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Abstract

In this paper, I argue that occupational reallocation plays a crucial role in the determining
the distributional consequences of lower import prices. Adjustment to lower foreign prices can
be protracted and costly, even intrasectorally. To quantify these effects, I estimate a dynamic
model of the Danish labor market, and find very large frictions to occupational mobility. A
counterfactual based on the observed changes in import prices from 1996 to 2005 reveals an
adjustment period of several years. Welfare increases for all workers, but the dispersion across
workers is large relative to the average gain, with very different patterns in the short and long
run.

1 Introduction

Free trade can create winners and losers, both in the short and long term. Often, these distributional

consequences arise from economic activity shifting across industries, firms, and occupations. In

particular, recent theoretical work (Grossman and Rossi-Hansberg, 2008) and empirical evidence

(Autor et al., 2014) have shown that much reallocation is not only across sectors, but also across

occupations within sectors—e.g., substitution from routine tasks such as machine operation, to

knowledge-intensive tasks such as research and design. Hence, ignoring the occupational dimension

may underestimate the potential costs of globalization. Yet, the extant empirical literature in trade

has focused on the role of either industries or firms, largely ignoring this intrasectoral margin.

At the same time, the trade literature has only recently begun to seriously address the dynamic

gains and losses from trade. Many questions about the distributional consequences of trade are
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only answered by comparing different long run outcomes, treating reallocation as completely fric-

tionless process for mobile factors, while treating other factors as completely immobile. A spate of

recent work (e.g., Dix-Carneiro (2014) and Autor et al. (2013)) has used a dynamic choice frame-

work to explore the process of reallocation more realistically. However, different computational or

econometric hurdles have forced this papers either to ignore worker heterogeneity or focus on large

sectoral adjustments, ignoring the occupational margin of adjustment that occurs within broad sec-

tors. This paper addresses these gaps by providing an estimable structural model that quantifies

the distributional consequences and dynamic costs of trade across occupations.

The basic building block of the model is a dynamic occupational choice: in each period, workers

choose their occupation by weighing their menu of incomes against the costs of switching occu-

pations. These costs include both direct utility costs as well as income lost from non-transferable

human capital. Trade shocks reduce the demand for labor in some occupations while increasing it

in others, inducing workers to engage in costly readjustment. The estimated model can be used

for counterfactual analysis, including asking the question of what happens when import prices de-

cline. The estimation and counterfactual analysis uncover three major findings: first, occupational

mobility frictions are on the same order of magnitude as sectoral mobility frictions; second, and

relatedly, the large frictions induce substantial intra-sectoral heterogeneity in outcomes as well

as a long adjustment period; finally, workers vary substantially in both observed and unobserved

productivity, which translates to differences in the ability of workers to successfully adjust.

The model incorporates rich heterogeneity across workers in order to analyze differences across

education, age and unobservable productivity. Controlling for this heterogeneity allows for more

precise estimations of the forces governing reallocation. More importantly, it allows me to explore

the welfare consequences for workers along these dimensions. The cost of this heterogeneity, as

well as incorporating a large choice set for workers, is usually a loss of tractability. In particular,

solving the model many times is computationally burdensome and makes estimation using standard

likelihood or simulation methods infeasible. To circumvent this issue, I use conditional choice

probability techniques to reduce estimation to a series of nonlinear regressions. This regression

framework has three benefits: first, it does not require solving the model explicitly; second, so

long as expectations are rational, no parametric approximation of expectations is necessary; finally,

parameters are identified transparently from the sensitivity of worker flows to wage differentials.

In the regression, identification stems from variation in career trajectories. Intuitively, how much

career switching increases in response to changes in income identifies the elasticity of occupational

2



mobility, while the pattern of switching identifies the frictions across occupations. These two sets

of parameters in turn determine both the speed of adjustment to a wage shock, and the types

of occupations affected workers switch into. The actual procedure is complicated by the presence

of worker heterogeneity and continuation values, which represent two sources of unobserved labor

supply shocks in my model. To overcome the problem of unobservable productivity differences, I use

a pseudo-likelihood method to separate workers into a finite set of types. To deal with continuation

values, I exploit the fact that demographically identical workers moving into the same occupation

receive the same continuation value, regardless of their initial state. My method builds on Scott

(2014), and is closely related to the concept of finite dependence proposed by Arcidiacono and

Miller (2011), who demonstrate formally that differencing across workers with the same initial and

final states controls for unobservable initial conditions and continuation values.

Finally, I address one last obstacle to estimation: the dimensionality of the parameter space. In

particular, the number of pairwise switching costs grows quadratically in the size of the choice set.

To circumvent this issue, I use the idea of projecting goods onto an attribute space, suggested first

by Lancaster (1966), and used extensively in the industrial organization literature (e.g., Berry et

al. (1995)). I treat occupations as a bundle of elementary tasks, each with a different importance

weight. For example, machine workers spend substantial time on routine tasks involving manual

dexterity and spatial acuity and less time on tasks involving mathematics or information processing.

With this projection in hand, I approximate costs by pricing movement in task space.

I estimate large and heterogeneous moving frictions across occupation, with the median cost of

moving being on the order 4 years of income. Moreover, I find that the median cost of moving within

sectors across occupations is 1.7 times larger than the cost of moving across sectors but keeping

one’s occupation. Despite these steep costs, intrasectoral movements account for nearly half of all

observed reallocation. In addition to the costs of switching occupations, I find large returns to

occupational specific tenure. My results echo recent findings in the literature (e.g., Kambourov

and Manovskii (2009b)) on the importance of occupation specific capital. The mix of occupational

specific human capital and high frictions point to a potential bias in models exclusively focusing

on intersectoral adjustment; in pooling together workers moving only across sectors with those

switching both occupations and sectors, these models may bias downwards the estimated frictions

of the latter group.

Steep frictions to switching occupations, a result of switching costs and foregone specific human

capital, can have two effects: (1) adjustment to external shocks can be slow, as workers wait for
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favorable idiosyncratic shocks to compensate for costs; (2) workers are motivated to move within a

narrow band of similar occupations. To explore the importance of these frictions for understanding

trade liberalization, I embed my estimated labor supply model in a small open economy. The econ-

omy features a highly disaggregated input-output matrix, which yields substantial heterogeneity

in the elasticity of substitution between imported goods and occupations. I then run a simulation

comparing what would happen in Denmark if foreign prices were fixed at their 1996 levels instead

of moving as they do in the data.

I draw three results from this exercise. First, there is a sharp distinction arises in outcomes

between the short and long run. In the short run, which I take to be one to ten years, the impacts of

trade shocks are more dispersed across occupations than across industries. This is especially true in

the tradable sector where the differences in effects on skill prices between the most and least affected

occupation are larger than the total gains from trade. In the long run, these intrasectoral differences

settle down. Moreover, the ranking of the effects on skill prices changes over time, implying that

measures of the relative effects of trade depend on the time horizon under consideration.

Second, I find that using real wages to adjust for the effect that trade has on the price level can

flip the sign on the effects of trade for nearly all workers. In particular, while a focus on nominal

or relative income suggests clear winners and losers, all workers gain in real terms once changing

prices are taken into account. Concretely, the input-output structure in the economy means that

lower foreign prices have a “productivity enhancing effect.” By leading to cheaper input across the

board, the aggregate price index falls enough to fully compensate all workers. However, this result

is reliant on how I treat capital and trade deficits—the path of which differ across countries and

time periods.

As a final point, I show that analyzing lifetime income is an incomplete picture of lifetime

welfare. Because of the change in real prices, workers gain uniformly in terms of lifetime welfare,

but some workers may still lose earnings by switching into relatively lower paying occupations. In

the counterfactual analysis, roughly 5% of workers in the initial cohort exposed to the trade shock

lose in terms of lifetime earnings. However, they are compensated by non-pecuniary benefits and

option value. This highlights the importance of accounting for the full dynamic effects of trade

shocks, as well as unobservable benefits, in assessing worker outcomes.

My paper is related to several literatures. First and foremost is the literature on how trade

shocks affect workers. Many authors in this work have focused on comparisons of workers in import

competing sectors, locations or firms to other sectors, locations or firms (e.g., Revenga (1992), Autor
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et al. (2013), Autor et al. (2014), Hummels et al. (2014)). There is also a growing literature on

labor market adjustment in response to trade shocks.1 Many papers have focused on adding labor

market frictions into a heterogeneous firms framework (e.g., Helpman et al. (2012), Coşar et al.

(2016)). Others, in particular, Dix-Carneiro (2014), Artuç et al. (2010) and Caliendo et al. (2015),

have used models similar to mine to address questions of worker dynamics as well as the general

equilibrium consequences of trade in a dynamic setting. To this literature, I add an intrasectoral

margin in a model that also allows for a rich exploration of heterogeneity in outcomes. While

past work (e.g., Ebenstein et al. (2014), Harrigan et al. (2016), and Keller and Utar (2016)) has

highlighted the occupational margin in trade, I develop a model that allows for occupational choice

to enter into a fully dynamic general equilibrium model. The closest direct analog to this paper is

Artuç and McLaren (2012) who allow for limited occupational choice. However, while they focus on

white-collar/blue-collar work, I allow for a large number of horizontally differentiated occupations.

My paper also contributes to the growing literature on the importance of occupational reallo-

cation for understanding labor markets more generally. For example, Kambourov and Manovskii

(2009a) discuss the importance of occupational transitions for more general macroeconomic phe-

nomena, such as inequality. Similarly, Huckfeldt (2016) shows that occupational reallocation plays

a key role in the scarring effects of recessions; in particular, he shows that among separated workers

it is those who change occupations when becoming reemployed who suffer long run wage losses. My

paper adds to this literature by offering precise and credible estimates of important parameters in

this literature, such as returns to occupational tenure and the elasticity of occupational switching

with respect to wage differentials. Moreover, I demonstrate that this occupational margin matters

for understanding trade.

The rest of the paper proceeds as follows. First, I briefly summarize the Danish labor market and

the connections to import competition in Section 2. In Sections 3 and 4, I outline my econometric

model and the estimation strategy used to recover key parameters. Section 5 briefly describes how

I construct a measure of occupations and tasks. In sections 6 and 7, I turn to my results and

counterfactual experiments. The final section concludes.

1This literature is clearly related to an old literature related to specific factors and the adjustment of factors
to trade liberalization. Mussa (1978), for example, considered the dynamics of capital adjustment in a small open
economy, Heckscher-Ohlin setting which is similar in spirit to my final model. The modern adjustment literature
brings data to bear on these questions and focuses on labor instead of capital.
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2 Stylized Facts on Occupational Switching and Trade

The Danish labor market is one of the most fluid in Europe. Starting with a series of reforms in

the early 1990s aimed at reducing high unemployment, Denmark has adapted a series of measures

that encourage worker churn, while providing ample social insurance.2 The mixture of generous

social insurance and activist labor market policies has been termed “flexicurity.” While it remains

rigid relative to the United States, the fluidity of the Danish labor market leaves substantial room

for reallocation dynamics to be modeled and studied. In the remainder of this section, I present

some basic facts on occupational churn and the importance of occupations for explaining the income

distribution. I also document the rapid growth in imports and how exposure to import competition

correlates with occupational growth.

2.1 Occupations in Denmark

This subsection presents several cuts of the data to document the role of occupations in the Danish

economy. In discussing occupations, I focus on two digit ISCO codes, while for sectors I focus on

four broad areas of activity: manufacturing, FIRE industries, health & education, and all other

services.

The vibrancy of the Danish labor market can immediately be seen in the rates of occupational

switching in Denmark over time. Figure 1 plots the time series of transitions over time. Even at

the two-digit level, workers move across occupations at a rate of over 10% per year, which is close

to numbers in the United States.3 There is a noticeable uptick in 2007 and 2008, likely driven

by the crisis, but even from the period preceding 2005, the average switching rate is above 10%.

The exact breakdown of within and across sectoral switching depends on the aggregation of sectors

versus occupations; so the lower rate of sectoral transitions may be an artifact of how the data is

cut. Nevertheless, the plot suggests that intrasectoral movement, intersectoral movement with an

occupational switch, and intersectoral movement without an occupational switch are all occurring

at similar magnitudes, and that these magnitudes are quantitatively important.

The aggregate numbers above obscure the substantial heterogeneity in switching across workers.

To explore the importance of worker characteristics, figure 2 plots the hazard rate of switching

2For more on the Danish labor market and how it compares to other European countries, see either Handeliowitz
(2008) or OECD (2013).

3Kambourov and Manovskii (2009a), in the working paper version of their work, find a switching rate for the US
of about 15% for similarly disaggregated occupational codes. Moreover, my number is a lower bound due to some
aggregation discussed in the data appendix.

6



Figure 1: Patterns of Switching Over Time
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Notes: Transition defined as changing occupation status from occupation when last employed, and does not
include transitions into non-employment. Data from sample frame, as discussed in the appendix. An
occupation is defined as an ISCO 2 digit code. Manufacturing includes construction, agriculture and
utilities and corresponds to NACE 1 2-digit codes 0-45; FIRE refers to NACE 1 2-digit codes 64-74; Public
Services refer to NACE 1 2-digit codes 75, 80, 85-90; Other Services contains all remaining codes.

with respect to both age and occupational tenure. There is a sharp drop along both margins. For

example, having 6 years of occupational tenure makes one 20% less likely to move compared to

those who have just started.4 This cross-sectional variation will be important for identification, as

it means that workers with different characteristics will not respond identically to the same skill

prices differentials.

Figure 2: Hazard Rate of Occupational Switching
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Notes: This plots the hazard of occupational switching (not including transitions into
non-employment) against different variables. Occupations are author-defined and details are in text.
This includes data on all individuals included in the sample frame, and pools across all years and
individuals.

Turning to income, I focus on the importance of occupations in explaining the cross-sectional

4The numbers are very close to Groes et al. (2015), who use the same dataset.
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distribution of income. I do so through a series of variance decompositions,c each time comparing

the between occupation contribution to firms. The latter are a useful benchmark, given how

extensively firms have been studied in the literature. First, I look at the between and within

components of a simple decomposition of income across occupations. In this specification, and all

others, I include several definitions of occupation as a robustness check. I also look at the variance

in residual income, as suggested by Kambourov and Manovskii (2009a) and Helpman et al. (2012).

Table 1 displays the percent of variance explained by each variable across different specifications.

Table 1: Variance Decomposition of Income

(1) (2) (3)

ISCO 2 Dig. 11.52 9.14 10.85
ISCO 3 Dig. 14.62 12.09 14.16
Author Defined 11.84 9.73 11.87
Firm 17.98 18.32 13.55

Notes: Variance decomposition of income based on sample frame. (1) uses raw income
with no controls; (2) based on residuals from a regression of income on age (quadratic),
skill and time fixed effects; (3) based on residual from a full set of controls, limited to
firms with at least 5 employees in every year. ISCO 2 and ISCO 3 codes based on ILO
classifications. Firms defined by tax ID, pooling plants. Data details in appendix.

The first specification includes no controls while the second and third specification use the residuals

from a Mincer regression with standard covariates.5 Specification three conditions on firms being

of a minimum scale. In all specifications, one can see that occupations explain a sizable percentage

of variance in incomes. In specification three, the 24 ISCO two digit codes have nearly as much

explanatory power as thousands of firm level fixed effects. To further explore the importance of

occupations for understanding income dynamics, table 2 repeats the exercises above, but includes

firm and occupation fixed effects jointly. This corrects for the fact that firm productivity may be

correlated with a firms’ choice of occupational mix.

When both firms and occupations are accounted for, occupations have less explanatory power.

However, it remains on the same order of magnitude as firm effects. In the final specification, by

summing both the variance and covariance terms, occupations account for over one fifth of the

variation in income. These numbers likely understate the contribution of occupations in income as

they ignore the variation in returns to tenure across occupations. Nevertheless, it is clear from these

exercises that the Danish labor market is characterized by substantial occupational reallocation and

5In particular, I look at the residual from a regression of log income on a quadratic in age, with year and skill
fixed effects.
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Table 2: Occupations, Firms and Sorting in Income Variance

(1) (2) (3)

Var(Occ. FE) 9.51 6.03 6.76
Var(Firm FE) 14.69 13.07 8.55
Cov(Firm,Occ) 1.21 13.86 14.29
Residual 74.60 67.04 70.40

Notes: Variance decomposition of income based sample frame. All three specifications
contain firm and occupation (author defined) fixed effects. (1) includes no controls. (2)
includes as controls a quadratic in age, and skill and time fixed effects. (3) includes
controls and conditions the sample on firms with at least 5 workers in all years.
Residual includes contribution from controls.

that occupations are an important determinant of income.

2.2 Occupational Reallocation and Trade

In this subsection, I briefly relate trade and occupational reallocation. Absent easily observable

shocks to occupational and sectoral productivity, it is difficult to make causal statements. My focus

in this section is only in providing suggestive evidence through correlations; I leave it to the model

to enrich this relationship.

The basic facts about trade are summarized in figure 3. Panel (a) plots the rise in the real

value of imports in Denmark; this growth far exceeds growth in GDP per capita. Moreover, this

rapid increase in imports has been driven by a concurrent increase in the share of imports coming

from low and middle income countries, such as China, Turkey and Eastern European. Panel (b)

Figure 3: Import Growth and Occupational Demand
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Notes: All import values normalized by year 2000 Danish CPI. Occupations are author-defined with
details in main text. Exposure is calculated as the share weighted mean changes in imports per head
in each NACE 4 digit industry by occupation (i.e., exposureo =

∑
i∈Inds ∆Mi/Li × Lio/Lo). All

weights calculated in base year. Growth defined as the log change in supply. Only observations with
non-zero exposure plotted.
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shows the correlation between the growth of occupations in the economy and exposure to import

competition from 1995 to 2007. In order to measure the exposure of import competition at the

occupation level, I use a measure similar to Ebenstein et al. (2014). In particular, I construct the

change in imports per head in each industry and then allocate these changes to occupations by

that industry’s employment weight in the occupation. Mathematically,

exposureo =
∑
i∈Inds

Loit−1

Lot−1
× ∆Impsi

Lit−1

where I used lagged weights to help mitigate endogeneity concerns. This graph makes clear that

even at a relatively aggregated level, the relationship between import exposure and occupational

demand is clear.6. This basic exercise echoes findings in Hummels et al. (2014) and Keller and Utar

(2016). In the remainder of the paper I turn to a structural model to help understand these facts

and to determine the overall welfare implications of these changes to the economy.

3 An Econometric Model of Labor Supply

This section describes the labor supply decision of workers. Before going into details, I introduce

some notation and the basic environment. Time is discrete and indexed by t, with a period of one

year. To economize on space, I use the term occupation to describe an employment status-sector-

occupation triple and index this set by o ∈ O. Workers are indexed by i, and each worker has a

state, (o, ω), that reflects her most recent occupation and a vector of observable and unobservable

traits, ω, that govern her productivity across occupations. In each period, workers choose whether

to stay in their current occupation or switch occupations, incurring a utility cost if they do so. Upon

entering a destination occupation, workers receive an income equal to the product of a competitively

determined skill price and an inelastically supplied level of human capital that depends on ω. While

conceptually simple, enriching the model to make it realistic has the consequence of introducing

many parameters and state variables. To that end, I break the presentation of the model’s details

into several pieces.

6Despite the small number of observations, this relationship is significant and robust to controlling for measures of
worker productivity (exports), to using world export supply of Danish trading partners as an instrument for imports,
including zeros in the regression, and using more disaggregated occupations. Details are available upon request.
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Information and Shocks

There are two sources of randomness in each period, revealed at different times: at the beginning of

the period, the worker receives a switching cost shock that differs across occupations; after making

her decision, she receives an additional income shock. The first set of shocks capture any transitory

forces that lowers or increases the burden of switching, such as a promotion or a layoff. The latter

shocks reflect idiosyncratic negative health shocks or serendipitous ex-post productivity shocks.

Treating workers as risk neutral and letting switching costs, including shocks, be additive leads

to the following recursive formulation for the worker’s problem:

vt(oi,t−1, ωit, εit) = max
o′∈O

C(oit−1, o
′, ω) + ρεo′it + ηo′ + wo′tEςHo′(ωit, ςiot) + βEtVt+1(o′, T (ωit, o

′))

where C are switching costs, η are the non-pecuniary benefits of occupations, common to all

workers, wot is a skill price, ho′ is a human capital function specific to each occupation, Vt+1 is a

continuation value and T (ω, o′) is the transition map on states, which I describe in detail below.

Finally, εoit are the moving cost shocks while ςiot are normally distribution ex-post productivity

shocks. The problem is written from the perspective of the worker at the beginning of the period—

so that expectations over human capital and future prices need to be formed, but skill prices and

moving cost shocks are observed. As a final point on notation, I use an uppercase V to represent

v integrated over moving cost shocks.7

Despite the heavy notation, the problem is straightforward. The first two terms represents

the cost of switching occupations, if these are large and negative then the worker will demand

substantial compensation in order to switch her occupation.8 The second two terms reflect the

total benefits of each occupation, including those that are unobserved and captured in η. Finally,

pairwise varying switching costs as well as occupational specific human capital lend a dynamic

element to the worker’s problem. The dynamic component is captured in the continuation value

V .

7Keane et al. (2011) refer to this as the EMAX function and offer a complete, rigorous introduction to the DCDP
framework.

8I refer to these as cost shocks, but they can readily be interpreted as transient shocks to non-pecuniary benefits.
This would rationalize negative cost shocks.
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State Variables and Human Capital

The worker’s state, ω, can be partitioned into an observable (to the econometrician) component and

an unobservable (to the econometrician) component. I assume that the worker’s state, especially

her productivity, are fully known by the worker, thus abstracting from any learning motives for

workers. The observable state consists of a worker’s age, her current occupational tenure, and her

skill level. Workers enter at twenty three, in order to abstract from education decisions, and retire

at sixty. The workers observable skill is measured by their education level, which I partition into

three groups. Occupational tenure accumulates with continued work but is non-transferable across

occupations. I discuss the evolution of human capital further at the end of this subsection.

The worker’s unobservable state is a vector of time-invariant occupation-specific productivity

shifters denoted by θ.9 These shifters, which multiply the efficiency units supplied by a worker,

allow for otherwise-identical workers to be better at different occupations. For example, some

workers may be more well suited to office jobs such as management or law while others are more

well suited to hands on work in research laboratories or manufacturing. This parameter governs

both comparative advantage and absolute advantage. To see this, compare the value of θ across

occupations for two different workers. If θio/θio′ > θjo/θjo′ then worker i has comparative advantage

in occupation o; but if θio > θjo for all or many o then worker i also has an absolute advantage

over j.

The human capital function is assumed to be log-linear, as in a Mincer regression. The exact

expression is given by

log(Ho(ωit, ϑit)) =βo1 × ageit + βo2 × age2
it + βo3 × tenit+

βo4 × 1{skilli = med}+ βo5 × 1{skilli = high) + θoi + σoςiot

where ςit is the worker’s ex-post productivity shock. In addition to the talent shocks, this equation

contains standard covariates: a quadratic function in age, a linear term in tenure and differential

returns to skill. Notice that I allow all of these to differ by occupation. Thus labor market

experience, proxied by age, as well as occupation-specific experience, can matter more in some

occupations than in others.

For workers that switch occupations, I assume that conditional on paying the full cost of chang-

9In the technical appendix, I describe how one could allow for a Markov chain on the unobservable state. While
possible in principle, it is difficult to identify this underlying process given my modest panel length.
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ing occupations, there is no additional transferability of occupation-specific human capital. To

capture the idea of skill transferability, I allow for switching occupations to vary pairwise across

occupations, and depend on the worker’s age and skill. As an example, the model posits that

a confectioner and an economist may face different costs of learning to bake, but conditional on

paying switching costs and other observables, they are equally skilled bakers at the outset. This

assumption, it should be noted, does not rule out human capital accumulation, as I still allow

for returns to age. In principle, one could track a worker’s history for some finite length or track

their total time in each occupation (pursued, for example, by Dix-Carneiro (2014) and Keane and

Wolpin (1997)). I do not do this for two reasons. First, tracking even a short history with such a

large state space would quickly become infeasible.10 Second, with such a large state space it places

extreme demands on the data, as few workers have exactly identical long term career trajectories.

As outlined below, these trajectories are key to identifying model parameters.

Switching Costs

To understand switching costs in this model, first consider the full cost borne by a worker moving

from o to o′:

Costs(o, o′, ω) = C(o, o′, ω) + ρεoo′

This cost has two components. The first is the baseline moving cost, while the second is the

moving cost shock facing workers. I assume that moving costs are iid across time and occupations

and distributed GEV(1). Artuç et al. (2010), in a similar setup, point out that if switching were

random, C would reflect the mean cost of switching across workers while ρ would capture the

variance. Since switching is not random, the cost of switching conditional on switching will be

lower than C. In this section I expand on C and then describe the role of ρ. This second parameter

is particularly important as it governs the elasticity of worker flows with respect to wage differentials,

and plays the role of a supply elasticity in my estimation.

Turning to the first component, I posit the following multiplicatively separable form which I

refer to as the moving cost function:

C(o, o′, ω) = f(ω)C(o, o′)

10Kennan and Walker (2011) discuss this problem in a migration decision and my solution is similar to theirs in
limiting what information I track.
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The first function, f(ω), is an occupation-invariant, inverse moving productivity. This captures

how quickly workers can pick up new skills and the lifetime monetary costs of moving. It has the

following functional form:

f(ωit) = exp
{
α1 × ageit + α2 × age2

it + α3 × 1{skilli = med}+ α4 × 1{skilli = high) + θfi
}

Thus, one’s moving productivity can depend on age, skill, and one’s unobservable type, which I

include in θ. However, f does not depend on tenure allowing me to separate the roles of specific

human capital accumulation and moving costs.

The second function, C(o, o′) is a worker-invariant cost function across occupations. In order

to specify the cost function, I first project occupations onto task space. To that end, suppose that

each occupation is associated with a vector, υo ∈ Υ ⊂ R|Υ|+ . Tasks should be thought of as “a

unit of work activity that produces output” (Acemoglu and Autor, 2011) and υ is an importance

weight of a task to a particular occupation. For example, tasks may be operating a CNC lathe or

communicating with colleagues; economists may spend a small amount of time on the former, but

a large amount on the latter. I leave my measurement of occupational tasks to the Data section.

Estimating switching costs are at the heart of my paper and I use the following specification:

logC(o, o′) = ΓM + ΓSδsec + ΓOδocc +

|Υ|∑
i=1

(
|υo′i − υoi |+Γ+

i + |υo′i − υoi |−Γ−i

)

The first three terms are an intercept and coefficients on dummies for switching sectors only and

switching occupations only. These terms accomplish two goals: first, they reflect general search

costs and labor market frictions associated with switching sectors and occupations in general (e.g,

licensing). The remaining Γ terms are the coefficients on linear distance in each component of the

characteristics vector. I allow for the coefficients to depend on the sign of the change—reflecting

that “up-tasking” and “down-tasking” may have different costs.

Turning to the idiosyncratic component of cots, ρ scales the the variance of the mean zero

cost-shock. Since switching is non-random, given C and incomes w′o and wo, ρ determines the

probability of receiving sufficiently favorable cost draws to induce movement. Thus, ρ governs

the elasticity of movement with respect to income differentials. To gain intuition for this point,

consider the extreme cases of zero and infinite values of ρ. In the case that ρ = 0, switching is

entirely deterministic, implying a transition matrix across occupations consisting entirely of ones

14



and zeros. Thus in this scenario, movement is entirely determined by the value of C and in any

equilibrium with full employment in occupations, there ought to be zero transitions. In the case

where ρ goes to infinity but costs remain finite, fundamentals cease to matter to the worker and they

switch to any occupation in a given period with probability one over the number of occupations.

More precisely, given that ε is GEV distributed, one can solve for the probability of switching out

of an occupation given a purely transient wage shock, which leaves continuation values unaffected:

∂ log πswitch
log ∂wo

= −woho
ρ

πstay

Thus, ρ is a semi elasticity of switching. This maps a key reduced form parameter into the model’s

structure. In the estimation section, I demonstrate how one can estimate ρ precisely from data on

transition rates and wage differentials. In this equation, one sees that how much workers respond

to fundamentals, in this case wages, depends on ρ.

.

Non-Employment

To model non-employment I construct a virtual payout as a simple quadratic function of age, skill

and type:

wN (ω, o) = βskill + βθ + βa × a+ βa2 × a2

The model is silent on the reason for entering non-employment. A shock that pushes an agent

into non-employment could reflect a choice on the part of the worker, but also could reflect an

unanticipated separation shock, maternity leave or any other reason for removing oneself from

employment. Similarly, this value of non-employment reflects a variety of different forces affecting

workers. Aside from capturing the Danish social safety net, non-employment can pick up tastes for

leisure, having a family or the value of home production relative to wages.

To re-enter the workforce, workers pay the moving cost associated with their most recent occu-

pation. The state transitions in non-employment are the same as in employment with the following

exception: I assume that workers keep their accumulated occupational tenure for one period of

non-employment and then lose it. This is an ad hoc assumption chosen to fit the data, as most

unemployment spells are either a single period or forever (i.e., early retirement).
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4 Estimation

This section outlines my estimation procedure. I exploit the model’s structure to transform esti-

mation into a series of non-linear regressions. The full estimation procedure occurs in two stages:

in the first stage, I estimate the distribution of comparative advantage across works, as well as

the wage parameters and transition matrices across states; then in the second stage, I use a se-

ries of non-linear least squares regressions to extract remaining structural parameters. The second

stage method relies on differencing across individuals with the same initial and final conditions who

make different intermediating choices. This is similar to the method of Scott (2014) building on

Arcidiacono and Miller (2011) (henceforth, AM) and Hotz and Miller (1993).

For the sake of clarity I present the estimation procedure in several steps: first, I outline the

second stage procedure as if the transition probabilities conditional on the worker’s state were

fully observable; second, I describe the first stage that recovers the distribution of unobservable

heterogeneity and the full set of conditional choice probabilities.

4.1 Occupational Flows and Selection

In order to understand the selection problem at the heart of my estimating strategy, consider a

simplified world of homogeneous agents with only idiosyncratic switching costs and no occupational

human capital. In this case, the probability of a worker switching occupations would be given by

P
(
o→ o′

)
= P

(
w′o − wo

ρ
+ εoo′ ≥ max

o′′

w′′o − wo
ρ

+ εoo′′

)

Given the logistically distributed errors, this leads to the following estimating equation:

log

(
πoo′,t
πoo,t

)
=

1

ρ
(wo′t − wot) + uoo′t

where π are transition rates and u is measurement error from the estimated left hand side. In

this homogenous, static, setting, one can regress flows on wage differentials in order to recover key

parameters. This simplicity arises because the moving cost shocks do not enter wages directly and

the logit structure allows for a closed form integration the workers’ moving cost shocks. Notice how

this differs from a traditional Roy model, where shocks can enter wages directly.

Now suppose that there are fixed costs to switching occupations. In this case, the above equation
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would become,

log

(
πoo′,t
πoo,t

)
= −Coo′ +

1

ρ
(wo′t − wot) + β

(
Vo′,t+1 − Vo,t+1

)
+ uoo′t

where C is the cost and V are continuation values. One can no longer regress flows on wage

differentials because of the unobserved continuation values. This is akin to estimating a labor

supply elasticity without accounting for aggregate unobserved shocks to labor supply. Since skill

prices tend to be persistent, finding instruments that are correlated with current income differentials

but not continuation values would pose serious challenges. To circumvent this issue, Hotz and

Miller (1993) and Arcidiacono and Miller (2011) exploit further properties of the GEV distribution

in order to remove unobservable continuation values. The next subsection describes how I apply

their techniques to my setting. In the final subsection I return to how I incorporate unobservable

productivity differences into the estimation routine.

4.2 Estimating Structural Parameters with Renewal Actions

Given the problem above, identification proceeds by leveraging the structure of the model to remove

the unobserved continuation values. In particular, I combine the tractability of the GEV distribu-

tion with renewal actions: decisions that move different workers to the same state. By focusing

on workers who begin and end in the same state with a mediating period of divergent trajectories,

I can exploit differences in the probability of these trajectories to pin down parameters. Before

moving on, I introduce some terminology to help keep the presentation organized. First, I collect

moving costs and incomes into a flow payoff denoted by ut(o, o
′, ω). Next I define the inclusive

value as:

Dt(ω, o) =
∑
o′∈O

exp
[
ut(o, o

′, ω) + βEtVt+1

(
T (ω, o, o′), o′

)]
This term plays the role of the denominator in the worker’s transition probability and, as shown in

Rust (1987), plays a prominent role in the analytic solution to the worker’s dynamic problem.

The probability of observing a career path from time t to τ can be written as the discounted

sum of flow payoffs, the discounted sum of worker’s expectation error (i.e., EV − V ), the inclusive

17



value and an unobserved future continuation value (Hotz and Miller (1993)).11 Mathematically,

τ∑
s=t

β(s−t) log πs(ωs, os−1, os) =

τ∑
s=t

β(s−t)us (ωs, os, os−1) +

τ∑
s=t

β(s−t)ζs+

βτ+1EτVτ+1(ωτ+1, oτ )− logDt(ωs, os−1)︸ ︷︷ ︸
Unobservable Terms

where ζs is the worker’s forecast error on future continuation values.12 The first term, a discounted

sum of stage payoffs, implies that workers are more likely to move from occupation o to o′ if

the actual payoff from doing so is high. The second term, a discounted sum of forecast errors,

is a measure of worker optimism. If workers are optimistic then an econometrician will observe

workers moving into an occupation at a high rate. Crucially, I assume that workers have rational

expectations—so that expectational errors at t + 1 are independent of time t variables. The first

unobservable term is the worker’s continuation value at time τ . The last term is the inclusive value

in the initial period—which reflects lost option value in committing to a particular career path.

To operationalize this insight for estimation, take the difference in the discounted probability

of observing two different career trajectories for workers, i and j:

τ∑
s=t

β(s−t) log
πs(ωis, oi,s−1, oi,s)

πs(ωjs, oj,s−1, ojs)
=

τ∑
s=t

β(s−t) [us (ωis, ois, oi,s−1)− us (ωjs, ojs, oj,s−1)]

+
τ∑

s=t+1

β(s−t) [ζis − ζjs]

+ βτ+1Eτ (Vτ+1(ωi,τ+1, oi,τ )− Vτ+1(ωj,τ+1, oj,τ ))

− [logDt(ωis, oi,s−1)− logDt(ωjs, oj,s−1)]

Notice that if workers have the same initial inclusive values and the same terminal continuation

values, then the unobservable terms disappear. The left hand side of the above equation are the

choice probabilities across occupations and can be estimated directly from data, and the right hand

side is a non-linear function of observables with an additive error term. In the next subsection I

outline how this observation yields an intuitive identification strategy.

11In the technical appendix I review these steps in more depth, especially as they pertain to my particular problem.
12Specifically, ζs = Es−1Vs − Vs. The expectation is over workers’ beliefs about future wages, and so ζs reflects

how forecast errors on wages feed into the difference between expectations of V and its actual realization.
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4.3 Identification

In order to identify the parameters of the model using the above structure, I rely on the non-

transferability of human capital. In particular, after paying switching costs, workers moving into

the same occupation face identical continuation values, conditional on their demographics and

productivity. Two assumptions about worker behavior underly this strategy:

A1 The worker’s occupational choice is orthogonal to the ex-post income shock

A2 Human capital is non-transferable across occupation.

The first assumption states that there are no idiosyncratic shocks to labor supply that cannot be

integrated out. This assumption is similar to but weaker than the exogenous mobility assumption

used in many models of worker sorting (e.g., Abowd et al. (1999)). I allow for selection on a host

of observables and explicitly estimate unobservable productivity of workers, which builds in an

unobservable labor supply component. However, I rule out selection on time-varying components

not explicitly captured in the first stage. Combined with the non-transferability of human capital,

my assumptions imply that occupational switching is a renewal action: it moves initially identical

workers who have diverged back to an identical state.

In order to generate a regression equation, I focus on career trajectories that I call one-shot

deviations:

h, o

0, o′

0, o′′

h+ 1, o

Here, two workers in occupation o with the same level of human capital diverge at t + 1—

one continues working in o while another goes to o′. At t + 2 they both move to yet another

occupation o′′. This resets their human capital levels so that the workers are, once again, identical.

Mathematically, I use the following final estimating equation:
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log
πt (ω, o, o′)

πt (ω, o, o)
+ β log

πt+1 (ω′, o′, o′′)

πt+1 (ω′′, o, o′′)
=− C(ω, ω′, ω′′, o, o′, o′′) +

1

ρ
(wo′tho′(ω)− wotho(ω))

+
1

ρ
(ηo′ − ηo) + ζ̃ot +mtoo′o′′

where the ζ terms collect expectation errors, m is measurement error as a result of an estimated

left hand side and C̃ is a function of occupational characteristics and state variables. This is

ultimately a labor supply regression with a particular control variable (next period probabilities)

for unobserved labor supply shocks. Given the size of the state space, there are on the order of 75

million combinations of the above regressions. I use a grid to construct the set of moments, the

details of which are in the technical appendix.

Finally, the forecast error on future continuation values is uncorrelated with contemporaneous

wages, so I estimate the regressions in levels. The source of variation in my model identifying

ρ is two-fold. First, since moving costs do not include a term for tenure, but wages do depend

on tenure, the hazard rate of switching with respect to tenure identifies the wage elasticity cross-

sectionally. This is the same source of variation exploited by Dix-Carneiro (2014), who explicitly

notes that tenure and costs being uncorrelated yields a useful exclusion restriction. This identifying

strategy is reminiscent of Heckman and Honore (1990)’s suggestion of using covariates in order to

estimate the parameters of a Roy model. This contrasts with Artuç et al. (2010) who rely on time

variation. This distinction matters because, while I pool across time periods, I have a short panel

but substantial cross-sectional variation in worker attributes. In calculating standard errors I use

a block bootstrap procedure, drawing from the initial sample of workers with replacement and

repeating all the estimation. This ensures that variance in first stage parameters (in particular,

variance in π̂, is reflected in my standard errors). These details are further discussed in the technical

appendix.

4.4 Estimating Unobserved Heterogeneity

In order to model unobserved heterogeneity I treat workers’ comparative advantage as a vector θ

drawn from a distribution with finite support, QΘ . This approach is common in the structural

literature and, to the best of my knowledge, was first suggested by Heckman and Singer (1984).

In the particular case of dynamic discrete choice, Crawford and Shum (2005), Dix-Carneiro (2014)
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and others make this assumption.13 The particular estimation strategy I use is the Expectation-

Maximization and CCP hybrid approach described in Arcidiacono and Miller (2011). As I use

their approach essentially without modification, I omit many details here and relegate the direct

mapping between my model and theirs to the technical appendix. Nevertheless, I present a broad

overview of the algorithm I employ.

The method begins with the likelihood function over the data including unobserved types:

L =
N∏
i=1

(
K∑
k=1

qk

T∏
t=1

f (wit|ωit, oit, k; Ξ)π (ωit, oit|Hit−1, k; Ξ)

)

where qk is the probability of being type k, f is the Gaussian pdf on wages and π is the probability

of being in state ωit, oit conditional on the initial state summarized byHt−1. If one could easily solve

the model, then they could use the standard EM algorithm to maximize this likelihood function to

solve for unobserved states.14

AM’s insight is that if the model can be factored into a term containing some subset of model

parameters, including those governed by unobserved heterogeneity, and the transition probabilities,

then one can use the empirical distribution of transitions instead of the model-implied probabilities.

In my context, income shocks are normal and independent of moving cost shocks. Thus, conditional

on the observed choice of workers and their unobserved state, the likelihood for income is just the

Gaussian pdf. On the other hand, the transition rates are very complicated objects. So, consider

a modified likelihood given by:

L̃ =
N∏
i=1

(
K∑
k=1

qk

T∏
t=1

f (wit|ωit, oit, k; Ξ) π̂ (ωit, oit|Hit−1, k; Ξ)

)

where the only difference between the true likelihood is the hat on the transition rates, meaning that

I estimate the transition rates from the data rather than using the model. The actual algorithm,

details of which are in the appendix, now proceeds as in the standard EM algorithm.

The estimation of π̂ is a crucial element of the procedure. I specify π̂ by running a truncated

linear probability model for each origin-destination-year-skill-type pentuple. The regressors in the

13Heckman and Singer actually prove that under certain conditions, a finite distribution is the solution to a non-
parametric likelihood problem for an arbitrary distribution. However, since my estimation procedures is not strictly
maximum likelihood this proof may not hold. Instead, it is an attractive assumption from the view of computational
feasibility and numerical stability.

14As a brief reminder, the EM algorithm works by alternating on a guess of types (yielding an expectation) and
maximizing the likelihood conditional on this guess. One updates the guess of type probabilities with each parameter
update. This procedure monotonically increases the likelihood, and will converge to the maximum.
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LPM are age, tenure and previous unemployment status. I do this in order to smooth out across

ages and tenure profiles as there is insufficient data for a bin estimator along these nearly-continuous

states.15 The LPM framework can lead to corners for a subset of individuals, which is a problem

that other estimators such as multinomial logit or probit models do not have. However, the flexible

LPM framework can be estimated by ordinary least squares and then truncated away from negative

values and values above one. This has the computational benefits, whereas methods that rely on

large integrations can be prohibitively costly. This truncation is crucial because, as discussed by

Artuç and McLaren (2012), the inclusion of corners in the second stage is actually important for

identification and they should not be dropped.16 In the technical appendix, I explain further how

I deal with particularly small bins as well as initial conditions.

Identification of first stage parameters stems from two assumptions. First, workers’ inability

to select on idiosyncratic wage shocks implies that the wage equation coefficients are identified

off person-occupation fixed effects. Hence, unexplained persistence in the wages of a worker in a

particular occupation identifies the productivity of a worker in that occupation. Second, the finite

types assumption allows me to use different workers who span the full set of occupations to identify

the full vector of productivity shifters.

In the final estimation, there are two types of unobservable shifters for each level of education.

There are no restrictions on types across education levels, meaning there are ultimately six workers

types in the economy. While in principle, there is nothing that says any type of worker must have

an absolute advantage over other workers, in practice there is a clear absolute ranking within each

educational group. To that end, when discussing results, I refer to the workers who are on average

more productive in almost all occupations as the high type, and the other workers within each

group as the low type.

5 Data Description

The Danish data contains several databases that can be woven together to provide information

on workers, such as income, occupation and place of employment. In this section I describe the

15The exact specification is given by:

π̂(o′t+1|ot, et, ωt) = max(.9999,min(1× 10−5, βXXt + βX̃X̃t))

where Xt is a constant, a cubic polynomial in age, a cubic polynomial in tenure and a cross-term in age and tenure,
and X̃t is a dummy for last period employment, and a cubic in age interacted with the employment dummy.

16The intuition for this is that if one observes no transitions for some skill price differential, this is informative
about the elasticity of movement. Ignoring this biases downward movement’s sensitivity to income.

22



construction of key variables, especially the definition of occupations and construction of tasks. I

omit some details, and relegate discussion of how I construct the sample frame to the data appendix.

5.1 Defining Occupations and Sectors

Denmark uses the ISCO system developed by the ILO in order to classify workers into occupations.

The system is set up on “the basis [that] any classification of occupations should be the trade,

profession or type of work performed by an individual, irrespective of the branch of economic

activity to which he or she is attached or of his or her status in employment.”17 That is to say, the

system strives to classify occupations based on tasks and work activity.

In estimating the model, I start with ISCO two digit codes to define an occupation. At this

level of aggregation, there are twenty four occupations. Examples include “machinist” or “driver,”

while most disaggregated classifications would include the type of machine or vehicle being oper-

ated. I aggregate industries to four economic sectors: manufacturing (which includes utilities and

construction), FIRE and R&D industries, the health and education sector, and other services. I

chose these sectors to be roughly in line with similar papers in the literature. Workers ultimately

choose an occupation-sector pair. Aside from comparisons in the literature, the cross with sectors

generates some additional variation in occupations, since the more disaggregated codes beneath the

two digit level vary by industry. For example, drivers in the manufacturing industry and drivers

in the services industry are rightly treated as different professions. In total I have thirty eight

occupation-sector pairs (since not all occupations are in all sectors). Tables 15 and 16 in the online

table appendix contain a detailed breakdown of the shares of the most disaggregated occupational

codes in each constructed occupation-sector pair, as well as the industrial composition of each

sector.

5.2 Occupational Characteristics

Occupations are modeled as bundles of tasks which represent a single unit of work. I assume there

are a finite number of elementary tasks, |V|, and that an occupation is a vector, vo ∈ R|V|, of

importance weights on each task. Tasks offer a way to put a metric on the space of occupations,

since one can measure the distance between occupations as a metric on task space, d(vo, v
′
o).

To construct observable occupational tasks, I follow the labor literature and use the ONet

17Source: http://www.ilo.org/public/english/bureau/stat/isco/intro2.htm. This page contains more details of the
ILO’s construction of the ISCO system.
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database. The US Department of Labor asks detailed questions of workers on the task content

of occupations. Workers are asked to rank the importance of a task on a scale of one to five,

and average responses are reported. Examples of tasks include “Active Learning,” “Writing,”

“Equipment Maintenance,” and “Assisting and Caring for Others.” I standardize these values to

quantiles, so the ultimate cost function can be thought of as pricing movement along the distribution

of a particular task. There are many survey questions in ONet and they cover very disaggregated

occupations. In order to come to my final task measure, I use PCA to construct ten attributes and

then aggregate from the ONet occupations to mine using the DOL’s crosswalk to ISCO four codes

and the empirical shares of these latter codes. Table 17 in the online table appendix has details on

the survey questions with the highest and lowest loadings in each task.

6 Results

In this section I discuss the results from the estimation. Due the large number of occupations,

the full set of parameter estimates can be found in Appendix A of the online table appendix. In

the main text, I focus on the returns to tenure, comparative advantage, the supply elasticity and

switching costs for workers.

6.1 Tenure, Comparative Advantage and Sorting

Focusing first on tenure, I find that returns to specific human capital are very large in the estimation,

with heterogeneity across occupations. For some occupations, such as science professionals, the

returns to tenure can be as high as 6% per year. On the other hand, the returns to tenure for

associate professionals in the health and education sector are only 2-3% per year. Nevertheless, the

returns to tenure are of the same order of magnitude and often larger than the linear coefficient

on age, which proxies for labor market experience in general. This echoes recent findings (e.g.,

Kambourov and Manovskii (2009b)) that the returns to specific human capital in occupations can

account for a substantial amount of income growth and income variance. This also implies that

the costs of occupational switching can be high, even absent other frictions.

A key contribution of this paper is tractably allowing for unobserved comparative advantage

across workers. This allows for a partial bridge between dynamic models, focusing on worker ad-

justment, and static Roy models that feature rich distributions of workers’ skills. To illustrate that

unobserved ability matters, figure 4 plots the actual distribution of worker types across occupations.

24



In each panel, the share of the low type worker (defined as having a lower mean θ) is plotted by

occupation.

Figure 4: Patterns of Switching Over Time
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Notes: Low type defined as having a lower θ averaged across occupations. Red line is the
overall share across agents.

The figure captures clear evidence of worker sorting on unobservable productivity. A formal test

of the sorting patterns against a null that sets the probability of being in o to the overall share of o is

rejected in all three skill groups. Two additional facts emerge. First, sorting appears to take place

more among college educated workers than other skill groups. This can be seen from the variance

of the bars; for the college educated group there are several large bars where 40% or more of the

workers are of the low type (even though it is only 18% of all college educated workers). Second,

there is evidence of comparative advantage across occupations, not only sectors—which has been

the focus of the bulk of work on trade and labor markets. To see this, notice that there is as much

variation in the size of the bars in the graph within sectors as across sectors. Controlling for this

heterogeneity is important not just because it ensures properly estimated structural parameters,

but it also hints that there may be substantial heterogeneity of shock incidence even within skill

groups.
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6.2 Occupational Switching Costs

In order to discuss the costs of mobility facing workers, I first look at the variance of the idiosyncratic

shocks, ρ, then at the fixed costs of mobility. Turning to ρ, I actually focus attention on its inverse,

which is the semi elasticity of switching. Table 3 displays these estimates well as an estimate of

average switching costs. The first column presents the estimated value from the full estimation while

the second is based on a regression switching probabilities on contemporaneous wage differentials,

not accounting for dynamic selection.

Table 3: Switching Elasticity and Switching Costs

(1) (2)

1/ρ 1.429 3.347
(0.045) (0.041)

Mean C/ρ 4.677 4.862
(0.031) (0.024)

EVt+1 controlled X

Notes: Results from regressing transitions rates on wage
differentials. Mean C/ρ refers to simple mean across all
cells of cost matrix with no adjustment for observed tran-
sition rates. Standard errors, in parentheses, calculated
from 100 block bootstrap samples.

The results in the table confirm the importance of controlling for unobservable continuation

values. In particular, the estimate of the semi-elasticity is nearly doubled in the case where one

does not take dynamics into account. This upward bias is consistent with persistence in shocks

to wage differentials. To interpret this number, average income in the model is normalized to 1

while the mean switching rate is approximately 12%. Hence, the estimated semi-elasticity implies

a mean elasticity of approximately 1.2, so that a fully transitory 1% decrease in the skill price of

an occupation, holding all other variables constant would lead to a 1.2% increase in occupational

switching. By taking the inverse of this semi-elasticity, one arrives at an estimate of .7 for the

variance of workers’ cost shocks. This number is within the range of other estimates in the literature,

but on the low end. This could be for a number of reasons. For example, Denmark may have

different institutions than other countries that have been studied. It may also be that because of

Denmark’s small geography, workers appear more mobile than in studies focused on larger countries.

Finally, including more heterogeneity in the model adjusts for compositional effects in measured

transitions and income leading to more precise measures of sensitivity.

Turning to estimates of C, I focus on three findings: first, switching costs can be large; second,
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switching costs are heterogeneous across workers; third, intrasectoral adjustment costs are as large,

if not larger, than intersectoral adjustment costs. Thus ignoring the occupational margin leads to

underestimates of the impact of trade shocks on worker adjustment. All three points are visible in

figure 5, which plots the distribution of moving costs, f(ω)C(o, o′), as well as the distribution of

moving costs conditional on moving.18

Figure 5: Observed Distribution of Switching Costs
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Notes: Uses the EDF of switchers in the population. Costs are relative to income in the origin
occupation.

From the first panel of the figure, one sees that the median cost of switching is approximately

four years of income. These numbers are well within the range of numbers estimated by Dix-

Carneiro (2014) and Artuç et al. (2010), who find numbers in the range of one to ten years of

income. Panel (b) adjusts for the expected shock, given that a worker moves. The distribution

shifts left and becomes more disperse. The adjusted costs have a median of .18 years of income, and

are often negative. The fact that costs are still positive for the majority of workers suggests that

most workers that move must be compensated either by changes in income or continuation values.

It also means that for the majority of workers, adjustment costs will be an important contributor

to their welfare.

The same figure also illustrates the substantial variation in costs across workers: the interquartile

range of costs is 3.6 years of income, nearly as large as the median costs themselves. While large,

the variance in switching costs is not random. As shown in the appendix tables, costs are increasing

in age and differ substantially across skill groups. The cost function is concave in age, but the linear

18Dubin and McFadden (1984) show that under the GEV assumption on shocks, the expected costs borne by a
switching worker is given by,

E
(
Costs(o, o′, ω)|o→ o′

)
= f(ω)C(o, o′) + ρ

(
log π

(
o, o′, ω

)
+

π (o, o, ω)

1− π (o, o, ω)
log π (o, o, ω)

)
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component implies an average 1% increase in costs per year. Moreover, switching costs are highest

for middle skill workers, which is potentially alarming given the concerns that these workers are the

most vulnerable to import competition and other shocks (Goos et al. (2014)). These demographic

controls also imply that shocks inducing reallocation will differ for workers of different skills, as

well as along the life-cycle.

Table 4: Cost Matrix Across Sectors

Man. Services FIRE H&E Avg. Exit Avg. Exit
(w/ Diag.) (w/o Diag.)

Manufacturing 4.12 4.91 4.55 5.80 4.73 5.02
Services 4.76 4.24 4.24 5.55 4.63 4.80
FIRE 5.51 5.33 3.95 6.04 5.29 5.54
H & E 4.65 4.62 4.04 4.17 4.46 4.51
Avg. Entry (w/ Diag.) 4.67 4.74 4.27 5.54
Avg. Entry (w/o Diag.) 4.94 4.96 4.33 5.76

Notes: Unweighted average costs across cells. Costs here refer to base costs and have no adjustment for com-
position (e.g., age). Diagonals are the costs of switching within sectors while off diagonals are costs of switching
either sectors only or both occupation and sector. Averages implicitly weighted by number of occupations in a
sector and thus do not necessarily come out to the average of the rows and columns.

Finally, the figure highlights the differences in intrasectoral and intersectoral switching costs.

The median cost of intrasectoral switching is 1.7 times that of switching sectors, but not occupa-

tions.19 The large intrasectoral moving costs suggests that a focus solely on sectoral reallocation

is misplaced. In particular, work that ignores the occupational margin will miss an empirically

relevant and costly margin of adjustment for workers, while also grouping together the subset of

workers facing relatively low adjustment costs (sector-only-switchers) with those facing the highest

costs (sector-occupation-switchers). As an approximation to these biases, table 4 shows the average

unweighted cost of moving within and across sectors. The same table also shows the average cost of

moving in and out of sectors, excluding any intrasectoral movement. These sectoral “exit” costs are

on the same order of magnitude as the intrasectoral numbers, showing numerically that between

and within sector is equally costly for workers. In the next section, I write down a labor demand

system in order to simulate how workers respond to economic shocks. This will allow me to explore

concretely the importance of these moving costs for worker welfare, as well as their importance in

the economy’s transition.

19The costs of moving across sectors but not occupations are non-zero for two reasons: first, I allow explicitly for
sectoral moving costs; second, as discussed in the data section, the composition of more granular occupations varies
across sectors within the same 2 digit occupation.
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7 Counterfactuals

In this section I use my model to analyze the response of the Danish labor market to changes

in import prices. First, to close the model, I specify a labor demand system based on a model

of industry spillovers. Modeling narrow industries within sectors allows for rich heterogeneity in

the occupational response to trade shocks. After outlining the model, I describe how I calibrate

key parameters of the demand side. Finally, I simulate the Danish economy as if foreign prices

were constant at their 1996 levels—before China’s entry to the WTO and the inclusion of Eastern

European countries into the EU. Unlike in papers that simulate a trade liberalization, the “coun-

terfactual” in this paper is holding prices fixed at their 1996 levels, and comparing things to what

actually happened, which was a change in prices brought on by liberalizing efforts abroad.

7.1 Closing the Model

In this subsection, I describe consumer preferences, the production side of the economy, and finally

the model’s equilibrium. In order to be consistent with the dynamic model in which workers

maximize income, I propose a static, homothetic, demand structure for consumers. The production

side features the aforementioned industry spillovers.

Consumer’s Preferences and Export Demand

Since workers supply labor inelastically and have no savings decision, the consumption decision

is completely decoupled from the worker’s dynamic problem. In order to calculate a single price

index for the economy, I use a homothetic, three-tiered, utility function as in Broda and Weinstein

(2006). The top tier is a Cobb-Douglas aggregator over industry-level outputs:

U =
∏
i∈I

Cαi
i

where i ∈ I indexes industries or goods and C is consumption of industrial aggregate i. The second

tier is an Armington aggregator over domestic and foreign varieties:

Ci =
((
CDi
)ρi

+
(
CFi
)ρi)1/ρi

where ρi ∈ (0, 1) is an industry specific parameter and D and F refer to Denmark and Foreign

respectively. Finally, the third tier is a CES aggregator over foreign varieties to construct the
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foreign aggregate.

With this structure, for a given level of expenditure in industry i, Ei, expenditure on domestic

varieties, EDi will be given by,

EDi = Ei

(
PDi
)1−σ(

PDi
)1−σ

+
(
PFi
)1−σ

where σ is the elasticity of substitution between foreign and domestic aggregates. In order to model

foreign consumers, I assume that export demand is exogenous and given by, AFi
(
PDi
)−σ

where Ai

is a demand shifter.

Labor Demand: Representative Firm’s Problem

I use a model of inter-industry linkages and non-unit elasticities of substitution between domestic

and foreign varieties to generate labor demand curves. First, I suppose that within each sector

there are a number of highly disaggregated industries that workers treat symmetrically and vice

versa. Despite each industry using a Cobb-Douglas production function, the input-output structure

interacts with the labor supply model to capture very rich aggregate substitution patterns, as well

as heterogeneity in the response of occupations to shocks. 20 Mathematically, I posit “roundabout”

production as in Foerster et al. (2011):

Yi = ziK
βK
i

∏
o∈O

H
βH
oi

o

∏
j∈I

M
βM
ij

i

where K is capital, H is human capital and M refers to an industry aggregate used as an interme-

diate. Here, i and j index industries, and o indexes occupations. Production is CRS but β can be 0

for some inputs. As before, Mi is an aggregator across domestic and foreign goods and the foreign

good itself is an aggregator across foreign varieties. I assume the same elasticities of substitution

are used by producers and consumers. This characterization leads to the following demand for

20Both ingredients matter: non-unit elasticities between domestic and foreign varieties creates disparate substitu-
tion elasticities between foreign inputs and different occupations; adjustment costs affect the ability of the economy
to respond to shocks, generating heterogeneity in the elasticity of substitution between occupations. Baqaee (2015)
conditions under which an interconnected economy cannot be collapsed into a composite commodity economy and
will indeed generate heterogeneous substitution patterns.

30



industry output:

EDi =

αiW +
∑
j∈I

βMkjRj

× (
PDi
)1−σi(

PDi
)1−σi +

(
PFi
)1−σi +AFi

(
PDi
)−σi

where EDi is domestic expenditure on industry i, W is total income and Rj is revenue in industry

j.

In order to see the flexibility of this approach, consider the market demand for each occupation:

woHo =
∑
i∈I

βHoiE
D
i

Now consider a change in the price of foreign good i and hold all other prices (including wages)

fixed. Then, by substituting in the expression for domestic expenditure and totally differentiating

with respect to PFk one has:

wodHo =βHok (σ − 1)×

αDi W +
∑
j∈I

βMkjRj

 (PDk )1−σ
Pk

×
(
PFk
)−σ

Pk

 dPFk︸ ︷︷ ︸
Import Competition Effect

+

∑
i∈I

βHoi

αDi dW +
∑
j∈I

βMij dRj

 (
PDi
)1−σ(

PDi
)1−σ

+
(
PFi
)1−σ︸ ︷︷ ︸

Input Price Effect

where the first effect maps out the impact of import competition on demand for industry k while

the second effect maps out how various industries substitute from labor to other inputs as a result

of changes in the relative price of inputs. When σ > 1, the direct effect of a drop in the price of

k from F is lower demand for occupation o. However, the change in PFk changes the revenues in

other industries who may adjust up their demand for o. This latter channel is reminiscent of the

productivity effect discussed in Grossman and Rossi-Hansberg (2008) and Hummels et al. (2014).

Initial Steady State and Worker Expectations

In the counterfactual analysis, I start from an initial steady state. Concretely, I start the economy

at its 1996 variables and simulate forward to a perfect foresight equilibrium with no additional

shocks. This is like assuming that up to 1996 workers made decisions expecting the economy

to stop in 1996 and they perfectly forecasted wages and prices from that point on, assuming no
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changes to productivity or trade.21 From this steady state, I assume that any shocks (e.g., changes

in foreign prices) are unanticipated at incidence but that workers have perfect foresight of the

transition dynamics thereafter. This is a standard method of modeling perfect foresight equilibria,

and unfortunately rational expectations are infeasible for reasons outlined in the estimation section.

Equilibrium

Despite the complex economy-level substitution patterns between foreign supply and labor demand,

this set up gives rise to a very simple equilibrium characterization. In each period, an equilibrium is

defined by a set of domestic prices,
{
PDi
}
i∈I , wages {wo}o∈O, labor stocks, {Ho}o∈O and revenues,

{Ri}i∈I such that:

1. Representative firms choose intermediates, labor and capital optimally

2. Workers act optimally

3. Goods Market Clearing (for each i ∈ I):

Ri︸︷︷︸
Revenue

=

αDi W +
∑
j∈I

βMij Rj


︸ ︷︷ ︸

Domestic Exp. in i

(
PDi
)1−σ(

PDi
)1−σ

+
(
PFi
)1−σ︸ ︷︷ ︸

Domestic Share

+AFi
(
PDi
)1−σ︸ ︷︷ ︸

Foreign Exp.

4. Labor Market Clearing (for each o ∈ O):

wo ×

 ∑
{n:o(n)=o}

hon


︸ ︷︷ ︸

Labor Supply in o

=
∑
i∈I

βHoiRi︸ ︷︷ ︸
Labor Demand

5. Capital Market Clearing:

pKK =
∑
i∈I

βKi Ri

6. Balanced Trade in each period

Notice that I am assuming that the stock of capital is fixed by that capital is freely mobile across

industries and that trade is balanced. I will return to the implications of these assumptions in the

results discussion. A fully dynamic equilibrium is just an initial allocation, a final allocation and a

path of market clearing prices and wages consistent with workers perfect foresight expectations.

21Alternatively, one can assume workers were rational but in 1996 the economy stopped unexpectedly and workers
knew this would continue forever.
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7.2 Demand Side Calibration and Simulation

The calibration of the model’s production side is standard and I leave most of the details to the

appendix. As a brief outline: I estimate the production function parameters from the Danish

national accounts and observed wage bills in my sample; I use Danish customs data and the

procedure of Broda and Weinstein (2006) in order to calculate foreign price indices; finally, I

borrow estimates of the trade elasticity from Simonovska and Waugh (2014) in order to calculate

relative prices and export demand parameters.

In order to simulate the model, I employ a shooting method that is reminiscent of the algorithm

developed in Lee (2005). The only wrinkle is that I do not observe data on the relative prices of

domestic industrial outputs, only between foreign and domestic goods within an industry. In order

to overcome this, I show how one can rewrite the equilibrium of this model in changes, starting

from an initial equilibrium, similar in spirit to Caliendo et al. (2015). By log linearizing the system

in each period around last period’s relative prices, I can solve the model for a guess of skill prices

by solving the worker’s problem and combining this with a linear system. The details are notation-

heavy and involved, hence they are fleshed out in the technical appendix.

7.3 The Labor Market Impacts of Lower Import Prices

Before turning to the results of the exercise, figure 6 plots the actual changes in the foreign price

index across the tradable sectors in this economy.22 There is a great deal of dispersion in these

price indices. These changes in relative prices are important as they generate an approximation

to “offshoring” in the model, as industries substitute foreign inputs for domestically produced

alternatives. In addition to changes in relative prices, there is an overall decrease in the foreign

price index by around 17%.

In discussing the counterfactual, I focus on three key points: the difference between the short and

long run effect of trade on skill prices; the difference between nominal and real changes in outcomes;

and the lifetime effects of the trade shock on the initial cohort of workers. The counterfactual’s

predictions for the dynamic behavior of skill prices, both nominal and real, are summarized in

figure 7 which plots the time series of skill prices across occupations for the first ten periods after

the shock. All results are shown relative to outcomes in a steady state without changes in trade

22I have shut down changes in the price of commodities related to energy–coke and petroleum. These actually
experienced very large increases in price over the period. I ignored them to focus attention on the industries more
associated with offshoring and import competition.
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Figure 6: Changes in Foreign Prices, 1995-2005

(a) By Industry
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Notes: [a]: Calculated by author using Danish customs data and the method of Broda and Weinstein
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prices.

Focusing first on panel (a), the dispersion in changes in skill prices is quantitatively large. The

total gains from trade in this model are 4% in the short run, while the gap in skill price changes

is also 4%. Hence, one’s occupation can largely determine the extent to which workers gain or

lose. Interestingly, in the short run the dispersion in outcomes within sectors is actually larger

than across sectors—and most of this dispersion is concentrated in manufacturing, which houses

the tradable sectors. A variance decomposition of log skill price difference between the shocked and

steady state equilibrium makes this clear: in the short run, ISCO two digit occupations account

for 56% of the variation in skill prices, while sectors account for less than 3%. This divergence

cannot be explained by aggregation alone, and reflects the importance of intrasectoral dynamics

in the economy. In the long run, sectors account for 29% of variation while occupations account

for 41%. This is reflected in figure 7, where one can see the initial over and undershooting of skill

prices in manufacturing correcting itself. The short run outcome reflects intuition from a specific

factors model, where high moving costs disproportionately hurt workers overrepresented in import

competing industries, while benefitting the others. In the long run, skill prices are moderated and

workers in nontradables gain the most on average as they enjoy lower input costs and no foreign

competition.

From the same panel, one sees that the long run and short run effects of the trade shock differ

along many dimensions. First of all, as workers reallocate, the overall dispersion in skill prices

settles down. While this is intuitive, the simulation quantifies the timing of this process; one

can see that it takes well over five years and up to ten for most numbers to settle down. Less
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Figure 7: Dynamic Effects of an Import Price Shock on Skill Prices

(a) Time Path of Nominal Skill Prices Diffs
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(b) Time Path of Real Skill Prices Diffs
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expectedly, since many occupations experience an “over shooting” at the incidence of the shock,

there is a reversal of fortune for many occupations over time. This result can only be captured in

a model that takes transitions dynamics into account. It also demonstrates that comparing steady

states will give an inaccurate picture of what happens to the cohort working at the incidence of a

shock. Equally importantly, it implies that measures of the relative winners and losers from trade

can depend on the time horizon under consideration.

Panel (b) of the same figure plots changes in real wages by incorporating the price level into the

analysis. While relative patterns remain the same, including the price level changes the analysis

of who loses from trade. In particular, the lower foreign prices raise real skill prices across all

occupations, implying that all workers gain from trade. The sharp drop in the price level is a direct

result of the input-output structure in the economy where lower foreign prices lower input costs for

domestic producers, creating a productivity enhancing feedback effect into the economy.

This result stands in contrast to recent empirical work that focuses on comparing the relative

outcomes of workers exposed more and less to import competition. For example, Autor et al.

(2014) find large earnings losses, especially for initially low-earning workers. Structural work, such

as Caliendo et al. (2015), also estimate a small but sizable amount of displacement in response to

trade shocks in the United States. Partially, the discrepancy in these results can be explained by the

incorporation of price level effects. However, this answer is not satisfying as it appeals stringently

to assumptions on production. There are several alternative explanations that can account for

the divergence in results. First, unlike in the above work, I am analyzing an equilibrium with
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balanced trade in every period. That trade is balanced introduces an effect reminiscent of Lerner

Symmetry into the model: since any expansion of manufacturing imports is met with an expansion

of manufacturing exports, lower import prices benefits exporters. Thus, any change in employment

will be driven only by substituting domestic production towards less-labor intensive production.

This would change if one allowed for changes in the capital account, as in Caliendo et al. (2015),

or for trade in services, as in Artuç et al. (2010). Nevertheless, balanced trade makes sense in my

context since Denmark does not run a trade deficit.23 However, in other countries there may be a

trade-off between manufacturing employment in the present and in the future.

Moreover, Denmark, in contrast to the United States, lacks a large geographic component that

workers must confront. While there is certainly dispersion of workers across the country, it is not

as important as elsewhere. Indeed, Autor et al. (2014) in the US and Dix-Carneiro and Kovak

(2015) in Brazil both highlight workers’ low mobility across regions in assessing the effects of trade

on workers. Even studies that do find migration responses to economic shocks, such as Kennan and

Walker (2011), find that responses are sluggish. Rather than detracting from the paper, this point

reinforces that understanding the dynamic implication of trade shocks requires modeling the correct

margins of adjustment, which may vary across countries.The exercise presented here focuses on the

outcomes of workers conditional on assumptions that may be violated elsewhere, but demonstrates

that the effects of globalization cannot be done without measuring changes in productivity and

prices, as well as understanding the role of reallocation and production. Importantly, even if the

geographical component is imporant in other contexts, the counterfactual demonstrates the degree

of intrasectoral reallocation that would occur within and across space—a margin that has been

ignored in most analyses of dynamics and trade.

Turning from skill prices, I focus the remainder of this section on the realized outcomes of the

initial cohort. That is to say, I analyze the path of earnings for workers who are present when the

trade shock occurs. In order to do so, I simulate one hundred thousand workers from the empirical

distribution function of the initial cohort and compare their trajectories in equilibria with and

without a change in import prices. Table 5 displays several summary statistics on the lifetime

earnings of these workers.

From the table one sees that although all workers gain in terms of lifetime welfare24, they need

23In fact, it runs a small trade surplus in manufacturing.
24To see why this is, notice that the same worker with the same lifetime path of idiosyncratic shocks facing two

different sets of skill prices could always make the same choices in both paths. Thus, in any equilibrium with strictly
higher skill prices in all occupations, the worker must be better off.
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Table 5: Distributional Impact of Trade on Initial Cohort

(a) Distribution of Lifetime Earnings Differentials

Mean Std. Dev Q5 Q50 Q95 % < 0

Low [L] 5.75 8.48 −0.17 4.93 17.59 5.06
Low [H] 4.42 5.08 0.29 3.98 10.38 4.75
Med [L] 5.28 9.71 −3.87 4.46 18.82 7.14
Med [H] 4.20 4.28 2.07 4.01 7.13 3.59
High [L] 6.08 8.58 1.65 4.16 22.00 3.50
High [H] 4.28 4.05 2.05 4.10 8.86 3.70
Total 4.74 6.50 0.53 4.14 11.92 4.67

(b) Distribution of Lifetime Earnings Differentials (w/ η)

Mean Std. Dev Q5 Q50 Q95 % < 0

Low [L] 1.41 4.50 −0.50 0.82 6.80 5.72
Low [H] 2.09 1.86 1.05 1.86 4.25 2.73
Med [L] 2.04 3.91 −0.48 1.26 7.83 6.06
Med [H] 2.03 1.06 1.50 1.93 2.95 1.40
High [L] 2.63 4.15 0.92 1.85 8.24 3.50
High [H] 2.22 1.45 1.50 2.03 3.74 2.48
Total 1.93 2.80 0.63 1.85 4.53 3.32

Notes: Tables report the (100x) log difference in discounted total earnings across individuals. Results
are based on simulating 100,000 individuals from the initial cohort under both the equilibrium with
and without changes in trade prices. The same shocks are used in both simulations. Discounted at
β = .96.

not gain in terms of lifetime earnings. This will happen if workers switch their occupation to one

with lower relative earnings or if the worker must forgo human capital. Focusing on panel (a), I

find that nearly 5% of workers lose in lifetime earnings. Moreover, low and middle skilled workers

comprise the majority of those affected. Middle skilled workers with a low absolute advantage fare

the worst, with the 5th quantile of these workers losing over 3% of lifetime income.

The fact that workers can lose in terms of income but gain overall implies that workers are

compensated through option value or through accrual of non-pecuniary benefits. To illustrate

this, panel (b) of table 5 shows summary statistics for changes in lifetime earnings, this time

taking changes in workers’ non-pecuniary benefits into account. This dramatically lowers both

the percentage of workers with negative lifetime earnings, as well as the actual size of losses. In

the model, these unobserved benefits are a residual, making interpretation difficult. Nevertheless,

the fact that workers may choose to work in “better” occupations or enjoy increased option value

tempers the losses that workers appear to bear by focusing strictly on income.

The counterfactual exercise explored here is simple in that it confronts the model with a one-
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time trade shock. However, from this exercise one can see the richness and importance of transition

dynamics in understanding the impacts of import competition. Not only are there substantial

differences between the short and long run effects of trade, but it is precisely the presence of option

value that compensates workers from lower lifetime earnings.

8 Conclusion

This paper employs a rich micro data set on the Danish labor market in order to assess the impact

of changes in import prices on workers. I develop and estimate a dynamic model of occupational

choice that measures occupational switching costs, as well as returns to occupation specific human

capital, across a large set of occupations. A key feature of my model is that it allows a large

degree of heterogeneity across workers. In particular, I account for the life cycle profile of workers,

differences in skill, as well as differences in unobservable comparative advantage across occupations.

The estimated parameters reveal two key facts about the role of occupations. First, occupational

switching frictions are quantitatively important. These costs come in two forms: foregone human

capital and bilateral costs of moving across occupations. In terms of human capital, I find that

occupational tenure is as important as general human capital for explaining income profiles over the

life cycle. Thus, shocks inducing substantial occupational reallocation may decrease human capital

in the short run. In addition, I find that bilateral moving costs are on the order of several years’ of

income, translating to sluggish adjustment. Middle skilled and older workers face particularly high

barriers to occupational mobility.

Second, costs of occupational mobility are on the same order of magnitude as sectoral frictions.

In fact, compared to workers who switch sectors but keep their occupations, intrasectoral realloca-

tion can be almost twice as costly. Researchers focusing on models of intersectoral adjustment make

the implicit assumption that frictions to adjustment within sectors is of second order importance,

but the numbers presented here lead to a different conclusion. Moreover, these results suggest that

pooling together those who switch occupations with those who do not leads to inaccurate measures

of adjustment costs.

With the estimates of my structural model in hand, I perform a counterfactual exercise to

calculate the effects of changes in trade costs on the labor market in Denmark. More precisely, I

simulate the Danish economy feeding in observed import prices from 1996 to 2005 and compare

it to an economy with constant import prices. Through a rich input-output structure, my model
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generates dispersion in the elasticity of substitution between different occupations and imported

goods. Aggregate variables in the model respond quickly, with real GDP growing between 4% and

5% from the incidence of the shock to a new steady state.

This exercise leads to three conclusions about the role of adjustment costs and general equilib-

rium in calculating the gains from trade to workers. First, I find substantial short run dispersion in

outcomes. This is true across sectors, but the effects are even larger within sectors. For example,

while workers in non-tradable sectors see an increase in skill prices relative to those in manufactur-

ing, the biggest relative winners and losers are occupations inside the tradable sector. The spread

in outcomes is attenuated in the long run and the ranking of changes in skill prices is not constant

over the transition path.

Second, despite negative effects on the nominal skill prices of workers, I find that lower foreign

prices increase real skill prices in all occupations, as well as welfare for nearly all workers. This is

through the input-output channel, which leads to a productivity enhancing role for imported inputs.

This productivity enhancing effect, paired with trade balance, also leads to little total change in

manufacturing employment. However, there is substantial within-sector reallocation of workers,

especially away from lower and middle skilled occupations towards more technical professions.

Finally, despite gains in welfare for all workers, I find that roughly 5% of workers from the initial

cohort face lower lifetime earnings. These workers are compensated through unobservable variables

and changes in option value. Whether the level effect truly compensates all workers depends on

the production structure in the economy, as well as assumptions about trade balance and capital

mobility. The more limited impact of falling trade prices is in stark contrast to empirical studies in

other countries, especially the United States. A key observation in reconciling these differences is

that Danish workers do not face the geographic constraints that have been shown to be important

for workers in larger countries. Understanding geographical frictions is a key area for future re-

search, and the methods presented in this paper are amenable to such an extension. Nevertheless,

regardless of geography, this paper demonstrates the importance of intrasectoral adjustment to

workers, demonstrating it may be more important than a focus on sectoral reallocation.

While the model presented in this paper can speak to changes in relative and absolute wages,

there remains ample room for future work. In particular, capital reallocation and trade deficits are

not modeled, but many authors have highlighted their importance. Moreover, this model struggles

to generate disemployment effects of shocks. Making the variance of shocks that workers face

endogenous, perhaps by more explicitly taking into account the role of firms in hiring workers,
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is a key direction for future research. Nevertheless, this paper demonstrates that understanding

intrasectoral transition dynamics are essential in quantifying the gains and losses from trade.
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Table Appendix (For Online Publication Only)

Table Appendix A: Structural Model Parameters

Table 6: Time Averaged Skill Prices Across Occupations

Occupation Manufacturing Other Services FIRE Health & Educ.
Managers 0.541 0.479 0.455

(0.024) (0.013) (0.021)
Science Professional 0.626 0.462 0.522

(0.018) (0.017) (0.015)
Science Assc. Professional 0.460 0.449 0.379

(0.012) (0.015) (0.013)
Other Assc. Professional 0.394 0.358 0.414

(0.010) (0.006) (0.009)
Clerks 0.281 0.281 0.202 0.183

(0.007) (0.004) (0.006) (0.006)
Agriculture 0.459

(0.023)
Building Trades 0.345

(0.006)
Metal Trades 0.453 0.434

(0.008) (0.010)
Other Crafts 0.328

(0.011)
Plant Operator 0.318

(0.014)
Machine Operator 0.396

(0.005)
Drivers 0.486 0.369

(0.021) (0.010)
Laborers 0.401 0.251

(0.008) (0.006)
Other Professional 0.261 0.236

(0.006) (0.007)
Personal Workers 0.158 0.232

(0.003) (0.002)
Retail Workers 0.153

(0.004)
Elementary Occupations 0.150

(0.003)
Customer Service 0.355

(0.008)
Health Professional 0.462

(0.017)
Teachers 0.213

(0.003)
Health Assc. Professional 0.339

(0.005)
Teaching Assc. Professional 0.311

(0.004)

Notes: Skill prices time-averaged for clarity. Units are relative to unconditional mean income (normalized to
1). Standard errors are in parentheses and based on 100 block-bootstrap samples of the underlying sample.
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Table 7: Income Regression Coefficients

(a) Manufacturing

βTen βAge βAge2
[a] βType:1 βType:2 βType:3 βType:4 βType:5 σ2

Managers 0.037 0.042 -0.449 -1.277 -0.126 -0.856 -0.072 -0.630 0.148
(0.001) (0.002) (0.023) (0.039) (0.006) (0.024) (0.004) (0.029) (0.002)

Science Prof. 0.057 0.033 -0.351 -0.499 -0.037 -0.266 0.144
(0.001) (0.001) (0.017) (0.031) (0.003) (0.016) (0.001)

Science Assc. Prof. 0.042 0.046 -0.472 -0.983 -0.165 -0.519 -0.112 -0.478 0.127
(0.001) (0.001) (0.014) (0.044) (0.006) (0.006) (0.003) (0.022) (0.001)

Other Assc. Prof. 0.062 0.050 -0.524 -0.733 -0.129 -0.484 -0.074 -0.370 0.157
(0.001) (0.001) (0.015) (0.023) (0.004) (0.009) (0.003) (0.013) (0.001)

Clerks 0.063 0.059 -0.627 -0.962 -0.178 -0.513 -0.104 -0.661 0.161
(0.001) (0.001) (0.015) (0.020) (0.007) (0.010) (0.006) (0.028) (0.001)

Agriculture 0.012 0.030 -0.307 -1.175 -0.041 -0.961 0.052 -1.274 0.208
(0.002) (0.002) (0.027) (0.029) (0.019) (0.029) (0.018) (0.045) (0.003)

Building Trades 0.043 0.045 -0.476 -0.776 -0.054 -0.675 0.245
(0.001) (0.001) (0.011) (0.012) (0.003) (0.006) (0.001)

Metal Trades 0.042 0.036 -0.391 -0.633 -0.015 -0.466 0.058 -0.975 0.182
(0.001) (0.001) (0.010) (0.014) (0.006) (0.011) (0.006) (0.027) (0.001)

Other Crafts 0.057 0.047 -0.505 -0.844 -0.173 -0.615 0.216
(0.001) (0.002) (0.021) (0.016) (0.004) (0.011) (0.002)

Plant Operator 0.046 0.051 -0.550 -0.570 0.026 -0.291 0.150 -0.832 0.172
(0.001) (0.002) (0.023) (0.028) (0.007) (0.016) (0.006) (0.025) (0.002)

Machine Operator 0.052 0.039 -0.421 -0.727 -0.114 -0.476 0.202
(0.000) (0.001) (0.007) (0.007) (0.002) (0.005) (0.001)

Drivers 0.056 0.033 -0.357 -0.739 -0.044 -0.530 0.167
(0.001) (0.002) (0.021) (0.029) (0.004) (0.027) (0.002)

Laborers 0.062 0.036 -0.384 -0.831 -0.066 -0.534 0.208
(0.001) (0.001) (0.012) (0.012) (0.002) (0.008) (0.001)
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(b) Services

βTen βAge βAge2
[a] βType:1 βType:2 βType:3 βType:4 βType:5 σ2

Managers 0.034 0.043 -0.431 -1.266 -0.071 -0.841 -0.036 -0.963 0.182
(0.001) (0.001) (0.016) (0.027) (0.005) (0.027) (0.004) (0.040) (0.002)

Science Prof. 0.056 0.040 -0.396 -1.462 -0.004 -1.122 0.044 -0.901 0.158
(0.001) (0.002) (0.019) (0.016) (0.006) (0.039) (0.004) (0.036) (0.002)

Other Prof. 0.050 0.065 -0.669 -1.197 -0.023 -0.963 0.004 -0.568 0.184
(0.001) (0.001) (0.012) (0.015) (0.003) (0.030) (0.002) (0.008) (0.001)

Science Assc. Prof. 0.039 0.048 -0.514 -1.126 -0.090 -0.586 -0.066 -0.991 0.142
(0.002) (0.002) (0.017) (0.025) (0.004) (0.021) (0.004) (0.031) (0.001)

Other Assc. Prof. 0.043 0.049 -0.517 -0.951 -0.002 -0.468 0.034 -0.544 0.159
(0.000) (0.001) (0.009) (0.012) (0.003) (0.007) (0.002) (0.009) (0.001)

Clerks 0.042 0.054 -0.575 -1.049 -0.040 -0.493 0.004 -1.076 0.146
(0.000) (0.001) (0.008) (0.010) (0.005) (0.007) (0.004) (0.010) (0.001)

Personal Services 0.096 0.066 -0.698 -0.957 0.030 -0.633 0.142 -0.923 0.252
(0.001) (0.001) (0.011) (0.010) (0.008) (0.012) (0.008) (0.012) (0.001)

Retail Occs. 0.049 0.082 -0.899 -1.043 -0.196 -0.580 0.255
(0.001) (0.001) (0.016) (0.007) (0.003) (0.004) (0.001)

Metal Trades 0.040 0.040 -0.424 -0.942 -0.053 -0.753 0.145
(0.001) (0.001) (0.013) (0.034) (0.005) (0.023) (0.002)

Drivers 0.059 0.045 -0.498 -0.780 -0.065 -0.470 0.213
(0.001) (0.001) (0.015) (0.014) (0.003) (0.010) (0.001)

Elementary Occs. 0.044 0.069 -0.724 -0.810 -0.027 -0.534 0.144 -0.906 0.241
(0.001) (0.001) (0.010) (0.007) (0.006) (0.007) (0.006) (0.009) (0.001)

Laborers 0.088 0.055 -0.603 -0.999 -0.062 -0.589 0.262
(0.001) (0.001) (0.016) (0.013) (0.003) (0.014) (0.002)

(c) FIRE Industries

βTen βAge βAge2
[a] βType:1 βType:2 βType:3 βType:4 βType:5 σ2

Managers 0.026 0.040 -0.353 -1.511 -0.095 -1.399 -0.019 -1.178 0.135
(0.001) (0.002) (0.021) (0.023) (0.007) (0.027) (0.004) (0.027) (0.002)

Science Prof. 0.053 0.040 -0.428 -1.706 -0.035 -0.421 0.005 -0.307 0.179
(0.001) (0.001) (0.018) (0.021) (0.004) (0.021) (0.003) (0.011) (0.001)

Other Prof. 0.054 0.076 -0.833 -1.119 -0.070 -0.379 0.021 -0.535 0.170
(0.001) (0.002) (0.018) (0.046) (0.005) (0.026) (0.003) (0.021) (0.002)

Science Assc. Prof. 0.051 0.053 -0.582 -1.004 -0.077 -0.539 -0.065 -0.448 0.173
(0.001) (0.002) (0.019) (0.026) (0.005) (0.010) (0.004) (0.016) (0.002)

Other Assc. Prof. 0.043 0.048 -0.499 -0.977 -0.113 -0.563 -0.039 -0.518 0.160
(0.001) (0.001) (0.012) (0.022) (0.003) (0.010) (0.003) (0.016) (0.001)

Clerks 0.068 0.071 -0.758 -1.086 -0.140 -0.583 -0.042 -0.965 0.221
(0.001) (0.002) (0.018) (0.017) (0.006) (0.012) (0.005) (0.013) (0.002)

Customer Service 0.032 0.047 -0.485 -0.989 -0.093 -0.494 0.143
(0.001) (0.001) (0.013) (0.011) (0.003) (0.006) (0.001)
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(d) Health & Education

βTen βAge βAge2
[a] βType:1 βType:2 βType:3 βType:4 βType:5 σ2

Health Prof. 0.030 0.040 -0.398 -0.454 0.191
(0.001) (0.002) (0.020) (0.007) (0.001)

Teachers 0.046 0.065 -0.616 -1.357 -0.111 -1.179 -0.026 -0.889 0.137
(0.000) (0.001) (0.007) (0.007) (0.003) (0.015) (0.002) (0.008) (0.001)

Health Assc. Prof. 0.023 0.043 -0.396 -1.184 -0.223 -0.596 0.010 -0.510 0.146
(0.001) (0.001) (0.009) (0.007) (0.005) (0.011) (0.003) (0.006) (0.001)

Teaching Assc. Prof. 0.037 0.039 -0.346 -1.235 -0.084 -1.238 0.017 -0.539 0.152
(0.001) (0.001) (0.008) (0.004) (0.003) (0.006) (0.002) (0.006) (0.001)

Clerks 0.076 0.057 -0.589 -0.818 -0.378 0.102 -0.905 0.179
(0.001) (0.002) (0.018) (0.017) (0.010) (0.008) (0.017) (0.001)

Personal Services 0.057 0.045 -0.435 -0.850 -0.025 -0.428 0.020 -0.835 0.172
(0.000) (0.000) (0.005) (0.005) (0.004) (0.005) (0.004) (0.010) (0.001)

a Presented ×103 for clarity.
b Coefficients from a log-linear Mincer regression of wages on worker attributes. Types refer to estimates of unobservable
heterogeneity across workers. Low skilled workers are either of type 1 or 2; Medium skilled workers are of type 3 or 4; High
skilled workers are of type 5 or 6. Type 6 coefficients all normalized to 0. Skill prices are in table 6. Standard errors are in
parentheses and based on 100 block-bootstrap samples of the underlying sample.

Table 8: Mobility Productivity Parameters

Age 0.010
(0.000)

Age2(×1000) -0.018
(0.012)

Type 1 0.014
(0.007)

Type 2 0.097
(0.008)

Type 3 0.018
(0.007)

Type 4 0.137
(0.007)

Type 5 -0.032
(0.009)

Notes: Coefficients from a log-linear inverse productivity func-
tion. Types refer to estimates of unobservable heterogeneity
across workers. Low skilled workers are either of type 1 or 2;
Medium skilled workers are of type 3 or 4; High skilled workers
are of type 5 or 6. Type 6 coefficients all normalized to 0. Stan-
dard errors are in parentheses and based on 100 block-bootstrap
samples of the underlying sample.
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Table 9: Mobility Cost (Γ) Parameters

Up Tasking Down Tasking

Constant 0.516
(0.011)

Occ. Dummy 0.163
(0.003)

Sec. Dummy 0.591
(0.006)

Task 1 −0.005 0.038
(0.002) (0.002)

Task 2 0.011 0.037
(0.003) (0.002)

Task 3 0.110 −0.090
(0.005) (0.009)

Task 4 −0.004 0.023
(0.008) (0.007)

Task 5 0.000 0.073
(0.006) (0.006)

Task 6 0.003 0.022
(0.011) (0.012)

Task 7 0.000 0.047
(0.013) (0.011)

Task 8 −0.135 0.138
(0.012) (0.010)

Task 9 0.152 −0.056
(0.011) (0.009)

Task 10 −0.085 0.058
(0.014) (0.012)

Notes: Coefficients from a log-linear cost function featuring a con-
stant, a dummy for switching occupations, a dummy for switching
sectors, and coefficients for moving in task space. The cost function
is naturally scaled by the variance of shocks, ρ, and results for the
constant are not presented adjusted. The first column presents the
coefficients for moving up in task space and second column presents
coefficients for moving down. Standard errors are in parentheses and
based on 100 block-bootstrap samples of the underlying sample.
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Table 10: Non-Pecuniary Benefits (η) Parameters

Occupation Manufacturing Other Services FIRE Health & Educ.
Managers 1.754 1.455 2.069

(0.118) (0.110) (0.125)
Science Professional 1.408 1.724 1.456

(0.122) (0.120) (0.118)
Science Assc. Professional 1.383 1.465 1.569

(0.112) (0.110) (0.112)
Other Assc. Professional 1.445 1.732 1.539

(0.103) (0.118) (0.116)
Clerks 1.530 1.746 1.686 1.823

(0.109) (0.110) (0.112) (0.108)
Agriculture 1.656

(0.107)
Building Trades 1.542

(0.106)
Metal Trades 1.549 1.591

(0.108) (0.111)
Other Crafts 1.340

(0.107)
Plant Operator 0.944

(0.104)
Machine Operator 1.779

(0.117)
Drivers 1.476 1.638

(0.114) (0.117)
Laborers 1.866 1.698

(0.119) (0.111)
Other Professional 1.660 1.457

(0.116) (0.119)
Personal Workers 1.826 2.116

(0.114) (0.123)
Retail Workers 1.517

(0.106)
Elementary Occupations 2.249

(0.124)
Customer Service 1.533

(0.109)
Health Professional 1.833

(0.131)
Teachers 2.201

(0.124)
Health Assc. Professional 1.949

(0.120)
Teaching Assc. Professional 1.793

(0.109)

Notes: Non-pecuniary benefits to each occupation and sector cell. Blanks occur because not all occupations
are present in all sectors. The Health & Education sector reflects public sector and does not include things like
R&D. Data appendix contains list of industry codes in each sector. Units are proportional the unconditional
sample mean income. Standard errors are in parentheses and based on 100 block-bootstrap samples of the
underlying sample.
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Table 11: Non-Employment (u) Parameters

Age -0.038
(0.008)

Age2(×1000) 0.001
(0.000)

Type 1 1.331
(0.090)

Type 2 1.142
(0.163)

Type 3 1.907
(0.184)

Type 4 0.235
(0.138)

Type 5 1.707
(0.187)

Notes: Coefficients from a quadratic specification for the virtual
value of non-employment. Types refer to estimates of unobserv-
able heterogeneity across workers. Low skilled workers are either
of type 1 or 2; Medium skilled workers are of type 3 or 4; High
skilled workers are of type 5 or 6. Type 6 coefficients all normal-
ized to 0. Standard errors are in parentheses and based on 100
block-bootstrap samples of the underlying sample.

Table Appendix B: Data Appendix Tables

Table 12: Comparing Raw Data and Sample Frame

Raw Data Sample
Mean Q25 Q75 Mean Q25 Q75

Income (1000s) 230.80 145.78 295.53 229.16 176.00 291.51
Age 40.94 32.00 50.00 41.08 33.00 50.00
Low Skilled (%) 33.57 28.82
Med. Skilled (%) 42.78 46.16
High Skilled (%) 21.32 25.02
Manufacturing (%) 28.06 25.25
Services (%) 35.10 32.64
FIRE (%) 12.05 10.37
Health & Educ. (%) 24.80 31.74
Employment (%) 83.15 91.61
Observations 33502593 18260155

Notes: All variables pooled across units and time periods. Raw data refers to collected data on all units
in IDAS from 1996-2007 between 23 and 59. Sample data includes imputed, cleaned and dropped data. See
data appendix for complete description of sample creation. Income is in 1000s of DKK deflated by the 2000
Danish CPI. Low skilled mean completion of short-cycle or less education; medium-skilled implies vocational
or medium-cycle education; high skilled means university and higher. See the data appendix for a mapping of
NACE 1.1 industries to sectors.
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Table 13: Sector Level Summary Statistics

Manufacturing Services FIRE H&E

Age 40.61 40.76 40.52 42.02
Tenure 3.15 2.91 2.51 3.73
Low Skilled (%) 34.24 34.05 19.14 18.50
Med. Skilled (%) 58.84 50.80 51.94 30.95
High Skilled (%) 6.91 15.16 28.92 50.55

Observations 4224604 5460254 1734637 5308961

Notes: Pooled across time periods. Averages are taken with respect to individuals in
the estimation sample, conditional on employment.

Table 14: Transition Matrix Across Sectors

Man. Services FIRE H&E

Manufacturing 93.11 4.67 1.18 1.04
Services 3.64 89.84 2.51 4.01
FIRE 2.36 6.26 89.16 2.22
H & E 0.56 3.39 1.00 95.05

Notes: Pooled across time periods. Averages are taken with respect to individ-
uals in the estimation sample, conditional on employment.
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Table 15: Occupation Aggregation Breakdown

(a) Manufacturing

Occupation DISCO 3 Title % Represented

Managers Other Department Managers 35.94
Production And Operations Department Managers 31.52
General Managers 16.26
Directors And Chief Executives 12.76

Science Professional Architects, Engineers And Related Profs. 80.17
Computing Profs. 12.53

Science Assc. Professional Physical And Engineering Science Technicians 80.13
Computer Associate Profs. 8.45
Safety And Quality Inspectors 7.49

Other Assc. Professional Finance And Sales Associate Profs. 47.41
Administrative Associate Profs. 40.27
Business Services Agents And Trade Brokers 6.73

Clerks Secretaries And Keyboard-Operating Clerks 53.96
Material-Recording And Transport Clerks 21.62
Numerical Clerks 10.81
Other Office Clerks 8.56

Agriculture Market Gardeners And Crop Growers 40.94
Market-Oriented Crop And Animal Producers 26.10
Agricultural, Fishery And Related Laborers 14.43
Market-Oriented Animal Producers And Related Workers 9.69

Building Trades Building Frame And Related Trades Workers 45.92
Building Finishers And Related Trades Workers 38.09
Painters, Building Structure Cleaners And Related Trades Workers 13.47

Metal Trades Blacksmiths, Tool-Makers And Related Trades Workers 32.68
Metal Moulders, Welders,..., And Related Trades 29.19
Machinery Mechanics And Fitters 21.27
Electrical And Electronic Equipment Mechanics And Fitters 13.04

Other Crafts Food Processing And Related Trades Workers 34.45
Printing And Related Trades Workers 22.63
Wood Treaters, Cabinet-Makers And Related Trades Workers 20.58
Textile, Garment And Related Trades Workers 6.35
Precision Workers In Metal And Related Materials 6.11

Plant Operator Chemical-Processing-Plant Operators 34.57
Metal-Processing-Plant Operators 16.99
Power-Production And Related Plant Operators 9.12
Wood-Processing- And Papermaking-Plant Operators 6.79
Glass, Ceramics And Related Plant Operators 6.08
Mining- And Mineral-Processing Plant Operators 5.50

Machine Operator Food And Related Products Machine Operators 26.69
Assemblers 22.03
Metal- And Mineral-Products Machine Operators 11.97
Other Machine Operators And Assemblers 10.21
Rubber- And Plastic-Products Machine Operators 6.97
Printing-, Binding- And Paper-Products Machine Operators 6.57
Wood-Products Machine Operators 5.37

Drivers Agricultural And Other Mobile-Plant Operators 48.67
Motor-Vehicle Drivers 47.79

Laborers Mining And Construction Laborers 55.19
Manufacturing Laborers 30.57
Transport Laborers And Freight Handlers 11.09
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(b) Services

Occupation DISCO 3 Title % Represented
Managers Other Department Managers 35.53

Production And Operations Department Managers 28.46
General Managers 18.86
Directors And Chief Executives 10.84

Science Professional Architects, Engineers And Related Profs. 65.29
Computing Profs. 27.59

Other Professional Business Profs. 32.57
Social Science And Related Profs. 23.96
Writers And Creative Or Performing Artists 17.49
Legal Profs. 10.77
Archivists, Librarians, And Related Information Profs. 9.72

Science Assc. Professional Physical And Engineering Science Technicians 53.90
Computer Associate Profs. 22.24
Ship And Aircraft Controllers And Technicians 10.58
Optical And Electronic Equipment Operators 8.03

Other Assc. Professional Administrative Associate Profs. 44.25
Finance And Sales Associate Profs. 29.90
Customs, Tax And Related Government Associate Profs. 9.77
Business Services Agents And Trade Brokers 6.29

Clerks Secretaries And Keyboard-Operating Clerks 57.54
Library, Mail And Related Clerks 19.69
Material-Recording And Transport Clerks 10.64
Other Office Clerks 6.31

Personal Workers Protective Services Workers 34.66
Housekeeping And Restaurant Services Workers 25.38
Personal Care And Related Workers 19.31
Travel Attendants And Related Workers 9.30
Other Personal Services Workers 5.48

Retail Workers Shop Salespersons And Demonstrators 96.36
Metal Trades Machinery Mechanics And Fitters 65.01

Electrical And Electronic Equipment Mechanics And Fitters 20.34
Blacksmiths, Tool-Makers And Related Trades Workers 7.29
Metal Moulders, Welders,..., And Related Trades 6.49

Drivers Motor-Vehicle Drivers 74.38
Agricultural And Other Mobile-Plant Operators 12.98
Locomotive-Engine Drivers And Related Workers 9.25

Elementary Occupations Domestic And Related Helpers, Cleaners And Launderers 70.74
Building Caretakers, Window And Related Cleaners 17.81

Laborers Transport Laborers And Freight Handlers 72.56
Manufacturing Laborers 15.62
Mining And Construction Laborers 8.98
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(c) FIRE Industries

Occupation DISCO 3 Title % Represented
Managers Production And Operations Department Managers 57.47

General Managers 22.92
Other Department Managers 12.03

Science Professional Architects, Engineers And Related Profs. 47.94
Computing Profs. 44.25

Other Professional Business Profs. 75.04
Legal Profs. 9.24
Social Science And Related Profs. 7.44
Writers And Creative Or Performing Artists 5.88

Science Assc. Professional Physical And Engineering Science Technicians 43.81
Computer Associate Profs. 39.76
Optical And Electronic Equipment Operators 8.90
Safety And Quality Inspectors 5.69

Other Assc. Professional Finance And Sales Associate Profs. 55.81
Administrative Associate Profs. 34.56
Business Services Agents And Trade Brokers 6.36

Clerks Secretaries And Keyboard-Operating Clerks 52.82
Numerical Clerks 27.04
Other Office Clerks 9.59

Customer Service Cashiers, Tellers And Related Clerks 56.72
Client Information Clerks 41.73

(d) Health & Education

Occupation DISCO 3 Title % Represented
Health Professional Health Profs. (Except Nursing) 45.40

Nursing And Midwifery Profs. 43.24
Life Science Profs. 10.51

Teachers Primary And Preprimary Education Teaching Profs. 61.02
Secondary Education Teaching Profs. 17.32
Other Teaching Profs. 10.28
College, University And Higher Education Teaching Profs. 8.09

Health Assc. Professional Nursing And Midwifery Associate Profs. 57.33
Modern Health Associate Profs. (Except Nursing) 27.36
Life Science Technicians And Related Associate Profs. 14.78

Teaching Assc. Professional Preprimary Education Teaching Associate Profs. 60.47
Special Education Teaching Associate Profs. 33.03
Primary Education Teaching Associate Profs. 5.61

Clerks Secretaries And Keyboard-Operating Clerks 88.00
Other Office Clerks 5.20

Personal Workers Personal Care And Related Workers 94.89

This presents the DISCO 3 codes aggregated into each occupation-sector pair. For clarity, only occupations with over 5%
representation in the aggregation are shown. Full list available upon request. Data appendix completes description of aggregation
and relabeling of occupations.
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Table 16: Industry-Sector Breakdown

(a) Manufacturing

NACE 1.1 Title % Represented

Construction 19.58
Manufacture of food products and beverages 11.80
Manufacture of machinery and equipment n.e.c. 11.33
Manufacture of fabricated metal products, except machinery and equipment 6.29
Manufacture of furniture; manufacturing n.e.c. 4.30
Manufacture of chemicals and chemical products 4.17
Manufacture of electrical machinery and apparatus n.e.c. 3.42
Manufacture of rubber and plastic products 3.33
Publishing, printing and reproduction of recorded media 3.25
Manufacture of other non-metallic mineral products 3.13
Sewage and refuse disposal, sanitation and similar activities 3.05
Manufacture of medical, precision and optical instruments, watches and clocks 2.47
Manufacture of wood and of products of wood and cork 2.36
Health and social work 1.87
Electricity, gas, steam and hot water supply 1.81
Manufacture of other transport equipment 1.77
Manufacture of radio, television and communication equipment and apparatus 1.72
Manufacture of pulp, paper and paper products 1.45
Manufacture of basic metals 1.35
Wholesale trade and commission trade, except of motor vehicles and motorcycles 1.35
Manufacture of motor vehicles, trailers and semi-trailers 1.15
Manufacture of textiles 1.10
Other business activities 1.05

(b) Services

NACE 1.1 Title % Represented
Public administration and defence; compulsory social security 20.75
Wholesale trade and commission trade, except of motor vehicles and motorcycles 14.65
Retail trade, except of motor vehicles and motorcycles 9.58
Health and social work 8.05
Post and telecommunications 6.83
Land transport; transport via pipelines 5.13
Education 4.88
Other business activities 4.41
Recreational, cultural and sporting activities 4.35
Sale, maintenance and repair of motor vehicles and motorcycles 4.05
Supporting and auxiliary transport activities; activities of travel agencies 3.09
Hotels and restaurants 2.88
Activities of membership organizations n.e.c. 2.66
Air transport 1.29
Real estate activities 1.16
Other service activities 1.05
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(c) FIRE Industries

NACE 1.1 Title % Represented
Other business activities 29.97
Financial intermediation, except insurance and pension funding 25.89
Computer and related activities 9.59
Health and social work 8.20
Insurance and pension funding, except compulsory social security 6.29
Education 4.68
Real estate activities 3.46
Research and development 2.99
Activities auxiliary to financial intermediation 1.31
Post and telecommunications 1.29
Supporting and auxiliary transport activities; activities of travel agencies 1.14

(d) Health & Education

NACE 1.1 Title % Represented
Health and social work 65.68
Education 28.62
Retail trade, except of motor vehicles and motorcycles 1.13

Presents all NACE 1.1 industries at the 2 digit levels within defined broad sectors. Percentages calculated by worker headcount
representation. Only industries with at least 1% of total industry employees reflected. Full list available upon request from
author. Overlap occurs due to reclassifying occupations due to small cell problems. See data appendix for formal description
of sector construction.
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Table 17: Description of Tasks

% Var Top 5 Chars. Weight Bottom 5 Chars Weight
Task 1 39.06 Writing 11.67 Manual Dexterity −9.74

Written Expression 11.61 Extent Flexibility −9.45
Speaking 11.55 Handling and Moving Objects −9.42
Reading Comprehension 11.55 Multilimb Coordination −9.40
Written Comprehension 11.53 Static Strength −9.29

Task 2 17.09 Operation Monitoring 14.58 Clerical −2.58
Quality Control Analysis 14.39 Perform for/Work Directly w/ Public −2.28
Inspect Equipment, Structures, Materials 14.26 Fine Arts −2.14
Physics 14.15 Service Orientation −2.00
Visualization 14.04 Customer and Personal Service −1.85

Task 3 6.74 Assisting and Caring for Others 20.73 Programming −14.00
Therapy and Counseling 19.73 Engineering and Technology −13.97
Perform for/Work Directly w/ Public 18.00 Design −13.19
Psychology 17.25 Mathematics −13.07
Medicine and Dentistry 15.56 Interacting With Computers −12.91

Task 4 3.50 Sales and Marketing 24.28 Documenting/Recording Information −16.21
Economics and Accounting 20.40 Perceptual Speed −14.87
Selling or Influencing Others 19.28 Selective Attention −14.37
Administration and Management 18.96 Medicine and Dentistry −13.96
Building and Construction 18.90 Flexibility of Closure −13.24

Task 5 2.47 Fine Arts 20.44 Night Vision −21.54
Training and Teaching Others 16.10 Peripheral Vision −20.61
Thinking Creatively 14.41 Transportation −19.27
Education and Training 14.23 Glare Sensitivity −19.14
Chemistry 13.97 Spatial Orientation −19.02

Task 6 2.28 Geography 27.30 Management of Financial Resources −15.00
History and Archeology 24.15 Resolve Conflicts/Negotiate w/ Others −13.45
Physics 19.04 Monitoring and Controlling Resources −13.30
Biology 18.52 Selling or Influencing Others −13.19
Telecommunications 16.91 Service Orientation −13.12

Task 7 2.01 Customer and Personal Service 31.41 Thinking Creatively −14.54
Clerical 21.59 Originality −12.92
Economics and Accounting 18.79 Learning Strategies −12.61
Perform for/Work Directly w/ Public 17.01 Peripheral Vision −12.32
Sales and Marketing 16.26 Instructing −11.52

Task 8 1.91 Fine Arts 20.73 Evaluate Information to Determine Compliance −19.80
Visualization 18.25 Processing Information −17.23
Sales and Marketing 17.82 Training and Teaching Others −16.13
Originality 16.54 Developing and Building Teams −15.93
Visual Color Discrimination 16.01 Communicating w/ Supervisors, Peers, etc. −15.02

Task 9 1.61 Installation 18.39 Food Production −29.27
Repairing 16.82 Mathematics −24.27
Thinking Creatively 16.16 Number Facility −23.49
Equipment Maintenance 16.14 Biology −23.33
Repair/Maintain Electronic Equipment 14.99 Chemistry −22.85

Task 10 1.22 Perform for/Work Directly w/ Public 23.24 Monitoring −16.61
Communicate w/ Persons Outside Organization 19.46 Auditory Attention −15.91
Selling or Influencing Others 19.00 Production and Processing −14.68
Updating and Using Relevant Knowledge 16.11 Selective Attention −14.12
Extent Flexibility 13.99 Public Safety and Security −13.07

Source: ONET Database. Describes survey questions assigned to each task after PCA performed. Variance explained refers to total variance in
survey responses accounted for by each component (“task”). Characteristics presented are the top (bottom) most positively (negatively) weighted
survey questions for each component. All weights multiplied by 100. The full list is available upon request. Some survey question descriptions
shortened for clarity.
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