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Abstract 

Across Europe, women still earn less than men. The increasing demand for cognitive skills, which is inherent 

to digitalization, has a potential to influence the gender inequalities in the labor market though the 

direction of this change is unclear. On the one hand, women may benefit from this change as they are 

increasingly better educated than men. Furthermore, women are also often better endowed with social 

and emotional skills and thus often perform jobs that cannot be easily automated. On the other hand, 

however, gender inequalities in earnings may increase as women are clearly underrepresented in jobs 

which require cognitive analytical and technical skills. In this study, we investigate whether women and 

men work in occupations which require different skills; and second whether these occupations are 

differently rewarded. We follow the task content of jobs approach, using a novel rich database on European 

jobs - ESCO. We combine the data with labor market information from the Structure of Earnings Survey. 

Our results show that women are especially overrepresented in the less paid care and teaching tasks rather 

than in better-paid management or teamwork tasks. Furthermore, they are least present in occupations 

which are rich in analytical tasks and which pay best. These results show that women are unlikely to benefit 

from the ongoing changes unless they undertake employment in STEM on a larger scale or the care work 

is revalued.  

 

Introduction 

It is well documented that technological change has led to substantial changes in the labour demand across 

all advanced economies (Autor et al 2006, Goos et al 2014, World Bank 2018). The importance of non-

routine cognitive skills has clearly increased, benefitting the highly educated workers. At the same time, 

the demand for workers who perform routine tasks, which are most susceptible to automation, has been 

in decline. These processes have led to substantial disparities in labour market opportunities for the high- 
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versus low-and-middle skilled workers and further widening of income inequalities (Autor & Dorn, 2013; 

Graetz & Michaels, 2018; OECD, 2017).  

While much of the empirical research focused on how these processes affect the situation of high versus 

lower educated workers, much less is known on how these developments will affect women’s position in 

the labour markets relative to men. Despite the fact that women in developed countries made an enormous 

progress in gaining and maintaining employment over the last several decades, they are still less likely to 

be in full-time employment and earn on average 12,8% less than men (OECD 2017). These gender 

differences have been so persistent that some scholars even hypothesised that the progress toward gender 

equality in the labour market has been stalled (England 2010). Will the ongoing digitalization in the labour 

markets and the related changes in the demand for skills help women to improve their position in the 

labour market against men? Or conversely, will the gender inequalities continue to persist or even widen 

again? 

There is no simple answer to this question. On the one hand, women may benefit from this change as they 

are increasingly better educated than men. Furthermore, women are also often better endowed with social 

and emotional skills and thus often perform jobs which require substantial interpersonal interaction and 

recognition of emotions (Baron-Cohen, 2003). Such job tasks cannot be easily automated and are predicted 

to gain importance with the expansion of the service sector and a growing demand for high quality early 

school education, childcare, elderly care and healthcare (Deming, 2017). On the other hand, however, 

gender inequalities in the labor market may also increase as women, in comparison to men, are twice less 

likely to graduate from STEM and are still underrepresented in jobs which require cognitive analytical and 

technical skills, i.e. skills which are strongly sought after with the expansion of the IT and high tech sectors 

(OECD 2017).  Empirical studies produced similarly mixed results.  

In this study we contribute to the discussion on technological change, the changing demand for skills and 

gender inequalities in the labor market by providing recent evidence from Europe. First, we ask whether 

men and women work in occupations with different tasks content; and second we ask whether these tasks 

are rewarded differently. In both cases, the answer is positive. Women continue to select into occupations 

where social tasks are more important. By contrast, occupations with more manual content are less likely 

to be performed by women. We further observe that returns to skills differ across genders. Women tend 

to receive higher than men returns to social and routine skills. By contrast, the return to analytical skills is 

higher for men.  

Expanding beyond prior literature, we then distinguish between two types of social tasks: those oriented 

towards working with people from the same organization or peers, and those related to working with 

people from outside one’s organization, like clients, patients, children or the elderly. Examples of internally-

oriented tasks include teamwork, management or presentations; whereas care or dealing with customers 

are examples of externally oriented tasks. These distinctions are relevant for understanding both selection 

and reward patterns. Women are more likely to select into (and reap greater relative rewards) from 

occupations requiring external-looking tasks. By contrast, men derive greater benefits from analytical tasks. 

Differences in rewards to creativity are smaller and not statistically significant.  



Since we employ data from several European countries, we can study to what extent these differences are 

driven by the relative position of men and women in the labor market. Results from this section are 

tentative, but show that the rewards are more different in countries where …. This can be explain by x, y 

and z. 

The rest of the paper is organized as follows. The next section surveys the relevant literature on the 

changing demand for tasks and its differential impact on men and women emphasizing those studies linked 

to automation. Section 3 describes the database used in our analysis with a special emphasis on how our 

measures of the task content of jobs was obtained and how it compares to existing measures. Section 4 

presents the results for selection into tasks and the differential rewards associated with them. Section 5 

discusses the findings and concludes.   

Literature review 

Prior empirical research on the topic has been scarce and largely mixed. Some studies showed that women 

are more likely to be employed in routine jobs, i.e. more prone to automation (Brussevich et al, 2019; De 

la Rica and Gortazar, 2016). Others demonstrated, however, that women were in the past moving more 

quickly to jobs which are less intense in routine and more intense in cognitive tasks (Black & Spitz-Oener, 

2010; Cortes et al., 2021) . In particular, this transition out of routine to nonroutine jobs in Germany led to 

a substantial narrowing of the gender wage gap, but at the low and middle ends of the wage distribution, 

but not at the top (Fedorets, 2014). 

The growing demand for social / interpersonal cognitive skills versus analytical skills and its role for women’s 

position in the labour market has attracted much less attention. Only a handful of studies, concentrated in 

the US, looked more closely into the types of cognitive skills which men and women possess and their 

influence on men’s and women’s relative earnings. For instance, Bacolod and Blum (2010) demonstrated 

that the decline in the gender wage gap in the US in the 1980s and early 1990s was largely driven by a 

substantial increase in wage returns from social skills. Borghans et al (2014) reached a similar conclusion 

and also suggested that a decline in the importance of social skills relative to analytical skills led to a 

stagnation of the gender wage gap since the mid-1990s. Deming (2017) demonstrated that the demand for 

social skills have been increasing more quickly than for analytical skills since early 2000s but that 

occupations which are rich in analytical tasks pay better than those intense in social/interpersonal tasks. 

On the other hand, Kaya (2021) shows that women in several European countries continued their transition 

towards more rewarded skills in the decade following Bacolod and Blum (2010). However, she also finds 

that changes in returns to skills were detrimental to women.  

 

Data 

Task content of jobs: European Skills/Competences, qualifications and occupations 

 



The study introduces a novel measure of the task content of jobs based on the European 

Skills/Competences qualification, and Occupations (ESCO). This database is an initiative steered by the 

European Commission to deepen labor market integration by harmonizing occupation definitions across 

countries. The harmonization is based on information from various sources, including national 

classifications, online job ads and curriculums. Those inputs serve to identify the skills/competences, 

qualifications and attitudes required in each occupation. The first complete version of ESCO was released 

in 2017. 

The ESCO occupation classification builds upon the standard ISCO-08 classification, extending it by adding 

sub-levels to the 4-digit occupation levels. For each ESCO occupation, a set of essential and optional skills, 

competences, attitudes or types of required knowledge is ascribed. The essential identify the core 

components of occupations, whereas the optional identify the context / industry-specific items.1 Notably, 

some items might be optional for some occupations but essential for others. In the main analysis, we focus 

on the essential measures  (similarly to e.g. Zilian et al. (2021)). 

We follow Acemoglu and Autor (2011) and interpret the skills, competences and attitudes as indication of 

performed tasks.  However, we do not consider the ‘required knowledge’ characteristics, which are rather 

related to the associated type of education. Thus, we reduce the number of considered items from app. 

13,500 to 10,000.2 We successfully categorize app. 97% of the items into one of four categories: (I) 

social/interpersonal, (II) analytical/technical, (III) manual and (IV) routine. The classification resembles that 

employed by the task content literature (see Acemoglu & Autor, 2011among others; Autor & Dorn, 2013) 

Manual tasks refer to those tasks that have a space-based component, such as driving, handling products 

or repairing. Routine tasks are those tasks that are sufficiently well-understood that a machine could be 

programmed to execute them, independently of whether actual automation takes place. Social tasks are 

those that are relevant for interpersonal interactions, such as negotiating. Finally, abstract tasks are those 

connected to mental process used to solve problems 

We also disentangle different types of social tasks that were typically lumped together in prior studies. 

Indeed, prior studies usually considered only a few variables to describe a particular task category, thus 

ending up with a general measure encompassing tasks as diverse as care, management, coaching or talking 

to clients.3 Moreover, if some attention is paid to different social tasks, it is usually to highlight the role of 

management and teamwork (see Deming (2017), Casabianca et al. (2020), among others). However, when 

considering the returns to social tasks and their difference by gender, the distinction seems highly relevant. 

We thus take advantage of the size of the ESCO database to distinguish between the social internal-directed 

tasks and external-directed ones. The first type concerns social tasks related to work with people from the 

same organization or peers. These tasks include, i.a.,  teamwork, management, supervision, presentations, 

                                                           
1 For example, preventing shoplifting is a task essential for all specialized salespeople, but ``creating flower 
arrangements’’ is specific to workers in flower shops (and thus only optional for the larger group). 
2 See ESCO website: https://ec.europa.eu/esco/portal/skill 
3 For example, Acemoglu and Autor (2011) used three items: “Establishing and maintaining personal relationships”, 
“Guiding, directing and motivating subordinates”, “Coaching/developing others” to describe non-routine cognitive 
interpersonal tasks.  

https://ec.europa.eu/esco/portal/skill


etc. The second type involves work with people from outside of the organisation and non-peers. These 

tasks include teaching, caring, talking to clients or making speeches to general audiences.4 

The assignment of skill/competences and attitudes to task categories is summarized in Table XX in the 

appendix. The final value of task content for each job results from counting how many of the tasks from 

each category are mentioned in that job. On average, each job has 20 tasks assigned to it, though the 

number varies greatly. Fishing net makers (code 7318.3), for example, have only two optional tasks 

assigned to them. On the other extreme of the task distribution, one can find chiropractors (5223.7), with 

almost 141 different tasks.  

Overall, ESCO provides information on 2942 different occupations. These occupations are presented as 

additional sub-levels appended to the ISCO-08 classification, which covers 436 occupations. For example, 

the ISCO-08 code 2422 (Policy administration professionals) has 14 sublevels in ESCO (coded from 2422.1 

(Civil service administrative officer) to 2422.14 (Trade development officer), with the code 2422.10 (Policy 

officer) further divided into 15 categories from 2422.10.1 (Agricultural policy officer) to 2422.10.15 (Social 

services policy officer). Because of this structure, linking skill requirements from ESCO to labor market data 

requires only aggregating from the job to the desired ISCO level, in our case ISCO-08. Specifically, we obtain 

the average value of tasks at the most disaggregated level and assign this value to the next more 

disaggregated level. We repeat the procedure as we move up until we reach the ISCO-08 three digit level 

(3 steps). 

𝑡𝑎𝑠𝑘 𝑐𝑜𝑛𝑡𝑒𝑛𝑡𝑜 =  ∑
1

𝑛𝑘
𝑗,𝑘,𝑙

1

𝑛𝑘

1

𝑛𝑙
𝑡𝑎𝑠𝑘𝑠𝑜,𝑗,𝑘,𝑙 

Which is to say that the task content in occupation o is a weighted sum of the task content in each jobs 

(j,k,l) in occupation o, where the weights are given by the number of different branches at each hierarchical 

level (j,k,l). 

We combine the ESCO occupation data with the EU Structure of Earnings Survey (EU SES), which contains 

information on workers of firms with at least 10 employees, across the EU countries, measured every 4 

years. The data includes detailed information on, i.a., wages, hours worked and occupations. As our 

procedure requires a 3-digit level of occupation classification, our country-year sample is somewhat 

unbalanced, with 9 countries with five surveys between 2002 and 2018 and 9 countries with some years 

missing. Moreover, we exclude Cyprus, Malta and Luxembourg as potential outliers. See the table 6 in the 

Appendix for a full list. 

Similarly to the standard O*NET approach (see e.g. Acemoglu and Autor, 2011) we standardise our task 

measures using one year of data – the 2018 – as a reference. However, since several of the countries lack 

detailed data for 2018, we acquire the EU-wide occupation weights from the EU Labour Force Surveys (EU 

                                                           
4 Notably, we also considered analyses with “care” and “managerial” tasks separated from, respectively, external-

facing and internal-facing social tasks. These specifications, in general, yielded similar results. 



LFS) instead.5 This allows us to base the calculation on 31 and not 9 EU countries. The goal of the 

standardisation is to make the distributions of task measures interpretable and comparable in scale. For 

each task, we subtract the mean and divide the result by the standard deviation, using the weights for all 

EU workers in the EU LFS sample in 2018. This means that in all further discussions and analyses, a 1 unit 

difference of a task measure should be interpreted as a difference in the number of standard deviations 

from the average of (most) EU workers in 2018. As a result, measures of task content are identical in all 

European countries. This approach has two advantages. First, it is consistent with how ESCO was conceived. 

In effect, our approach amounts to treating the EU as a single labor market. Second, by being identical 

across countries, the approach allows a direct comparison of coefficients.   

Finally, in further analyses the wage variable is defined as hourly earnings in Euros in 2018 prices6, as 

derived from monthly earnings. Our measure of wages does not include bonus payments, and hours 

indicate the total hours worked in the reference month.  

Task data characteristics and validation 

Table 4: Descriptive statistics: task contentTable 4 (in the appendix) presents the descriptive statistics for 

each category before standardization where the unit of analysis is the 2018 occupation code. The task 

content is somehow higher in Social tasks, and as expected each of the subcomponents has a lower value. 

Abstract and manual show similar averages, though dispersion is larger in the latter. Finally, the mean in 

routine tasks is lower, which is consistent with how this measure was derived, since it is the only measure 

in which a difference is used. Table 4 also shows the share of occupations where no tasks of a given type 

are reported. This measure is not weighted by population shares.  

The assignment was performed manually upon reading the descriptions for each of the tasks. We validate 

our approach in two different ways. First, we required more individuals who are familiar to the literature 

to classify the tasks themselves and check the discrepancies. Second, we compare the aggregate values of 

task content from ESCO to those obtained using other databases, particularly O*Net7. The resulting 

correlations were above .5 for all different measures of task content of jobs. Figures XXX in the appendix 

plots our measures of task content and those used in O*Net. As an additional check, Figure XXX displays 

the average task content of job by ISCO-08 one digit occupation.   

Empirical analysis 

We consider two outcome variables. The first concerns the selection of different tasks by men and women. 

In other words, how different are the jobs held by workers of these genders. To answer this question we 

                                                           
5 Few countries have a more detailed occupation classification in the EU SES than in the EU LFS. One of such countries 
is Poland, which only has a 2-digit ISCO-08 classification in the LFS data. To include it when calculating occupation 
weights, we use the original Polish LFS for 2018 instead of the EU LFS version. We use official crosswalks to go from 
the slightly modified Polish KZiS 2014 classification to regular ISCO-08. 
6 Wages for non-Euro countries were converted using the exchange rate in October of the year of the survey. Then, 
we divided the resulting Euro amount by the price level in each year.  
7 We used the crosswalk provided by Hardy et al (2016) to merge ONET data and EU LFS data.  



estimate a model for each task category, with the task content as explained variable, and gender, and other 

worker- (age, education, tenure) and job-related (sector, firm ownership, type of contract and firm size) 

characteristics as explanatory ones. As the tasks are occupation-specific, we cluster the standard errors at 

the occupation level, following Moulton (1990). The pooled regressions also include country fixed effects.  

The second outcome variable is hourly wage. We want to learn how different tasks are rewarded, and 

whether these rewards depend on workers’ gender. To answer these questions we estimate logged wage 

models using the same worker- and job-related characteristics as regressors, but adding the task variables. 

We compare the results by gender, and go from general (with aggregated social tasks) to more detailed 

specifications (inward and outward-facing social tasks separately).  

Following the theory on the task content of jobs, we expect positive coefficients for cognitive, social and 

creative tasks and negative coefficients for manual and routine tasks. Moreover, we expect that women 

are more likely to conduct outward-facing social tasks than the inward-facing ones, but that the former are 

lower paid.  

Results 

The issue of selection into different tasks is explored in Table 1.  Each cell in the table corresponds to a 

different regression, which differ on the dependent variable (column heading) and the set of controls 

included. A positive sign indicates that women tend to perform more of a given task. The estimates show 

that women work on average on occupations with a higher social content. Without further controls, women 

work in occupations that have more than half a standard deviation more social content than men. Point 

estimates suggest that the difference between men and women is around one quarter of a standard 

deviation, which is comparable to the distance between Mathematicians, statisticians and related 

professionals (ISCO 08 code 212)  and Government regulatory associate professionals  (ISCO08 code 335). 

These differences are not driven by differences in other worker’s characteristics, such as age or education, 

though point estimates are smaller. Including information on job characteristics cuts the different to almost 

half of the initial value, but it remains statistically significant, and the largest observed difference.  

Subsequent columns split social tasks into the two dimensions of interest: internal and external. While 

women appear to perform more of both types of tasks, differences are larger among social external tasks. 

Moreover, differences in social internal tasks lose statistical significance as one includes job controls in the 

regressions. In other words, to the extent that women perform more social tasks, these tasks are not those 

connected to management and teamwork, which the literature identified as providing higher rewards, but 

rather to caring, customer service and teaching activities.  

Among the remaining variables, we failed to find evidence of selection in the case of analytical and routine 

tasks. The lack of difference in analytical tasks might seem surprising, given evidence of STEM fields being 

dominated by men. This is because while physics, engineers and similar professions rank very high in the 

index, so do health professionals. Moreover, our measure of analytical content includes tasks related to 

creativity more generally, and not just abstract reasoning. Finally, as expected, women tend to work in jobs 

where the content of manual tasks is lower.  



Table 1: Do men and women perform different tasks? 

 Social External Internal Analytical Routine Manual 

Woman 0.627*** 0.653** 0.389** -0.097 -0.109 -0.403** 

 [0.18] [0.20] [0.12] [0.14] [0.16] [0.14] 

R-squared 0.1 0.105 0.045 0.01 0.017 0.055 

Worker characteristics     
Woman 0.555*** 0.596*** 0.304** -0.163 -0.011 -0.307** 

 [0.16] [0.17] [0.11] [0.13] [0.13] [0.12] 

R-squared 0.169 0.149 0.15 0.109 0.147 0.26 

Job characteristics      
Woman 0.350** 0.388** 0.154 -0.064 0.069 -0.231* 

 [0.11] [0.12] [0.09] [0.10] [0.12] [0.09] 

R-squared 0.278 0.252 0.225 0.164 0.168 0.308 

Notes: each cell represents a distinct regression. Column headings indicate the dependent variable. All specifications include 

country fixed effects. Estimates with worker characteristics include also controls for age (5-year groups), education and tenure. 

Estimates under job characteristics include information on the sector of employment (5 levels), whether the firm is larger than 50 

individuals and whether the position is full-time. Standard errors clustered at the three-digit occupation level are presented in 

parentheses. *,**, *** indicate p-values smaller than .10, .05 and .01 .  

 

Estimates from Error! Reference source not found. were obtained from the sample of all EU countries with 

sufficiently detailed information on occupations. These coefficients represent average differences among 

countries that differ on numerous accounts. As such, estimates can mask underlying country heterogeneity. 

Figures .. and … explore to what extent women selection into certain tasks varies across countries. The 

specifications in these figures correspond to the complete model. In the case of social tasks, largest 

differences are observed among two of the most developed (and otherwise gender equal) countries: 

Denmark and Norway. Italy completes the list of countries with largest gender differences in the production 

of social tasks. However, Figure xx also shows that 95% confidence intervals substantially overlap across 

countries. 
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The differences shown in Figure a1 are repeated when one distinguishes between social internal and social 

external tasks. In developed countries women tend to perform more of each of these tasks. The divide 

between countries is more clearly seen in the case of social internal tasks. For these tasks, differences 

between men and women are only significant in developed countries. From the earlier discussion, we 

would expect that women in these countries are in a better position to reap the benefits from the greater 

demand for these tasks.   

 

 

 

Analogous graphs for the remaining tasks are presented in Figure  aa1 in the Appendix. Figure  shows that 

the patterns uncover in Table 1 are common across European countries. In all cases, we observe a 

specialization of men in the provision of manual tasks (and hence the negative sign), whereas we do not 

observe gender-based differences in the provision of analytical nor routine tasks. Differences between 

more and less developed countries are less pronounced in those tasks.  

 

The returns to tasks are shown in Error! Reference source not found..  In columns (1) and (3) we present 

models where returns to tasks are common across genders, whereas columns (2) and (4) allow coefficients 

to differ by gender. Estimates in Error! Reference source not found. reflect the existence of a gender wage 

gap. Women perceive on average lower wages than men. The estimated difference is around 15% of the 
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average male wage.8 The next estimates show return to tasks, which qualitatively reproduce findings from 

the literature. Occupations with more abstract tasks perceive a premium, whereas occupations with more 

routine or manual content tend to be associated with lower wages. Only social tasks do not command any 

wage premium / penalty, a finding that stands in contrast with the literature. Subsequent columns help to 

understand why the observed coefficients are not statistically significant.  

A first explanation for the non-significance of social tasks is that returns are gender specific. Column 2, 

where tasks are interacted with gender shows that this explanation has merits. Women working in 

occupations with a more social content perceive a premium, whereas men working in occupations with a 

similar content are penalized. The second explanation, which is the main contribution of the experiment, 

rests on the heterogeneity of social tasks. In Column 3, we replace the social content variable by its 

components: outward and inward social tasks. These tasks also present coefficients with different signs. 

Outward oriented tasks, where selection of women is stronger, are associated with a wage penalty. By 

contrast, inward oriented tasks are associated with higher wages.  

Column 4 of Error! Reference source not found. explores the interaction between detailed social tasks and 

gender. These interactions reveal that the penalty associated with outward social tasks are smaller among 

women, though the returns remain negative. Differences in inward tasks are smaller not statistically 

significant. In fact, this is the only task type for which men and women are rewarded on a similar schedule.  

 

                                                           
8 Allowing for different returns to worker characteristics produces estimates of the gender wage gap that are closer 
to the values reported by the literature.   



Table 2: returns to task by gender 

 (1) (2) (3) (4) 

Woman=1 -0.148*** -0.149*** -0.143*** -0.143*** 

 [0.02] [0.02] [0.02] [0.02] 

Social tasks -0.026 -0.052*   

 [0.01] [0.02]   

Woman=1 # Social tasks  0.041**   

  [0.02]   

Analytical tasks 0.051** 0.070*** 0.050* 0.069*** 

 [0.02] [0.02] [0.02] [0.02] 

Woman=1 # Analytical tasks  -0.048**  -0.051*** 

  [0.01]  [0.01] 

Routine tasks -0.069*** -0.095*** -0.060*** -0.076*** 

 [0.02] [0.01] [0.02] [0.02] 

Woman=1 # Routine tasks  0.043***  0.028* 

  [0.01]  [0.01] 

Manual tasks -0.062*** -0.048* -0.055** -0.045* 

 [0.02] [0.02] [0.02] [0.02] 

Woman=1 # Manual tasks  -0.034*  -0.028* 

  [0.01]  [0.01] 

Social tasks: inward   0.038* 0.036 

   [0.02] [0.02] 

Woman=1 # Social tasks: inward    0.010 

    [0.01] 

Social tasks: outward   -0.048*** -0.089*** 

   [0.01] [0.02] 

Woman=1 # Social tasks: outward    0.055** 

    [0.02] 

Observations 10412181 10412181 10412181 10412181 

R-squared 0.783 0.784 0.785 0.786 

  
Notes: Estimates obtained from EU-SES. All estimations include country fixed effects, controls for personal characteristics (age, 

education and experience) and controls for job / firm characteristics (whether full time or not, sector of economic activity, and 

whether the firm is large). Standard errors clustered at the 3-digit ISCO level presented in parentheses. *,**, *** indicate 

significance at the .10, 0.5 and .01 level. 

 

Country heterogeneity is explored in Error! Reference source not found.. The coefficients show the 

differences between the returns to a task t in country c. Values lower than zero indicate that women have 

lower returns than men, whereas positive values indicate that the returns perceived by women are higher. 

Positive values do not indicate that the returns to those tasks are positive, they could be less negative than 

among men. Considering the values, we observe that the pattern was common to almost all countries. First, 

among social tasks only outward looking tasks command higher returns for women, among inward looking 

differences in returns hover around zero and are not significant. Second, women reap lower returns to 

performing analytical tasks than men do. Point estimates indicate differences in the range of 10% to 20% 



in favor of men. These differences are smaller, and not statistically significant, among the most developed 

countries: Denmark, France and Norway; and in Czechia.  

 

Figure 1: Differences in returns to tasks by countries and 95% CI 

 

Notes: Displayed coefficients were obtained using the same covariates as in Table 2, Column (4) for each 

country. Standard errors clustered at the ISCO 3 digit level.  

Changes over time 

The analysis from EU-SES 2018 reveals that women were not in a position to fully reap the benefits from 

changes in the task content of jobs. As expected, women were more likely to work in positions requiring 

social tasks; however the type of tasks that they performed were mostly directed towards people outside 

of the organization. Moreover, occupations with high content of social outward tasks are associated with 

lower wages, and the difference is similar to what we observed in manual tasks. In the previous section, we 

did not find evidence that abstract contact differs by gender, though. Point estimates were small and 

relatively not significant. Yet, we also found that these tasks are rewarded at a lower rate when it is a 

women who performs them. 

In this section we complement the analysis by adding a dynamic perspective to explore whether selection 

patterns and differences in returns to tasks have changed over time. For this, we follow a pseudo difference 

in difference approach. For each country, we use the first and the last database for which we have 

sufficiently detailed information on occupations, i.e. three digit codes.9 Moreover, we only keep those 

countries for which the difference between the first and the last database is allows observing any changes. 

This requirement implies that the first database must have been collected in either 2002 or 2006, and the 

second database in either 2014 or 2018.  

The use of early data presents one additional challenge. These data employ an earlier version of the 

classification of occupations (ISCO-88), which means that it is not possible to impute directly the task 

content using ESCO data. Instead we rely on crosswalks to match each ISCO-88 code to its corresponding 

code in ISCO-08. For some occupations, there is no one-to-one correspondence. We resolve those cases 

                                                           
9 Availability of detailed occupation classification is presented in Table 5 in the Appendix. 
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using the rules described in Hardy et al. (2016): if one occupation of ISCO-88 corresponds to several in ISCO-

08, we first average the content of the latter occupations, and then impute it to the former. If several ISCO-

88 occupations correspond to the same ISCO-08, then all ISCO-88 occupations are assigned the same task 

content of jobs. 

Figure 2 display the average task content of jobs for men and women in each year using EU-SES data. These 

graphs show that there is a clear difference in levels between men and women in all tasks. Moreover, there 

are little signs of convergence in the task content between men and women. These figures also show that 

in spite of our best efforts, there is a discontinuity in 2010, when the new occupation classification was 

implemented. This discontinuity is particularly visible in the average of routine tasks, which increase sharply 

in 2010. In spite of these differences in level, the time trends appear to be similar to the right and left of 

the cutoff.  

 
Figure 2: Evolution of task content by gender over time 

 
Notes: estimated using EU-SES countries with available information at the ISCO 3-digit level.  

 

While Figure 2 serves as a benchmark, it presents means without adjusting for sample composition, be it 

in terms of countries, industrial structure or personal characteristics. Table 3 displays the results of 

regressions similar to those presented in Table 1. Unlike previous Table, the sample includes two years per 

country, the early and late years discussed above. There are two coefficient of interest in these regressions: 

the coefficient on female indicating differences in the starting year, and the interaction, which shows 

whether gender has become more associated with certain tasks. Due to space constraints, we report only 

those specifications with a broader set of control variables.  

 
Table 3: Changes in tasks performed over time 

 Social tasks 
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Woman 0.227** 0.245** 0.119 -0.036 0.033 -0.379*** 

 [0.10] [0.10] [0.09] [0.10] [0.09] [0.12] 

Late -0.060 -0.066 -0.026 -0.010 0.070 -0.012 

 [0.09] [0.08] [0.14] [0.15] [0.13] [0.14] 

Woman x Late 0.107 0.128 0.020 -0.017 0.022 0.124 

 [0.19] [0.20] [0.14] [0.16] [0.16] [0.17] 

N 11756751 11756751 11756751 11756751 11756751 11756751 

R-squared 0.313 0.291 0.241 0.168 0.187 0.319 

       

Short differences      

Woman 0.308** 0.352*** 0.109 -0.019 0.07 -0.283** 

 [0.13] [0.13] [0.10] [0.11] [0.13] [0.12] 

Late -0.029 -0.02 -0.032 0.036 0.011 0.022 

 [0.09] [0.08] [0.14] [0.14] [0.12] [0.14] 

Woman x Late 0.01 0.013 0 -0.056 0.014 0.029 

 [0.20] [0.22] [0.15] [0.17] [0.19] [0.18] 

N 9351492 9351492 9351492 9351492 9351492 9351492 

R-squared 0.272 0.244 0.222 0.17 0.19 0.344 

 
Notes: each cell represents a distinct regression. Column headings indicate the dependent variable. All specifications include 

country fixed effects. Estimates include also controls for age (5-year groups), education and tenure, sector of employment (5 

levels), whether the firm is larger than 50 individuals and whether the position is full-time. Long-differences refer to differences 

between 2002 and 2018, whereas in short differences the initial year is 2010. Standard errors clustered at the three-digit 

occupation x year level are presented in parentheses. *,**, *** indicate p-values smaller than .10, .05 and .01 .  

 

While point estimates are different from those presented in Table 1, the conclusions are similar. Women 

work in social (outward-oriented) tasks, and whereas men to perform relatively more manual tasks. The 

interaction coefficients (WomenxLate) show the change over time. In most cases, point estimates suggest 

a greater differentiation of the tasks performed by men and women (estimates have the same sign). 

However, these estimates are less precise than the main effects and, consequently, not statistically 

significant. As shown in the second panel, the null result does not emerge from the change of occupation 

classifications. If we focus on the period 2010-2018, we also fail to find any trends in the tasks performed 

by men and women. The types of tasks performed by men and women have remained relatively constant 

from the last 20 years. 

 

While differences in task provision remained constant, women could have still benefitted from changes in 

the rewards to tasks. Using the sample spanning several years we now expand the results on returns to 

occupational tasks from Table 2 . The regressions include interactions of gender with different task content 

and time.  Figure 3: Changes in differences to returns and 95% confidence intervals presents the estimated 

differences. The coefficients show how much larger is the difference for women when compared to men. 

Negative values indicate that men perceived higher (or less negative) rewards than women. 

 



Figure 3: Changes in differences to returns and 95% confidence intervals 

 
Notes: Figure presents the differences in returns to occupational tasks (women minus men). Regressions include controls for 

personal characteristics (age, education and experience) and controls for job / firm characteristics (whether full time or not, 

sector of economic activity, and whether the firm is large). The dependent variable is (log) hourly wage in 2018 Euros. Standard 

errors clustered at the 3-digit ISCO level presented in parentheses. * indicate that differences in the early and late period were 

statistically different from each other. 

 

The left plot of Figure 3 shows differences between 2002 and 2018, whereas the plot in the right shows 

differences between 2010 and 2018. The plots indicate that when considering the longer period women 

have improved their position in two tasks. Differences have been reduced among Analytical tasks, 

implying that women were able to reap an increasing share of the benefits derived from technological 

change. In spite of this progress, and as already shown above, the gender gap in rewards has not been 

completely closed. Women have also seen an improvement of their relative stance in Social, outward 

oriented tasks. Given that occupations with higher content of social outward tasks command lower 

wages, the coefficients should be read as women experiencing lower penalties for engaging in these 

occupations.  

The left plot should be interpreted with caution. As mentioned earlier, occupation classifications changed 

in between samples. The right plot compares two samples that are closer in time (2010 and 2018). The 

comparison of 2010 and 2018 leads to qualitatively similar evolution, though none of the differences are 

statistically significant. One possible interpretation of the difference between the two plots concerns the 

period under analysis. The Great Recession could have affected the rewards to tasks (similar to Jaimovich 

and Siu), and these changes could have varied across genders. Unfortunately, given data constraints we 

cannot disentangle the two explanations.  
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Appendix 

 

Table 5: Availability of detailed ISCO data 

 2002 2006 2010 2014 2018 All years 

Bulgaria X X X X X Yes 

Cyprus X X X X X Yes 

Czechia X X X X X Yes 

Denmark - - - X X No 

Estonia X X X X X Yes 

Greece X - - X X No 

France - X X X X No 

Hungary X X - - - No 

Italy - - - X X No 

Lithuania X X X X X Yes 

Luxembourg X X X X X Yes 

Latvia X X X X X Yes 

Malta - - - X X No 

Norway - X - - X No 

Poland X X X X X Yes 

Sweden X X - - - No 

Slovakia X X X X X Yes 

United Kingdom X X X X - No 

Notes: Table describes availability of ISCO codes at the three digits level in the EU SES. Countries for which data are not available in any 

year are not listed. ISCO codes in the years 2002 and 2006 correspond to the 1988 release, in the years 2010-2018 correspond to 2008 

release.    

 

 
Table 4: Descriptive statistics: task content 

 Mean SD Mean 

Social tasks 4.01 4.51 0.024 

Social tasks: external 2.448 3.33 0.104 

Social tasks: internal 1.478 1.6 0.064 

Abstract tasks 3.362 2.01 0.024 

Routine tasks 0.727 2.11 0.032 

Manual tasks 3.361 3.7 0.104 

Observations 125   
Notes: Table describes the task content of jobs in ESCO before standardization. Means and standard deviations are weighted 

using population weights derived from the Labor Force Survey of the EU. The share of zeros shows the share of occupations 

where no tasks of a given type is reported.   
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Table 6: Changes in returns to occupational tasks 

  2002-2018 2010-2018 

 Coeff SE Coeff. SE 

Analytical tasks 0.119*** 0.02 0.080*** 0.02 

Routine tasks -0.049 0.04 -0.083*** 0.02 

Manual tasks -0.045 0.03 -0.044* 0.02 

Social tasks: inward 0.082* 0.04 0.054** 0.02 

Social tasks: outward -0.031 0.04 -0.112*** 0.03 

Woman -0.245*** 0.02 -0.161*** 0.02 

Late 0.423*** 0.03 0.235*** 0.02 

     

Two-way interactions     

Woman # Analytical tasks -0.102*** 0.03 -0.075*** 0.02 

Woman # Routine tasks -0.001 0.03 0.046** 0.02 

Woman # Manual tasks -0.084** 0.03 -0.067*** 0.02 

Woman # Social tasks: inward -0.001 0.04 0.014 0.02 

Woman # Social tasks: outward 0.017 0.03 0.072** 0.02 

Late # Analytical tasks -0.045 0.03 -0.004 0.03 

Late # Routine tasks -0.068 0.04 0.000 0.03 

Late # Manual tasks 0.034 0.03 0.012 0.03 

Late # Social tasks: inward -0.050 0.04 -0.033 0.03 

Late # Social tasks: outward -0.111** 0.04 0.013 0.04 

Woman # Late 0.147*** 0.03 0.020 0.02 

     

Three-way interactions     

Woman # Late # Analytical tasks 0.067 0.04 0.023 0.03 

Woman # Late # Routine tasks 0.049 0.04 -0.010 0.02 

Woman # Late # Manual tasks 0.035 0.04 0.029 0.03 

Woman # Late # Social tasks: inward 0.001 0.05 -0.001 0.02 

Woman # Late # Social tasks: outward 0.067 0.04 -0.007 0.03 

N 11756712  9351492  
R-squared 0.783  0.679  

Notes: estimates from a regression of log-hourly wages on task content of jobs interacted with gender and sample year. All regressions include also 

worker characteristics, job characteristics, and country fixed effects. Standard errors clustered at the occupation level. *,**,*** indicate p-values 

smaller than .1, .05, .01.  

 


