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ABSTRACT
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Occupational Mobility of Routine 
Workers*

This paper analyzes whether occupational polarization takes place within workers or due to 

changes in the composition of workers by using comprehensive panel data from Finland. 

The decomposition analysis shows that the decrease in mid-level routine occupations and 

the simultaneous increase in high-level abstract occupations is largely a within-worker 

phenomenon. In contrast, the share of low-skilled nonroutine manual tasks has largely 

increased through entry dynamics. Data on plant closures are used to identify involuntary 

separations from routine occupations. These results demonstrate a strong, uneven 

adjustment pattern, with routine cognitive workers being more able to move to abstract 

tasks and adjust with smaller wage costs than routine manual workers.
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1. Introduction 

 

Where have all the mid-skilled routine workers gone? Job market polarization has 

become one of the defining issues in labor economics over the last two decades. A 

classic example is Autor, Levy and Murnane (2003), who show that advances in 

computer technology have decreased demand for mid-skilled workers performing 

routine tasks, while demand for low-skilled service occupations and high-skilled 

specialist occupations have increased.1 Notwithstanding a growing body of research in 

this area (e.g., Goos and Manning, 2007; Acemoglu and Autor, 2011; Autor and Dorn, 

2013; Goos, Manning and Salomons, 2014), we still know little about the implications 

of occupational polarization at the worker level. 

This paper analyzes the occupational mobility of routine workers. From the 

individual and labor market perspectives, this issue is highly relevant and must be 

considered when designing effective policy responses to the decline in mid-skilled 

jobs. Employment polarization can occur at the intensive margin, when routine workers 

move up or down in the job hierarchy, or at the extensive margin, when workers who 

leave the labor market from routine occupations are replaced by workers who enter 

into nonroutine occupations. If the within-worker explanation prevails and routine 

workers are plausibly involuntarily shifted to low-skilled nonroutine manual 

occupations, then public resources should be directed toward vulnerable groups by 

providing, e.g., effective re-education programs. Routine workers might also move to 

 
1 Other factors, such as offshoring and import competition, have also been linked to observed 

polarization of the labor markets (e.g., Autor et al., 2014; Nillson Hakkala and Huttunen, 2016; Keller 

and Utar, 2016; Utar, 2018; Kerr, Maczulskij and Maliranta, 2020). According to Moreno-Galbis and 

Sopraseuth (2014), population aging is behind the increased demand for personal services and thus the 

rise of employment in low-skilled occupations. 



abstract tasks, for example, through career progression. Forming a comprehensive 

picture of the specific worker skills that allow routine workers to move up the career 

ladder would then be important because the accelerating automation of tasks has raised 

concerns that new technologies will replace labor on an even greater scale (e.g., 

Brynjolfsson and McAfee, 2012; Akst, 2013).2 If the extensive margin explanation 

prevails, then it is important to analyze the mechanisms underlying the exit routes from 

routine jobs to nonemployment. Training subsidies, apprenticeships and other 

measures of active labor market policies might be more or less effective depending on 

the exit routes, whether an influx to unemployment, to further education or to 

retirement. 

The empirical literature on worker-level adjustment is still somewhat scarce. 

scant. The study most relevant to the setting of the current paper is from Cortes (2016), 

who finds that particularly low-skilled routine workers in the US have shifted to service 

occupations, whereas high-skilled routine workers have been more likely to move to 

occupations that involve abstract tasks. Recently, a few papers have examined trade 

impacts at the level of individual workers (e.g., Donoso, Martin and Minondo, 2010; 

Autor et al., 2014; Keller and Utar, 2016; Utar, 2018). These analyses are tightly 

focused on the manufacturing industries affected by import competition from China, 

i.e., the globalization aspect of job market polarization. Utar (2018) finds that low-

wage competition from China has resulted in significant employment reductions for 

Danish manufacturing workers. Many employees have moved to the service sector, 

and workers’ recovery from trade shocks has also been greatly dependent on their 

education relevant to their new work (see also Keller and Utar, 2016). Autor et al. 

(2014) likewise find that employees adjust to import shocks by moving out of the 

 
2 Autor (2015) argues that employment polarization is unlikely to continue indefinitely. 



manufacturing industry in the US. Exposure to trade shocks has also increased the 

risks of unemployment and labor force nonparticipation (Autor, Dorn and Hanson, 

2013; Donoso et al., 2010). In all, although very interesting, we still lack a 

comprehensive picture of which occupations or labor market statuses routine 

workers have moved to. 

The focus of this paper is twofold. The first objective is to present for the first 

time whether occupational polarization takes place within workers or due to changes in 

the composition of workers. The analysis is done by modifying a decomposition 

method that has previously been used in analyses that have examined occupational 

polarization with a focus on the extensive versus intensive margin at the firm level.3 

The recent literature has thus paid attention to the role of firm-level restructuring 

involving entries, exits and the reallocation of labor but not to the role of individual 

worker mobility. This is the novel contribution of this paper. The study utilizes total 

administrative data for the 1970-2015 period. The data create a unique opportunity to 

evaluate occupational polarization and track the occupational trajectories of all mid-

skilled routine workers over a 45-year period. While earlier studies have mainly 

focused on manufacturing workers or routine workers as one occupation group, we also 

distinguish between routine manual and routine cognitive tasks (see also Cortes et al., 

2017). 

 

 
3 See, Böckerman, Laaksonen and Vainiomäki (2013, 2018), Cortes and Salvatori (2015), Heyman 

(2016), Harrigan, Reshef and Toubal (2016), and Kerr et al. (2020). Cortes, Jaimovich and Siu (2017) 

also examine the changes in the share of routine and nonroutine tasks in the US by decomposing the 

total change into components that are attributable to changes in the composition of demographic groups 

and those attributable to changes in the propensity to enter the occupations, conditional on demographic 

characteristics. 



The second objective is to complete the analysis provided by the decomposition 

analysis by comparing the occupational trajectories of routine manual and routine 

cognitive workers. We carry that comparison out by estimating a multinomial logit 

model in which routine workers may choose between seven mutually exclusive 

occupation and nonemployment categories. In this part of the analysis, we also look at 

which types of characteristics are related to movements across the job hierarchy and to 

nonemployment. Overall occupational mobility includes both voluntary and 

involuntary shifts between jobs. This paper also adds to the literature by offering a causal 

interpretation of the occupational movements of routine workers who need to find new 

work after an exogenous job loss. This analysis utilizes matched employer-employee 

data for the entire worker population for the 1995-2015 period. Previous studies have 

mainly focused on the causal effects of Chinese import competition on the labor market 

outcomes of manufacturing workers (e.g., Keller and Utar, 2016).4 Using job 

displacement to identify involuntary separations from voluntary worker outflows also 

enables a broad examination of the occupational mobility of all routine workers from 

all industries. 

Like most previous international studies, we find evidence of occupational 

restructuring in the Finnish labor market. The observed aggregate trend mostly stems 

from routine workers moving to abstract tasks, although one-fifth of the recent decrease 

in the share of routine manual jobs can be attributed to exit dynamics to weak labor 

 
4 Keller and Utar (2016) use a plausibly exogenous source of occupational mobility (an import 

competition shock) to derive causal interpretations and evaluate the technical change, offshoring and 

import competition factors of job polarization side-by-side in terms of their worker-level consequences. 

They find that import competition is quantitatively comparable to technical change as an explanation for 

the hollowing out of middle-class jobs. 

 



market attachment. The entry-exit dynamics explain most of the increase in the share 

of nonroutine manual jobs, when people who have left the labor markets have been 

replaced by younger people who have entered into nonroutine manual occupations. 

Routine cognitive workers tend to have a greater probability of moving to abstract 

occupations, and they are more able to adjust with smaller wage costs than routine 

manual workers. Routine manual workers are, in turn, more likely to move to 

nonroutine manual jobs. The results remain robust to estimations that use a smaller 

sample of displaced workers who must find new work for reasons unrelated to 

voluntary worker flows between jobs. Occupational mobility is also strongly linked to 

both the general (education level) and specific (education field) human capital of 

workers. 

The rest of this paper is organized as follows. The second section presents the 

data sources, and section three presents the aggregate-level evidence for employment 

polarization during the 1970-2015 period, as well as the decomposition results related 

to the intensive and extensive margins of polarization. Section four presents the 

estimation results for the occupational mobility of routine manual and routine cognitive 

workers, along with some extended analyses of the costs of job loss. Finally, section 

five places the findings in a broader context and concludes the paper. 

 

2. Data Description 

 

2.1. Data Sources 

 

The main data used are the Finnish Longitudinal Employer-Employee Data (FLEED) 

from Statistics Finland. The data are based on various administrative registers linked 

together using identification codes for individuals, firms and plants. The FLEED cover 

all individuals younger than 70 years old with a permanent residence in Finland for the 



years 1988-2015. The data include information on occupation, socioeconomic status, 

employment and earnings, along with a number of background characteristics. To these 

data we matched the total population censuses for 1970, 1975, 1980 and 1985. All 

wage-earners over 15 years old are included in the analysis. 

Occupation variables are available in each population census and in FLEED for 

1990, 1995, 2000 and 2004-2015. The ISCO-58 classification is used for the period 

1970-1990, and ISCO-88 is used for the period 1995-2009. The occupation variable 

for the 2010-2015 period is based on the newest classification (ISCO-08). The 

occupation measures before 2010 are recoded to match the newest classification 

utilizing the crosswalk codes constructed by Statistics Finland. The same ISCO-08 

classification is therefore used throughout the whole time frame of 1970-2015. 

 

2.2. Occupation Measures 

 

The ISCO-08 classification (mainly the 3-digit and 4-digit occupation categories) is 

converted into four aggregated groups based on routine content, which resembles 

Acemoglu and Author’s (2011) suggestions: abstract, routine cognitive, routine manual 

and nonroutine manual occupations. The abstract group includes 68 occupation 

categories that are mostly from major groups 1, 2 and 3 (managers, professionals and 

technical occupations). The routine cognitive group is constructed by including 32 

occupation categories that are mostly from major group 4 but also includes occupations 

from major groups 3 and 5 (sales, clerical and administrative support occupations). The 

routine manual group involves picking, sorting or repetitive assembly tasks. This group 

includes 39 occupation categories mostly from major groups 7 and 8 (e.g., production, 

craft, repair, and operative occupations). The nonroutine manual group includes 28 

occupation categories mostly from major groups 5 and 9, such as cleaning, elementary 



work and services. This classification has been used previously (Böckerman, 

Laaksonen and Vainiomäki, 2019; Kerr et al., 2020).5 A detailed list of the occupations 

in each group is available from the author. Self-employed individuals and workers in the 

armed forces and agricultural sector are excluded from the sample. 

Although routine occupations share the common trait of being increasingly 

performed by computers or machines, these occupations are heterogeneous in terms of 

their task composition, as Autor et al. (2003) also point out. Therefore, we distinguish 

cognitive tasks from manual tasks. Workers are more likely to move between 

occupations that are more similar in terms of tasks and skills (Gathman and Schönberg, 

2010; Robinson, 2018). Since routine cognitive occupations involve more analytical 

and interactive tasks and routine manual occupations involve more sorting and 

repetitive assembly tasks, it is reasonable to expect that the transitions from routine 

occupations differ between these two distinct categories. 

Identifying and measuring occupation groups appropriately for historical 

analysis can be difficult for two main reasons. First, there have been revisions in 

occupational classifications during the 1970-2015 period, so mapping earlier versions 

to the ISCO-08 might affect the results even when we use the crosswalk codes 

constructed by Statistics Finland. A further examination of how well the mapping 

works is therefore performed by analyzing the trends in occupation shares over time. 

The results show that the harmonized occupation variable works well, apart from some 

comparability problems that arise for 1990.6 In what follows, several sensitivity 

 
5 A small exception to the original classification is the inclusion of teachers in the sample. This is 

meaningful, as our paper considers all wage-earners from both the private and public sector. The results 

nevertheless remain the same when the initial occupation group classification is used. 

6 According to the data, some occupations were defined as abstract jobs in 1985 but as service jobs in 

1990. For example, most of the workers who were defined as social workers and counseling 



checks are performed by excluding the problematic year from the analyses. All the 

conclusions drawn from the analyses nevertheless remain the same. The second 

potential challenge is that the tasks within a specific occupation might have changed 

over the 45-year period. However, Cortes et al. (2017) examine disappearing routine 

jobs using data from five decades, as we do in this paper, and similarly categorized 

the occupations based on task content (cf. Acemoglu and Autor 2011). We thus argue 

that using these task measures might not be problematic for historical analysis, 

especially when broadly defined occupation categories are used in the analysis. 

 

3. Aggregate-Level Evidence 

3.1.Job Market Polarization 

 

Figure 1 shows the aggregate-level trend in occupational restructuring between 1970 and 

2015. The 3-digit occupations are first ranked based on their 1970 mean annual earnings, 

and smoothed changes in employment shares are examined across those occupations. 

The smoothed changes are created using the nonparametric LOWESS method, i.e., 

locally weighted scatterplot smoothing. The analysis is performed using all wage 

earners who have an occupation code in the data and positive annual earnings, and they 

could work in the private or public sector. The changes in employment shares by initial 

earnings levels between 1970 and 2015 resemble the U-shaped curve documented in 

many other countries and in Finland (e.g., Böckerman et al. 2019, Kerr et al. 2020). 

An alternative way to characterize the polarization of job distribution is to depict 

the employment shares across the four main occupation groups and to examine the 

 
professionals in 1985 were defined as childcare workers or helpers in offices in 1990.  



changes in employment shares from 1970 to 2015.7 Figure 2 shows a clear and 

increasing share of employees in the high-skilled abstract group, while at the same time, 

the share of mid-skilled routine manual group has decreased over time. The share of 

abstract workers was 17 % in 1970, and it increased to 39 % by the end of 2015. In 

contrast, the share of routine manual workers was 47 % in 1970, but it decreased to 21 

% in 2015. The share of routine manual workers was quite stable between 1995-2000, 

which was the period of recovery after the deep recession that hit the Finnish labor 

market in the early 1990s.8 Employment increased rapidly after 1994, especially in the 

electronics and construction industries. The employment share of routine cognitive 

workers was approximately 23 % during 1970-1990, after which it decreased steadily 

to 18 % in 2015. The overall decrease in the employment share of routine workers is 

thus mostly explained by the reduction in manual, rather than cognitive, tasks. The share 

of nonroutine manual occupations increased after 1985, showing a clear jump during 

and after the recession in the early 1990s. Approximately 55 % of nonroutine manual 

jobs are in the public sector, and the ratio of public sector employment to private sector 

employment typically increases during recessions. There was also rapid recovery in the 

entire service sector after the recession. 

 

[Figures 1 and 2 in here] 

 

 
7 The values for abstract and nonroutine occupations are replaced by their trend values for 1990 because 

of the difficulties in comparing the occupation data for abstract and nonroutine occupations in 1990 with 

those from other years, as discussed above. 

8 The unemployment rate increased from 3 % in 1990 to 17 % in 1994, and the growth rate declined 

dramatically by 6 % in 1991. 



3.2.Transition Matrix for Occupational Mobility 

 

Table 1 illustrates the dynamic occupational movements with a matrix that cross-

classifies occupations and other labor market statuses at times t and t+5. Individuals 

may move between the four main occupation groups (abstract, routine cognitive, 

routine manual and nonroutine manual) or move to three stages of nonemployment 

(unemployment or labor force nonparticipation, being a student and retirement). The 

average occupational movements are reported separately for the periods 1970-1995 

(Panel A), 1970-1985 (Panel B), and 1995-2015 (Panel C). In what follows, four 

important findings stand out. First, total movement has not varied a great deal over the 

45-year period. Second, there has consistently been more upward than downward 

mobility, and this trend has increased over time, especially among routine cognitive 

workers. Third, the numbers do not reveal any increase in the shifts from routine jobs to 

lower-paid nonroutine manual jobs, nor to weak labor market attachment. The 

movements from employment to nonemployment have been quite stable over time in 

each occupation group. One of the notable exceptions is that a higher share of 

nonroutine manual workers shifted to weak labor market attachment during the 

recession years. 

Fourth, the pattern of occupational mobility is nevertheless different between 

routine manual and routine cognitive workers. During the period 1995-2015, routine 

cognitive workers were more likely to move to abstract occupations than routine manual 

workers (15 % versus 6 %), whereas routine manual workers were more likely to move 

to unemployment or out of labor force than routine cognitive workers (11 % versus 8 

%). 

[Table 1 in here] 

 



3.3.Decomposing the Aggregate Changes 

 

The changes in occupation shares are decomposed into changes that occurred at the 

intensive margin and those that occurred at the extensive margin. If the transformation 

from routine to nonroutine occupations occurred at the intensive margin, it means that 

workers changed their jobs. Conversely, if the transformation occurs at the extensive 

margin, then routine workers who left the labor market were replaced by workers who 

entered the labor market into nonroutine occupations. Specifically, a formula proposed 

by Vainiomäki (1999) is adopted and modified to decompose the aggregate change in 

occupation share j (j = abstract, routine cognitive, routine manual, nonroutine manual), 

∆𝑆𝑗, into three components: 

 

∆𝑆𝑗 = ∆𝑆𝑗
𝐶 +

𝐿𝑡
𝑁

𝐿𝑡
(𝑆𝑗𝑡

𝑁 − 𝑆𝑗𝑡
𝐶 ) +  

𝐿𝑡−1
𝐷

𝐿𝑡−1
(𝑆𝑗,𝑡−1

𝐶 − 𝑆𝑗,𝑡−1
𝐷 )    (1) 

 

Superscript C denotes individuals  appearing (those who are employed) in both t-1 and 

t; N denotes entrants, i.e., individuals not in the labor market in t-1 but who entered the 

labor market by t; and D denotes exiting persons, i.e., those in the labor market in t-1 

but not in t. ∆𝑆𝑗
𝐶 is the change in the employment share of occupation j from year t-1 

to t within group C. (𝑆𝑗𝑡
𝑁 − 𝑆𝑗𝑡

𝐶 ) is the difference in the employment shares of 

occupation j in year t between groups N and C .  (𝑆𝑗,𝑡−1
𝐶 − 𝑆𝑗,𝑡−1

𝐷 ) is the difference in 

employment shares of occupation j in year t-1 between groups C and D. 
𝐿𝑡

𝑁

𝐿𝑡

 is the 

employment share of entrants in year t, and 
𝐿𝑡−1

𝐷

𝐿𝑡−1
 is the employment share of exiting 

individuals in year t-1. The first term on the right-hand side of Equation (1) measures 

the change in the aggregate employment share of occupation j that is explained by the 



intensive margin (within workers). The sum of the second and third terms measures the 

change in the aggregate employment share of occupation j that is explained by the 

extensive margin (between workers), with the total contribution being decomposed 

into entry and exit dynamics. 

The contribution of the extensive margin can be explained either by aging or 

weak labor market attachment. The total contribution of the entry dynamics, 

𝐿𝑡
𝑁

𝐿𝑡
(𝑆𝑗𝑡

𝑁 − 𝑆𝑗𝑡
𝐶 ), can be further decomposed into two parts: 

𝐿𝑡
𝑁,𝑌

𝐿𝑡
(𝑆𝑗𝑡

𝑁,𝑌 − 𝑆𝑗𝑡
𝐶) +  

𝐿𝑡
𝑁,𝑈1

𝐿𝑡
(𝑆𝑗𝑡

𝑁,𝑈1 − 𝑆𝑗𝑡
𝐶). The superscript Y denotes individualswho were children (or not even 

born yet), students or in military service in t-1 and workers in t. U1 denotes entrants who 

were unemployed or labor force nonparticipants (excluding retired people and students) 

in t-1 but employed in t. This term thus captures the inflow from unemployment (or 

labor force nonparticipation) to employment. Similar reasoning applies to the exit 

dynamics, 
𝐿𝑡−1

𝐷

𝐿𝑡−1
(𝑆𝑗,𝑡−1

𝐶 − 𝑆𝑗,𝑡−1
𝐷 ) =

𝐿𝑡−1
𝐷,𝑂

𝐿𝑡−1
(𝑆𝑗,𝑡−1

𝐶 − 𝑆𝑗,𝑡−1
𝐷,𝑂 ) +

𝐿𝑡−1
𝐷,𝑈2

𝐿𝑡−1
(𝑆𝑗,𝑡−1

𝐶 − 𝑆𝑗,𝑡−1
𝐷,𝑈2 ). The 

superscript O denotes individuals who were employed in t-1 but were retired, more than 

70 years old or already deceased in t.9 U2 denotes individuals who were employed in t-1 

but unemployed or out of the labor force in t. This term can be considered as capturing the 

outflow from employment to weak labor market attachment. 

The results of the decomposition analysis are presented in Table 2. The results 

show that both the periods 1970-1995 and 1995-2015 were characterized by 

occupational polarization. The shares of abstract and nonroutine manual tasks increased, 

while at the same time, the shares of routine tasks decreased (Panels A and C). These 

 
9 This group also includes out-migrants, whom we do not observe in the data. According to Statistics 

Finland, the share of out-migrants in the total employed work force in Finland is approximately 0.5 % 

annually. 



changes were high for abstract (15.8 percentage points) and routine manual (-20.5 

percentage points) occupations during 1970-1995. However, the aggregate-level trend 

in occupational restructuring was much weaker during 1970-1985, which was the period 

preceding a severe recession in the early 1990s (Panel B). This result is reasonable since 

during recessions, labor markets typically experience faster polarization (Foote and 

Ryan 2014). 

The decomposition results show that the decrease in mid-level routine 

occupations with a simultaneous increase in high-level abstract occupations is largely a 

within-worker phenomenon. This indicates that many routine workers have moved to 

abstract tasks, while the downward movement of routine workers is weaker, as already 

illustrated in Table 1. This type of occupational mobility has not varied a great deal over 

time, except that before 1995, the decrease in the share of routine manual tasks was also 

explained by the lower entry of those workers into the labor market. We note that 

occupations with heavy influxes of workers also tend to have many workers moving out. 

These occupations are typically those that require less formal education, such as service 

and sales jobs. Therefore, it is possible that some routine workers have also moved to 

nonroutine manual tasks, and some former nonroutine manual workers have moved to 

abstract tasks (cf. Table 1). 

Interestingly, approximately one-third of the recent decrease in the share of 

routine manual tasks can be explained by exit dynamics (1.6 percentage points). An 

increase in the recent employment share of nonroutine manual tasks can be attributed to 

entries, indicating that the employment share of nonroutine manual occupations is larger 

among those who enter the labor markets than among people who were already in the 

labor market in those occupations. The results suggest that most of the changes in 

occupational restructuring can be explained by typical career progression, along with 

the combination of exit-entry dynamics, in which some routine manual workers who 



have left the labor market are replaced by workers who have entered into low-skilled 

occupations. 

Table 3 reports the detailed decomposition results for the contribution of the 

extensive margin. The results reveal that the increase in the employment share of 

nonroutine manual occupations is mainly explained by young people entering the labor 

market (on average, 60 % of the total change at the extensive margin). Population aging 

explains a substantial part of the overall decrease in the share of routine manual 

occupations at the extensive margin, although the largest portion of this decrease can be 

attributed to worker flows from employment to weak labor market attachment for the 

1995-2015 period. Evidently, the outflow from employment to unemployment or out of 

the labor force is more profound among routine manual workers than among routine 

cognitive workers. The results for abstract workers show important differences in their 

entry-exit dynamics at the extensive margin over time. The change in the share of 

abstract workers has a negative coefficient for entry dynamics for the 1995-2014 period 

but a positive coefficient for the earlier periods. Although people are more highly 

educated today, the career mobility patterns of young people entering the labor market 

might have changed over time. In fact, Lyons, Schweitzer and Ng (2015) show that 

traditional upward, linear career paths are being replaced by a mixture of upward, lateral 

and downward moves. 

[Tables 2 and 3 in here] 

4. Regression Analysis and Results 

4.1. Empirical Models of Occupational Mobility 

To gain deeper insights into the evolution of the occupational mobility of routine 

workers, a multinomial logit model is applied to study whether routine manual workers 

in t are more or less likely to move between occupations and nonemployment by the end 



of t+5 than routine cognitive workers. In our setting, a routine worker in t can belong to 

one category from the set {Abstract, Routine cognitive, Routine manual, Nonroutine 

manual, Unemployed or labor force nonparticipant, Student, Retired} in year t+5. The 

dependent variable, occupational mobility, is denoted by OMit+5. The equation is the 

following: 

 

𝑂𝑀𝑖𝑡+5 = 𝛼𝑅𝑀𝑖𝑡 + 𝜷′𝑿𝑖𝑡 + 𝑟𝑖𝑡 + 𝜏𝑡 + 휀𝑖𝑡  (2) 

 

where RMit equals one if the person is a routine manual worker in t and zero if the person 

is a routine cognitive worker. Xit is a vector of control variables measured in year t, 

including indicators for gender, marital status, having underage children, native 

language, level of education, field of education, age and the square term of age, skill 

level and the square term of skill level, and indicators for industry (6 categories). 

Information on the field and level of education is based on the ISCED (International 

Standard Classification of Education) classification. The level and field of education are 

measured using 3 and 7 indicators, respectively. Skill level is measured as the worker’s 

gender-specific rank order (1-100) within the wage distribution of his/her most 

disaggregated occupation category in t. The variable describes how well a person fares 

relative to other people who work in similar occupations. Skill level is included in the 

model because occupational mobility is found to be U-shaped (Groes, Kircher and 

Manovskii 2015). This indicates that both low-ability and high-ability workers within 

an occupation are more likely to switch jobs than mid-ability workers. The model is 

accordingly augmented with year indicators and 19 region indicators. The region 

indicators are based on the NUTS 3-level classification (Nomenclature of Territorial 

Units for Statistics). The individual-level clustered standard errors are used to take into 

account the within-correlation over time in the panel. 



Workers change occupations for numerous reasons. Some workers are attracted to better 

pay, better job security or more interesting job tasks. In contrast, other workers need to 

change jobs because of a lack of employment opportunities in their original field or their 

job of interest. As the overall pattern of occupational mobility includes both voluntary 

and involuntary job changes, the results from Equation (1) should be interpreted only as 

descriptive evidence. The next step is to use involuntary job losses to examine the 

occupational mobility of routine manual and routine cognitive workers after 

displacement using linked employer-employee data covering the 1995-2015 period. 

Plant closures are used to identify exogenous and involuntary separations from voluntary 

worker outflows. Aside from providing data on all workers and their employers from all 

industries for three decades, the data offer another advantage since they report the main 

reason for a person’s most recent unemployment spell. This register-based variable is 

available for 1995-2004, and it includes information about whether a worker lost his/her 

job involuntarily for financial or production-related reasons. 

Building on the earlier literature, displaced workers are defined as those who 

were separated from their routine jobs after a plant closure (e.g., Addison and Portugal 

1989) or for other financial or production-related reasons. We use plants instead of firms 

to distinguish true plant closures and mass layoffs from firm mergers, outsourcing and 

other related organizational changes. 

The year of displacement is denoted by b (the base year). Workers must have 

also worked in the same private sector plant in the previous year. The pretreatment 

sample is restricted to full-year (12 employment months) wage-earners who have 

worked in plants having at least 10 employees. Our subsample of displaced routine 

workers is thus different from the total sample of all routine workers. 

 

 



Information on workers’ occupations is measured during b-1. The first potential base 

year is 1996, and subsequent labor market status is measured in 2000, when the 

occupation is observed in the data. As in previous analyses, occupational mobility is 

examined using 5-year gaps. The next potential base years are 2001 and 2005-2011; the 

initial occupations are thus measured in 2000 and 2004-2010, and subsequent labor 

market statuses are measured in 2005 and 2009-2015, respectively. The empirical 

analysis examines the occupational mobility of routine workers after displacement using 

the following empirical specification: 

 

𝑂𝑀𝑖𝑏+4 = 𝛼𝑅𝑀𝑖𝑏−1 + 𝜷′𝑿𝑖𝑏−1 + 𝑟𝑖𝑏−1 + 𝜏𝑏+4 + 휀𝑖𝑏+4  (3) 

 

The model resembles Equation (2), with the exception that it is estimated for the smaller 

sample of workers with strong labor market attachment who were separated from their 

private sector routine occupations. 

 

4.2.Results for Occupational Mobility 

 

The marginal effects of the RM indicator from Equation (2) are reported in Table 4. The 

results are presented separately for the periods 1970-1995 (Panel A), 1970-1985 (Panel 

B) and 1995-2015 (Panel C). These results should be treated as descriptive, and no 

causal interpretation should be placed on the estimates. In addition, Panel D reports the 

results from Equation (3), which includes the subsample of individuals who were 

separated from their routine jobs due to plant closures or other financial or production-

related issues. 

The results for the most recent inspection period are discussed first. Consistent 

with our hypothesis, routine cognitive workers have a higher probability of moving to 



abstract occupations than routine manual workers, whereas routine manual workers have 

a higher probability of moving to nonroutine manual occupations (Panel C). Conditional 

on observed characteristics, routine cognitive workers also have a 0.3 percentage-point 

higher probability of acquiring further education. Although routine cognitive workers 

have a higher probability of moving up the job hierarchy, they are also more likely to 

become unemployed or labor force nonparticipants than routine manual workers. When 

these marginal effects are compared to those obtained using earlier time periods, one 

important finding stands out. The occupational mobility between routine manual and 

routine cognitive workers was quite similar across the entire period from 1970 to 2015. 

The only difference is that routine manual workers were less likely to move to 

nonroutine manual occupations than routine cognitive workers during 1970-1985 (Panel 

B). Finally, the results in Panel D offer a causal interpretation of the occupational 

trajectories of workers who had lost their routine jobs due to plausibly involuntary 

reasons. Even for this smaller subsample, the results provide similar trajectories into 

different occupation groups or into nonemployment statuses for routine manual and 

routine cognitive workers. 

The marginal effects for the background variables are provided in Table A1 of 

the Appendix. The results are highly similar for each time period and specification, 

although not all the estimates are statistically significant due to the smaller sample size 

in Panel D. Therefore, only the results for the sample of all routine workers for the most 

recent period of 1995-2015 are presented. Overall, the estimates correspond to our 

expectations well. Both general and specific human capital are related to occupational 

movements. More highly educated individuals have a higher probability of moving to 

abstract occupations. Less-skilled individuals have, in turn, a higher probability of 

moving to nonroutine manual occupations or ending up unemployed or out of the labor 

force. The direction of occupational mobility is also strongly related to workers’ 



education fields. Routine task workers who have educations in the general, technical or 

natural sciences have a higher probability of moving up the job hierarchy. Worker 

education in services is, in contrast, related to downward mobility toward nonroutine 

manual tasks. Health education is related to both the upward (such as nursing 

professionals) and downward (such as health care assistants) movements of routine 

workers. These results are in line with the findings for the subsample that includes 

involuntary job changes. 

Younger individuals have a higher probability of moving up the job hierarchy, 

and women have weaker labor market prospects than men in general. Married individuals 

and those who have children generally have a higher probability of remaining employed. 

Being married and a parent could increase incentives to search for better labor market 

prospects to provide a living for one’s family. For example, DeLeire and Levy (2004) and 

Grazier and Sloane (2008) used family structure as a proxy variable for preferences for 

risky jobs and found that parents specifically were more likely to make occupational 

choices that sorted them into safer jobs. Routine manufacturing and construction workers 

have a higher probability of becoming nonworkers, while routine workers in high-

paying service industries or public-sector industries (e.g., health and education) are more 

likely to move to abstract tasks. 

 

4.3.Extensions: Adjustments at the Intensive Margin 

 

The results suggest that routine cognitive workers are more likely to move to abstract 

tasks and acquire further education than routine manual workers. On the other hand, 

they also have a higher probability of becoming unemployed. The net effect of the labor 

market adjustments of routine manual and routine cognitive workers is thus unclear. As 

an extension, we look at employment recovery from external shocks at the intensive 



margin. To this end, the effect of an exogenous job loss on the subsequent earnings of 

routine workers is examined by utilizing the information on job separation from the 

previous section. The original job in b-1 is either routine cognitive or routine manual. 

The base year is b, when a worker is potentially displaced, and workers’ subsequent 

earnings are measured five years after predisplacement year. We use full-year routine 

workers who are attached to plants with at least 10 employees as the control group, and 

workers must have worked in these same plants one year before the base year and must 

not have been displaced from their work in b. The empirical specification is as follows: 

 

log(𝑤)𝑖𝑏+4 = 𝛼𝐷𝑖𝑏 + 𝛾𝑅𝑀𝑖𝑏−1 + (𝛿𝐷𝑖𝑏 x 𝑅𝑀𝑖𝑏−1) + 𝜷′𝑿𝑖𝑏−1+ 𝑟𝑖𝑏−1 + 𝜏𝑏+4 + 휀𝑖𝑏+4 

(4) 

 

where the outcome is the log of annual earnings in b+4, and Dib is an indicator variable 

that gets a value of one if person i was displaced in year b and zero otherwise. RMib-1 is an 

indicator variable indicating whether the predisplacement job was routine manual and is 

set to zero for routine cognitive jobs. As before, Xib-1 is a vector of predisplacement control 

variables. The wage costs of involuntary job loss for routine manual and routine cognitive 

workers are compared by including an interaction term between Dib and RMib-1 in the 

model. The wage equation accordingly includes predisplacement region indicators and 

time indicators. The model is estimated by ordinary least squares, and standard errors are 

clustered at the individual level. Earnings are deflated to 2015 prices using the cost-of-

living index. A value of one is added to the earnings data before taking the logarithms; 

thus, zero earnings are included. The treatment is considered to be independent of potential 

earnings, conditional on the observed covariates. 

 

 



Table A2 in the Appendix reports the covariate balance test results for the pretreatment 

variables, along with the t-tests highlighting the significant differences between the two 

groups. We find that workers who worked in plants that closed down within one year 

earned approximately 220 euros (or 0.7 %) less annually than their nondisplaced 

counterparts. Individuals had completed approximately the same level of education in 

both groups, and they were 40-41 years old on average. The table provides evidence for 

the validity of the research design by showing that the differences between the displaced 

and nondisplaced workers are small in terms of key individual characteristics and that 

the significant t-values are driven by the large sample sizes rather than large absolute 

differences between the groups. 

Table 5 provides the results. The results show that involuntary job loss affects 

earnings negatively four years after displacement. The average effect is -28 %. The 

magnitude of this wage cost is in line with the results of other studies reported in Finland 

(Korkeamäki and Kyyrä, 2014; Verho, 2020). For example, Korkeamäki and Kyyrä 

(2014) analyze the effect of plant closures on the earnings distribution and find that at 

the 5th and 6th deciles, the negative effect four years later is 1-25 % for males and 10-36 

% for females. Workers displaced during a recession period are subject to larger 

earnings losses (cf. Verho, 2020). Our results further demonstrate an uneven adjustment 

pattern, with the greatest costs of adjustment being borne by routine manual workers. In 

particular, workers separated from their routine manual jobs earn approximately 15 % 

less four years later than their otherwise similar displaced routine cognitive counterparts. 

 

 

 

 

 



5. Summary and Conclusions 

 

Although job polarization of the labor market has been well documented in the 

burgeoning literature, we still know very little about the implications of job polarization 

at the individual level. Using employer-employee data matched with population 

censuses that include all wage earners from all industries, this paper has the advantage 

of studying occupational polarization and the occupational mobility of workers from 

declining routine occupations over a 45-year period. According to the data, the Finnish 

labor market has experienced a long-lasting change in its occupational distribution, 

characterized by an increase in the shares of high-skilled and low-skilled nonroutine 

tasks and a decrease in the share of routine tasks. Long-term evidence of polarization 

has also been reported for the US labor market (Cortes et al. 2017, Bárány and Siegel 

2018). 

Using a decomposition analysis, we find that the “right-hand side” of job market 

polarization is largely a within-worker phenomenon, indicating that routine workers 

have moved to abstract tasks. A small proportion of the most recent decline in routine 

manual occupations has also occurred at the extensive margin, with some routine 

manual workers exiting the labor market and becoming weakly attached to the labor 

market. Conversely, the “left-hand side” of job market polarization is explained by 

entry-exit dynamics, in which people who have exited the labor market have been 

replaced by younger people who have mainly entered into low-skilled service 

occupations. 

Although there has been more upward than downward mobility, distinct 

differences between routine manual and routine cognitive worker groups remain. Based 

on descriptive empirical evidence, the direction of the occupational mobility is linked 

to the specific skill and task compositions of workers. As hypothesized, routine 



cognitive workers are more likely to move up the job hierarchy, while routine manual 

workers are more likely to move to low-skilled nonroutine manual occupations. 

However, routine cognitive workers are more likely to become unemployed or to exit 

the labor force. These results are robust to the use of a smaller sample of displaced 

workers who need to find new work for plausibly exogenous reasons. Our additional 

analyses reveal that routine cognitive workers are generally more able to adjust with 

smaller employment disruptions at the intensive margin, as the wage costs of their job 

losses are 15 % lower a few years after displacement than those of routine manual 

workers. 

Loosely related to this study, Nilsson Hakkala and Huttunen (2016) examine the 

effects of Chinese import competition and offshoring on employment by utilizing the 

same matched employer-employee panel data as used in the current paper. They find 

that importing increases the risk of unemployment, particularly among production 

workers (see also Autor et al. 2014), in the manufacturing industry. Autor et al. (2013) 

show that importing decreases the demand for both routine manual and routine cognitive 

workers in the US. Our results can also be contrasted with those of Gathmann and 

Schönberg (2010), who propose the concept of task-specific human capital to analyze 

the mobility of skills across occupations. They find that workers typically move to 

occupations with task requirements similar to those of their original job. Related to this 

finding, upward occupational mobility is largely related to the specific skills of a worker, 

such as having an education in the technical and natural sciences or health fields (cf. 

Keller and Utar 2016, Utar 2018). 

The policy lessons from this exercise are threefold. First, the increase in the share 

of high-level abstract tasks (“good jobs”) is largely explained by former routine workers 

being able to move up the job hierarchy. This upward mobility is closely linked to better 

general human capital, as well as to having specific skills relevant to the new work. 



Conversely, low-level service tasks (“bad jobs”) are created by young people who enter 

the labor market. Given that new technologies and globalization could replace labor on 

a greater scale, education policy could more readily respond to these changes by, for 

example, increasing available places for fields that will be in higher demand in the 

future. Second, the results from the decomposition analysis show that routine task 

workers in Finland have been able to adjust with relatively small employment 

disruptions. More work is still needed to fully understand whether this pattern in the 

occupational mobility of routine workers is explained by a relatively high education 

level in Finland, or a well-functioning active labor market or education policies and 

whether we could find similar decomposition results for other Nordic countries or 

countries with more distinct labor market institutions. 

Third, the focus of our concern should be routine manual workers who are 

generally more injured by polarization. Public labor market policies could support 

routine manual workers in obtaining training, or other labor market policy measures that 

would improve their re-employment opportunities could be implemented. Comparing 

worker-level and firm-level decomposition analyses provides some interesting details. 

Kerr et al. (2020) and Böckerman et al. (2019) use the matched employer-employee data 

from Finland and find that the increase in abstract occupations with a decrease in routine 

occupations is mainly a within-firm phenomenon. In contrast, low-skill service 

occupations have largely increased due to entry dynamics, indicating that entering firms 

have a much higher concentration of service jobs than existing firms. Therefore, one 

way to manage occupational mobility is to more closely link former routine manual 

workers to good abstract occupations, for example, through apprenticeships within 

existing firms. Such work-to-work training within firms would not necessarily be 

beneficial if the direction of the shift were aimed at service occupations because such 

jobs are not necessarily available in these firms. Work-to-work training within firms 



should therefore target upward mobility, which could be challenging since the original 

task composition of routine manual workers’ jobs does not necessarily match the skills 

required in new abstract jobs. 
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Tables and figures 

 

 

Figure 1: Smoothed change in employment share across the skill distribution between 1970 and 

2015 

 

 
 

Figure 2: Employment share by occupation group over the period 1970-2015 
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Table 1: Transition matrix for average occupational mobility with 5-year gaps 

 

Year t+5 

  Abstract RC RM 

NR 

manual Unemp/LFN Student Retired 

Panel A: 1970-1995       

 Abstract 72 % 7 % 3 % 3 % 6 % 1 % 8 % 

Year t RC 9 % 66 % 4 % 3 % 9 % 2 % 7 % 

 RM 4 % 3 % 68 % 3 % 10 % 1 % 10 % 

 NR manual 5 % 7 % 7 % 53 % 14 % 3 % 11 % 

  Abstract RC RM 

NR 

manual Unemp/LFN Student Retired 

Panel B: 1970-1985       

 Abstract 76 % 7 % 3 % 2 % 4 % 1 % 7 % 

Year t RC 8 % 68 % 5 % 3 % 8 % 1 % 7 % 

 RM 4 % 3 % 71 % 3 % 8 % 1 % 10 % 

 NR manual 5 % 8 % 10 % 52 % 11 % 2 % 12 % 

  Abstract RC RM 

NR 

manual Unemp/LFN Student Retired 

Panel C: 1995-2015       

 Abstract 77 % 5 % 2 % 2 % 5 % 1 % 8 % 

Year t RC 15 % 59 % 3 % 4 % 8 % 2 % 9 % 

 RM 6 % 3 % 66 % 3 % 11 % 2 % 9 % 

 NR manual 7 % 5 % 3 % 63 % 9 % 3 % 10 % 

Notes: RC = routine cognitive; RM = routine manual; NR manual = nonroutine manual 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table 2: Decomposition of change in employment shares by occupation group 

(percentage points) 

 

 ∆ Emp. 

share 

Intensive 

margin 

Extensive 

margin 

Entry Exit 

Panel A: 1970-1995   

Abstract 15.8 10.8 5.0 2.9 2.1 

Routine cognitive    -0.8 -4.1 3.3 -1.6 4.9 

Routine manual -20.5 -9.3 -11.2 -4.3      -6.9 

NR manual  5.5 2.6  2.9 3.0 -0.1 

Panel B: 1970-1985      

Abstract 10.5 7.6 2.9 0.2 2.7 

Routine cognitive 1.3 -1.5 2.8 0.0 2.8 

Routine manual -10.9 -5.1 -5.8 -2.6      -3.2 

NR manual -0.9 -1.0  0.1 2.4 -2.3 

Panel B: 1995-2015      

Abstract 5.3 8.7 -3.4 -3.8 0.4 

Routine cognitive -3.0 -3.7 0.7   -0.4 1.1 

Routine manual -5.2 -4.2 -0.9 0.7 -1.6 

NR manual 2.9 -0.8 3.6 3.5 0.1 

Notes: Total change in employment share = Intensive margin + Extensive margin. 

Extensive margin = Entry + Exit. NR manual = nonroutine manual.



Table 3: Decomposition of the contribution of the extensive margin 
 

 

 

 

 

 
Occupation group 

 
Total 

extensive 

margin 

Entry: 

Young 

people 

enter emp. 

Entry: 

From 

UE/LFN 

to emp. 

Exit: 

From 

emp. to 

retirement 

 
Exit: 

From emp. to 

UE/LFN 

Panel A: 1970-1995      

Abstract 5.0 3.7 -0.8   1.2 0.9 

Routine cognitive 3.3 -1.7 0.1 4.6 0.3 

Routine manual -11.2 -3.8 -0.5  -5.7 -1.2 

NR manual  2.9 1.8 1.2  -0.1  0.0 

Panel B: 1970-1985      

Abstract 2.9 0.8 -0.6 2.1 0.6 

Routine cognitive 2.8 -0.3 0.3 2.7 0.1 

Routine manual -5.8 -2.1 -0.5   -2.9  -0.3 

NR manual  0.1 1.6 0.8 -1.9 -0.4 

Panel C: 1995-2015      

Abstract -3.4 -2.2 -1.6   -0.3 0.7 

Routine cognitive 0.7  -0.3 -0.1 1.0 0.1 

Routine manual -0.9  0.4 0.3 -0.6 -1.0 

NR manual 3.6 2.1 1.4 -0.1 0.2 

Notes: The total extensive margin component is divided into entry components (young people 

entering employment or unemployed people (or LFN) entering employment) and exit 

components (exit to retirement or exit to unemployment (or LFN)).



Table 4: Multilevel logit estimates (marginal effects) of main activity in year t +5 
 

 

 Abstract RC RM Nonroutine 

manual 

Unemp/ 

LFN 

Student Retired 

Panel A: 1970-1995   

Routine manual -0.026 *** 

(0.0003) 

-0.282 *** 

(0.0003) 

0.328 *** 

(0.0005) 

0.000 

(0.0002) 

-0.011 *** 

(0.0003) 

-0.003 *** 

(0.0001) 

-0.006 *** 

(0.0003) 

Panel B: 1970-1985   

Routine manual -0.031 *** 

(0.0003) 

-0.276 *** 

(0.0004) 

0.330 *** 

(0.0006) 

-0.005 *** 

(0.0002) 

-0.006 *** 

(0.0004) 

-0.004 *** 

(0.0002) 

-0.008 *** 

(0.0004) 

Panel C: 1995-2015   

Routine manual -0.021 *** 

(0.0004) 

-0.256 *** 

(0.0006) 

0.303 *** 

(0.0006) 

0.007 *** 

(0.0002) 

-0.027 *** 

(0.0004) 

-0.002 *** 

(0.0002) 

-0.003 *** 

(0.0003) 

Panel D: 1995-2015, displaced workers   

Routine manual -0.054 *** 

(0.0037) 

-0.194 *** 

(0.0041) 

0.293 *** 

(0.0055) 

0.006 ** 

(0.0022) 

-0.037 *** 

(0.0043) 

-0.005 *** 

(0.0017) 

-0.008 *** 

(0.0024) 

Notes: Reference category is routine cognitive workers. Other controls include age squared, skill-level squared, gender, education level, 

education field, marital status, an indicator for having underage children, native language, and industry, region and year indicators. *** p < 

0.01, and ** p < 0.05. N = 4,585,519 (Panel A), N = 2,691,580 (Panel B), N = 3,079,939 (Panel C), and N = 52,107 (Panel D). 

 



Table 5: The effect of job loss on earnings in b+4 
 

 

 Log(annual earnings) 

Displacement -0.232 *** 

(0.0209) 

RM -0.107 *** 

(0.0066) 

RM # Displacement -0.151 *** 

(0.0278) 

Main effect of Displacement -28.3 % 

Other controls Yes 

Adj. R2
 0.21 

Number of obs. 2,256,294 

Notes: The initial sample consists of routine cognitive and routine manual workers. Other 

controls include age and age squared, skill and skill squared, gender, education level, 

education field, marital status, an indicator for having underage children, native language 

and industry, region and year indicators. *** p < 0.01. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Appendix 

Table A1: Multilevel logit estimates (marginal effects) of main activity in b+5 

 Abstract RC RM NR manual Unemp/LFN Student Retired 

Routine manual -0.021 *** 

(0.0004) 

-0.256 *** 

(0.0006) 

0.302 *** 

(0.0006) 

0.007 *** 

(0.0002) 

-0.027 *** 

(0.0004) 

-0.002 *** 

(0.0002) 

-0.003 *** 

(0.0003) 

Skill -0.002 *** 

(0.0000) 

 0.003 *** 

(0.0000) 

0.004 *** 

(0.0000) 

-0.0005 *** 

(0.0000) 

   -0.003 *** 

(0.0000) 

-0.001 *** 

(0.0000) 

-0.001 *** 

(0.0000) 

Skill2/100  0.003 *** 

(0.0000) 

-0.003 *** 

(0.0000) 

 -0.003 *** 

(0.0000) 

0.000 *** 

(0.0000) 

0.001 *** 

(0.0000) 

 0.000 *** 

(0.0000) 

 0.001 *** 

(0.0000) 

Age -0.003 *** 

  (0.0001) 

 0.013 *** 

   (0.0001) 

 0.011 *** 

  (0.0001) 

-0.001 *** 

   (0.0001) 

0.004 *** 

   (0.0001) 

-0.003 *** 

(0.0001) 

-0.021 *** 

(0.0001) 

Age2/100 -0.000 *** 

(0.0000) 

-0.017 *** 

(0.0000) 

-0.017 *** 

(0.0000) 

 0.000 *** 

(0.0000) 

  -0.002 *** 

(0.0000) 

0.002 *** 

(0.0000) 

0.034 *** 

(0.0000) 

Female -0.027 *** 

(0.0004) 

0.065 *** 

(0.0005) 

-0.095 *** 

(0.0005) 

0.025 *** 

(0.0003) 

0.029 *** 

(0.0004) 

0.008 *** 

(0.0002) 

-0.005 *** 

(0.0003) 

Married 0.012 *** 

(0.0004) 

0.009 *** 

(0.0004) 

 0.006 *** 

(0.0004) 

0.001 *** 

(0.0002) 

-0.027 *** 

(0.0004) 

-0.003 *** 

(0.0002) 

0.001 *** 

(0.0003) 

Children -0.005 *** 

(0.0003) 

0.005 *** 

(0.0004) 

0.001 ** 

(0.0004) 

 0.004 *** 

(0.0002) 

-0.009 *** 

(0.0004) 

0.004 *** 

(0.0002) 

-0.000 

(0.0003) 

Finnish 0.006 *** 

(0.0007) 

0.005 *** 

(0.0008) 

-0.010 *** 

(0.0009) 

-0.004 *** 

(0.0004) 

-0.012 *** 

(0.0008) 

0.001 *** 

(0.0004) 

0.013 *** 

(0.0005) 

Education level        

Secondary 0.032 *** 

(0.0013) 

  -0.025 *** 

(0.0018) 

 0.018 *** 

(0.0013) 

-0.002 *** 

(0.0008) 

-0.013 *** 

(0.0012) 

-0.002 *** 

(0.0007) 

-0.008 *** 

(0.0009) 

Higher 0.135 *** 

(0.0014) 

  -0.024 *** 

(0.0018) 

-0.076 *** 

(0.0015) 

-0.017 *** 

(0.0009) 

   -0.013 *** 

(0.0013) 

-0.0003 

(0.0007) 

   -0.004 *** 

(0.0010) 

Education field        

General 0.077 *** 

(0.0013) 

0.025 *** 

(0.0018) 

-0.097 *** 

(0.0015) 

-0.003 *** 

(0.0008) 

-0.015 *** 

(0.0013) 

0.012 *** 

(0.0007) 

-0.0004 

(0.0011) 

Educ., hum. and arts 0.026 *** 

(0.0016) 

  -0.018 *** 

(0.0022) 
-0.030 *** 

(0.0022) 

 0.001 

(0.0011) 

0.021 *** 

(0.0017) 
0.005 *** 

(0.0008) 

-0.005 *** 

(0.0016) 

 



Table A1: Continued. Multilevel logit estimates (marginal effects) of main activity in b+5 

 Abstract RC RM NR manual Unemp/LFN Student Retired 

Business and soc. sciences -0.027 *** 

(0.0013) 

 0.068 *** 

(0.0018) 

  -0.039 *** 

(0.0015) 

  -0.013 *** 

(0.0009) 

0.005 *** 

(0.0013) 

-0.002 *** 

(0.0007) 

0.008 *** 

(0.0010) 

Technical and nat. sciences 0.012 *** 

(0.0013) 

-0.012 *** 

(0.0018) 

0.001 

(0.0013) 

-0.002 *** 

(0.0008) 

-0.002 

(0.0012) 

-0.002 ** 

(0.0007) 

0.004 *** 

(0.0009) 

Health 0.020 *** 

(0.0017) 

-0.004 * 

(0.0021) 

-0.046 *** 

(0.0025) 

0.038 *** 

(0.0009) 

-0.012 *** 

(0.0020) 

-0.002 ** 

(0.0010) 

0.005 *** 

(0.0014) 

Services -0.044 *** 

(0.0015) 

 0.026 *** 

(0.0018) 

-0.005 *** 

(0.0015) 

0.020 *** 

(0.0008) 

-0.009 *** 

(0.0013) 

-0.001 * 

(0.007) 

0.013 *** 

(0.0011) 

Industry        

Manufacturing 0.006 *** 

(0.0008) 

-0.053 *** 

(0.0010) 

0.043 *** 

(0.0009) 

-0.020 *** 

(0.0005) 

 0.010 *** 

(0.0007) 

0.004 *** 

(0.0004) 

 0.009 *** 

(0.0005) 

Construction -0.006 ** 

(0.0010) 

-0.043 *** 

(0.0014) 

0.013 *** 

(0.0010) 

-0.017 *** 

(0.0006) 

0.038 *** 

(0.0108) 

0.002 *** 

(0.0004) 

0.012 *** 

(0.0006) 

Services -0.014 *** 

(0.0007) 

0.020 *** 

(0.0008) 

0.015 *** 

(0.0009) 

-0.008 *** 

(0.0004) 

-0.012 *** 

(0.0007) 

-0.003 *** 

(0.0003) 

 0.002 *** 

(0.0005) 

Finance, real estate and 

professional services 

0.022 *** 

(0.0008) 

0.022 *** 

(0.0009) 

-0.056 *** 

(0.0013) 

-0.005 *** 

(0.0005) 

 0.003 *** 

(0.0009) 

-0.001 

(0.0004) 

0.015 *** 

(0.0006) 

Education, health and public 

sector activities 

0.003 *** 

(0.0009) 

0.070 *** 

(0.0009) 

-0.059 *** 

(0.0014) 

0.001 

(0.0005) 

   -0.029 *** 

(0.0010) 

-0.003 *** 

(0.0004) 

0.017 *** 

(0.0005) 

Region indicators Yes       

Year indicators Yes       

Number of observations 3,079,939       

Notes: The outcome variable is measured in b+5, and the independent variables are measured in b. Reference categories for the categorical variables are 

Primary education, Other education fields (forestry, unknown or no education field), and Other industries (mining, electricity, water supply, agriculture, 

personal activities). *** p < 0.01, ** p < 0.05, and * p < 0.10. 

 



39 

 

 

 

 

 

 

 

Table A2: Balance check for the pretreatment variables of routine workers 

 

Displaced 

workers 

Nondisplaced 

workers 

t-test 

Annual wages (b-1) €33,626 €33,840 2.81 *** 

Wage rank order (b-1) 60.0 61.1 7.31 *** 

Age (b-1) 39.2 40.7 23.66 *** 

Primary education (b-1) 0.21 0.23 5.34 *** 

Secondary education (b-1) 0.58 0.59 5.45 *** 

Tertiary education (b-1) 0.21 0.18 12.06 *** 

Female (b-1) 0.37 0.37 3.33 *** 

N of obs. 32,326 2,223,968  

Notes: t-test statistics are for equal sample means between displaced and nondisplaced workers. *** p < 0.01. 

 

 


