of being paid appropriately  

  
Note: Question 89a: Considering all my efforts and achievements in my job, I feel I get paid appropriately (0 Strongly disagree, 
tend to disagree and neither agree nor disagree - 1 Tend to agree and strongly agree). EWCS weighted data for all EU-27 coun-
tries. 
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Figure a 13 The feeling of being paid appropriately by occupation 

  
Note: Question 89a: Considering all my efforts and achievements in my job, I feel I get paid appropriately (0 Strongly disagree, 
tend to disagree and neither agree nor disagree - 1 Tend to agree and strongly agree). EWCS weighted data for all EU-27 coun-
tries. 
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Annex 8. Skills development and training 

Figure a 14 Share of persons having undergone training 

 
Note: Aggregated indicator based on Q65a, Q65c, representing different options of training (paid by the employer or on the 
job). These questions have been rescaled to binary indicators indicating if the person has undergone such training (0 No - 1 
Yes). The share of persons having undergone training is the share of observations for which the sum of these binary indicators 
is greater than 0. EWCS weighted data for all EU-27 countries. 

Figure a 15 Share of persons having undergone training by occupation 

 
Note: Aggregated indicator based on Q65a, Q65c, representing different options of training (paid by the employer or on the 
job). These questions have been rescaled to binary indicators indicating if the person has undergone such training (0 No - 1 
Yes).. The share of persons having undergone training is the share of observations for which the sum of these binary indicators 
is greater than 0. EWCS weighted data for all EU-27 countries. 
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Figure a 16 Share of persons having undergone training by sector 

 
Note: Aggregated indicator based on Q65a, Q65c, representing different options of training (paid by the employer or on the 
job). These questions have been rescaled to binary indicators indicating if the person has undergone such training (0 No – 
1 Yes). The share of persons having undergone training is the share of observations for which the sum of these binary indicators 
is greater than 0. EWCS weighted data for all EU-27 countries. NACE codes: Agriculture and industry = A =‘Agriculture’; 
B ‘Mining and quarrying’, C ‘Manufacturing’, D ‘Electricity, gas, steam and air conditioning supply’, E ‘Water supply, sewerage, 
waste management and remediation activities’, Construction, transport, storage = F ‘ Construction’, H ‘ Transportation and 
storage’, Trade, accommodation and food service activities = G ‘ Wholesale and retail trade, repair of motor vehicles and 
motorcycles’, I ‘Accommodation and food service activities’, Public services and education = 0 ‘Public administration and 
defence’, P ‘Education’, Q ‘Human health and social work activities’; Other services = J ‘Information and communication’, 
K ‘Financial and insurance activities’, L ‘Real estate activities’, M ‘Professional, scientific and technical activities’, N ‘Adminis-
trative and support service activities’, R ‘Arts, entertainment and recreation’, S ‘Other service activities’, T ‘Activities of house-
holds as employers’, U ‘Activities of extraterritorial organisations’. 
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Annex 9. Employment-related relationships and work motivation 

Figure a 17 Support at work 

 
Note: Aggregated indicator based on Q61a and Q61b, representing different types of support at work (from the colleagues or 
the manager). All the questions have been rescaled to binary indicators indicating if the person receives such support (0 No - 
1 Yes). The share of persons indicating they have support at work is the share of observations for which the sum of these binary 
indicators is greater than 0. EWCS weighted data for all EU-27 countries. 

Figure a 18 Support at work by occupation 

 
Note: Aggregated indicator based on Q61a and Q61b, representing different types of support at work (from the colleagues or 
the manager). All the questions have been rescaled to binary indicators indicating if the person receives such support (0 No - 
1 Yes). The share of persons indicating they have support at work is the share of observations for which the sum of these binary 
indicators is greater than 0. EWCS weighted data for all EU-27 countries. 
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Figure a 19 Consulted at work by occupation 

 
Note: Aggregated indicator based on Q61c and Q61d, representing different types of consultations at work. All the questions 
have been rescaled to binary indicators indicating if the person is being consulted (0 No - 1 Yes). The share of persons indicating 
they are being consulted at work is the share of observations for which the sum of these binary indicators is greater than 0. 
EWCS weighted data for all EU-27 countries. 
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Figure a 20 Share of persons reporting autonomy at work 

 
Note: Aggregated indicator based on Q54a, Q54b and Q54c, representing different types of autonomy at work. All the questions 
have been rescaled to binary indicators indicating if the person has autonomy (0 No - 1 Yes). The share of persons indicating 
they have some autonomy at work is the share of observations for which the sum of these binary indicators is greater than 0. 
EWCS weighted data for all EU-27 countries. NACE codes: Agriculture and industry = A=‘Agriculture’; B ‘Mining and quarrying’, 
C ‘Manufacturing’, D ‘Electricity, gas, steam and air conditioning supply’, E ‘Water supply, sewerage, waste management and 
remediation activities’, Construction, transport, storage = F ‘ Construction’, H ‘ Transportation and storage’, Trade, accommo-
dation and food service activities = G ‘ Wholesale and retail trade, repair of motor vehicles and motorcycles’, I ‘Accommodation 
and food service activities’, Public services and education = 0 ‘Public administration and defence’, P ‘Education’, Q ‘Human 
health and social work activities’; Other services = J ‘Information and communication’, K ‘Financial and insurance activities’, L 
‘Real estate activities’, M ‘Professional, scientific and technical activities’, N ‘Administrative and support service activities’, R 
‘Arts, entertainment and recreation’, S ‘Other service activities’, T ‘Activities of households as employers’, U ‘Activities of extra-
territorial organisations’. 
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Figure a 21 Autonomy at indicator by occupation 

 
Note: Aggregated indicator based on Q54a, Q54b and Q54c, representing different types of autonomy at work. All the questions 
have been rescaled to binary indicators indicating if the person has autonomy (0 No - 1 Yes). The share of persons indicating 
they have some autonomy at work is the share of observations for which the sum of these binary indicators is greater than 0. 
EWCS weighted data for all EU-27 countries. 
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Annex 10: Relationships between dimensions of job quality and digital 

transformation 

 ADT Automation AI 

Poor safety at work -** Not significant (ns.) ns. 

Poor treatment at work +* +*** -*** 

Working time satisfaction ns. ns. +** 

High speed at work +** -*** +*** 

Work life balance ns. -*** +*** 

Job insecurity ns. ns. -** 

Self-perceived fair paid +* ns. ns. 

Training paid by employer +** ns. +*** 

Autonomy +** -*** +*** 

Organisational support ns. -** +*** 

Consulted at work ns. -*** +*** 
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