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Non-Technical Summary 

The developed world has seen large shifts in the occupational composition over the last 30 
years. To determine the causes of these shifts it is important to examine corresponding 
movements to occupational wages. Beyond observed wages it is important to decompose 
wage movements into more fundamental components. These components are, first, changes 
to the wage paid to each unit of effective labour (holding the quality of workers fixed) and, 
second, changes across occupational sectors in worker quality. This decomposition is 
especially important because if employment in a sector grows rapidly, it is likely that new 
workers will be of different average quality to the incumbents. Consequently, observed wages 
and unit wages will diverge.  

In this paper, we use longitudinal data to track workers over time, and therefore to control for 
the changing quality component across sectors. We use this approach to provide new and 
coherent evidence for male workers from two large European countries: the UK and 
Germany. Specifically, we provide comparable cross-country evidence from the British 
Household Panel Survey and the German Socio-Economic Panel. As an organizing 
framework, we group workers into occupational sectors based on the nature of the job tasks 
performed. Within these groups, employment has grown fastest in ‘abstract’ (professional or 
knowledge) occupations and declined fastest in manual routine occupations.  

We find that, in both countries, underlying unit wages have deviated substantially from 
observed average wages. Specifically, changes to underlying unit wages have been highly 
correlated with changes to employment share. On the other hand, the correlation between 
changes to employment share with observed wages is close to zero. 

This finding has two important implications. First it implies that changes to the employment 
structure have been driven by changes to demand such as changes to technology. Second it 
illustrates the size of changes to the quality of workers across sectors over time. In particular, 
the average quality of workers in abstract jobs has declined substantially. 

This study therefore raises important questions regarding the future of inequality. In 
particular, if demand for abstract work continues to grow, it is important to ascertain the 
capabilities (or “productivities”) of those who don’t currently carry out this type of work, but 
will in future. In the final section of the paper we begin to investigate this question by 
estimating inequality of productivities of all workers in all job sectors. This estimation is 
challenging because we often don’t see individuals work in more than one sector. We find 
that inequality is greatest in abstract work, and therefore that if employment in this type of 
work increases, inequality will grow. 
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1 Introduction

Across most developed economies, the occupational structure has shifted substantially over at least the last 30

years. This shift has typically seen employment decline in middle-earning occupations, and grow in jobs at the

top of the wage distribution. Employment has also grown, to a lesser extent, in low-paying jobs, giving rise

to a pattern of ‘polarization’.1 This noticeable polarization has been attributed to a number of causes, such as

changes to patterns of trade or to the task requirements in production. Testing the causes of polarization at even

the most basic level requires examining the equilibrium movement across sectors of both employment and labour

returns. Yet, although the patterns of employment changes are clear, the evidence on wages is harder to interpret.

Exactly because of the large changes to employment, average wages observed across sectors are likely driven by

composition effects. Intuitively, if employment in a sector grows, it is likely that new entrants are of different

average quality to the incumbents. It is therefore important to look beyond average wages, and to identify the

pure (selection- or composition-free) prices on labour. This distinction between average wages and the price on

labour has long been made by labour economists. Within the polarization literature this distinction has recently

been emphasized by Acemoglu and Autor (2011) and Gottschalk, Green, and Sand (2016) among others.

In this paper we make two contributions. First we estimate underlying prices of broad occupational groups us-

ing panel data for two important economies: the UK and Germany. In both countries we find that these prices

deviate significantly from observed average wages. Importantly, in both countries, we find that price changes are

noticeably positively associated with employment growth across sectors. Meanwhile if we compare employment

changes not with prices but with changes to average wages, this association disappears. Overall, our evidence is

consistent with occupational shifts being caused by changes in the demand for different types of labour, such as

by changes to technology. Our evidence also therefore highlights the importance of identifying underlying prices

when considering hypotheses about the labour market.

These results on prices, wages, and employment growth, are consistent with a Roy model of selection into oc-

cupational sectors. Our second contribution is to explore further the features of the Roy model that generate the

patterns we see in the data. In particular we focus on the covariance structure of individual productivities across

sectors. This covariance structure helps to predict a worker’s expected productivity in the sectors away from which

he selects. This covariance has been the focus of interest since Roy (1951) itself, and goes to the heart of debates on

sorting in the labour market. In the context of job polarization, measuring this covariance is crucial to understand-

ing the elasticity of supply across sectors, and the welfare effects of ongoing occupational change. In this paper we

show how to identify this covariance structure using the measured sectoral prices and employment changes, among

other features of the data. Our framework relates to that used by Autor and Handel (2013), who address this set of

issues using cross-sectional data. Using panel data, we find consistent evidence on this covariance structure across

both the countries we study. We use these results to interpret the observed patterns of wages and employment, and

to characterize the nature of sorting in the labour market.

As is common in the literature, we group broad occupations according to their predominant task. Specifically

we divide jobs into four categories, depending on whether or not the occupation is predominantly intensive in

cognitive tasks, and whether or not it is highly routine. In both countries, we see most prominently a rapid increase

1See, for example, Goos, Manning, and Salomons (2014), who document changes to the occupational structure across much of Western
Europe since the early 1990s. See also the literature discussed below.
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in cognitive and non-routine (‘abstract’) employment. We also see a decline in middle-earning routine manual

occupations among males. Correspondingly, in both countries we see a striking increase in the relative price on

abstract labour, not matched by changes in observed wages. A corollary of these results is that the average quality

of workers in abstract occupations has declined over time. Our results are robust to allocating jobs to tasks not by

broad occupation but at a finer level of detail.2

We use data from the British Household Panel Survey over 1991-2008, and from the German Socio-Economic Panel

over 1985-2013. These periods are noteworthy because they feature particularly large changes in occupational

composition. To estimate the task prices we use a standard wage model, in which a worker is endowed with differing

productivities across sectors, and therefore makes occupational choices given aggregate prices and unobservable

individual-specific returns. The model nests, and follows the logic of, a standard Roy framework. The model also

allows for frictions, such as costs of switching occupations or jobs. As is standard, by using the panel data structure

we net out the unobservable components and provide estimates of the prices that are free of selection effects. Our

approach follows that used by Cortes (2016) to study task prices in the US, as well as other studies in related

settings.3

Our analysis of price changes has three main strengths. First, we go beyond Cortes (2016) in providing robust

support for the empirical evidence, by introducing extensive controls for observable characteristics. Specifically

we address the concerns about this approach raised by Gottschalk, Green, and Sand (2016). For example, in various

specifications we control for heterogeneous human capital profiles, sector-specific job tenure profiles, and remove

younger workers. Second, we extend the analysis to look at prices at a finer level of occupational aggregation. We

find that patterns of employment and prices at this finer detail can be easily reconciled. Finally, by using a consistent

occupational classification, we provide coherent evidence across countries. As is shown later, the UK and Germany

experienced job polarization to differing degrees: our evidence provides a unified and coherent explanation of the

movements of task prices and employment across both countries combined.

The large changes in the occupational structure raise a second question: what happens to workers in declining

sectors? This question has been addressed using cross-sectional data by, for example, Autor and Dorn (2013),

and using panel data, by Cortes, Jaimovich, Nekarda, and Siu (2014).4 To complement this empirical evidence on

flows we take a more structural approach. As discussed above, we use the underlying Roy framework to identify

key features of the joint distribution of returns across sectors. In addition to using the net flows across sectors and

the estimated prices, we also show the importance of other features of the data. For example we show that the

cross-sectional dispersion of wages of those who switch sectors is highly informative.

Our analysis of the distribution of returns has two key strengths. First we are able to identify the covariance structure

without identifying all the parameters of the model. For example we can remain agnostic about whether different

sectors have different amenities. Second, we use minimal parametric assumptions, about which we are explicit,

and which we can easily adapt. In terms of results, we find a modest-to-strong correlation of returns across the

sectors we study, in both countries. Moreover our results indicate the importance of heterogeneity in productivities

2In most of our analysis we use very broad occupational groups. Because we align these groups to predominant tasks, we call these
groups ‘sectors’ or ‘tasks’ somewhat interchangeably.

3For example Combes, Duranton, and Gobillon (2008) estimate city wage premia, taking into account sorting across locations, while
Solon, Barsky, and Parker (1994) estimate labour prices over the business cycle, taking into account the non-random selection into unem-
ployment.

4See also Autor and Dorn (2009) and Cortes (2016).
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in abstract tasks: This heterogeneity is the largest component of persistent worker differences, and consequently

plays a central role in occupational sorting.

Our paper relates most closely to three recent papers which estimate prices on tasks. First, as mentioned, Cortes

(2016) uses panel data from the Panel Survey of Income Dynamics in the US. Two further papers use contrasting

approaches using repeated cross-sections. Of these, Gottschalk, Green, and Sand (2016) use data on new entrants

to the labour market from the US Current Population Survey. They estimate bounds on prices, taking into account

selection effects, by trimming the observed wage distributions. Second, Böhm (2015) addresses selection into

sectors using a control function approach. He uses data on ability scores in the US National Longitudinal Survey

of Youth to control directly for otherwise unobservable characteristics. The main problem with both approaches

is that it is difficult to control successfully for changing characteristics of successive cohorts. In particular, not

only has the employment structure in the US shifted, but so has the composition of educational attainment. In our

context, changes to the education mix likely pose an even greater concern: in the UK at least, the proportion of new

entrants to the labour market holding a university degree has increased dramatically. By tracking the same workers

over time, the panel-data approach used here by-passes issues surrounding educational composition completely.

We also advance on each of these papers by characterizing the nature of selection into each occupational sector.

More generally, our paper relates to the large literature on job polarization, recently discussed in Autor (2015). Of

particular relevance is Salvatori (2015), who examines the UK, Dustmann, Ludsteck, and Schönberg (2009), who

discuss Germany, while Beaudry, Green, and Sand (2016) address somewhat contrasting patterns in the US in the

2000s. Finally, our paper relates to important literatures on the evolution of inequality in the UK, and particularly in

Germany. In addition to Dustmann et al. (2009), Card, Heining, and Kline (2013) emphasize the increased sorting

of workers in Germany across establishments.

The rest of the paper is organized as follows. Section 2 describes the wage model and places it in the context

of wider theoretical debates. Section 3 describes the data. In particular it describes in detail the occupational

classification used as well as showing patterns of wages and employment across the UK and Germany. Section 4

presents the main results on task prices. The identification and estimation of the covariances of returns is presented

in section 5. The final section, 6, concludes. Extensive appendices provide further details and robustness for various

features of our analysis. In particular we show how to modify our occupational classification to make it consistent

with analyses from the US.

2 Framework

2.1 Econometric Framework

Our framework is based on a simple Roy (1951) model of selection into occupational sectors. Let wi jt be the (log)

wage for individual i in sector j at time t. The utility ui jt derived from working in sector j and earning wi jt is given

by

ui jt = wi jt + εi jt

where εi jt is an idiosyncratic ‘shock’ affecting preferences for sectors. In our model, the individual derives utility,

and hence makes choices, from his own wages and the unobserved preference component; there are no savings and
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other family members are not explicitly modelled. In the present context, the preference component, εi jt , can be

modelled with a rich structure: it need not have zero mean and need not be uncorrelated across time. We might

allow the shock to have non-zero mean, for example, if a sector provides disamenities, or we might let the shock

depend on previous sectoral choices to allow for non-pecuniary switching costs.

We next place further structure on wages. For our identification strategy to work, wages must depend on individual,

time and sectoral characteristics in an additive way. Suppose that Xit is a set of observable characteristics capturing

individual and time-specific factors. The return on these is given by δ jt which may depend on sector-specific

factors. We assume:

wi jt = δ jtXit +θ jt + γi j +νit (1)

where θ jt and γi j are the primary objects of interest: θ jt is the price of sector j at time t, and γi j is the (unobserved)

ability of individual i in sector j. We separate θ jt from δ jtXit in this expression precisely because of its importance.

Finally, νit is an idiosyncratic shock to wages, which might also include measurement error. Importantly, and as

discussed further below, νit is common across sectoral choices, and is orthogonal to εi jt

Given this structure, the individual chooses sector simply to maximize utility. Letting j∗ = argmax j
{

ui jt
}

we can

then define a set of binary indicators Ii jt , which capture sectoral choice as follows:

Ii jt = 1( j = j∗)

The observed wage, wit , then takes the following form:

wit = ∑
j

Ii jt (γi j +θ jt +δ jtXit)+νit (2)

In a regression framework, the problem for the econometrician is that the sectoral choice variables, Ii jt , on the right

hand side of equation 2, are endogenously determined. In particular, the sectoral choices depend on the unobserved

skills γi j. This problem is particularly acute when data are available in the cross-section only. The econometrician

typically either needs to find an instrument for sectoral choice, or to make strong assumptions on the functional

form. Identifying parameters of interest in these types of environments is the subject of an established literature.5

In this paper, we use panel data for both the countries we study. Given panel data, and the assumed functional

form on wages, it is possible to control for selection effects by differencing out the unobserved component, γi j. We

therefore use a fixed-effects panel estimator to take account of the endogeneity arising from selection. Specifically,

all coefficients of interest are identified by running the regression using fixed effects at the sector-individual level.

This type of approach is a common way to achieve identification in a model with selection.6 Intuitively, the

parameters are identified in this approach from sector-specific wage growth. This type of approach raises some

identification issues of its own, however, to which we return below.

By using the panel model approach, we identify the task prices semi-parametrically. In particular, identification

requires no assumptions on the distributions of the unobservables: γi j, νit and εi jt . In our approach, identification

depends on the standard assumptions in fixed-effect regressions. In this regard, first we assume strict exogeneity of

5See Heckman and Honore (1990), and Dahl (2002) as classic references on estimation of Roy models using cross-sectional data.
6In addition to Cortes (2016), who looks at sectoral prices in the US, this approach has been used in a related contexts, by, for example,

Combes et al. (2008) who estimate the evolution of city wage premia.
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the wage residuals, νit . Formally, if Ii is the set of sectoral choices,
{

Ii jt
}

, across time and sectors, then we require

that E(νit |Xi, Ii) = 0. Therefore sectoral choice must be uncorrelated with wage residuals and depend purely on the

unobservables, γi j, and εi jt , observables, Xi jt , and the time effects θ jt . The strict exogeneity assumption also implies

that the residuals νit must be independent of the preference shocks εi jt . We provide a test of strict exogeneity in

appendix A.

Second, we assume that (unobserved) individual-level sector-specific skills, captured by γi j, are fixed over time.

We therefore require that unobserved human capital factors are fixed and any changes to human capital are captured

by the observables. We model human capital accumulation in the application by allowing for a rich set of covari-

ates. As discussed below, these might capture tenure effects, in addition to, say, education effects and pecuniary

switching costs.

An advantage of the approach used here is that we follow a given set of workers over time. Other approaches to

identifying changes to task prices typically use repeated cross-sections. In particular, Gottschalk, Green, and Sand

(2016) use data on new entrants to the labour market from the US Current Population Survey. They estimate bounds

on prices, taking into account selection effects, by trimming the observed wage distributions. According to the logic

of the Roy model, if employment in the abstract sector grows, for example, it is likely that new entrants are of below-

median quality. Gottschalk, Green, and Sand therefore obtain an upper bound on the growth of the (selection-free)

abstract task price by trimming the wage distribution at the bottom by enough to keep total employment at the size

of the base year. A problem with this approach is that it requires holding constant the distribution of abilities in

successive cohorts. This assumption is problematic given that the composition of educational attainment in the US

has also changed. In our context, changes to the education mix is likely to be even more of a concern: in the UK at

least, the proportion of new entrants to the labour market holding a university degree has increased dramatically. By

tracking the same workers over time, the panel-data approach used here by-passes issues surrounding educational

composition completely.

A second approach is pursued by Böhm (2015), who controls for quality directly using ability scores in the US

NLSY. He addresses selection into tasks using a control function approach. His analysis suffers from the standard

problem with such approaches: namely that it is difficult to find instruments that determine sectoral choice without

determining wages.

Aside from the task prices, θ jt , we also focus on identifying the distribution of unobservable skills, γi j, within and

across individuals. Identifying this distribution is important for considering how those in routine manual jobs coped

with the apparent decline in demand for their labour. Of course, we observe the distribution of γi j only for those

selected into sector j. And we observe the joint distribution of γi j only for those who work in multiple sectors.

Identifying features of the unconditional joint distribution is therefore challenging. We turn attention to estimating

these distributions in section 5.

2.2 Empirical Implementation

As discussed, we estimate equation 2 using fixed effects at the sector-spell level for each individual. This estimator

controls for the time invariant component, γi j, by de-meaning the wage within each individual-sector spell. The

task price θ jt is captured by interacting dummies for occupational groups and years. In fact, these prices are

identified only as changes with respect to a base year and a base sector. In the results reported below, therefore,
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these coefficients should be interpreted as the changes to the price over time, with respect to that in the year 1991

and with respect to the change to the price on routine manual work.

In the estimation we include a rich set of controls. These are: a quartic polynomial in age, interacted with a full set

of education dummies (capturing seven levels of educational attainment), region of residence, marital status, and

the year dummies. In some specifications, we also control for interactions of task with education, of task with job

tenure, and for the interaction of each of age and task with trade union status. When computing standard errors we

allow for arbitrary serial correlation in the residuals by clustering at the individual level.

Perhaps the main challenge to our identification is being able to capture pure time effects on task prices aside from

age effects and tenure effects. The problem is that within each individual-sector spell, and from one wave of the

panel to the next, time, age and tenure grow collinearly.7 Our identification problem becomes more pronounced

given that the trends in occupational employment are monotonic over time. Therefore, it is difficult, at least in

the UK, to argue for time effects based on conspicuous time-series variation. More generally, this identification

problem is discussed, for example, by Gottschalk et al. (2016) who suggest that differences in wage growth across

sectors might be affected by differences in the nature of wage-tenure contracts. In our analysis we confront these

issues by including in our regressions the rich set of controls discussed above. These controls go beyond what is

included in the analysis of Cortes (2016). In particular, by including interactions of a polynomial in age with a full

set of education dummies, we aim to capture heterogeneous age profiles by skill type. Moreover, to capture the

heterogeneity in age profiles caused by explicit contracting differences, we include an interaction of age with trade

union status.8

Similarly, we address concerns about heterogeneous tenure effects by using available information on job tenure.

Specifically, and as mentioned above, we interact a quartic polynomial in job tenure with the occupational groups.

Of course, wages are determined not only by tenure in the job, but also by occupational tenure itself, as emphasized

by Kambourov and Manovskii (2009). Similarly, wages decline faster the further individuals move away from their

initial occupation, as shown by Gathmann and Schoenberg (2010). It should be emphasized throughout that our

framework easily incorporates occupational tenure effects as long as they are common across sectors. However, to

capture tenure profiles that vary by sector, we consider controlling for job tenure rather than occupational tenure

directly in many ways more attractive. In particular, specific occupational tenure effects can be identified separately

from time effects only by imposing quite strong restrictions. The restriction, for example, in Cortes (2016) is that

occupation-specific human capital is lost completely whenever the occupation spell finishes. In contrast, we can

introduce heterogeneous job-tenure effects cleanly within our framework. These job-tenure effects are naturally

lost completely whenever the individual switches jobs, assuming that they never return.9 Finally, and as a practical

matter, job tenure is recorded in our data as a direct survey question. The question is retrospective, therefore we

have information about job tenure also for jobs that have started before the first wave of the survey. Measures of

occupational tenure used in Cortes (2016) or Kambourov and Manovskii (2009), on the other hand, need to be

computed by hand from the sample observations. The occupational tenure of the first job of each individual is

7The problem can be considered the panel data equivalent to the classic time-age-cohort identification problem.
8Although these controls may not capture differences in implicit contracting across sectors, they should capture the more explicit con-

tracting differences caused by, say, national pay bargaining.
9Notice that job tenure and occupational tenure are far from co-linear. Several authors, such as Groes, Kircher, and Manovskii (2015),

have documented that individuals often change occupation within the same firm, and switch jobs without switching occupations. We also
see this in our data, even though job- and occupational tenure often switch together.
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therefore left-censored.10 Nevertheless, we perform an analysis controlling for heterogeneous occupational tenure

profiles in our additional robustness exercise, shown in appendix A.

As a final point, it is worth adding that our framework is able to control for differences in returns to tasks across

educational groups. In particular, we might expect that the return to working in abstract jobs is greater for the

higher educated than the low educated. This fact would explain why educational attainment and sectoral choice are

positively correlated. These differences in returns can be assessed by including an interaction between education

and sector. Of course, because this interaction is constant within an individual-task spell, it is differenced out by

the fixed effect estimator, and so is rendered irrelevant in the main regressions. The interaction can, however, be

picked up when estimating by OLS.11

2.3 Theoretical Background

The main motivation for estimating task prices is to provide evidence on wider debates about the evolution of the

wage structure. It is therefore important to root our framework and approach in the wider theoretical literature.

First, it is important to emphasize that the underlying sectoral prices that we measure are themselves equilibrium

outcomes, capturing the effects of changes in demand for tasks and supply of effective labour. While our approach

controls for sorting into occupational groups, it is silent on the factors that drive task prices themselves. Never-

theless, as discussed in the introduction, our results indicate that the changes in occupational structure are demand

led. For example, and given that the largest employment declines are seen in routine manual work, our results are

broadly consistent with explanations based on ‘routine-biased technical change’ (RBTC).

A number of frameworks have been developed to capture RBTC-type effects explicitly. A workhorse model is given

by Acemoglu and Autor (2011). The most suitable framework for the current application features a continuum of

skill types assigned to a set of occupational groups or tasks that is discrete and finite. Such a framework is used by

Cortes (2016), in turn based on the model of Jung and Mercenier (2012) and on Gibbons et al. (2005). In this model,

individuals sort into the finite occupational groups based on their comparative advantage. This model predicts that

when technology causes a decline in demand for routine tasks, then the relative price of the other tasks/occupations

increases, as does their employment share.12 The employment growth therefore depends on sorting, the precise

nature of which depends on the distribution of latent skills, γi j.

The second aim of our work is therefore to estimate features of the distribution of these latent productivities. The

framework used to estimate task prices here allows for the correlation of skills across sectors to be unspecified. The

framework therefore nests two benchmark models of this distribution, discussed by Gottschalk et al. (2016) and

originally classified by Willis (1986). First, if latent skills are perfectly correlated across sectors, then this gives

rise to a ‘hierarchical ability’ model. Second and alternatively, if latent skills are uncorrelated across sectors, then

10We have the the date at which the individual started the “current” job, but he may have had a previous job in the same occupational
group beforehand, which is not accounted for in the survey. In this case, the derived occupational tenure would be shorter than the true
tenure.

11It is worth considering whether these heterogeneous returns to task across educational groups change with time or over the life cycle.
To estimate this requires introducing a triple interaction of education, task and, say, time. We did experiment with these triple interaction
models, but they are typically not robust even with large datasets: these interactions soon lead to hundreds of dummies in the estimating
equation, which are estimated imprecisely. Investigating changes in the return to task by education is, however, an interesting question for
future research.

12See also Cozzi and Impulliti (2016) who examine the effect of exposure to foreign technological competition.
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an ‘independent productivity shocks’ model is implied. The hierarchical ability model implies that skills can by

captured by a single measure in one dimension and is typically used in the theoretical papers discussed above.

As a preview of the analysis in section 5, it is worth commenting on how these simple frameworks relate to basic

features of the data. A simple version of the hierarchical ability model, for example, states that those with high

skills have a comparative advantage in sectors that are most productive. This model is therefore consistent with

the data only if employment is perfectly segmented into different sectors in equilibrium, with the highest skilled

sorting into the top sector, and the lowest skilled sorting into the bottom. In fact this model is falsified by the data

immediately, because residual wages overlap substantially across sectors. Indeed, as shown later in section 3, even

though the occupational groups are clearly ordered by average wage within each country, these average wages for

the bottom three tasks are close. The overlap in residual wages therefore implies a model featuring some lower

correlation of productivities and where workers receive differing returns in each sector: some individuals receive

good wages in otherwise low-paying sectors because their skills there are particularly high.

3 Data

3.1 The BHPS and GSOEP Datasets

For the UK, we base our analysis on the British Household Panel Survey (BHPS). The BHPS began in 1991 with

a representative sample of about 5,500 households and 10,300 individuals. The longitudinal dimension allows us

to investigate the patterns of occupational change and its impact on household income over almost twenty years,

until 2008. The survey follows all the adult members of a given household over time, even after joining a new

household. We use the baseline survey and ignore the later booster samples from Scotland, Wales and Northern

Ireland and of low-income households.

For Germany, we use the German Socio-Economic Panel (SOEP), a longitudinal survey currently comprising

approximately 11,000 private households. The survey provides similar information to the BHPS and the US Panel

Study of Income Dynamics (PSID).13 The first wave was collected in West Germany in 1984 and consisted of about

6,000 households and 12,000 individual respondents. Progressively, additional samples were introduced to provide

adequate coverage to specific groups, such as immigrants and high-income earners. In 1990, East German states

were also added to the survey. Similarly to the case of the UK, we only consider the original sample. Specifically,

and consistently with the existing literature, we decide to exclude East Germany because its wage structure is very

different from the West (see, for example, Dustmann, Ludsteck, and Schönberg, 2009).

3.2 Variable Definitions

Our analysis centres around groupings of occupations that correspond to predominant job tasks. This approach is

standard in the literature on assessing, for example, the extent of routine-biased technical change. Our analysis

is more focussed on estimating underlying prices of different types of labour than on directly testing hypotheses

for the shifts in employment and wage structures. Therefore, our occupational groupings are somewhat arbitrary.

13Wagner et al. (2007) provide further details on the scope and evolution of GSOEP, as well as on the differences and similarities with
BHPS and PSID.
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Nevertheless, in order to inform on these wider debates, and because some occupations characterized by specific

tasks have undergone noticeable changes, we use this task-based approach.14

We assign workers to occupations, or tasks, using the 1988 International Standard Classification of Occupations

(ISCO-88), approved by the ILO Governing Body in 1988. This international classification relates closely to some

national systems, particularly to the British 1990 Standard Occupational Classification (SOC90).15 We use the

ISCO classification, rather than relying on national systems, for comparability of results. For robustness, however,

we repeat the main analysis using national classifications, and report these in appendix B.16

We follow a similar categorisation to that which Acemoglu and Autor (2011) apply to US data. We construct

four broad groups by merging the occupational categories of ISCO-88 rather than imputing task data to these

categories.17 Specifically, the four groups classify the occupations according to the type of their predominant task.

The first group includes all the non-routine cognitive occupations: these are ‘Legislators’, ‘Professionals’, and

‘Technicians and associate professionals’. We term this group “abstract”. The second group clusters occupations

which are both routine and manual. These are ‘Craft and related trade workers’, and ‘Plant and machine operators

and assemblers’. The third group includes routine cognitive occupations: ‘Clerks’, and ‘Sales’. The fourth group

includes mainly non-routine, manual occupations: ‘Service workers’, ‘Skilled agricultural and fishery labourers’

and ‘Elementary occupations’.18

The task approach represents an organizing framework to investigate the role of technological change on the struc-

ture of wages and employment. However, as discussed in Autor and Handel (2013) the mapping from the occupa-

tional classification to the predominant task of a given occupation is somewhat arbitrary. A more precise approach

may be to impute task requirements from the the US Department of Labor’s Dictionary of Occupational Titles

(DOT) and its successor, the Occupational Information Network (O*Net).19 An advantage of this method with re-

spect to the one adopted here is that the predominant task is attributed to each occupational title, allowing variation

within occupation major groups.

Occupations in DOT and O*Net are expressed in terms of US Social Occupational Classifications. Therefore,

to be able to use this we would need several steps to convert the ISCO-88 classification. Given that at each

conversion some precision is lost, as there is no unambiguous correspondence across classifications, we decided to

14A related strand of the literature classify workers by skill or qualification level, rather than by occupation or task. For example, Micheals
et al. (2014) found that the development of technology increased the demand of college graduates at the expense of those with a mid-level
qualification in the US, Japan and nine European countries.

15There may be some differences between the task classification based on the national Standard Occupational Classifications and that
based on ISCO-88. Each ISCO category is based on the complexity and the specialization of the skills required to fulfil the tasks and duties.
In practice, however, for the UK, the task classifications seem very similar. For example, for the UK the correlation between the task variable
based on ISCO-88 and the one based on the 1990 Standard Occupational Classification is 0.84.

16The German Klassifizierung der Berufe (KldB) is structured differently, as explained in Appendix B. Therefore, we focus on applying
the SOC classification to the GSOEP as well.

17Note further that this approach implicitly assumes that the task content of each occupation is similar in Europe and in the US.
18ISCO-88 does not have a major group for Sales occupations, differently from the national classifications based on the Standard Oc-

cupational Classification. Part of sales occupations are with service occupations. Others are spread in the other major groups. However,
according to Acemoglu and Autor (2011), whereas service workers do a non-routine manual job, salesmen involve mainly routine cognitive
tasks. Therefore, we create an extra occupational category for Sales occupations. By confronting the UK 1990 SOC and the US 2010 SOC,
we classify workers as salesmen if their ISCO-88 code is one of the following: 3415, 3416, 3417, 9113, 5220, 5230. Notice as well that
recent analyses, based on the classification of Dorn (2009), exclude agricultural workers (see Goos et al., 2014; Autor and Dorn, 2013;
Cortes, 2016). In our sample, we only consider employed individuals. Therefore, the percentage of workers in these occupations is low. We
keep the individuals in this occupational category, even though excluding them would not affect the estimates of the task prices, as we show
in the Appendix.

19See for example Autor and Dorn, 2013 and Goos et al. (2009).
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adopt Acemoglu and Autor’s approach.20 Nonetheless, as a robustness check and to allow a more straightforward

comparability of our study with those for the US, we have also estimated the task prices using the DOT- and

O*NET-based task classifications. The results, as well as detailed instructions on how we attribute DOT- and

O*NET measure indicators to each ISCO-88 occupation, are reported in the appendix.

A possible issue with the occupational status variable is measurement error. In the BHPS, for example, a substantial

number of individuals appear to switch occupation one year, only to revert immediately to their original occupation

the next. Additionally, there are cases when the occupation changes from one year to the other even though

respondents state that there has been no change in terms of their job or position, within the same firm or elsewhere.

This phenomenon is less common after 2006, when dependent interviewing was introduced.21 To give an idea of

the magnitude of the problem, we compute the mobility rate, as the share of workers with a different occupation

group with respect to the previous year and we plot the rate over time. The appendix figure B.1 illustrates that

the mobility rate drops from just below 20% in 2005, the last year of independent interviewing, to around 7% in

2008. A similar issue arises with GSOEP. The GSOEP survey alternates years with full and partial interviewing.

Here, average occupational mobility is lower in the years based on partial surveys, as indicated in figure B.2.22

The mobility rate changes from around 14% in the years of full interviews to less than 4% in years with partial

interviews. To address this issue, we construct a corrected version of occupational group, using a slightly different

procedure for the two data sets. The full procedure is explained in the appendix. This procedure is not perfect:

specifically, the risk is to eliminate some true changes in occupation. For this reason, when estimating the task

prices we use the uncorrected measure, and we report results using the corrected measure in the appendix. On

the other hand, the analysis of distributional features in section 5 relies more on information about year-to-year

switchers. For that analysis it is appropriate to isolate those for whom we are sure that occupational switches are

genuine, and so we use the corrected measure.

We construct the natural logarithm of hourly wages in the local currency. This wage measure is constructed as

current gross monthly earnings divided by weekly working hours, multiplied by 12/52. The earnings measure

captures usual pay received by employees in their current main job before tax and other deductions. Similarly,

the measure of hours worked includes overtime. In GSOEP, this variable is bounded at 80 hours per week. We

therefore bound it similarly in the BHPS to ensure comparability of results.23 Finally, wages are deflated by the

2010 Consumer Price Index.

3.3 Construction of the Samples

For wages, we consider men in their prime age, between 25 and 60. We focus on males for the usual reason that

selection into the labour market itself poses fewer econometric challenges than for females. The lower bound on
20Acemoglu and Autor (2011) compare the categorisation done using the occupational categories of the US Standard Occupational

Classification and the classification obtained by attributing each occupation a task measure using the US Department of Labor’s Dictionary of
Occupational Titles (DOT). The authors conclude that the pattern of task intensity across the occupations for the two measures is comparable.

21Surveys based on ‘dependent interviews’ update the respondent’s occupational code only if the respondent reports a change in job or
position, With ‘independent interviews’, the occupational information is gathered from all workers every wave. Prior to 2006, independent
interviewing was used and respondents were always asked about their occupation.

22In years with a partial survey only new respondents or employed individuals who changed jobs are asked about their occupation. The
years with partial survey are 1985, 1986, 1987, 1988, 1990, 1992, 1994, 1996, 1999, 2001, 2003, 2005, 2006, 2008, 2010 and 2012. This
question is always asked in the waves with full interviews. See, for example, Longhi and Brynin (2009) for a discussion on the BHPS and
GSOEP.

23Only 0.65% of the observations concerning employees reported a total number of hours larger than 80.
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age of 25 removes labour market entrants, many of whom do casual or part-time jobs at the beginning of their

career or while in education. We set the upper bound at 60 as those working after this age are also increasingly

highly selected. For example, older workers might change from their job to a lighter occupation instead of officially

retiring. Additionally, in order to be able to consider dynamics, individuals are only included in the sample if they

have provided information about their earnings in at least 5 waves.

For the wage data, we exclude self-employed or workers in the armed forces. Because we consider hourly wages

and we do not want to add extra selection criteria, we include both full- and part-timers. Including part-time

workers is unlikely to affect the main results because only 2.5% and 2.7% of the prime-age sample in Britain and

Germany respectively work less than 30 hours per week.24 Finally, we exclude observations with missing values of

occupation or labour force status, number of worked hours and years of job tenure (if employed) or completed level

of education. As the appendix table A.1 indicates, the resulting samples consist of 24,364 and 36,918 observations

from the UK and Germany, coming from 2,285 and 2,739 individuals respectively. The table also reports further

summary statistics.

3.4 Trends in Employment and Wages

Before turning to the main results, we show overall trends in employment and wages across the two countries.

Figure 1 plots the fraction of workers in the four different occupational groups over time. It also displays the

fraction of working-age men in the labour market but out of work. As discussed above, we classify the occupations

into four broad groups, according to the type of their predominant task.25

Figure 1: Employment Patterns by Occupational Sector
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Notes: Sample includes all men aged between 16 and 64 and in the labour market. ‘Abstract’ stands for abstract task. ‘R Man’ indicates
routine manual. ‘NR Man’ indicates non-routine manual. ‘R Cog’ indicates routine cognitive.

24Similarly, we do not bound the hourly wage upwards or downwards. It would be difficult to identify the threshold that allows a fair
comparison across occupations, without depriving each occupation of its specificity. This is especially a problem since the minimum wage
was first introduced only for some occupations and only in the mid-1990s. The consequence is to keep some non-credibly low wages, for
example lower than 2 GBP/EUR. Therefore, we checked whether excluding the lower tail of the distribution would affect the main results
of this analysis. The estimated occupational prices in the main analysis are consistent with results on a sample of workers excluding the
bottom 1% and the top 0.25%.

25The figures in Appendix B indicate that the patterns identified here below are robust across occupational classifications.
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The figure shows that, in both countries, males belong mainly to two categories of jobs. In the UK, shown in the

left-hand panel, abstract and routine manual workers account for 75% of workers, averaged over all years. As for

the trend over time, the most striking feature is the large increase in the fraction of abstract workers, partially offset

by the decrease in the percentage of routine manual workers. In 1991, abstract and routine manual workers each

represented 30% of the sample. Over 1991− 2008 the abstract share then grew relative to routine manual by 18

percentage points. For Germany, shown in the right panel, the patterns are even more pronounced. On average,

77% of men in the sample work in an abstract or in a routine manual job. Similarly to the UK, the relative shift

away from routine manual jobs to abstract was large, amounting to 22 percentage points over 1991-2008, or 29

percentage points over 1985-2013. In this country, however, routine manual workers decreased more than in the

UK: around 10 percentage points versus less than 5 percentage points for the same period.

Turning to wages, figure 2 plots the raw median wage for each of the four main occupational groups for UK

(left panel) and German (right panel) workers. In both countries workers in abstract occupations earn by far the

most, and workers in non-routine manual occupations earn the least. Nevertheless the two countries display some

noteworthy differences. First, wage growth was higher in the UK than in Germany over the sample periods as a

whole, and particularly when we compare 1991 to 2008. For example, over this comparable period, median routine

manual wages in the UK grew by around 28%, but in Germany, by only 10%. Second, the figure indicates that

whereas routine manual workers on average earn more than routine cognitive workers in the UK, in Germany the

average wage order is reversed. However, remember that here we are displaying the median of raw wages. As we

show later in section 4, when we condition on covariates, wages in the two routine groups line up similarly in both

countries, and, if anything, workers in routine manual are comparatively better paid in Germany.

Figure 2: Median Log Wage by Sector
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indicates non-routine manual. ‘R Cog’ indicates routine cognitive.

Most strikingly, perhaps, the figure shows differences in the trends in inequality across countries, and between

occupational sectors. Sectoral wages in Germany diverged, and inequality increased. The increase in inequality in

Germany more generally has been the subject of a prominent literature (Dustmann, Ludsteck, and Schönberg, 2009

and Card, Heining, and Kline, 2013). In the UK, on the other hand, the occupational wages were roughly flat. The
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fact that employment in abstract occupations grew so fast while relative average wage were flat conflicts, prima

facie, with an explanation of occupational shifts based on changes to the demand for labour. One of the main aims

of this paper is to explain these patterns taking into account shifts in employment composition.

As a final piece of descriptive discussion we link employment changes to initial wages at the 1-digit ISCO88 level.

The results are shown in figure 3. It shows the predicted values from a regression of the change in employment

share on a quadratic function of the initial log wage, following Goos and Manning (2007). The figure shows a

remarkable similarity in patterns across countries, which is indicative of job polarization. In both countries, abstract

occupations (ISCO88 categories 1, 2 and 3) experienced the highest employment growth and are also characterized

by the highest wages. And in both countries, occupations in the middle of the wage distribution experienced mild

declines in employment share, while occupations at the bottom of the wage distribution were roughly static. In the

next section, we compare the change in employment share not with initial occupational wages but with changes

in occupational price, and argue that the evidence on prices across both countries is also strikingly consistent with

changes to demand for labour.

Figure 3: Employment Change by 1-digit Occupation and by Initial Average Wage
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‘Technicians and associate professionals’, 4 ‘Clerks’, 5 ‘Service and sale workers’, 6 ‘Skilled agricultural and fishery labourers’, 7 ‘Craft
and related trade workers’, 8 ‘Plant and machine operators and assemblers’, 9 ‘Elementary occupations’

4 Estimates of Task Prices

We now show the estimates of the sectoral/task prices, using the fixed-effect regressions. In this section, we

discuss the prices of all occupational sectors, but we focus mainly on the abstract price versus that for routine

manual work. This is because, in both countries, these sectors still comprise the bulk of employment. Moreover,

the relative shift in employment for these groups has been particularly large: routine manual has seen the largest

declines in employment share, and the abstract sector the largest gains.

Figure 4 shows the main results for both the UK and Germany, split into two panels. The right hand panel shows

estimates for the price on the abstract task relative to the routine manual task, indexed to 0 in 1991, and smoothed
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using a 3-period moving average. The figure shows that, compared to routine manual, task prices for abstract jobs

increased markedly. In the UK, the price increased relatively by around 13% by 2008, or a little over a half a percent

per year. The panel also shows the relative price change for Germany, together with vertical lines to indicate the

start and end of the BHPS sample, for easy comparison across countries. The relative price change in Germany was

even larger than in the UK, reaching around 18% by 2008. In Germany, moreover, the relative task price continued

to increase after 2008, after the global financial crisis, at roughly the same pace. The stars on the price estimates

indicate that, when significant, changes from the base are significant at the 1% level.

Figure 4: Price and Employment Changes for Abstract Relative to Routine Manual
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One main focus of this paper is to link the changes to task prices with shifts in employment. With this in mind,

figure 4 also shows growth in the employment share in abstract occupations relative to routine manual occupations

in the left hand panel. Again it shows results for both countries, indexed to 0 in 1991, and also smoothed using the

3-period moving average. The panel shows, for example, that employment in abstract occupations in the UK grew

relatively by 18 percentage points over 1991-2008. Again it also shows that relative employment growth was even

stronger in Germany. There, it grew by around 22 percentage points over 1991 to 2008, again continuing after the

global financial crisis.

Statistics for employment are computed using a broader population than is used to estimate the prices. In particular,

here we use all males aged 16−64, to provide a more comprehensive measure of labour supplied. Strictly speaking,

we should measure all effective labour provided across the whole economy, including from females. It is worth

remembering that female employment also saw a large shift towards abstract occupations; even larger, in fact

than for males. In Germany, in particular, whereas both genders witnessed an increase in non-routine cognitive

occupations, women experienced a much larger decrease in routine occupations than men (Black and Spitz-Oener,

2010). In conclusion, therefore, it seems that there was a strong increase in demand for abstract occupations in

both countries. Moreover, it seems, this increase was stronger in Germany than in the UK, in correspondence with

the extra increase in the occupational price shown in the right hand panel.26

26It is interesting to note that the data show a slowdown in the employment shift towards abstract occupations in the UK in the middle of
the sample period. However, there is reason to think this is due to sampling variation. Data from the much larger UK Labour Force Survey
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For completeness, figure 5 shows the evolution of prices over time for both countries and for all sectors. The

additional sectors are routine cognitive and non-routine manual alongside the abstract group already shown. Again

we show these prices relative to the routine manual task. In both countries, these sectors employ, or have employed,

a large fraction of women, but their share of male employment has always been small. In terms of prices, the non-

routine manual task shows little systematic difference from the base category. Its price appears to have grown a

little in Germany since 2000, although the estimate is rarely significant. The prices on the routine cognitive sector,

however, are noticeably different across countries. The point estimate is negative in the UK, though it is only mildly

significant. In Germany, on the other hand, the routine cognitive price has risen significantly compared to routine

manual. It is first worth pointing out that both routine cognitive and non-routine manual employment grew more

in Germany relative to routine manual, than in the UK, as shown in figure 1. It is also worth pointing out that

these price changes can still be reconciled within the Roy framework, as discussed by Böhm (2015). With multiple

occupations, then the relationship between employment changes and price changes can be complex. For example,

if routine cognitive jobs in Germany are a close substitute to abstract jobs in terms of latent skill requirements an

increase in price can be consistent with little change in employment. This would happen if the price on the abstract

task grows faster. This is because, even though the equilibrium price on both occupations increases, individuals

move to the close substitute instead. Nevertheless, as we show later, employment changes in fact match price

changes closely in both countries.

Figure 5: Task Prices Relative to Routine Manual
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As discussed in section 2, we need to check that our results do not depend on confounding factors, such as het-

erogeneous tenure profiles. We therefore perform our analysis on alternative specifications. Results are shown in

table 1. The results from the benchmark model, and shown in the figures above, are summarized in the second

column. It shows the relative growth in prices for each sector in 2008 only, omitting estimates from intervening

years. The prices for the UK are given in the top panel; those for Germany in the bottom panel. Here we show

results for Germany only for 1991-2008 for direct comparison with the UK. Corresponding with the figures above,

discussed in, for example, Carrillo-Tudela et al. (2016), show that the shift away from routine occupations was monotonic and constant. We
therefore do not treat this slowdown as a significant feature of the data.
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the column shows that the price on the abstract task grew by 13% relative to routine manual occupations over 1991

to 2008 in the UK and around 18% in Germany. The results for routine cognitive and for non-routine manual also

correspond to those shown in figure 5.

Before looking at alternative specifications we show results from raw OLS regressions in the first column. These

OLS regressions use the same specification as the benchmark fixed-effect model. Most importantly, and as dis-

cussed in section 2, we control for heterogeneous wage profiles over age by including interactions of a polynomial

in age with a full set of education dummies. The OLS regressions also pick up the level of average sectoral wages

in the base year, 1991. The results show that abstract jobs have always paid substantially more than other sectors,

in both the UK and Germany, even conditional on other observable characteristics. They also show that, at least in

1991, routine manual jobs were comparatively better paid in Germany than in the UK. Most importantly, the first

two columns show markedly different results for the growth in sectoral prices and wages. For example, the OLS

results for the UK imply that average wages in the abstract sector did not grow relative to routine manual. The

results from fixed effects, on the other hand, which address selection into each sector based on unobservable char-

acteristics, show that the growth in the relative price on abstract occupations was pronounced. For Germany, the

OLS results show that average wages in abstract jobs did grow, in terms of magnitude, relative to routine manual.

Yet still, the coefficients are not statistically significant. Moreover, the second column shows that growth in prices

was even larger. These columns therefore highlight the difference between growth in average wages, which in-

cludes changes to the average quality of workers in each sector, and changes to pure sectoral prices, which capture

the price paid to an effective unit of labour supplied.

The first two columns of table 1 also show results for the other sectors, still relative to routine manual. In both other

sectors, and in both countries, sectoral prices grew faster relative to routine manual jobs than did average wages.

However, for both these sectors, and in both countries the difference between wage and price changes is smaller

than for abstract jobs, and the standard errors are slightly larger.

A potentially confounding explanation for our results is changes in returns to education. This is because occu-

pational choice is correlated with educational status, and so apparent changes in returns to the former may be

explained by changes in returns to the latter. A priori, this factor is unlikely to be important in the UK at least,

because most analyses show that the return to education was flat over the period (Blundell, Green, and Jin, 2016).

Nevertheless, we take account of these changing returns by including in the regressions interactions of time dum-

mies with a full set of education dummies. To do this, we have to remove the interaction of education with age.

The relevant controls are therefore the interaction of education with year and the polynomial in age. Results are

shown in table 1 in the third column, and are very similar to those for the benchmark regressions.

Also discussed in section 2, our estimates are potentially improved by controlling flexibly for tenure effects. For

example, and as discussed by Gottschalk et al. (2016), if wages in routine manual jobs have a flat tenure profile,

because of implicit contracting considerations, then its estimated task price growth may be biased downwards, or

the relative price growth of the other tasks may be biased upwards. We therefore control for this factor by including

an interaction of sector with a quartic polynomial in job tenure. The estimates are shown in the fourth column. For

the UK, these estimates are very similar to the benchmark. For Germany, it is noticeable that the estimated growth

in the abstract price is pushed up. This suggests that tenure profiles, if anything, flatten wages in the abstract

sector in Germany, and that workers in this sector receive larger wage growth when switching employers. The

fifth column of table 1 shows results when we control for contracting effects in a different way, by controlling for
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trade union status. Here we interact the union status of the worker separately with sector and with age, to pick

up heterogeneous effects.27 The results are identical to the benchmark regression for the UK, and very similar for

Germany.28

Finally, we check the robustness of results by restricting the sample to a group of mature workers aged between 35

and 60. This sample removes completely those in early career and restricts to those in mid- and late- career. We

do this to address concerns about heterogeneous and unobserved human capital effects, particularly in early career.

This sample is chosen to respond specifically to the criticisms raised by Gottschalk et al. (2016), discussed above

and in section 2. We therefore also include the controls for sector-specific job-tenure effects. The results are shown

in the last column. It shows that the increase in task price on abstract jobs remains robust, even though the point

estimates are slightly lower than in the benchmark regressions. More complete results from all these regressions

are presented in appendix A. In appendix B we show results when using different occupational classifications.

It is worth comparing the results as a whole against the logic of the bounds on task prices derived by Gottschalk

et al. (2016). They derive an upper bound on the increase in price on the abstract task compared to the routine

manual task by computing statistics after trimming the top of the distribution of routine manual wages and the

bottom of the abstract wage distribution. In their case they compute medians, but we compute means. Using the

UK as an example, employment in the abstract occupation increased by around 13 percentage points, or a third of

the 2008 total. Therefore we obtain a quick estimate of the upper bound by comparing the raw mean in the abstract

occupation with the mean obtained from trimming a third of wages from the bottom. We do this for the abstract

occupation in 2008 using residual wages after regressions on age and education to take account of observable

factors. We find that the trimmed mean is 25 log points higher than the raw mean. We can compute an implied

selection component from our estimates in table 1 by comparing the fixed-effect estimates in the second column

with those in the first column. These imply a selection effect of around 11 log points, comfortably within the

bounds. The fact that the point estimate is well below the upper bound implies that selection into abstract jobs is

mostly, but not always, below the average wage. Note that we do not directly address selection effects on the other

sectors in this simple exercise.

We conclude this section by examining effects at a finer level of occupational detail. Specifically, we aggregate

closer to the 1-digit level: we break down the abstract sector into legislators and managers, professionals and

associates. Similarly we break down routine manual into machine operatives and crafts. We do not break down the

occupations going into routine cognitive and non-routine manual groups, because these are already small and the

resulting estimates are imprecise.

The results of this analysis, for both the UK and Germany, are shown in figure 6. For both countries we use

changes in employment share and changes in sectoral prices over 1991 to 2008. The figure shows that, for both

countries, the task price increase and employment growth are strongly correlated. In particular, for example, within

the abstract sector, the largest employment growth has been for legislators (managers), who have also seen the price

27We recognize that controlling for union status in this way is an imperfect way of picking up contracting effects caused by centralized
pay negotiation. In many occupations, and many jobs, pay may be bargained centrally for all workers regardless of the union status of the
individual. Wages are determined this way in the UK in the higher education industry, for example. A more thorough approach would
therefore be to identify occupations at a fine level for which pay is organized collectively. Nevertheless, our results are indicative of those
likely to come from a more thorough treatment.

28It is worth noticing that information about trade union membership is not available for all waves in GSOEP. Therefore, it is calculated on
a smaller sample. When we estimate the benchmark model on the same reduced sample the coefficients are almost identical. For example,
the estimate of 2008-1991 Abstract would be 0.154.
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on their tasks rise the fastest. In the interpretation of the Roy model, this implies that it is for legislators that the

average quality of employees has fallen the most as this group has become increasingly negatively selected. For

completeness, and to confirm this intuition, figure 7 shows the flat relationship between employment share growth

and growth in average wages.

Figure 6: Task Prices and Changes in Employment at the 1-Digit Level
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Notes: Employment change is computed on a sample of 16 to 64 y-o men. Categories of the same shape and colour belong to the same task
group. Bigger shapes indicate larger 1991 employment shares. Task prices are estimated relative to crafts. The straight line is the coefficient
of a regression of changes in task prices on changes in employment shares over 1991-2008.

5 Estimating the Covariance Structure of Sectoral Returns

Section 4 showed how to estimate task prices using the fixed effect regressions. As discussed, we are also interested

in identifying the distribution of unobserved returns, γi j, within, and across individuals. In this section we identify

and estimate a specific feature of the joint distribution, the covariance structure, using unexploited features of the

panel data.

Identifying features of this joint distribution allows us to interpret the movements in prices, wages and employment

shown in section 4. Our analysis therefore complements, for example, Autor and Dorn (2013) who provide a

detailed empirical assessment of outcomes for routine workers in the US.29 In this sense, our analysis provides a

structural interpretation of the long-run supply curve across tasks.

Moreover, identifying the covariance structure also allows us to interpret to what extent those who are productive

in one sector are likely to be productive in another. This is important for assessing the welfare consequences

of ongoing changes to the employment structure: for example, if those in disappearing occupations have low

productivity in all other occupations then the welfare consequences of occupational change are particularly severe.

29See also Cortes (2016) for a panel analysis of routine workers in the US using the PSID and Cortes et al. (2014) who use the CPS. See
also Autor and Dorn (2009).
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Figure 7: Average Wages and Changes in Employment at the 1-Digit Level:
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Notes: Categories of the same shape and colour belong to the same task group. Bigger shapes indicate larger 1991 employment shares.
Average wage changes are computed from the coefficients of an OLS regression (similar to the model in the first column of table 1). They
are estimated relative to crafts.

Identifying the distribution of returns across occupations has been of interest at least since Roy (1951)’s original

article itself. Identification of any Roy model is challenging. As discussed, for example, by French and Taber

(2011), any strategy using only the cross-sectional assignment of workers to sectors either requires an exclusion

restriction or is highly dependent on functional form assumptions. However, given panel data and sufficient varia-

tion in prices, Heckman and Honore (1990) show that model parameters can be identified non-parametrically. Here

we use the spirit of this result to identify the covariance structure of returns in an intuitive way. We show how the

covariance structure maps into the elasticity of employment growth with respect to sectoral price. We also show

how the covariance structure maps into the dispersion of wages for those who switch sector. Our approach requires

minimal parametric assumptions, about which we are explicit. A strength of our analysis is that we show how

to identify the covariance structure, while remaining agnostic about other parameters: the intercept of underlying

returns and sector-specific disamenities. By ignoring these incidental parameters, our identification argument is

transparent and intuitive.

Our analysis relates to that in Autor and Handel (2013), who address a similar set of issues by introducing a general

framework distinguishing between occupations and tasks. In their framework, workers have different capabilities

in various tasks, while different occupations offer different task returns. The framework used in our paper can be

thought of as a special case of Autor and Handel’s framework in which occupational groups and tasks are linked by

a one-to-one mapping. As such, our individual-specific fixed effects γi j capture both individual-specific capabilities

and the sector-specific return to those capabilities. In the current paper, we usually refer to this component as an

individual-specific return, while recognizing that it captures factors that also reflect capabilities or skills.

In this section we aggregate sectors further to 2 broad groups: abstract, and the other occupations combined. We do

this for two reasons. First, using only 2 sectors makes the discussion of identification simpler and more intuitive.

Second, in both countries, the largest relative change in both price and employment is between these broad groups.

In the UK, for example, the price between routine manual and non-routine manual changed little. Unfortunately,

by aggregating in this way, we cannot directly interpret outcomes for routine workers. Nevertheless, the argument
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developed easily translates into 3 or more sectors. With 3 sectors, however, the calculations become highly involved

and lengthy, for little extra insight.

As we shall see, we find a modest-to-strong correlation of returns across sectors in both countries. When we re-cast

the returns in terms of orthogonal components, we find that the ‘pure’ abstract component is the largest source of

persistent worker differences. This result indicates that heterogeneity in productivities in abstract tasks plays a key

role in labour market sorting. On the other hand, there is little heterogeneity in abilities specifically in other tasks. A

stylized interpretation of our results is that workers sort into abstract tasks if and only if they have particularly high

abstract skills: workers sort away from abstract tasks because of low abstract skills and not because of particularly

high skills in, say, routine or manual tasks.

5.1 Identification

We derive three sets of moment conditions. These are: the price elasticity of employment changes; the variance of

wages for those who switch sector; and the cross-sectional variance of wages observed in each sector.

Before deriving these conditions we restate in more detail, and refine, the basic framework. Compared to the

framework addressed in section 2, we assume away transitory shocks to non-pecuniary sector-specific returns, so

that individuals switch sector purely because of their individual-specific (fixed) skills and because of changes to the

aggregate price. The effect of shocks is discussed below and addressed in appendix C. They do not substantively

affect the analysis. As discussed, we restrict the environment to 2 sectors, which we call ‘abstract’ and ‘non-

abstract’, or ‘other’. In this environment, using the same notation as in section 2, individual i selects into abstract

at time t if and only if

δaXit +θat + γia + εa > δoXit +θo + γio

where εa is a mean non-pecuniary preference for the abstract sector, which here we assume is constant across

individuals and time. The non-abstract group is denoted by the ‘o’ subscript, for ‘other’.

We need consider only changes in the relative price on abstract work. Therefore the non-abstract price θo is held

constant, and, in fact, could be normalized to zero. We also assume for convenience that returns on observable

characteristics other than sectoral choice are constant over time.

For the following formulae it is useful to define ηi = γia− γio as individual i’s extra return in the abstract sector.

Moreover, we define η∗i to be the standardized version of this variable. Then the individual selects into the abstract

sector if and only if

ηi > (δo−δa)Xit +θo−θat − εa

⇐⇒ η
∗
i > βXt

where βXt indicates the (standardized) selection threshold at time t, which depends on observable characteristics.

For example, the threshold may be lower for highly educated individuals if their return in the abstract sector is, on

average, particularly high.
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Employment Elasticity

We first show how parameters of the model map into the elasticity of employment changes with respect to price.

Omitting i subscripts, the proportion of individuals working in the abstract sector at time t is given by

Eat = ∑
X∈{Xt}

ωt (X)(1−Fη∗ (βXt))

where F () is the cumulative distribution function of η∗i . Here we consider observable characteristics, Xt , to form a

discrete set. The proportion of the population taking each characteristic is given by ωt (X).

We can relate the change in the employment share to the change in sectoral prices as follows:

dEa =−∑
X

ω (X) fη∗ (βX)
dβX

dθa
dθa

where fη∗ () is the probability density function of η∗. We can therefore further express the change in employment

share between time t and t ′ as follows:

∆Eat ′

∆θat ′
≈−∑

X
ω (X) fη∗

(
β̃X

) dβ̃X

dθa
(3)

for any β̃X ∈ (βXt ,βXt ′). Expression 3 is the moment condition we take to the data.

In expression 3, we observe ∆θa as the relative price change estimated earlier, which doesn’t depend on any features

of the distribution. Moving to the right hand side, first notice that ω (X) can be taken straight from data. This leaves

fη∗

(
β̃X

)
and dβ̃X

dθa
.

In fact, for all β , given the standardization, we have

dβ

dθa
=− 1√

σ2
a +σ2

o −2ρσaσo

where σ2
j is the variance of returns in sector j and ρ is the correlation coefficient on sectoral returns. These are the

parameters to be estimated. Finally, to take the moment condition to the data, we need to compute the probability

density function, fη∗ (βX), which is unobserved. However, the cdf Fη∗ (βX) is observed simply as the proportion

of individuals working in the non-abstract sector, by observable characteristics. Therefore given information on

Fη∗ (), or any parametric choice, we can extract the value of the unobserved density at the selection threshold via

βX = F−1
η∗ (EX ,o). Recall that η∗ has mean zero and unit variance by construction.

Before moving on, a few features of expression 3 should be pointed out. First, notice that the condition depends

explicitly neither on non-pecuniary returns in each sector, nor on mean skills, nor on the level of prices. These

factors are captured in β .

Second, it is worth considering the relationship between the parameters and the size of the theoretical moment.

In fact, conditional on all other parameters and on the selection threshold, the relationship between the correlation

coefficient, ρ , and the elasticity of employment growth is monotonically increasing: a higher correlation coefficient

implies a higher elasticity. This monotonicity implies that identification of the correlation using this moment

condition is clean. The relationship between the variances and the theoretical moment is a little more complex. It
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depends on some key relationships. For example, as long as σ j > ρσk for k 6= j then an increase in σ j causes the

employment elasticity to decrease. If we consider ρ in terms of these variances, then the relationship is clear: if,

for example ρ < min
(

σa
σo
, σo

σa

)
then the employment elasticity is decreasing in both the variances. In practice, this

is the relevant range for ρ .

Finally, it is worth noting that the current framework abstracts from frictions in the labour market, such as occu-

pational switching costs. As shown by Kambourov and Manovskii (2009), Gathmann and Schoenberg (2010) and

Cortes and Gallipoli (2017), among others, these costs are large. Of course, we rationalize the framework used here

as being more suitable for understanding movements over the long-run. It may be, however, that switching costs

are sufficiently large that they do not ‘wash out’ over the standard length of a career. Unfortunately, allowing for

labour market frictions is beyond the scope of the present analysis.30

Variance of Wages for Switchers

Here we show that the dispersion in wages for these switchers can similarly be expressed in terms of our key

parameters only.

To proceed, as standard we write γ∗i j = ρ jηη∗i +ξi j where γ∗i j is the standardized version of γi j for j ∈ {a,o}, ρ jη is

the correlation of γi j and ηi, and ξi j is a mean-zero random variable that is uncorrelated with ηi. Henceforth, we

assume that ξi j is homoskedastic conditional on η∗i . This assumption is guaranteed, for example, by the Gaussian

distribution. Then we consider those individuals who switch from non-abstract to abstract, given a marginal change

in prices. We obtain:

Vart (γia| switch to abstract,X) = σ
2
a [ρaη [Var (η∗i |βXt−1 > η

∗
i > βXt)]+Var (ξia)]

≈ σ
2
a [Var (ξia)] (4)

where Var (ξia) = 1− ρ2
aη and ρaη depends purely on σa, σo and ρ .31 We can observe the left hand side of

equation 4 as the dispersion in returns for year-to-year switchers. Equation 4 therefore gives an additional moment

restriction in terms of key parameters. Notice that it does not depend on particular parametric assumptions, other

than the homoskedasticity of ξia.

Again, before moving on, a couple of features of expression 4 should be pointed out. First, we should consider

the empirical relevance of equation 4. In particular, our model implies that the gross flow of workers across

sectors is very small, while a large literature shows that a larger volume of workers switch sectors in any year,

and in all directions.32 We can defend our framework, however, by arguing that those who switch sector must

be approximately on the margin. This is true even in a model with, say, sizeable search frictions. Accordingly,

the moment condition in equation 4 captures distributional features of those on this margin, who can come from a

diverse pool. To explore this point further, in appendix C we consider an extension of the model with shocks. These

shocks, which can be interpreted either as wage, or as preference shocks, can generate a realistic volume of sectoral

switching. The appendix shows that the moment condition holds approximately, even in this richer framework.

30Although we have to abstract from frictions in this section, we can and do include them when estimating the prices in section 4. See
also appendix A.

31ρaη is the correlation between γa and γa− γo. Therefore ρaη = σa−ρσo√
(σ 2

a +σ 2
o−2ρσaσo)

32See, for example, Carrillo-Tudela et al. (2016) for the UK.
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Second, we can test the theoretical approach by examining related moments for switchers. For example consider:

Vart (γio| switch to abstract)

which is the variance of returns in the source sector, non-abstract, for those who switch to abstract. This moment and

that given in equation 4 are theoretically identical. Similarly, we observe in the data Vart (γio| switch to non-abstract)

and Vart (γia| switch to non-abstract). Therefore, we can use the 4 moments as a useful test of the theoretical ap-

proach, by comparing their size. Notice as well, that as the moments observed in the data are theoretically equiva-

lent, they do not provide any extra information for identification.

Variance of Observed Sectoral Wages

For identification, we need at least one additional moment condition. We consider the variance of latent returns,

conditional on working in each sector at time t. The moment for abstract workers is given by:

Vart (γia| work in abstract,X) = σ
2
a [ρaη [Var (η∗i |η∗i > βXt)]+Var (ξia)] (5)

The expression for non-abstract is similar. The moments on the left hand side of this equation are estimable,

while, the expressions on the right hand side are similar to those in equation 4. The right hand side here differs

by containing the extra term Var (η∗i |η∗i > βXt). This conditional variance depends on the choice of the functional

form for the cdf of η∗i . Therefore, the moment condition in expression 5 is more dependent on functional form

assumptions than the variance for switchers. This may be problematic because the conditional variance can either

tend to zero or increase without bound as β tends to infinity, depending on the shape of the distribution of η∗i in the

tails. However, we can check the size of the moments empirically. In fact, as we see later, the empirical moments

imply the conditional variance is small. As a final point, notice that this moment condition theoretically varies over

time. However, in practice, the time-series variation is small; so, in the empirical implementation, we average it

over the sample period.

Discussion

To aid intuition, we illustrate the identification strategy in figure 8, which shows plots in four quadrants, according

to the classic working of the static Roy model. Each quadrant shows the individual-specific returns γia and γio in

the axes. The two upper plots show the assignment choices into each sector; first in a static setting in the left plot,

and second (right plot), when the common price on abstract tasks increases. The two lower plots show the contours

from gaussian distributions of latent returns. Here we emphasize how the theoretical moments are affected by the

correlation coefficient. Accordingly, the left plot presents a positive correlation of returns, while the correlation in

the right plot is negative. The distribution of those on the margin of switching is shown in dark red. In general,

the distribution of the switchers depends on the underlying parameters in a non-linear way. However, the figure

illustrates the identification argument in our particular case clearly. Holding fixed the mass of workers in each task,

and the dispersion of underlying productivities, for example, there is a clear relationship between the correlation of

returns, ρ , and our first two moment conditions. When latent returns are negatively correlated (right plot), switchers

generally come from a narrow pool of talents, and the dispersion in their wages is low. When latent returns are
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Figure 8: Identification of Covariance Structure with 2 Sectors
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positively correlated (left plot), switchers generally come from a wider pool of talents and the dispersion in their

wages is higher. Furthermore, a positive correlation of returns implies that the volume of switchers is larger, and

so the employment elasticity is higher.

To summarize, we approach the data attempting to estimate 3 parameters with 7 moments, 4 of which are theoreti-

cally identical but which can be used to test the framework. Importantly, and to emphasize, none of these moment

conditions depends on the location of the underlying returns, or the preference parameter εa, given information

on the observed employment shares. We have therefore been able to identify the parameters of interest without

identifying the full distribution. Moreover, we have been explicit about which functional form assumptions are

needed and where.

5.2 Empirical Implementation

We estimate the framework on both the UK and Germany separately. To implement it, we assume that

(
γa

γo

)
follows a bivariate gaussian. This assumption ensures homoskedasticity of ξa and ξo and provides a functional

form for η∗. To perform the empirical analysis we use the same sample as in section 4. We also have to take some

additional steps with the data, which we now describe.
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First we estimate the growth in employment across tasks holding fixed the skill composition of the work force. We

do this because we are effectively tracing out the supply curve and so we wish to hold fixed supply factors other

than the change in price. The main issue here, as discussed previously, is that educational attainment has increased

for more recent cohorts, and high educational attainment likely increases the return to working in abstract jobs.

Presumably, this change in attainment partly reflects an endogenous response to the increase in demand for abstract

labour. However, as argued by Salvatori (2015) for the UK, for example, it also likely reflects more exogenous

shifts in supply caused by the relaxation of rationing of university places. To address these issues we estimate

the change in abstract employment over time holding fixed cohort factors by regressing sector on cohort and time

dummies. We also remove those aged under 35. We do this because the share of workers in abstract increases

noticeably in early career due to pure life-cycle factors.

Second, we run a first-stage OLS regression of wages on characteristics that are fixed at the individual-sector spell

level: these include region and the interaction of education with task. We do this because these characteristics are

differenced out in the fixed effect estimation. If we were to omit this first stage, then the return to education, for

example, would be absorbed in γi j and generate a spurious positive correlation between returns across the different

tasks. In practice this first stage regression has little effect on any of the estimates.

The full estimation procedure therefore is as follows. We compute the estimated residuals, γ̂ i j, by running OLS on

stable characteristics, then fixed effects on time-varying characteristics. We also compute aggregate employment

share growth after stripping out age and cohort effects. We use the results of these steps to compute the moments

indicated by equations 3, 4 and 5. We compute standard errors for all these moments using 1000 iterations of the

bootstrap taking into account multiple steps in the procedure. It is worth emphasizing that here we use the corrected

measure of occupation of work, described in section 3 and in appendix B, which drastically reduces the number

of observed switches. Notice, however, that the results are very similar if we use the uncorrected measure in the

raw data. For the estimation we use 1991 to 2008 for the UK. For Germany, we use a longer period, 1991 to 2013,

because the shift towards abstract continued after 2008, and a longer sample period should provide more precise

estimates.

We then estimate the covariance matrices using classical minimum distance. To weight the moments we take

the diagonal of the optimal weighting matrix. Because the switching moments all provide theoretically the same

information, we average these by dividing their elements in the weighting matrix by 4.

Table 2 shows the parameter estimates for both countries. Alongside the estimates we present 95% confidence

intervals, obtained by bootstrap. These confidence intervals are not necessarily symmetric because of skewness in

the distribution of the raw moments. The first two rows show the variance of returns in each main task. In both

countries we find a wider dispersion in latent returns in the abstract task versus all the other tasks combined. The

variance of returns in the non-abstract task is somewhat higher in the UK than in Germany. The bottom row shows

the correlation across tasks. The point estimate here implies a moderate-to-strong correlation in both countries.

The estimate is higher in the UK than in Germany, although the confidence intervals overlap sizeably. Notice that

the confidence interval just about excludes 0, even in Germany.

To understand these estimates we need to examine the raw moments and their model fit. These are presented in

table 3. We first examine the raw moments, which are presented alongside standard errors. The first row shows the

employment share gradient in the abstract task. In the UK we estimate that each percentage increase in the price

on abstract jobs increases employment by 0.3 percentage points. This corresponds to the estimated price increase

26



Table 2: Covariance Estimates: 2 Occupational Groups

UK Germany

Variance returns in abstract σ2
a 0.16 [0.15,0.18] 0.14 [0.12,0.16]

Variance returns in non-abstract σ2
o 0.12 [0.11,0.13] 0.07 [0.06,0.08]

Correlation of returns ρ 0.50 [0.37,0.65] 0.26 [0.00,0.54]
Notes: 95% confidence interval in square brackets, obtained from 1000 boot-
strap repetitions.

of around 13% over the period and an increase in the share employed in abstract work of around 4 percentage

points. In Germany the increase in the abstract employment share was larger, at around 10 percentage points and

the employment share gradient is consequently higher.

Table 3: Empirical Moments and Fit: 2 Occupational Groups

UK Germany

Description Label Data Fit Data Fit

Grad. of emp. Change ∆Ea/∆θa 0.334 (0.240) 0.816 0.569 (0.152) 0.729

Var of observed skills
Var(γa|abstr) 0.124 (0.006) 0.127 0.085 (0.011) 0.091
Var(γo|other) 0.104 (0.004) 0.106 0.060 (0.003) 0.061

Var(γa|o→ a) 0.108 (0.008) 0.115 (0.018)
Var of skills Var(γa|a→ o) 0.119 (0.011)

0.100
0.128 (0.027)

0.057
for switchers Var(γo|o→ a) 0.118 (0.009) 0.109 (0.015)

Var(γo|a→ o) 0.136 (0.012) 0.107 (0.018)

Notes: Standard errors in parentheses.

The second and third rows show the variances observed in each task. The variances are higher in the UK than in

Germany, although the relative size of the variance across tasks is similar in both countries. The final four rows

show the variances for each of the four types of switchers, which we average in the estimation. Each of these

moments is empirically very similar, providing support for our underlying approach. However, the variances for

the switchers are higher than for those observed in each task, shown just above. This relationship contradicts the

theoretical moments given in expressions 4 and 5 which imply that the cross-sectional variances must be higher.

However, this relationship also implies that the conditional variance in equation 5 presumably tends to zero in the

tails of the underlying distribution. Finally, notice that all the variances are estimated much more precisely than the

employment gradient.

We turn next to the fit. First notice the results from the second and third rows. These show that the model matches

the variances of productivities in each sector almost exactly. However, the fit to the other two sets of moments is less

exact. In particular, the fitted model implies a higher employment growth than is seen in the data. Symmetrically,

the fitted model implies a lower dispersion in wages for switchers than we see in the data, especially in Germany.

One way to interpret these results is as follows: the high variance of wages for switchers implies a high correlation

of returns across broad task groups. This high correlation then implies that we should observe more switching

across sectors than was seen in reality. Despite this, it should be emphasized that the framework overall does a

good job of matching the features of the data we examine. Moreover, the estimates shown in table 2 not only

broadly fit the moments used here, they are also consistent with strong attenuation in observed wages over time,
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shown in section 4.

To understand our findings further it is helpful to re-interpret them using a transformed model. We can rewrite the

wage equation 1 in section 2 in terms of orthogonal components:

wi jt = δ jtXit +θ jt +ζi +ξi j +νit

such that γi j is now captured by ζi, ξi j and ξik, which are all orthogonal to each other for k 6= j. Here we can also

normalize the mean of each of these components to zero without loss of generality. These orthogonal components

are in some ways simpler to interpret: ζi picks up a ‘universal’ measure of unobserved productivity, while ξia, for

example, captures a pure abstract component. The variances of these components relate directly to the parameter

estimates shown in table 2: a higher correlation coefficient ρ implies a higher variance, and greater importance,

of the universal productivity component. The pure task-specific components are therefore residuals from their raw

counterparts.

Table 4: Covariance Estimates of Orthogonal Components: 2 Occupational Groups

UK Germany

Variance returns in abstract component σ2
ξ ,a 0.09 (0.01) 0.11 (0.01)

Variance returns in non-abstract component σ2
ξ ,o 0.05 (0.02) 0.04 (0.02)

Variance universal returns σ2
ζ

0.07 (0.01) 0.03 (0.02)

Notes: Standard errors in parentheses.

Estimates of the variances of these orthogonal components are given in table 4. They show that, in both countries,

the pure abstract component is much more variable across the population than either of the other two components,

and particularly the non-abstract component. These results indicate, therefore, that sorting into occupational groups

is based much more on abstract productivity than on any other characteristic. They also indicate that a greater

demand for abstract labour is generally associated with greater inequality, because these skills are much more

variable across the population.

6 Conclusions

Across most developed economies, the occupational structure has shifted substantially over at least the last 30

years. This shift has followed a pattern of job polarization, in which employment in routine jobs in the middle

of the wage distribution has declined, and employment in non-routine and, in particular, abstract jobs at either

end of the wage distribution have increased. Identifying the causes of this polarization requires examining the

equilibrium movement of both employment and wages across occupations. In this paper we estimate prices of

broad occupational groups taking into account composition effects. We do so using panel data and for two large

developed economies: the UK and Germany. We find a noticeable increase in the price on top-earning sectors that

correlates strongly with employment growth. Overall, our estimates are consistent with occupational shifts being

caused by changes in the demand for different types of labour, such as by changes to technology.

One strength of our paper is that it provides consistent and coherent evidence across two important economies.

Indeed we find that occupational change in Germany was more pronounced than in the UK. Accordingly, we find
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that the estimated price on abstract jobs at the top of the distribution grew faster in Germany too. Similarly, when

looking at a finer level of occupational aggregation we find that the evidence on price growth and employment

growth lines up across countries.

We also use the panel data structure to estimate further important features of the Roy model of choice across sectors.

In particular, we estimate the covariance matrix of latent productivities/returns across sectors and individuals.

Estimating these features is important when considering issues of welfare, and specifically considering the effects

of on-going occupational change. This feature has been of interest since Roy (1951) itself. We find evidence

in both countries that heterogeneity in pure abstract productivities is the largest component of persistent worker

differences. This implies that productivity in abstract tasks is the most important factor in sorting across sectors,

and that a greater demand for abstract labour is associated generally with higher inequality, holding fixed other

factors.

This paper prompts several threads of future research. First, it would be instructive to extend the structural analysis

to a finer level of occupational aggregation. In a related way, it would be useful to consider the multiplicity of

tasks required in each job, a la Autor and Handel (2013). Finally, it is noteworthy that we find that growth in

employment in the abstract sector was observed to be lower than the model suggests. This may be because of

stickiness in occupational choice that persists over the long term. Taking this into account requires an explicitly

dynamic model of occupational choice. We leave this future research.
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A Appendix: Further Information and Results

A.1 Summary Statistics

Table A.1: Summary Statistics by task

BHPS GSOEP

Mean s.d. Mean s.d.
Abstract

Age 40.77 8.75 Age 42.53 8.96
Married or cohabiting 0.84 0.37 Married or cohabiting 0.75 0.43
University degree 0.36 0.48 University degree 0.42 0.49
Monthly earnings (2010 GBP) 3,064.04 1,951.01 Monthly earnings (2010 GBP) 2,775.97 1,226.71
Nr of waves 12.74 4.12 Nr of waves 17.23 6.79

Routine Manual
Age 40.72 9.37 Age 40.83 9.54
Married or cohabiting 0.85 0.36 Married or cohabiting 0.76 0.43
University degree 0.03 0.16 University degree 0.01 0.07
Monthly earnings (2010 GBP) 1,962.64 906.40 Monthly earnings (2010 GBP) 1,887.60 626.24
Nr of waves 12.46 4.08 Nr of waves 16.53 7.14

Routine Cognitive
Age 39.60 9.80 Age 41.92 9.49
Married or cohabiting 0.75 0.43 Married or cohabiting 0.71 0.45
University degree 0.11 0.31 University degree 0.08 0.27
Monthly earnings (2010 GBP) 1,778.80 832.60 Monthly earnings (2010 GBP) 2,199.71 925.74
Nr of waves 12.29 4.08 Nr of waves 17.01 6.63

Non-routine Manual
Age 40.49 9.38 Age 40.71 9.33
Married or cohabiting 0.80 0.40 Married or cohabiting 0.72 0.45
University degree 0.03 0.17 University degree 0.01 0.09
Monthly earnings (2010 GBP) 1,764.96 870.87 Monthly earnings (2010 GBP) 1,706.41 540.04
Nr of waves 12.00 4.08 Nr of waves 16.43 7.26
Tot observations 24,364 Tot observations 36,918

A.2 Strict Exogeneity Test

Here we perform a specification test of the fixed effect framework described in section 2. Validity of the fixed effect

model depends on a strict exogeneity condition. This condition requires that sectoral choice depends on task prices,

observables and unobserved fixed skills only, and not the model residual νit . We test this condition for the UK by

examining the correlation between the estimated residuals and sectoral switches. The computed correlations are

displayed in table A.2. It shows correlations between residual wages at time t and dummies for each of the twelve

types of sectoral switch. The dummies take value 1 when a switch occurs between time t and time t +1, and zero

otherwise. The table shows that for all types of switch, the observed correlation is both indistinguishable from zero,

and small in absolute size. This corroborates the strict exogeneity assumption.

Notice that we have chosen to examine the residual wage in the exiting sector rather than in the entering sector.
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We do this because wages in the first year in a new sector are likely to be suppressed owing to switching effects.

Nevertheless, when we perform the same calculation as reported in table A.2 , but examining switches between

time t−1 and time t, we find similar results. Correlations are insignificant for all switches.

Table A.2: Test of Strict Exogeneity: the UK

Correlation Standard error 95% C.I.
of ν̂t with t-to- on

t +1 switch (%) correlation

RM→ abstr. -0.3% 1.2% [-2.7,2.1]
RC→ abstr. 0.6% 1.6% [-2.5,3.7]

Switch up NRM→ abstr. -1.1% 1.2% [-3.5,1.2]
RC→ RM -2.9% 1.9% [-6.5,0.8]

NRM→ RM -3.4% 2.1% [-7.4,0.7]
NRM→ RC -1.5% 2.2% [-5.7,2.7]

abstr. → RM 0.0% 0.9% [-1.7,1.7]
abstr. → RC -0.1% 0.7% [-1.5,1.3]

Switch down abstr. → NRM 0.1% 0.4% [-0.6,0.8]
RM→ RC -1.1% 1.0% [-3.0,0.8]

RM→ NRM -2.3% 1.2% [-4.7,0.1]
RC→ NRM -1.5% 1.3% [-4.1,1.1]

Notes: RM stands for routine manual. RC stands for routine cognitive. NRM

stands for non-routine manual

A.3 Further Information on Task Price Estimates

The following subsection provides further details on the estimation of the task prices on different specifications.

For completeness, the tables A.3 and A.4 present the coefficients of the specifications discussed in section 4 and

presented in table 1.

Figures A.1 and B.6 plot the task prices over time for the UK and Germany, respectively. For each country, the first

four graphs correspond to the coefficients associated to the model specified in column 2 to 4 of table 1.

In the last row, we add two additional robustness checks. The left graph plots the coefficients estimated on a

subsample of workers, after we exclude agriculture and fishery workers.

Finally, the right panel in the last row is based on a similar model as the one in the fourth column of table 1.

Here, however, we consider an indicator of occupational tenure instead of job tenure. The indicator of occupational

tenure follows Kambourov and Manovskii (2009). Tenure results from the number of consecutive years we observe

an individual in the same broad occupational group. The years of tenure cumulate until we observe a switch. An

occupation switch occurs if an individual’s current sector is different from the group of the previous year, without

conditioning on an employer or job switch. Notice that to account for respondents not being interviewed in certain

waves but reappearing later, when there is a gap year we replace the missing information about the sector with the

sector of the previous year, if it is the same as the sector in the following year. Notice as well that if a worker

is unemployed for a given period, the years of tenure before the unemployment spell are not added to the years

following the spell, even if the individual works in the same broad occupational group. Despite the differences with
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the indicator of job tenure, however, the figure shows that the results are consistent with those in the fourth column

of table 1.

As the figures show, the results are consistent with those in the main analysis.
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Figure A.1: Task prices for the UK
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The vertical dashed line indicates the common period in the two data sets, from 1991 to 2008.
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Figure A.2: Task prices for Germany
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B Appendix to Section 4: Robustness Exercises

In this section, we check whether the results in the main analysis are robust to alternative ways of classifying

occupations.

B.1 Corrected Measure of Occupation

As mentioned in Section 3, occupational status may suffer from measurement error, which may differ systematically

with the different type of interviewing technique. In Section 3 we explain how the interviews are conducted for

BHPS and GSOEP and how that affects the measurement error. In this section we describe the method we use to

address this issue.

With BHPS, we mainly base our correction on the variable indicating the year when a given job has started.

Specifically, each respondent is asked the following question: “What was the date you started working in your

present position? If you have been promoted or changed grades, please give me the date of that change. Otherwise

please give me the date when you started doing the job you are doing now for your present employer.” We follow

a series of steps. First, we correct for inconsistencies in this variable. For example, if the year is 1991 for the

waves of 1995 and 1996, and the year is 1989 for the wave of 1997, we recode the latter as 1991. Second, we use

the year when the respondent has changed job to correct the ISCO-88 code. For example, we check whether the

respondent reported a change in his employment position with respect to the previous year and we compare the

recorded occupation. We change the occupational code to that of the previous year if there are differences and the

respondent has reported no changes. Finally, we correct for 1-year switches that were not affected by the previous

steps. By 1-year switches we mean, for example, a worker with a given occupational code for at least a couple of

years before and after 2001, and a different code in 2001. In that case, we recode the occupational code of the year

2001.

With GSOEP, we use a similar procedure. We combine a variable indicating the year since when the respondent

is at the current employer with an indicator if anything in the respondent’s job situation has changed since the

previous interview. First, we check whether there are inconsistencies in the variable indicating employer’s tenure.

Then, we correct the ISCO-88 occupational codes according to the combination of these two variables, just as for

the BHPS.

As mentioned in section 3, figures B.1 and B.2 plot the mobility rate on the uncorrected and on the corrected task

measure. The mobility rate is computed as the share of workers who change their task from that in the previous

year with respect to the overall sample of workers. The figure clearly shows that, for both surveys, the mobility

rate is much higher in the years when the respondents are asked about their precise occupation. As mentioned in

the main section, this has happened in the BHPS since 2006, when independent interviews were introduced. In the

GSOEP, this occurs in the years with full interviews.

Figure B.3 reports the occupational wage premia estimated on the baseline model (2nd column of table 1) and

based on the corrected version of the occupational group. The figure shows that the results are almost identical to

those in the main analysis.
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Figure B.1: BHPS: Mobility rate computed on the original task measure and on the corrected measure
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Notes: Mobility rate computed as the year-on-year switches between our four task groupings. Picture is based on a sample of 16 to 64 y-o
men

Figure B.2: GSOEP: Mobility rate computed on the original task measure and on the corrected measure
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Figure B.3: Task prices based on alternative catagorizations of tasks
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The vertical dashed line indicates the common period in the two data sets, from 1991 to 2008.

B.2 Task prices computed on alternative classifications

B.2.1 National classifications

In section 3 we described the assignment of employment into occupations based on the ISCO-88 classification,

which is designed for international comparability. In fact both the GSOEP and BHPS dataset also contain classifi-

cations based on domestically-used classifications. The two classifications are explained below.

The classification in GSOEP was created by the German Federal Statistical Office in 1992 (KldB 92). The original

structure was elaborated at the end of the 1960s. Since then, the Federal Statistical Office has updated it, in order

to account for the technical and social development. Differently from ISCO-88 and the national classifications

based on the Standard Occupation Classification (SOC), where the skills needed or tasks involved are the key to

define the groupings, the six major groups of KldB are based upon the sector. These are, in order : “Occupations

in agriculture,veterinary, forestry and horticulture”; “Miners, mineral workers”; “Manufacturing occupations”;

“Technical Jobs”; “Service workers”; “Other occupations”. Service workers include sales and clerical occupations,

and educational professionals. Teachers, university lecturers, psychologists are classified under the minor group

“Other service occupations”. All these groups list managerial occupations. This structure makes it difficult to

derive a task categorization as the one based on SOC. Indeed, the majority of the relevant literature on Germany

either uses additional information to group the KldB according to the task content of the occupation or selects other

occupational classifications, such as ISCO-88.33

33For example Black and Spitz-Oener (2010) combine the KldB and the “Qualification and Career Survey”. The grouping of Goos et al.
(2009) is based on ISCO. An exception is Kampelmann and Rycx (2011), who use GSOEP and some tailored questions in the survey to
create task measures. However, this question was only collected for the employees in 1985, 1987, 1989, 1995 and 2001.
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The reference occupational classification in the BHPS is the Standard Occupation Classification (SOC). The mem-

bers of the original BHPS sample are classified in terms of the the 1990 Standard Occupational Classification

(SOC90) for the whole period, even after the introduction of the 2000 Standard Occupational Classification. This

is an advantage given that there is no perfect correspondence between the two classifications.34 The SOC90 is very

similar to the US SOC classification used in Acemoglu and Autor (2011).

Given the shortcomings of KldB 92, we do not use this classification for our analysis. Instead, we check the

robustness of our results on occupational groupings based on the UK SOC90 classification, for both the UK and

Germany.35 We construct four broader groups by merging the nine occupational categories of the 1990 SOC, like

we did with ISCO-88.36 The first includes all the cognitive non-routine occupations: these are, ‘Managers and

administrators’, ‘Professional occupations’, ‘Associate professional and technical occupations’. The second cluster

is for the occupations involving manual and routine tasks, and comprises ‘Craft and related occupations, plant

and machine operators’. The third group includes the jobs who are predominantly characterised by cognitive and

routine tasks: ‘Clerical and secretarial occupations’, and ‘Sales occupations’. The fourth group consists in the

occupations that involve mainly manual and non-routine tasks: ‘Personal and protective service occupations’, and

‘Other occupations’.

Figure B.4 plots the share of workers in the four occupational groups over time, as in figure 1. When we compare

the two figures, it is worth underlining that for the UK the patterns are almost identical. For Germany, about 5% of

workers who were classified as abstract according to ISCO-88 are here classified as routine cognitive.

Despite these differences, however, figure B.5 indicates that the occupational returns computed on the SOC90

classification are consistent with those based on the ISCO-88, in figure 5. The only difference is the higher returns

for routine cognitive occupations in Germany, which may be attributed to the different categorization of routine

and abstract workers, as explained above.

B.2.2 Measures of occupation based on the US occupation classifications

This section presents the estimates of task prices based on the US Department of Labor’s Dictionary of Occupa-

tional Titles (DOT) and its successor, the Occupational Information Network (O*Net). Scholars have not only used

these classifications for US studies (such as Autor et al. 2003; Autor and Dorn 2013) but also for cross-country

comparisons (such as Goos et al., 2009).

For comparison with the existing literature, we classify occupations in three categories: abstract, routine and

manual. In order to have a clearer idea of how this relates with our study, the first two panels in figure B.6 plot the

task classification that we have used so far, but where we aggregate routine manual and routine cognitive activities.

34This is well illustrated in the technical report of the Office for National Statistics (Beerten et al., 2001). The report is based on the Labour
Force Survey (LFS) for the summer quarter of 2000. This LFS is dual coded to both the 1990 and the 2000 SOC to clarify the impact of the
revision in the SOC. According to that report, only 70% of the occupations are in the same major groups using the summer 2000 Labour
Force Survey Data. When considering the task content of each occupation, only 61% of the 2000 occupations can be unambiguously
attributed a task following the 1990 classification. For 30% of the cases, there are two concurrent tasks. Three tasks correspond to the same
2000 occupational code in 8% of the occupations. Finally, around 1% of 2000 occupational codes could be expressed equally in terms of
all four tasks of the SOC90. Obviously, the risk would be to observe a change in the task content of the occupation which is only due to the
change in the used classification.

35We derive the occupation for Germany in terms of SOC90 by using the correspondence between SOC90 and ISCO-88.
36Example of another UK study that uses the same methodology is Salvatori (2015).
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Figure B.4: Employment patterns by SOC90 classification
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Figure B.5: Task prices based on alternative catagorizations of tasks
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Notice that for this exercise we only use the subsample of workers with standard ISCO-88 classifications.37

The crosswalk we construct aims at creating a correspondence path between the main tools used to categorise the

main task content of occupations (DOT, O*NET) that are based on the US Standard Occupational Classification

and different classification systems (Census Occupational Classifications and ISCO of various years). This work is

not original. Our contribution, however, consists in unifying the process for different scales (DOT and O*Net) and

different occupational classification (US Census Occupation Classification and ISCO).

Specifically, we proceed in different steps. First, we use a set of specific measure indicators from the DOT and

the O*Net to classify occupations into task groups. These variables are associated to occupations based on the

US Standard Occupational Classification. Therefore, the second part of the process consists in matching these

occupations into the classifications that are present in the main datasets (such as Census Occupation Classification

for US surveys and ISCO for European datasets). We will do this in several steps.

We use the datasets developed by Autor et al. (2003) that contain two versions of DOT (1977, 1991) associated to

the 1990 US Standard Occupation Classification. As per the O*Net, we select the variables of the 2006 version

that are associated to the 2000 US Standard Occupation Classification. Then, we convert the 1990 and 2000

Standard Classifcation Occupations into an harmonised version of the 1990 Census Occupation. This harmonised

classification, developed in Dorn (2009), is very useful for analyses of occupational patterns, as it harmonizes the

occupation classifications of the 1950, 1970, 1980, 1990, and 2000 Censuses and of the 2005 American Community

Survey. It can be particularly helpful, for example, on datasets that cover a long period, such as PSID, where the

occupational classification changes over time (e.g. PSID is based on the 1970 and the 2000 Census Occupation

Classifications).

Although we do not use it in this analysis, for completeness, we report the code to match the harmonized 1990

classification with the 1970 and 2000 standard COC, based on the crosswalk used for Autor and Dorn (2013).

For the European datasets we exploit the fact that most contain the ISCO classification. For both BHPS and GSOEP,

we use ISCO88, which is available for all the waves. We match the ISCO classification with the harmonised

1990 Census Occupation. We do this in subsequent steps. First, we convert ISCO-88 into the 2000 US Census

Occupation Classification. Then, we translate the 2000 US COC to the harmonised 1990 COC, using the crosswalks

of Autor and Dorn (2013).

The steps used to categorize occupations into tasks using DOT and O*Net are similar. In particular, we first convert

the ISCO-88 into the 2000 Census Occupation Codes (COC). We employ the crosswalks used in Autor and Dorn

(2013) in order to convert the DOT (and O*Net) SOC occupations to the 2000 census occupations. Specifically, for

the DOT measures we rely on the 1990 Census classification, as modified in Dorn (2009). This classification is very

useful for analyses of occupational patterns, as it harmonizes the occupation classifications of the 1950, 1970, 1980,

1990, and 2000 Censuses and the 2005 American Community Survey. Second, we use a set of specific measure

indicators from the DOT and the O*Net to classify occupations into task groups. To construct the task indicators

we use US employment shares as weights, as in Goos et al. (2009). Third, we compute the relative task share for

each task and each occupation, as the ratio between the score for a task for a given occupation and the mean for that

37Notice that both in BHPS and in GSOEP workers are sometimes assigned a more general 4-digit ISCO-88 code. This can end with a
0, often when the provided job description does not allow assignment at the 4-digit level. Because in the main analysis, we assign the main
tasks on the basis of 1-digit occupational groups, we keep these observations in our sample. These codes, however, are not included in the
available crosswalks. We exclude them to have the same sample used for the US classifications.
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task across occupations. These shares indicate the task intensity of a given occupation. Finally, we attribute to each

occupation the task with the highest share for that occupation. Notice that not all occupations have measures for

task. When it is possible we substitute their values with the mean values of the closest groups. For example, The

category ‘43-2021 Telephone Operators’ does not have these variables. However, we have these values for ‘43-

2011 Switchboard Operators, Including Answering Service’ and ‘43-2099 Communications Equipment Operators,

All Other’. Therefore we assign the mean values of the two latter to the former.38 Additionally, we attribute the

‘Legislators’ to the abstract group.

Although similar in their structure, the DOT and the O*Net have different indicators. As with the DOT, we follow

Autor and Dorn (2013) and define the content of abstract tasks with the average score from the variables GED-

MATH (about quantitative reasoning requirements) and DCP (direction, control, and planning of activities). We

identify routine tasks with the score on finger dexterity (FINGDEX) and an indicator of the adaptability to work

that requires set limits or standards (STS). Finally, we use a variable that detects the importance of eye, hand and

foot coordination (EYEHAND) for manual tasks.

We select the same O*Net variables of Acemoglu and Autor (2011) to reproduce a classification based on three main

groups. Specifically, seven indicators of analytical and interpersonal skills are used to define abstract activities. We

use six indicators of routine activities, among which variables that measure the importance of repetition, the role of

structured versus unstructured work and the role of controlling machines or processes. Finally, 5 variables measure

non routine manual activities.39

The second and last rows of figure B.6 report the task prices estimated on the DOT and on the O*Net, respectively.

The results are consistent with the classification based on ISCO-88. It is interesting to notice, though, how the

selected classification affects the results. This is particularly apparent when looking at the graphs based on the

US DOT and O*Net. The omitted category here is the group of occupations including routine manual and routine

cognitive activities. Figure 5 in the main section indicates that in the UK the task prices of cognitive routine

occupations declined compared to those of manual occupations. Indeed, here the task prices of manual occupations

grow compared to the omitted category. The opposite is true for Germany. Indeed, figure B.6 shows that the task

prices of manual routine are flat or slightly declining with respect to those of the omitted category. For Germany,

task price growth for abstract occupations is reduced once we aggregate routine manual and cognitive workers.

38Notice that excluding these categories does not affect the results as the number of occupational codes with missing values is low.
39In details they are the following. Abstract: Analytical 4.A.2.a.4 Analyzing data/information 4.A.2.b.2 Thinking creatively 4.A.4.a.1

Interpreting information for others 4.A.4.a.4 Establishing and maintaining personal relationships 4.A.4.b.4 Guiding, directing and motivating
subordinates 4.A.4.b.5 Coaching/developing others; Routine 4.C.3.b.7 Importance of repeating the same tasks 4.C.3.b.4 Importance of
being exact or accurate 4.C.3.b.8 Structured v. Unstructured work (reverse) 4.C.3.d.3 Pace determined by speed of equipment 4.A.3.a.3
Controlling machines and processes 4.C.2.d.1.i Spend time making repetitive motions. 4.A.3.a.4 Operating vehicles, mechanized devices,
or equipment Manual 4.A.3.a.4 Operating vehicles, mechanized devices, or equipment 4.C.2.d.1.g Spend time using hands to handle, control
or feel objects, tools or controls 1.A.2.a.2 Manual dexterity 1.A.1.f.1 Spatial orientation 4.A.4.a.4 Establishing and maintaining personal
relationships.
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Figure B.6: Task prices based on US occupation classifications
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C Appendix to section 5: Allowing for shocks

In this appendix we examine the effect of allowing for shocks on the key identifying moments. We do this to

allow for some (simple) mechanism other than price changes to generate occupational switches. The analysis is

similar whether we allow for transitory shocks to (occupation-specific) wages or shocks to preferences. Here we

model preference shocks. We also look exclusively at the variance of wages for switchers; this is a key moment in

the identification of the covariance structure, and the moment that seems most susceptible to different modelling

assumptions.

As in section 5, we base the analysis around 2 occupations. Suppose there are 2 periods t = 1 and t = 2. For

simplicity we remove the effect of observable characteristics. These could be added as in section 5, but would

change the analysis little.

We need only consider shocks εit which capture relative preferences for the abstract occupation at time t. We

are interested in switchers both from non-abstract to abstract and vice versa. The switchers from non-abstract to

abstract satisfy:

γia− γio + ε1 < θo1−θa1

γia− γio + ε2 > θo2−θa2

with a similar expression for the reverse switchers. We reduce the dimensionality of the problem by considering

the following variables, ηi1 = γia−γio+ε1 and ηi2 = γia−γio+ε2, which capture the net preference for the abstract

occupation in periods 1 and 2 respectively. Using the same notation for standardized random variables as in the

main analysis we use the following orthogonalization:(
γ∗ia
γ∗io

)
= B

(
η∗i1
η∗i2

)
+

(
ξ ∗ia
ξ ∗io

)

where B contains functions of correlation coefficients, and

(
ξ ∗ia
ξ ∗io

)
is independent of

(
η∗i1
η∗i2

)
. Intuitively, the

initial and final periods give repeated measures of the underlying difference in skills.

Henceforth we drop i subscripts for ease of notation. It is useful to define some correlations. First define

σ
2
d ≡Var (γa− γo)

Further define:

σ
2
η ≡Var (ηt) = σ

2
d +σ

2
ε

for t = 1,2. Then define:

ρ12 ≡Cov(η∗1 ,η
∗
2 ) =

σ2
d

σ2
η
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Finally define:

ρaη ≡Cov(γ∗a ,η
∗
1 ) =Cov(γ∗a ,η

∗
2 ) =

1
ση

(σa−ρσo)

ρoη ≡Cov(γ∗o ,η
∗
1 ) =Cov(γ∗o ,η

∗
2 ) =

1
ση

(ρσa−σo)

The first task is to compute the matrix B. In fact, it is easy to check that the columns of B are identical. Therefore

let the rows of B be indicated by generic elements ba and bo. To compute B we use the covariance restrictions. For

example:

ρaη ≡Cov(γ∗a ,η
∗
1 ) =Cov(baη

∗
1 +baη

∗
2 +ξ

∗
a ,η

∗
1 )

= baVar (η∗1 ,η
∗
1 )+baCov(η∗2 ,η

∗
1 )

≡ ba +baρ12

Using similar restrictions we generate the following matrix equation:(
ρaη ρaη

ρoη ρoη

)
= B

(
1 ρ12

ρ12 1

)

Inverting this equation gives:

B =
1

1+ρ12

(
ρaη ρaη

ρoη ρoη

)

We can then compute Σξ , the covariance matrix of ξ . In fact, we only use the diagonal elements. To compute these

we use, for example, the following identity:

Var (γ∗a ) =Var (ba (η
∗
1 +η

∗
2 )+ξa)

=⇒ 1 = b2
a (2+2Cov(η∗1 ,η

∗
2 ))+Var (ξa)

= 2b2
a (1+ρ12)+Var (ξa)

=
2ρ2

aη

(1+ρ12)
+Var (ξa)

We therefore have:

σ
2
ξa
= 1−

2ρ2
aη

(1+ρ12)

σ
2
ξo
= 1−

2ρ2
oη

(1+ρ12)

As in the main analysis we can then generate a generic description of the variance of productivities given some

conditioning set. If Λ indicates the conditioning statement, and letting j indicate an occupation, and assuming ξ j
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is homoskedastic conditional on Λ, then

Var (γ j|Λ) = σ
2
j Var (b j (η

∗
1 +η

∗
2 )+ξ j|Λ)

= σ
2
j
(
b2

jVar (η∗1 |Λ)+b2
jVar (η∗2 |Λ)+2b2

jCov(η∗1 ,η
∗
2 |Λ)+Var (ξ j)

)
(6)

As in the main analysis, we first quantify Var (ξ j) = 1− 2ρ2
jη

(1+ρ12)
. Define x = σ2

ε

σ2
d

, so that x indicates the size of

preference shocks relative to differences in underlying productivities. For example, if there are no preference

shocks then x = 0. Also let ρ̃ jη be the value of ρ jη in the absence of preference shocks. In this case

Var (ξ j) = 1− 2
√

1+ x
2+ x

(ρ̃ jη)
2

In a Taylor series expansion of Var (ξ j) around 1− (ρ̃ jη)
2, the term 2

√
1+x

2+x disappears at order 1. Therefore

Var (ξ j) = 1− (ρ̃ jη)
2 +O

((
σ

2
ε

)2
)

We conclude that for realistic values of σ2
ε (discussed below), then the presence of preference shocks has almost

no effect on this moment.

We next examine the conditional variance moments, such as Var (η∗1 |Λ). For those switching from non-abstract to

abstract, the conditioning statement is

Λ : η
∗
1 < β&η

∗
2 > β

where β represents the standardized selection thresholds, which we now consider as constant over time. The

conditional variances depend on the shape of the joint distribution

(
η∗i1
η∗i2

)
. Here we use the example of the

gaussian distribution. In this case we can characterize the conditional variances using the formulae from, for

example, Muthen (1990) on moments of the truncated bivariate gaussian.

Let π represent the mass of individuals in set Λ. Furthermore, let c = 1/
√(

1−ρ2
12

)
. Then we have the following

solution:

πVar (η∗1 |Λ) = π−βφ (β ) [1−Φ [(β (1−ρ12))c]]+ρ
2
12βφ (β )Φ [(β (1−ρ12))c] (7)

We can obtain similar expressions for Var (η∗2 |Λ) and for Cov(η∗1 ,η
∗
2 |Λ).

We could similarly perform a Taylor-series expansion around σ2
ε = 0 in expression 7. It is simpler to use a calibra-

tion. To do this, first we need to quantify x, the ratio of preference shocks to permanent productivity differences.

If f () is the joint distribution of

(
η∗i1
η∗i2

)
, then the mass of people switching as a function of the standardized

threshold β is

Proportion switch(β ) =
[∫

β

−∞

∫
∞

β

f (x,y)dxdy
]
+

[∫
∞

β

∫
β

−∞

f (x,y)dxdy
]

In the data we observe at most 10% of individuals switching broad occupations in every year. Therefore this can be

used as an upper bound on the quantity of switching, which is in fact generally smaller. To pin down the variance

precisely we need to specify β . Here we calibrate at a standardized threshold of β = 0. This implies that x = 0.05,

i.e. the variance of ε is only be 5% of the variance of γa− γo.
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Plugging in these numbers gives a conditional variance, Var (η∗1 |Λ), of around 2% of the variance of γa− γo, and a

conditional covariance of around 0.01% of the variance of γa− γo. We conclude that that these variance terms are

quantitatively small and that preference shocks do not contribute quantitatively to the variance of switchers.
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